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Executive Summary

The current transmission planning practice in the electric power industry is mainly based on
the deployment of deterministic techniques. However, transmission planning, by its very nature, is
faced with awiderange of sources of uncertainty, including growthin demand, renewable energy
generation, fuel price, environmental requirements and legislation and new generation investment,
tonamejustafew.Inaddition, therestructuringof the electric powerindustry, the drive for energy
independence and the push for a cleaner environment have led to additional sources of uncertainty
inall aspects of power system operations and planning. The competitive electricity markets, the
more decentralized decision making and the new federal and state initiatives introduce additional
sources of uncertainty. A particularly good example is the FERC Order No. 1000 requirements.
The analytic characterization of the various sources of uncertainty is often a challenge and, typi-
cally, cannotbe expressed in terms of probability distributions. Pastdata may allow the estimation
of the ranges of values that the uncertain variables may attain so as to make possible the deploy-
ment of robust optimization approaches. We make use of such approaches to develop a decision-
supportsystem for transmission planners to allow the explicit consideration of uncertainty in the
formulation of transmission plans.

We discuss our studies of two optimization criteria for the transmission planning problem with
a simplified representation of load and the forecasted generation investment additions within the
robust optimization paradigm. The objective is to determine either the minimum of the maxi-
mum investment requirement or the maximum regret with all sources of uncertainty explicitly
represented. In this way, transmission planners can determine optimal planning decisions that are
robust against all sources of uncertainty. We use a two-layer algorithm to solve the resulting tri-
level optimization problems. Wealso construct a new robust transmission planning model that
considers generation investment more realistically to improve the quantification and visualization
of uncertainty and the impacts of environmental policies. With this model, we can explore the
effect of uncertainty in both the size and the location of candidate generation additions. The cor-

responding algorithm we develop takes advantage of the structural characteristics of the model so
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as to obtain a computationally efficient methodology. The tworobust optimization tools provide
new capabilities to transmission planners for the development of strategies that explicitly account
for various sources of uncertainty.

Weillustrate the application of the two optimization models and solution schemes on a set of
representative case studies. These studies give a good idea of the usefulness of these tools and
show their practical worth in the assessment of “what if” cases. We compare the performance
of the minimax cost approach and the minimax regret approach under different characterizations
of uncertain parameters. In addition, we also present extensive numerical studies on the IEEE
118-bus test system and the WECC 240-bus system to illustrate the effectiveness of the proposed
decision-support system. The case study results are particularly useful to understand the impacts of
eachindividual investment plan on the power system’s overall transmission adequacy in meeting
the demand of the trade with the power output units without violation of the physical limits of the
grid.

The decision-support system consisting of the two optimization models and solution approaches
has wide applicability to transmission planning studies. The so-called minimax criterion models
determine the set of planning decisions thatresultin theleast-cost or theleast-regret solution with
the explicit consideration of uncertainty during the planning horizon. The set of planning deci-
sions are optimal under the ranges of uncertainty given for the uncertain variables. The ability
torepresent the uncertainty in the investment decisions for generation addition together with the
uncertainty in the retirement of units in the resource mix and the environmental regulatory require-

ments is a major development for the tools available to transmission planners.
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1 Introduction

Transmission planning (TP) is one of the key decision processes in the power system production
pipeline. Electricity transmission networks are responsible for reliably and economically deliv-
ering power from generators to consumers. Thus, arobust and resilient transmission network is
essential to the operation of power systems for decades to come. Good transmission investments
have many benefits, including satisfying increasing demand, promoting social welfare, improving
systemreliability and resource adequacy, etc. Transmission planning isalso very challenging due
to various sources of uncertainty that planners need to consider. Besides uncertainty sources, such
as demand variations and renewable energy intermittency faced by system operators in short-term
scheduling, planners also need to take into consideration uncertainty of policy changes, techno-
logical advancements and natural disasters [35]. Such sources of uncertainty cannot be charac-
terized in terms of analytical probability distributions. For example, to cope with challenges of
climate change, the power generation industry is facing increasing pressure to reduce greenhouse
gasemissions. Inaddition, alargeamount of coal plants are anticipated toretire inresponse to the
implementation of the EPA clean power plan [8], and their replacement in part by gas-fired plants.
Moreover, after the restructuring of the power system, certain behavior by generation companies
introduces additional uncertainty in power system planning in general and TP in particular. How-
ever, research on the impacts of uncertain future generation developments on TP is scarce in the
decentralized decision making environment in competitive market. As such, the study of this topic
iswarranted.

A salient need in TP is to explicitly represent the broad range of uncertainty associated with
the ramifications of future generation resource investments. Such a representation is critically
important in the formulation of the transmission investment decisions and leads to the additional
complications in what is already a very complex decision-making process. In this report, we
provide a detailed summary of the methodology we developed to address all these concerns in
TP. We discuss its application to realistic power system test cases to gain new insights into the

formulation of transmission investment decisions under uncertainty. We devote the remainder of



thissectionto presentthe contextwithinwhich our workisdeveloped, provideabriefsurvey ofthe

state of the art in TP methodologies, and delineate the key feature of the methodology developed.

1.1 Need for robust investment strategy in transmission planning

Conventional transmission planning methodologies are typically deterministic and some make use
of ad-hoc approaches to deal with uncertainty. These methodologies have served the industry
relatively well in the vertically-structured industry. Present realities brought about, by the open
access regime and the advent of competitive electricity markets, increased wind and solar resource
outputs. Their highly time varying, uncertain and intermittent patterns, combined with the more
dynamically varying and uncertain loads and a world-ranging environmental policy initiative have
resulted ina more volatile utilization of transmission facilities. Critically needed is the improved
planning methodologies that can effectively accommodate the realities of the new environment.
Transmission planning, by its very nature, is subject to awide range of sources of uncertainty that
mustbetakenintoaccount. Thenew regimeindicates many additional sources of uncertainty and
numerous complications that must be considered.

Overa10-20year planning horizon, major sources of uncertainty faced by transmission plan-
ning decision makers include load growth, fuel costs, climate change events, atmospheric con-
ditions, variable generation outputs, generation expansion/retirement events, regulatory and leg-
islative developments, technology breakthroughs and market outcomes. When the impacts of
transmission plans are assessed, such studies must be carefully performed with the explicit rep-
resentation of the sources of uncertainty, in light of the overarching consequences on the power
system. These sources of uncertainty may be classified into two categories: aleatoric and epis-
temicsources of uncertainty. Sources of aleatoric uncertainty cannot bereplaced by moreaccurate
measurements but they can be statistically quantified. For instance, the coincidental uncertainty
withrespect to the electrical system state and network topological state can be both probabilisti-
callyand stochastically modeled and quantified if therelevantsets of inputare madeavailable. On

the other hand, sources of epistemic uncertainty are due to information we may in principle know,



butdonotinactual practice. Often, such sources arealso called sources of systematic uncertainty.
Forinstance, itishard toassign meaningful probabilities tosources of uncertainty associated with
government policies, technology breakthroughs, and investment in renewable energy generation.

Electricity demand is expected to grow continually and steadily for decades to come. In the
EIA Annual Energy Outlook 2013, forecastsindicate that electricity consumption willincrease by
28% from 2011 to 2040 at an average of about 1% per annumrate [11]. Toaccommodate such
growth in electricity demand, new capacity of electricity generation must be built at a pace that
meets or exceeds the growth of demand and retirement of old generators to maintain power system
reliability. The additional demand and capacity require commensurate transmission capacity.

With the additional sources of uncertainty and complications facing transmission planners and
theneed toaccommodateincreasing demand as wellas more variable generation capacity, thereis

a critical need for new TP methodologies that can address the aforementioned concerns.

1.2 Review of the literature

The most common practices in to manage uncertainty in optimization include stochastic program-
ming and robust optimization. In stochastic programming, scenarios are formulated based on
an estimated probability distribution of the uncertain data. The weighted sum of the total costs
under different scenarios form the typical objective function in the optimization. Stochastic pro-
gramming has been successfully applied to power system capacity expansion planning problems
in [13,22,24,33]. Sources of uncertainty represented in the cited references include load predic-
tion inaccuracies, transmission and generator outages, and generation capacity factors. All of those
sources of uncertainty can be expressed analytically as probability distributions and may be effec-
tively modeled in stochastic programming. However, the literature focus primarily on sources of
uncertainty in system operations context and ignore sources of uncertainty in system planning. The
reason is that it is difficult to obtain probability distributions of certain sources of uncertainty [7],
such as policy changes and investment behavior of market players. In this project, in addition to

demand uncertainty, we also take into consideration uncertain generation expansion behavior of



resource investment companies and the timing and size of coal power plant retirements.

In addition to using stochastic programming to manage operation level uncertainty in TP, some
literature uses scenario analysis to address uncertain events such as policy mandate and new invest-
ment in generation capacity. In scenario analysis, multiple transmission plans are developed based
on different scenarios and common investments under most scenarios are adopted [26]. However,
asshownin [30],suchapproachescanbedistinctly differentthan the optimal solution of stochastic
optimization. Theauthors of [30] proposeanapproach touse the stochastic programming, where
3 scenarios of equal likelihood are constructed to describe the different policy mandates and fuel
costs based on EIA forecasts and some educated assumptions. The optimal average costs under the
three scenarios are determined. Generation investments are assumed to have the same objective as
transmission investments in this paper. A similar approach is proposed in [7], where the authors
construct eightscenarios. The disadvantages of thisapproach is that only alimited number of sce-
nariosareexplored.Inaddition, theconstructed scenariosare more of a“big picture” rather thana
detailed depiction of possible futures.

Anotherapproachused to explore the impact of generation profile uncertainty on TP is based
on game theoretic models to describe the strategic behavior of various market participants, in-
cluding generation companies (GENCOs). A trilevel model is proposed in [31]. In the first level
transmission investment decisions are made. In the second level, multiple GENCOs make genera-
tion investments in response to the transmission investment decisions taken. Operational decisions
are made in the third level. Perfect information competition between GENCOs is assumed. A
similar trilevel structure is proposed in [19] and [20], where a Cournot game between GENCOs is
solved. Similar approachesarealsoused in [14,29,33]. Game theoretical models are useful in that
they can provide us some insights into the behavior of different participants in the power market.
However, somestrongassumptions about the playersareneeded. For example, itis assumed that
completeinformationisavailabletoall the players. Inaddition, the high complexity of the models
means that they are difficult to implement for large realistic-sized systems.

Given the limitations of the methods in the literature, there is need for practical approaches



toaddress the challenges faced by transmission planners in the current environment in the power
electricindustry. A promising approach to manage optimization under uncertainty is robust op-
timization [3,5,12]. Uncertainty parameters in robust optimization are described by parametric
sets, which can contain any number of scenarios without specific knowledge of the probability
distributions. Distribution-free description of uncertainty makes robust optimization more suitable
to tackle sources of uncertainty whose probability distributions are difficult to obtain, including
future generation expansion and retirement. Another feature of robust optimization is that it mini-
mizes the objective value under the worst-case scenario (scenario with the largest objective value).
Such a feature is desirable for a transmission planning problem with its risk-averse nature. Despite
the advantages of robust optimization, its applications in TP is limited. In [16], a robust TP model
with explicit representation of demand and renewable energy output uncertainty is proposed. The
model is solved by a two-level Benders decomposition algorithm. In [34], the authors propose a
similar model with the uncertainty in equipment outages also represented. Column and constraint

generation! with Karush-Kuhn-Tucker (KKT) optimality conditions reformulation of the bilevel

subproblem is used to solve the model. Robust optimization is also used in [28] with the explicit
representation of the system with n-k contingencies for transmission planning. The cited refer-
ences are limited to the operational level sources of uncertainty and fail to represent the uncertainty
in today’s system with increasing penetrations of renewable resources, competitive conditions, and

rapidly changing policies.

1.3 FERC Order No. 1000 impacts on transmission planning

The FERC decision embodied inits Order No. 1000%is viewed as a watershed event from the

transmission planning and investment point of view. Prior to its issuance, transmission planning

'With the column and constraint generation, new variables and constraints are added to the master problem to
improvetheobjectivevalueateachiteration

2FERC, Final Rule, Order No. 1000, Transmission Planning and Cost Allocation by Transmission Owning and
Operating Public Utilities, FERC Stats. & Regs., Issued July 21, 2011. Available online at: http://www.ferc.gov/
whats-new/comm-meet/2011/072111/E-6.pdf


http://www.ferc.gov/whats-new/comm-meet/2011/072111/E-6.pdf
http://www.ferc.gov/whats-new/comm-meet/2011/072111/E-6.pdf

included many sources of uncertainty® and the process was governed by the principles laid out
in Orders No. 888 and No. 890*. FERC Order No. 1000 puts in place a number of mandates®
that require-directly and indirectly-transmission planners to integrate additional sources of uncer-
tainty into the planning process and that increase the scope and computational requirements of the

planning problem. Specifically, the Order requires planners to:

* explicitly consider transmission needs driven by public policy requirements in local and

regional planning;
+ explicitly consider non-transmission solutions in regional transmission plans;
+ cooperate with neighboring transmission regions® to develop interregional plans; and

* explicitly define a transmission project cost allocation methodology for projects included
inregional and interregional plans that satisfies the six allocation principles defined in the

Order.

The following paragraphs describe the additional sources of uncertainty introduced by these
requirements and also discusses their impacts on the computational cost to solve the transmission
planning problem.

Planners must explicitly consider transmission needs driven by public policy requirements in

local and regional planning

3In this section we describe emerging sources of uncertainty resulting from the implementation of FERC Order
No. 1000. Forexamples of conventionally considered sources of uncertainty in transmissionand generation planning
see lvey, M., et al. White Paper on Accommodating Uncertainty in Planning and Operations. Consortium for Electric
Reliability Technology Solutions (CERTS) Grid of the Future, at 5-10. Available online at: http://certs.1lbl.gov/
pdf/certs-uncertainty.pdf

4FERC, Final Rule, Order No. 888, Promoting Wholesale Competition Through Open Access Non-discriminatory
Transmission Services by Public Utilities; Recovery of Stranded Costs by Public Utilities and Transmitting Utilities,
FERC Stats. & Regs., Issued April 24, 1996. Available online at: http://www.ferc.gov/legal/maj-ord-reg/
land-docs/order888.asp; FERC, Final Rule, Order No. 890, Preventing Undue Discrimination and Preference
in Transmission Service, FERC Stats. & Regs., Issued February 16, 2007. Available onlineat: http://www. ferc.
gov/whats-new/comm-meet/2007/021507/E-1.pdf

5We focus on those elements of the order that introduce additional uncertainty into planning. For a detailed synopsis
of all of therequirements of FERC Order No. 1000, see, for example, Davis, T. FERC’s Regional Transmission Policy
Takes Shape, The Electricity Journal, Volume 26, Issue 7, August 2013, Pages 22-32.

®The Order does not, however, require coordination between interconnections, though the Commission encourages
such coordination.
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The commission requires planners take stakeholder input as to public policy requirements that
are appropriate to consider in the planning process and that drive additional transmission needs.
Suchpoliciesinclude any that canreasonably be shown toimpact the electricity supply and trans-
mission system, such as renewable portfolio standards (RPS), carbon pricing or taxation, and more
stringent pollutantemission standards.

The inclusion of public policy requirements introduces a significant source of uncertainty into
the planning process. For example, the introduction of a national RPS may seriously increase
the need for large-scale transmission to bring wind generated electricity and other renewables
generation from areas of abundant renewable resources to load centers. However, the amount of
renewable generation required by the RPS and the timeline for its implementation will have a
large impact on the magnitude, locations, and timelines for development of potential transmission
projectsneeded to meet the RPSrequirements. Theimpacts of uncertainty associated with policy
design and implementation translate into uncertainty in the planning process. Such a statement
is equally true for carbon pricing or more stringent emission requirements that may impact the
construction and retirement of coal-fired generation and therefore add to the uncertainty of future
power flows in the transmission system.

Planners must explicitly consider non-transmission solutions in regional transmission plans

Non-transmission solutions include generation, demand response, energy efficiency, energy
storage, or other resource that can contribute to ensure that the supply-demand balance is met eco-
nomically and reliably within the physical constraints of the transmission system. Non-transmission
solutions may substitute for transmission line additions/modifications by provision of congestion
relief or counter flows so as to increase the grid’s available transfer capability. Non-transmission
solutionsintroduce additional sources of uncertainty, such as the expected level of activity by de-
mand response resources, and increase the impacts of the conventional sources of uncertainty, such
asfuturefuel pricesand the timelines for generator interconnection and retirement,/ decommissioning,
as well as the investment costs, which must be taken into account. Furthermore, the inclusion

of non-transmission alternatives in transmission planning increases the scope of the transmission



planning problem and as a result increases the computational burden of solving the problem.
Planners must cooperate with neighboring transmission regions to develop interregional plans
Many public utility transmission providers currently undertake planning limited to the geo-
graphicscopeoftheirjurisdiction. FERCOrderNo. 1000 putsinplacetherequirementthat public
utility transmission providers form planning regions, consisting of multiple transmission providers.
The Order extends the nine principles of planning enumerated in Order No. 890 to both regional
and interregional planning activities.

Interregional planning will drive the need for a standard set of metrics to assess the regional
benefits of transmission projects. The assessment of any specified set of metrics requires treatment
of conventionally considered sources of uncertainty and those introduced by the Order. Further-
more, anincreasein the geographicscope of transmission studies brings withitincreased compu-
tational requirements.

Planners must explicitly define a transmission project cost allocation methodology for projects
included in regional and interregional plans that satisfies the six allocation principles defined in
the Order

FERC Order No. 1000 requires cost allocation methodologies adhere to the following six

principles:
* thecostsareallocated inaway thatisroughly commensurate with the benefits;
* thereisnoinvoluntary allocation of coststonon-beneficiaries;
* projectsmustadheretoaspecified benefittocost threshold ratio;

* allocation must be solely within transmission planning region(s) unless those outside entities

voluntarily assume costs;
* there must be a transparent method to determine benefits and to identify beneficiaries;

+ different allocation methods may apply for different types of facilities.

"The nine principles are coordination, openness, transparency, information exchange, comparability, dispute reso-
lution, regional coordination, economic planning studies, and cost allocation.

8



The introduction of an explicit requirement to connect the allocation of project costs with the
distribution of the benefits derived from the project drives the need for more specific definitions of
the benefits of transmission investments® and methods to quantify those benefits and the associated
uncertainties. For example, whether or not a project will be eligible for regional cost allocation
depends onits ability to meet the cost to benefit ratio principle. The satisfaction of this threshold
dependsonwhich benefits canbeand are quantified and therange of these benefits given thelevel
of uncertainty in their quantification.

The explicit representation of the additional sources of uncertainty and associated computa-
tional requirements in transmission planning processes poses a key challenge to planners in the
implementation of the Order.

Under FERC Order 1000, transmission planners are forced to take a broader view than ever
before of the transmission needs of the system and how those needs can and are met. Specifically,
planners must consider system transmission needs driven not simply by reliability and economic
considerations, but also by public policy requirements. This new requirement represents a signifi-
cant break from conventional planning practices and are likely to have significant ramifications on
theintegration of renewables and on the system resource mix in the implementation of the Order.
Further, the Order impact transmission planners as they update and expand planning processes and
tools to include the new requirements. The development of computationally efficient approaches
tointegrate the sources of uncertainty introduced by the Orderintoexisting planning toolsisakey
requirement for the successful implementation of the Order. Similar statements hold for generation
planners for the EPA Clean Power Plant rules as the coal plant retirements have to proceed on an
earlier time line than anticipated.

Moreover, the Order broadens the scope of the potential portfolios to meet the system’s trans-
mission needs to include non-transmission solutions, such as generation and demand response.

The consideration of awider range of resources to meet theidentified system transmission needs

8The definition of the various components of the benefits of building additional transmission are described in
detail in Chang, J., et al. The Benefits of Electric Transmission: Identifying and Analyzing the Value of Investments,
Prepared for WIRES by The Brattle Group, July 2013. Available online at: http://cleanenergytransmission.
org/uploads/WIRES%20Brattle$20Rpt%20Benefits$20Transmission%$20July%202013.pdf
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increases the complexity of the planning problem but also provides additional degrees of freedom
to transmission planners to ensure the system has adequate transmission transfer capability. The
transmission planning process envisioned by the Order is similar in nature to the conventional pro-
cess of integrated resource planning (IRP) practiced by some planning entities today”. Planners
can look to the successes and challenges of IRP to inform the effective implementation of Order
No 1000.

The identification of the transmission needs of the system and a broad range of resources to
meet those needs is accompanied by the requirement to select a portfolio for development based on
demonstrated benefits. Indeed, FERC Order No. 1000-A requires planners to be “definite” about
the benefits and beneficiaries of transmission projects so as to provide the impetus for the devel-
opment of methodologies and tools to quantify the various components of transmission investment
benefits!”.

Furthermore, the regional cooperation requirements in the Order emphasize the importance of
data management and data sharing between transmission planning entities. With expanded geo-
graphicscope and integration of additional sources of uncertainty, the data needs of transmission
planning increase considerably. Successful interregional planning can be accomplished only if
accompanied by extensive interregional data coordination.

In summary, transmission planning has undergone a significant shift with the issuance of FERC
Order No. 1000. As transmission planners adapt their processes and develop, where necessary,
new processes to meet the Order’s new requirements, there is a need and ample opportunity to
apply scenario-based and probabilistic approaches for integrating conventionally considered and

emerging sources of uncertainty.

For an overview of IRP and some recent examples of utility implementation see, Wilson, R. and Biewald,
B. Best Practices in Electric Utility Integrated Resource Planning: Examples of State Regulations and Re-
cent Utility Plans. Prepared for The Regulatory Assistance Project by Synapse Energy Economics, June
2013. Available online at: http://www.synapse-energy.com/Downloads/SynapseReport.2013-06.RAP.
Best-Practices-in-IRP.13-038.pdf

FERC, Final Rule, Order No. 1000-A, Transmission Planning and Cost Allocation by Transmission Owning and
Operating Public Utilities, FERC Stats. & Regs., Issued May 17, 2012. Available online at: http://www.ferc.gov/
whats-new/comm-meet/2012/051712/E-1.pdf
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1.4 Motivation

We propose to develop a new decision-support system for transmission planning with explicit
consideration of various sources of uncertainty. As a starting point, we will specify aset of repre-
sentative requirements. The salient features of the decision-support system are its two interrelated
elements: (I) aset of appropriate performance metrics to quantify the economic costs, benefits, re-
liability and environmental attributes of a transmission planand (II) a set of models and analytical
techniques to formulate optimal transmission planning decisions under the explicit representation
of various sources of uncertainty and their impact.

In this project, we make detailed applications in robust optimization to construct models to
solve the transmission planning problem considering generation investment uncertainty. Firstly,
we compare two optimization criteria — minimax costand minimax regret, under the robust opti-
mization paradigm. Demand and generation expansion uncertainty is considered, where we assume
that generation capacity at specific locations is in a polyhedral set. The models are applied to an
IEEE 118-bus system. Then, we modify the robust transmission planning model to consider gener-
ation expansion uncertainty in more detail. The structure of our new model is similar to the models
inSection 2.1. However, a few key aspects are different, including uncertainty modeling, number
of decision time points and solution algorithm. Table 1 summaries the comparison between our

new model and some previous works.

1.5 Contributions of this project

In this project, we develop a decision-support system for transmission planning under uncertainty.
In this system, we propose two models under the robust optimization paradigm to take into consid-
eration multiple sources of uncertainty facing transmission investors. We provide two optimization
criteria, minimax regretand minimax cost, for Model A. Planners have the freedom and flexibility
tochoose the appropriate criterion based on their beliefs on the levels of uncertainty. Uncertainty
in both the loads and the future generation investment is considered. Effective algorithms are then

proposed to solve the resulting trilevel optimization problems. Wethen applied the models and
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Table 1: Comparison of the proposed model with literature

" Generation . Solution .
Reference | Objective investment Uncertainty Model Method Case Study #periods
.. load, renewable
] : )
[16 minimax cost | none RO | BD IEEE 118-bus 1
intermittency
[30] average cost centralized regulato.r}f, mars SP MIP WECC 240-bus 3
ket conditions
[31] costs player load game | MIP,KKT SIC 33-bus 1
load, renewable C&CG
[34] minimax cost | none intermittency, RO KKT ’ RTS 24-bus 1
equipment failure
[28] minimax cost | none n-kcontingency | RO | C&CG, BD | IEEE 300-bus 1
minimax :
[9] cost, minimax | uncertainty Load, .generatlon RO C&CG, IEEE 118-bus 1
regret capacity KKT
Ourmodel | minimax cost | uncertainty generation nvest- RO C&CG, WECC 240-bus 4
ment dual

RO: robust optimization. BD: Benders decomposition. SP: stochastic programming. MIP: mixed-integer
programming. C&CG: column and constraint generation

algorithms to an IEEE 118-bus test system to illustrate the effectiveness of the decision-support
system. Theresults are analyzed to compare the performances of the transmission plans devised
by our model with different optimization criteria under different scenarios.

To provide a modeling framework that enables more detailed representation of generation ex-
pansion and retirement uncertainty, we also provide another model in our decision-support system.
With this new model, the uncertainty set of our robust transmission planning model can describe
uncertainty innotonly the capacity of generatorsbutalsointheirlocations. Inaddition, because of
thespecialstructure of ournew model, weareabletodeviseasolutionmethod for the trilevel prob-
lem without theneed to directly solve the KKT conditions, making the application to larger-sized
systems more practical. Weapplied the model and algorithm ona WECC 240-bus test system and
compare the performance of the transmission plans yielded by our decision-support system with
the performance of plans devised by heuristic rules under multiple scenarios with different natural
gas price and renewable energy policy mandate. The results show that the investment plans our
decision-support system yields not only have superior performance across different scenarios, but
also are very robust under natural gas price and renewable energy penetration data variations.

The remaining sections of this report are the outline of the report. We provide a detailed
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description of the modeling framework in Sections 2.1 and 2.2, including the model assumptions
and the formulations. Section 3 reports on the construction of the solution schemes customized for
our specific models. Section 4 reports the results of our representative case studies on the IEEE
118-bus and the WECC 240-bus test systems. The case studies illustrate the ability of the project
to devise robust candidate investment plans under different sensitivity cases. We provide summary
remarks in Section 5 and restate the key findings and conclusions. Wealso discuss directions for

future work in the same section.
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2 Model formulation

Transmission planning problems are usually modeled as two-stage problems to account for the
long planning horizon, where the transmission planning decisions are made in the first stage when
there is limited information on uncertain parameters and the operational decisions are made in the
second stage after uncertainty realizations are observed. Inthissection, wefirst present the model
with the simplified load and generation uncertainty representation. Then we introduce the model

with the more realistic generation uncertainty representation.

2.1 Model A: Simplified load and generation uncertainty

2.1.1 Nomenclature

Sets and indices

U  The polyhedron uncertainty set of demand and new generation capacity profile
V' Setofnodes
L  Setofexistingtransmissionlines
N Set of candidate transmission lines
T  Setofyearsintheplanninghorizon
M  Set of load blocks
Setof technology types
Parameters

Pkt Capacity of existing generator of technology katnodeiat timet
%t Costofbuildingthe new transmissionlineij at timet
okt Costofload curtailmentatnodeiattimet

Pt Costof power production of technology katnodei
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fiGm  Averagecapacity factor of generation technology kat yeartload block m
Fpax  The maximum power flow on transmission line ij

Bij Susceptance of transmission line ij

M A big constant used to linearize the power flow constraint

d_i,t,m The average amount of demand at year tload blockmatnode i

Pt The averageamount of generation expansion of technology katnodeiat timet
Gmin Thelowerbound of voltageangles

gmax  Theupper bound of voltage angles

/ Market interest rate (Inflation included)

piYmin  Minimum amount of new generation at a node

pYmax  Maximum amount of new generation at a node

pNmin [ owerbound onthetotalamountof generationatall thenodes

PNmax  Upper bound on the total amount of generation at all the nodes

Decision Variables

Xij Binary variables indicating whether a transmission line is built

pN _ N
ikt Theamountof new generation capacity of technology katnodeiattimet. P, | ;isnegative

in the case of power plant retirement
fi;um  Powerflowfromnodeitonodejatyeartload blockm
Pi,ktm Powerproduction of technology katnodeiatyeartload block m
it m The amount of load shedding atnodeiat yeartload blockm
git,m  Voltageangleatnodeiatyeartload blockm

ditm  Demandatyeartload blockmatnodei
2.1.2 Overview

In this section, we propose a robust optimization approach toaddress two main sources of uncer-
tainty: load and generation expansion behavior of generating companies. Two criteria, minimax

cost (MMC) and minimax regret (MMR), are used as the objective of our models. The MMC
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criterion has been used widely inrobust optimization applications [4]. The MMR criterion is con-
sidered in [18] for the unit commitment problem. In comparison with the MMC criterion, it is
concluded that MMR outperforms MMC for certain unit commitment problems. However, the
same conclusion may not apply to transmission planning problems due to the different structures
of such problems. In [25], regret is considered as one of the objectives in a multi-objective opti-
mization framework. It is applied to handle non-random sources of uncertainty in [2,10]. Both
criteria use the performance of a decision under the worst possible scenario as the objective for
optimization, buttheir main differenceishow the “worstscenario” is defined. The MMC criterion
focuses on the cost associated with a decision under a scenario, so the scenario that results in the
highest cost is identified as the worst scenario. On the other hand, the MMR criterion defines the
worst scenario as the one that leads to the highest regret for the decision maker. For a given de-
cision d” and a given scenario s”, the regret is the highest potential cost savings had the decision

maker known that scenario s° would occur and made a decision accordingly. More rigorously,

R(d°, s%) = c(d°, s°) —minC(d, s°),
d2D
where C(do, sY) is the cost associated with d? and s°, D is the set of all feasible decisions, and

R(d?, s%) is the regret associated with dY and s°. Using these notations, the MMC and MMR

criteria can be respectively formulated as

>

min maxC(d,s) and

d2D s2U
. > ey
min maxR(d,s) =min max C(d,s)- minC(dO, S)
d2D s2U d2D s2U do2D

Weuse two simple examples in Tables 2 and 3 to demonstrate the differences between MMC

and MMR. In the firstexample, under MMC, D2 is the optimal decision because its worst scenario
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cost, $8, islower thanthatof D1, $9. Under MMR, D1 is the optimal decision because its worst
scenarioregret, $1, is lower than that of Dy, $5. The argument for MMR s that since scenario
S1isa“bad” scenario anyway because D1 and D> both lead to higher costs in S; than Sy, the
difference between the costs associated with the two decisions, which is the regret, may provide

more information for decision making than the absolute value of the cost itself. In the second

Table2: Motivating example for the minimaxregret model

Cost / Regret

Decision Dq

Decision Dy

Scenario $1

$9/ %1

$8 / $0

Scenario Sy

$2 /%0

$7 / $5

example, decision D3 is obviously a bad choice because of its high cost in scenario S4. Decision
D5 will be selected under MMC because its worst cost, $18, is lower than that of D3, $40, and Dy,
$19. Under MMR, decision D4 will be selected since its worst-case regret is $13 while the regret
of D5is$14. Weargue the MMC solution Ds is better in this example because itis only slightly
worse than the MMR decision D4 in terms of regret in scenario Sz only because of the existence of

decision D3, which cannot be selected anyways, but has a much lower cost in scenario S.

Table3: Motivating example for the minimax cost model

Cost / Regret | Decision D3 | Decision D4 | Decision D5
Scenario S3 $4 / $0 $16 / $12 $18 / $14
Scenario Sy | $40/ $34 $19 / $13 $6 / $0

From the previous two examples, we can see that there are no clear cut answers as to which
criterion is superior. Each of them has advantages and disadvantages. The examples above can
shed some light on which criterion may perform better in what situations. In the first example,
both decisions perform better in one scenario and worse in the other. In this case, it makes sense
touse MMR as the criterion because the MMC criterion is too conservative and does not consider
non-extremescenarios. Ontheotherhand, inthesecond example, there existsa veryrisky decision
that performs well under one scenario and extremely poorly under the other. In a planning problem
whererisksshould be controlled, such decisions are usually not desirable, but they may affect the

maximum regret of other decisions and distort the final decision.
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The two-stage structure of our robust optimization models can capture both the planning and
operation stages of the transmission planning problem very well. They can be formulated as special
cases of trilevel optimization problems. However, due to their non-linear, non-convex structure,
they are very difficult to solve. In previous researches [4,17], the authors use Bender’s decom-
position to reformulate the problem into a master problem and a bilinear subproblem, which is
then solved with outer approximation. However, the outer approximation approach cannot handle
the binary variables in the subproblem when the MMR criterion is used. In [18], statistical up-
per bounds are used to complement the outer approximation approach. We propose a two-layer
algorithm where we decompose our problem into a master problem and a bilevel subproblem.
Themaster problemisupdated withabranchand cuttype procedure, where new constraints and
variables are iteratively generated and then solved as a mixed-integer program. This algorithm is a
special case of the bilevel optimization algorithm [36]. Similar algorithms are proposed in [37,38].
Itworksfaster than the traditional Bender’s decomposition approach with the use of primal infor-
mation instead of dual variables. The subproblem is a mixed-integer bilevel optimization problem,
which is more difficult to solve. In [27], the difficulty of solving a bilevel linear optimization pro-
gram is discussed and several heuristics are proposed. We use the Karush-Kuhn-Tucker (KKT)
conditions [6] to reformulate the bilevel problem into a single level problem with complementarity

constraints, which is then reformulated into a mixed-integer programming problem [15].

2.1.3 Deterministic model

In the deterministic model, consideration of uncertainty is avoided by assuming perfect information
for all parameters. For example, in the following deterministic model, the load is fixed as d_ and

the new generation capacity is fixed as PN,
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minAd] oxij + A @+ DU Pikt,m+CiTi,,m) (1)

ij,t i,k t,m _
s.t. APikom+ A fii,t,m=Afijt,m =ditm—Tritm 8i21,t2T,m2M 2)
k i i
fij,t,m = Bij(gi,t,m = gj,t,m) = (1 =xij)M - 0, 8ij 2 N (3)
Bij(gi,t,m = aj,t,m) = fij,tm -1 -xj))M -0, 8ij 2N (4)
fij,t,m = Bij(git,m—aj,t,m), 8ij2 L (5)
fij m - F%j
ij X,8ij2N (6)
fij,m - F
ij X 8ij2N 7
fi - FX . 7)
ij ,8ij2L (8)
—fijum - FT°,8ij2L 9)
com®P +PND,8i21,t2T,m2M,k2K (10)
Gmin * gi,t,m * max, 8i21,t2T,m2M (11)
X binary (12)

The objective function (1) is the transmission capital investment cost and total operational cost
(including cost of power production and load shedding) over the planning horizon. This model
is a static model, in which the total operational cost over the planning horizon is estimated by
extrapolating from |T | years. A similar approach has been used by several other related stud-
ies [13,21,22]. Constraint (2) requires that the net influx at a node should be equal to the net
outflow. Constraints (3) and (4) are equivalent to the equation fij,t m = XijBij(qi,t, m — qj,t, m), which
is nonlinear and complicates the model. We introduce the constant M to linearize this equation [21].
Whenxij =1, thenthetwo constraintsare reduced to fij t, m = Bij(gi,t, n—gj,t, n), where the value
of M doesnot matter. Whenxijj =0, thenweneed tomakesure thatMislargeenoughso thatno
additional constraints are imposed. On the other hand, if M is too large, it may cause computational

difficulties. In our experiments, we set it to be ten times the largest value of Fij™*. Equation (5)
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calculates the power flow on existing transmission lines. Constraints (6)- (9) dictate that the power
flow on transmission lines does not exceed their limits. Constraint (10) specifies the generation
capacity oneachnode. Constraint (11) limits the range of phase anglesatanode.

To facilitate algorithmic development and simplify the notations, we abstract the deterministic

model as follows:

miny ;¢”X + b~z (13)
s.t. AX+C1z -t (14)
By +Coz- g2 (15)
Jz=d (16)

In this more concise abstract formulation, we use X to represent the binary variable indicating
whether or not a transmission line should be built, y to represent the amount of new generation and
Z to represent operational variables including power production, phase angles, power flow and load
curtailment. Vectors c and brepresent coefficients of variables in the objective function. Matrices
A, B, Cq, Cy, J are the coefficients of variables in the constraints. Vectors g1, > are the right-hand-
side parameters in the constraints. Constraint (14) corresponds to equations (3)-(11). Constraint

(15) corresponds to (10). Constraint (16) corresponds to (2).

2.1.4 The MMC model

In the two-stage MMC model, given the first-stage decisions, the second-stage problem is com-
monly known as therecourse problem [23], where the optimal operation decisions are identified.

Thefeasible set of the recourse problemis defined as follows:

Z(x,d,y)={z:C1z- 91 —Ax,Cpz - 9o — By, Jz = d}
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The uncertainty set is defined as

U ={(d,y):Q:d - q1, Qay - a2}

The matrices Q1, Q2 are the coefficients of d and y in the uncertainty set. Vectors g1, g are the
right-hand-side parameters. They can contain information including the lower and upper bounds
of the uncertain parameters, the lower and upper bounds of the linear combination of the uncer-
tain parameters, etc. Such information can be obtained from historical data or statistical tests on
historical data. Inthis project we consider both the uncertainty caused by load forecastand theun-
certainty caused by future generation expansion. In addition, other types of sources of uncertainty
can be easily plugged into the model without affecting the algorithm.
The MMC model can be formulated as:

>

min  ¢’X+ max min b7z . (17)
X binary (d,y)2U 227 (x,d,y)

215 The MMR model

Unlike the MMC model, the MMR model aims to minimize the worst-case regret under all pos-

sible scenarios. Before presenting the MMR model, we first define the feasible set of the perfect

information solution G (d, y) and the perfect information cost G(d, y) as follows:

G(d,y) ={(®,2): AR+C42-g1,Cp2 - g2 - By, J2=d}.

n 0
G(d,y)= min ¢X+b .
%,22G (d,y)
We can see that G(d, y) is only dependent on the uncertain parameters (d, y) and can only be
known after the uncertainty realizations are observed. Wecall it the perfect information solution

because G(d, y) can only be achieved if perfect information about the sources of uncertainty is

available.

21



Then we can define the MMR model as follows:

> >

min € X+ max min b z-G(d,y) . (18)
X binary @y2U  22Z(xd,y)

Comparing the MMC model and MMR model side by side, their similarities are very notice-
able. The difference between them lies in their definition of the “worst-case scenario”. With the
MMC criterion, the worst-case scenario is defined as the scenario with the highest cost, while the
MMR criterion defines the worst-casescenariowhereregretisthe highest.

Toshed more light on which criterion is more appropriate under different situations, we can
classify scenarios into two categories: regretful vs. regretless. We use x* to denote the MMC
solution and xR to denote the MMR solution. R(x, s) is the regret of decision X under scenario s.

IfR(xS,s) 2:R(xR, s), then we call scenariosa regretful scenario for decision xC. Otherwise, we

say itis regretless. When MMR is used, regret is redistributed among the scenarios. The regretful
ones become less regretful and the costs in the regretless scenarios increase. As an uncertainty set
consists of both regretful scenarios and regretless scenarios, it is unpractical to predict accurately
which type of scenario will occur in the future. However, the classification of scenarios compares
and illustrates the advantages of the MMR and MMC approaches for decision-makers to choose the
criterion more appropriately for their specific problem. For example, if they are more confident that
regretful scenarios will occur, they can choose the MMR criterion. Otherwise, they may choose

the MMC criterion.
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2.2 Model B: More realistic generation uncertainty

2.2.1 Nomenclature

Sets and indices

1 Setof nodes
L Setofexistingtransmissionlines
N Set of candidate transmission lines
T Setoftime periodsinthe planninghorizon
M Set of load blocks
K Setof technology types
Parameters
Pk Capacity of existing and future generators of technology katbus
it Cost of building the new transmission line (i, j) at timet
ekt Cost ofload curtailment atnodeiattimet
Pt Costof powerproduction of technology katnodei
FGm  Averagecapacity factor of generation technology kat yeartload blockm
=R The maximum power flow on transmission line (i, j)
Bi,j Susceptance of transmission line (i, j)
M, M®  Big constants used to linearize the power flow constraints and the products between two
variables
ditm  Demandatnodeiattime periodtload blockm
g™"  Thelowerbound of voltageangles
g™®  The upper bound of voltage angles
/ Cash flow interest rate (with inflation)
Oiko Currentavailability of generators of technology typekatbusi
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Variables

Xijt  Binaryvariablesindicatingwhetheratransmissionlineisbuiltattimet

Oikt  Binaryvariablesindicatingwhetheragenerator oftechnology typekexistsatbusiintime
periodt

fi,ji,m Powerflowfromnodeitonodejatyeartload blockm

Piktm Powerproduction of technology katnodeiatyeartload blockm

rit,m  Theamountofload sheddingatnodeiattimetload blockm

git,m Voltage angle atnode i at time t load block m

z Abstract variable representing all dispatch variables, including fij ¢, m, Pi k t, m, Ii,t, m, and
gi,t,m

Clx)  Total investment cost

CO@z) Total operation cost
2.2.2 Overview

In this section, we present a new multi-period robust optimization framework for transmission
planning considering generation expansion and retirement uncertainty. To tackle robust TP prob-

lems under generation profile uncertainty, our proposed model has the following features:

1. Weminimize the sum of investmentcostand estimated operation cost under the worst-case

scenario —including generation cost and load curtailment cost, over the planning horizon.

2. Tomodel generation profile uncertainty, we assume a predefined set of new generators in
addition to the existing generators. In the uncertainty set, we use binary variables to represent
whether anew generator is going to be built, orif an existing generator is going to be retired.

Policy and total capacity constraints can be added to the uncertainty set as needed.

3. Themodelenables multiple decision time points, at the beginning of which new investment

decisions can be made.

4. The two-stage robust optimization framework mimics the real decision making process.
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Transmission investment plans is proposed in the first stage, before uncertainty realization.
Operation decisions are made in the second stage, after uncertainty has been observed. In
addition, the minimax structure adds a layer of protection against uncertainty by identifying

the worst-case scenario.

The model is decomposed into a master problem and a subproblem using the column and
constraint procedure [38]. Thesubproblemisabilevel optimization problem. Asisdemonstrated
in [9], using KKT reformulation to solve the subproblem is not very efficient computationally. In
this project, we first dualize the subproblem, resulting in a nonlinear mixed-integer optimization
problem. Itis then linearized by exploiting the binary variable in the nonlinear term. The model
and algorithm is then tested on the WECC 240-bus system. The effects of policy natural gas price

changeisalsoexploredin the casestudy.

2.2.3 Model formulation

Toaccount for the long planning horizon and multiple sources of uncertainty, transmission plan-
ning problems are usually formulated as two-stage problems. In this section, we present a two-
stage robust TP model in which uncertainty in future generation profile are considered. A summary

of themodeling frameworkisshowninFigure1.

plan maxcost

scenario cost

IU

Figure 1: Summary of the robust optimization modeling framework

In our robust optimization model, candidate lines are selected for construction with limited
information on uncertainty during the first decision making stage. In the second stage, operation

decisions are made after uncertainty realization. The goal of robust optimization is to identify a
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combination of new transmission lines that can achieve the lowest total cost, including construction

cost and estimated operation cost.

v .
min C!(x) + max min C°(2)
x2X 092G z2Z(x,9)
where
X {x|Ax. it-1,8(, j) 2N, xBinary}
CI(X) A(1 +/) Cl,j,t I/J/
t,i j
cO@)= A +1)" t[AcI ktp.,ktm+c i, m]
I t m
and

Z(x,09) ={z:fi j,um=Bi j(@itm—qjtm), 8, m,(,j)2 L M
t

|fi,,,m=Bi, i(@i,,m = qj,t,m)| - (1= Axi j,0M, 8t,m, (i, j) 2N [u®]
k=1
—Fmax o gox ). f FMC L x ), 8t,m, (G, j)2N [W? u®
i, ( i/jk i, j,t,m i, i,jk
k=1 k=1
— fmax max @ @
i,j f|J,tm Fljl8tm(| J)ZL() w ,u ]
, 8i,k,t, m[u¥]
0 pikym FC ktmP 9
ik ikt
g™ - gi,m- g™, 8i,t,m [W®, u®©]

A pi/k/t/m + A fJ/ i,t,m _A fi/j/t/m = di/’[,m - ri/I[/m/ 8i/ t/ m} [“(7)]
k j j

(19)

From the objective function (19), we can see the two-stage structure of the robust TP model.

It minimizes the investment cost and the projected operation cost under the most costly scenario.

Investment and operation costs are represented by equations (21) and (22) respectively. The op-

eration cost includes generation cost and load curtailment cost. The set G is the uncertainty set,
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which can be defined by planners’ belief on uncertain parameters. Constraints (20) means thata
transmissionline onlyneedstobebuiltoncein the planning horizon.

Constraints (23)-(29) defines Z (x, g), the set of feasible power flow solutions once new trans-
mission and generation is fixed. Equation (23) defines the power flow on existing transmission
lines, while constraints (24) defines the power flow on candidate lines. Itis equivalent to the con-
straint fi j,; m = (Ak=1Xi,j, B4, j(gi,t, m — gj,t, m), which is nonlinear and can complicate the compu-
tation. By using the auxiliary parameter M, it is linearized. Constraints (25)-(26) impose power
flow limits on candidate and existing transmission lines. Constraints (27) requires power gener-
ation to be within the capacity limit of generators after capacity factor is considered. Constraint
(28) limits therange of phase angles at each node. Constraint (29) requires the netinflux atanode

tobeequal to the net outflow.

3 Solution techniques

In this section, we develop three customized trilevel optimization algorithms to solve the robust
optimization problems, which we decompose into two levels: the master problem and the subprob-
lem. Wefirst present the algorithm for the MMC model. This algorithm is then modified for the
MMR model. Since we use a cutting plane procedure that does not require duality information,
we canreformulate the sub-problem asa mixed-integerlinear programming problem. In[18], the
worst-case scenarios are identified via statistical upper bounds with Monte Carlo simulation. In
contrast, our algorithm provides a theoretical global optimality guarantee to find the worst-case
scenarios as the entire problem is solved as a mixed-integer linear programming problem after
reformulating the sub-problem. Then we present the solution methods for our Model B. Bilinear
terms exists in the subproblem. However with the discrete structure of the uncertain parameter, the

bilinear terms can be linearized without incurring too much computational burden.
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3.1 Algorithm for Model A

The master problem is designed to provide a relaxation of the MMC model (17), in which the

search for the worst-case scenario is restricted to be within a given finite set of scenarios, W* =
{(d',y", 8i=1,...,|WC|}, rather than the complete set of scenarios, U. As such, the master prob-

lem yields a lower bound of the MMC model (17). We denote the master problem as MEWO),

anditisformulated asthefollowingsinglelevel mixed integerlinear program.

min - ¢>x 4 x (30)
X, X,z

s.t. x2:b”7 8i=1,...,|WE (31)

Ax+CiZ -1 8i=1,...,|WS (32)

By +Coz' - g2 8i=1,...,|WC] (33)

=d  8i=1,...,|WY (34)

x binary. (35)

The subproblem is defined as the MMC model (17) with a given first-stage decision, x. As

such, the subproblem yields an upper bound of the MMC model (17). Wedenote the subproblem

as S€(x), and itis formulated as the following bilevellinear program.

max min b’z (36)
(d,y)2U z2Z (x,d,y)

This model can be further reformulated as the following linear program with complementarity

28



constraints (LPCC).

max b~z (37)
d/y/Z/a/b/g

s.t. Q1d- 1 (38)
Qay- 02 (39)
0-91-Ax-C1z?7a 2:0 (40)
0-92-By-Cz?b 2:0 (41)
Jz=d (42)
10+Cyb+J g+b=0 (43)

C> > >

LPCC problems can be solved by several algorithms ( [15] Branch-and-Bound, Bender’s, Big-
M). The big-M approach [15] was found to be one of the most computationally efficient in our
computational experiments. This approach reformulates (37)-(43) as the following mixed-integer

linear program (MILP).

max b7z (44)
d/y/Zl a/bl gl w

s.t.  Constraints (38), (39), (42), (43) (45)

0-91-Ax-C1z- Mwy (46)

O-a-M(1-wq) 47)

0-92-By-Coz - Mw» (48)

0-b - M(1-wp) (49)

Here, M is a sufficiently large constant (big-M) and w1 and w; are auxiliary binary variables that
areintroduced toenforce thecomplementarity conditionsin (40)and (41).

MMC

The proposed algorithm for the MMC model, which we call Alg™™™, is an iterative one, in

which the master problemissolved to provide anincreasing series of lower bound solutions, and
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then the subproblem is solved to provide a series of decreasing upper bound solutions using the so-

lution from the master problem, x, as an input. The input for the master problem, W<, isiteratively
enriched by the solutions from the subproblem until the gap between the lower and upper bounds

fallsbelow a tolerance, e. Detailed steps of this algorithm are described as follows:

AlgMMC(C/ b/ A/ B/ Cl/ CZ/ 01,92, ‘]/ Qll J1, QZ/ q2)

Step 0 : Initialization. Create WC that contains at least one selected scenario. Set LB = -+,

UB=-,andk=1.GotoStep1.

Step1:Updatek k+1.Solvethe master problem MS(WC)andlet (x¥, x¥) denote its optimal

solution. Update thelowerboundasLB ¢”x¥+xXand gotoStep2.

Step 2 : Solve the sub-problem SC(xKy and let (d, yk, 75) denoteits optimal solution. Update
WE  WEL{(d* y¥)}, andUB c>xK+b>zK.

Step3 : IfUB-LB > e, go to Step 1; otherwise return (Xk, dk, yk, 7X) as the optimal solution to
(17) and LB as the optimal value.

The MMR model can be solved using a similar algorithmic framework to Alg™M€ after the

following simplifying yet equivalent reformulation.

> >

. > . >
in € X+ max min b7z-G(d,y)
X bmary @2V 57 x,d,y)
- > n o
= in ¢~ X+ max min b”z- min ¢ X+b”2
s @y)2U 22Z(xdy)  (%22G(d,y) 9
= " =
=min ¢ X+ max min b7z-(c"R+b”2)
X binary> ®22G(d,y) 727 (xd,y) =
(d,y)2U

Tosolvethisreformulation ofthe MMR model, whichisstructurally similartotheMMCmodel

(17), only slight modifications to the master and sub-problems arerequired. The master problem

is defined for a different set of input scenarios, WR ={(d | yi, g2 8i=1,..., |WR[}, in which the
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two additional variables, % and 7', represent the optimal investment and recourse decisions with

hindsight of the uncertainty realization (d', y'). We denote the master problem as MR(WR) and it

is formulated as the following single level mixed integer linear program.

anli?i CoX+x (50)
s.t.x2:b”7 - (>R +b>2)8i=1,..., WK (51)
AX+CiZ' - g1 8i=1,...,|WK (52)

By +CyZ' - 9o 8i=1,...,|WK| (53)

7 = 8i=1,...,|WK| (54)

X binary. (55)

We denote the subproblem as S¥(x), and it is formulated as the following bilevel linear pro-

gram.
>

max min b7 z-(c"X+b”2) ,
(d,y)2U ;%,22Gd,y) 22Z(x,d,y)

whichcanbesolved using the same big-M approach with the following MILP.

max  p”z-(c”"X+b”2) (56)
d/ylzl)zlzla/b/glw

s.t Constraints (45)-(49) (57)

AX+C12-01 (58)

By+CoZ-qg2 59)

J2=d (60)

Xbinary. (61)

MMC -anbeused

Withthenew definitions of master and sub-problems, the same algorithm Alg
to solve the MMR model with the following minor modification to Step 2, besides the apparent

need tochangethesuperscript“C” to“R":
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Step 2 : Solve the sub-problem SR(x¥)and let (d, yk L%, %K %) denoteits optimal solution. Update
WR - WR{(d¥, y¥, %K, 29} and UB ¢ x¥+b”z¢- (c> %K + b> 2K).

3.2 Algorithm for Model B

Themaster problemisarelaxation of therobust TP problemand provideafirst-stagesolution. The
original trilevel problem requires the most costly scenario in the entire uncertainty set G. In the
master problem, the search for master problem is restricted in a smaller set of scenarios S - G.
Wedenote the master problem as M(S), and itis formulated as the following mixed-integer linear

program:

miny ;sCl(x) + z (62)
s.t. x2 X (63)
22:C9%,8s2S (64)
2°2Z2(x,9%,8s2S (65)

WhenS = G, the master problem M(S) isequivalentto the trilevel formulation (19). How-
ever, due to the enormous number of possible scenarios in G, it is unrealistic to search the entire
uncertainty set. Instead, we search the subset S. As such, the master problem provides a lower
bound to the actual optimal objective value. New scenarios are iteratively added to the set S and
the lower bound increases at each iteration.

The subproblem is defined as the robust TP problem with a given first-stage solution x. Since
the performance of such solution can only be worse than the optimal first-stage solution, the sub-

problem provides an upper bound to the optimal objective value for the original trilevel problem.

We denote the subproblem as R(x) and it can be formulated as the following bilevel linear program:

max min CO(2) (66)
092G z2Z (x,9)
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Thesubproblemdefined in (66)isabilevel optimization problem. Inordertosolveit, wewrite

out the dual of the operation cost minimization problem  min CO(2), denoted as D(x, g), where
227 (x,9)

D(x, g) canbe expressed as the following optimization problem:

: (3) C _ @
max , - n max(, 2+ )= F7 PGiktM ~ ¢ max, (5)
F
s A A % i A tm A(q Mo
bmo G, D2LIN oy ik i
__min, ,(6) A Yi,tm (67)
9 ui,t,m - i,t,m
|
4) @) i .
- t. ui(/k/t/m +IJi/t/m 2 (1 + I) tC]ijlklt/8|/ k/t/ m [p] (68)
u?
n2: (L+)7'chig8it,m [r] (69)
u® @) 3) ) 7) o
Litm T Hi L um Hium ~Higm T Hjum =08, ) 2L [N, t,m [f]  (70)
@) 6) a ) A ) a N )
vomHim™ A Bt A Biiljiim— A Bi, i (A Xi,j, i, j,t,m
(i, j)2L (j,H2L (i, )2N k=1
t
+ A Bji(A Xj,i,k)Ugliit/m=0,8l,t,m [q] (71)
(j,i)2N k=1
b 2:0,k=2,3,4,5,6. (72)

In this formulation, u® are the dual variables of constraints (23)-(29). Note that because Xi, j,t
isa parameter, we canreplace (24) with their equivalent form fj j,t, m = Xi, j,tBi, j(gi,t, n— gj,t, m) to
simply the formulation. Inaddition, with the previous replacement, we can combine constraints
(25) and (26) by removing the term A%—1 Xi,j k-

Then the bilevel subproblem is simplified as the following single level optimization problem

max D(x, g)
g2G

In the objective function (67), the terms FkCt P kdik t “i(ﬁ)t ., arebilinear. Since they are multi-

plications between a continuous variable and a binary variable, they can be replaced by the follow-
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ing equations.

gi,k,tIJ(4)
ik tm=hiktm
(73)
st hikym2:iMikem-MO(1=gik) (74)
hik,t,m2:0 (75)

Then the subproblem can be easily solved as a mixed-integer linear program.

The algorithm uses the column and constraint generation procedure to iteratively generate new
scenarios to be included in the subset S. The master problem is solved in each iteration to provide
an increasing series of lower bounds and a first-stage solution. Given the aforementioned first-stage
solution, the subproblem is solved to provide a decreasing series of upper bounds and a worst-case
scenario tobeincluded insetS. The algorithm terminates after the gap between the upper bound
and the lower bound falls below a user defined threshold e. A flow chart of the algorithm is

summarized inFigure?2. Detailed steps of thisalgorithmare described asfollows:

Step0 : Initialization. Create S that contains at least one selected scenario. Set lower bound

LB=--,UB=-,ands=1. Go toStep 1.

Stepl : Updates s+ 1. Solve the master problem M(S) and let (x°, z°) denote its optimal

solution. UpdatethelowerboundasLB z°. GotoStep2.

Step 2 : Solve the subproblem R(x) and let (g°, z°) denote the optimal solution. Update S
S [{g%},andUB CO°(z).

Step3:IfUB-LB > e, go to Step 1; otherwise return x° as the optimal investment plan and

Cl(x®) + zasthe optimalvalue.
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Figure2: Flow chartof the decompositionalgorithm
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4  Case study

In this section, we apply our decision-support system to an IEEE 118-bus test system and the
WECC 240-bus system. The model with simplified representation of load and generation invest-
ment uncertainty is applied to the IEEE 118-bus system. The performances of the model using
different optimization criteria is compared. The model with the more detailed representation of
generation investment and retirement uncertainty is applied to the WECC 240-bus system. The
transmission plan obtained by this model is tested under various scenarios with different renew-

able energy policy mandates and fuel prices.

4.1 |EEE 118-bus test system

The IEEE 118-bus test system consists of 186 transmission lines, 5 wind farms, 5 coal plants, 5
gas plants and 33 loads. The network data is available in [1]. Weconsider 10 candidate lines. The
operation costs are calculated based on the data of 4 load blocks. Weconsider a planning horizon
of 20 years, with the operation cost extrapolated from the cost of year 1. Then the operation cost
isassumed to increase at the same rate each year. The characteristics of generation and candidate
lines are summarized in Table 4 and Table 5 respectively. In our case study, generation capacity
datain the systemis set to be able to satisfy all demand levels if there is no network congestion.
Uncertainty in future generation capacity consists of two parts, expansion and retirement. For
wind and natural gas fired plants, we set the lower and upper bounds for new capacity. For coal
plants, the range of reduced capacity is also provided. We use negative capacity to depict coal
retirement. In addition to bounds on individual plants, we also set the lower bound and upper
bound on total new generation capacity to control the randomness of the uncertainty set. The mean

of our demand (d ) and the capacity factor are modified based on the real data from WECC [32].
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Table 4: Generation parameters

Bus Curr'ent Fuel | Min Ngw Max Ngw
No Type| Capacity Cost | Capacity | Capacity
' (MW) | ($/MWh) (MW) (MW)

25 | Wind 1,000 0.0 2,000 3,000
31 | Wind 500 0.0 150 400
32 | Coal 300 43.0 -160 -80
36 | Wind 1,100 0.0 800 1,500
49 | Wind 1,000 0.0 1,200 2,000
61 | Coal 400 28.2 -200 -70
65 | Coal 1,500 52.7 -800 -600
66 | Coal 300 28.3 -150 -100
76 | Gas 200 31.0 80 100
85 | Gas 300 63.9 150 200
87 | Wind 900 0.0 1,300 2,500
89 | Gas 150 49.1 100 150
92 | Gas 200 32.0 200 250
99 | Coal 300 27.5 -150 -80
113 | Gas 200 65.0 200 300
Total 8,350 6,000 8,500

We generate four instances by changing the uncertainty sets. Their definitions are listed as follows:

ikt

. [O 75+ 0.5 Sgn(PN,maX)] PN'maX
ikt

Up=1{0.95; t m - di ¢ m - 1.05d; ¢ m

N, min

N,max

: Pi,k,t ’ Pi,k,t
pN,min , A PNkt P
ik
Up={0.85d;,t,m - dit,m - 1.15d t,m

Equations (77) - (78)}

i,k t

i,k t

Equations (82) - (83)}
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Table 5: Candidate line parameters

Susceptance Transmission | Construction
From | To 1 Capacity Cost
W) (MW) (M)
25 4 30 390 40.60
25 18 30 390 32.48
25 115 30 390 40.60
32 6 30 390 50.75
36 34 30 390 28.42
36 77 30 390 44.66
70 25 30 390 97.44
86 82 30 390 36.54
87 106 30 390 62.93
87 108 30 390 52.78

where (PNmin, pNmax N N L _ ,
ikt ikt ) and (P™/™n, pN/Maxy are listed in the last two columns in Table 4, with

(PNomin pN/maxy iy the Jast row. The load curtailment cost is set as $2000/ MWh. The interest rate
issettobe(.1.

The experiment is implemented on acomputer with Intel Core i53.30GHz with 4GB memory
and CPLEX12.5. The computation time of each instance is around 9 hours. The numbers of
iterationsfor solving each instance are summarized in Table6.

Table 6: Number of iterations for each instance
Ui | U | U3z | Uy

MMC| 3 | 3 | 2| 2
MMR| 3 | 6 | 2 | 3

The transmission plans, investment costs and objective values of each criterion under the four
uncertainty sets are summarized in Tables 7 and 8. We then compare the performances of the
MMC solution and the MMR solution under various scenarios in Tables 9 and 10, where we use
D, D" and D to denote the optimal MMC solution, the optimal MMR solution and the optimal
deterministic solution. The lower cost and regret between D¢ and D" are highlighted. The deter-
ministic solution is derived by setting the mean demand as the load levels and the median of new
capacity as the future expansion plans. The scenarios are generated by our algorithms when solv-

ing the MMR problems and MMC problems. Each scenario corresponds to an optimal solution
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toa sub-problem at an iteration of our algorithm and is the worst-case scenario for the first-stage
solution obtained at the sameiteration. Scenarios S1 - Sz and S¢ - S1p are generated by solving

the MMR problems. Scenarios S4, Ss, S11 and S12 are generated when solving the MMC problems.

Those scenarios typically have very high costs or regrets, thus are representative of bad scenarios
that robust optimization tries to hedge against. The investment and operational costs of both the

MMC and MMR decisions underthe abovescenarios aresummarized in Table11.

Table7: Transmission plans of the MMC approach

Lines (from bus, to bus) Uncertainty Set

Uy U Us Uy
Candidate Line (25, 4) 1 0 1 1
Candidate Line (25,18) 1 0 1 1
Candidate Line (25, 115) 0 1 0 0
Candidate Line (32, 6) 0 1 0 0
Candidate Line (36, 34) 1 1 1 1
Candidate Line (36, 77) 1 1 1 1
Candidate Line (70, 25) 0 1 0 0
Candidate Line (86, 82) 1 1 0 0
Candidate Line (87, 106) 1 1 1 1
Candidate Line (87,108) 1 1 1 1
Investment Cost ($M) 298 | 414 | 262 | 262
Maximum Cost ($M) 1,233 | 1,960 | 1,927 | 2,802

Table 8: Transmission plans of the MMR approach
Uncertainty Set

Lines (from bus, to bus)

C
—_
-
=~

Candidate Line (25, 4)
Candidate Line (25, 18)
Candidate Line (25,115)
Candidate Line (32, 6)
Candidate Line (36, 34)
Candidate Line (36,77)
Candidate Line (70, 25)
Candidate Line (86, 82)
Candidate Line (87, 106)
Candidate Line (87, 108)
Investment Cost ($M) 339 | 395 | 339 | 395
Maximum Regret ($M) 89 | 234 110 | 235

RR olrR R oRRR
RR R R R ooR|R

A~ |~ AN AN AN AN AN~
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Table 9: Comparison of the MMC, MMR and deterministic solutions for uncertainty set U

Cost/Regret ($M) DC Dr Dd
Scenario S1 1,137 |/ 1171109 / 89 108 / 65
Scenario Sy 1,039 / 01,080 / 41 1263 / 224
Scenario S3 803 |/ 0| 844 / 41 1125 [/ 422
Scenario Sy 1,126 | 01167 / 41 1325 / 199
Scenario Ss 1233 | 271272 / 66| 1367 | 161

Table 10: Comparison of the MMC, MMR and deterministic solutions for uncertainty set U,

Cost/Regret ($M) D¢ DF Dd
Scenario Sg 1,730 | 170 1597 | 37 |1861 / 301
Scenario Sy 1,375 | 133 | 1,354 | 112 | 1519 /| 277
Scenario Sg 1,309 | 497 | 1,046 | 234 | 83 /| 24
Scenario Sg 1,398 | 288 1,266 | 156 | 1473 / 363
Scenario S1 776 | 246 | 701 | 171 | 666 / 136
Scenario S11 1959 |/ 201 1,862 | 104 |2,082 / 324
Scenario S12 1,960 |/ 311962 | 332173 / 244

From Tables 7 and 8, we can see that as the uncertainty in demand increases, although the nu-
merical value of the maximum regret and worst-case cost increases, the change in the transmission
planis not very substantial. It means many of the candidate lines are necessary regardless of the
demand levels with our unchanged depiction of generation capacity uncertainty. The reason is that
those candidate lines connect regions with very high locational marginal price differences due to
the presence of large amount of wind energy. On the other hand, when uncertainty in generation
expansion is increased, although the total cost also increases, fewer lines are actually built with
the MMC criterion. That is because in the worst-case scenarios, the system contains less renew-
able energy capacity and the differences in the locational marginal prices between the otherwise
connected regions are not substantial enough to justify new transmission lines. When the MMR
criterion is used, however, the final transmission plan does not seem to be sensitive to the change
of uncertainty in generation expansion. One possible explanation is that since the MMR criterion
doesnot make decisions only based on the boundary scenarios, itis less sensitive to the changesin
uncertainty sets.

From the more detailed comparisons of results from the MMC and MMR approaches in Ta-
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Table11: Investmentand operational costs for scenarios ($M)
DC Dr DC Dr
Invest S1—Ss5 | 298 | 339 | InvestS¢—S1p | 414 395
Operation $; | 839 | 770 | Operation S¢ | 1,316 | 1,202
Operation S; | 741 | 741 | OperationS; | 961 | 959
Operation S3 | 505 | 505 | OperationSg | 895 | 651
Operation Sy | 828 | 828 | OperationSy | 984 | 871
Operation S5 | 935 | 933 | Operation S19 | 362 306
Operation S11 | 1,545 | 1,467
Operation S1p | 1,546 | 1,567

bles9and 10, wecan gainmoreinsightsabout which criterionis more appropriate under different
situations. Both robust optimization solutions outperform the deterministic solution under most of
the scenarios. When the uncertainty set is U1, the MMC solution outperforms the MMR solution
under most of the listed scenarios. When the uncertainty set is Uy, on the other hand, the MMR
solution has a lower total cost under more listed scenarios. The solutions of the cases when the
uncertainty sets are Uz and Uy yield similar results. According to our definition at the end of sec-
tion2.1.2,scenariosSp - Ssin Table9and scenario S12in Table10areregretless scenariosfor the
MMC decision, while scenarios S1 and S¢ - S11 are regretful ones. Which criterion should be used
depends on the decision-maker’s perception on the uncertainty sets. In typical regretless scenarios
for MMC decisions, there usually exists high demand and low renewable energy penetration. If
decision-makerscare moreaboutsuchscenarios or believe they are morelikely, then MM Cshould
be used. Otherwise, choosing MMR might be better. Both criteria provide good upper bounds
for the total costs under scenarios contained in an uncertainty set. The MMC criterion provides
asmaller upper bound with higher average costs while the costs of MMR decisions are lower on
average but have higher variability.

From the above results, it is obvious that both the future generation expansion behavior of
generation companies and demand uncertainty play important roles in transmission planning. In
addition, we canalso conclude that both criteria have their merits and can yield relatively reliable
expansion plans that guarantee zero curtailment for uncertainty realizations contained in the un-

certainty sets. However, depending on the characteristics of uncertainty sets and the preference
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of decision-makers, they may outperform each other under different situations. Thus, acompar-
ativeanalysis of the MMC and MMR criteria can shed morelight on better utilization of both

approaches.

4.2 WECC 240-bus test system

The topology of the WECC 240-bus test system [32] is shown in Figure 3, which was from [30].
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Figure3: WECCfrom [30]

The system has 240 buses, 448 transmission lines, 139 load centers and 124 generation units,
including coal, gas-fired, nuclear, hydro, geothermal, biomass, wind and solar generators.

We consider 18 candidate lines. The planning horizon is 20 years, which is divided into four
five-year periods. Weselected the load of two representative hours from the typical week market

data tobe the baseline of our demand data. Anannual growthrate of 1% is assumed based on the
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projections of EIA [11].

Uncertainty in future generation capacity is due to the success in the implementation of new
capacity and the timing and amount of capacity retired. We consider 70 uncertain generators, of
which 17 are existing coal power plants set to retire over the study period. The rest are possible
gas-fired resources and wind and solar farms as well as geothermal units at various locations in
the system. In the uncertainty set, we specifies several requirements for the uncertain generators.
Firstly, werequire thatall coal plantsretire at the end of the planning horizon. Secondly, 50%
of the new capacity needs to be included at the end of the planning horizon. Thirdly, the total
additional capacity ata decision point cannot belower than 50% of the total additional capacity at
thenextdecision point. Finally, werequire that renewable energy generation account foratleasta
certain percentage of the total additional capacity. These restrictions on the uncertainty set can be
adjusted based on available information as well as planners’ belief on future generation profiles.
The load curtailment cost is set as $2000/MWh. The interest rate is set to be 10%.

We visualize the test system as well as the transmission planning problem in Figure 4. The
240buses are arranged inacircle, with bus #1 starting at the three o’clock position and going
counter-clockwise; bus #240 also comes back to the three o’clock position. Although the geo-
graphic information is completely distorted by this arrangement, it allows for more informative
visualization of the big picture for the transmission planning problem. The 448 transmissionlines
are represented by black line segments connecting the corresponding bus pairs. The relative lengths
of theline segmentsin thefigure donotnecessarily represent the actuallength of the transmission
lines. The 18 candidate lines are also plotted in green. These lines do not exist in the test system
yet,and itisup to the planner to decide which (if any) lines should be builtand when. The squares
surrounding the inner circle represent the 139 load centers, with the areas of the square propor-
tional to the magnitudes of theloads at the corresponding nodes. The colorful dots surrounding
squares represent the existing 124 generators, with the areas of the dots proportional to the capac-
ities of the generators at the corresponding nodes. The colorful stars represent the potential new

generators thatmay beadded to the corresponding nodes. The color map on theleft sub-figureis
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forbothexistingand potential new generators. Multiple generators at the samenodesare plotted

at different orbits to avoid overlap.

@ biomass
@ naturalgas
@ geothermal
hydro

@ nuclear

(@ renewables

@) solar
@ wind
@ coal

Figure 4: Visualization of the transmission planning problem

Depending on the policy requirement on renewables and the uncertain gas prices over the
twenty-yearhorizon, we define the following four futures, which will be used for sensitivity anal-

ysis of our model.

* Future 1: 20% additional renewables and high natural gas prices (double the current price)

* Future 2: 20% additional renewables and low natural gas prices (at the current level through-

out the next twenty years)

* Future 3: 40% additional renewables and high natural gas prices
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* Future4:40% additional renewablesand lownatural gasprices

Theexperimentwasimplemented onadesktop computer withIntel Corei73.4GHz CPU,8GB
memory and CPLEX 12.5. Weadjust the uncertainty sets and natural gas price to create multiple
testinstances. Thecomputation time of eachinstanceisaround 20hours.

We obtained the following six transmission plans.

* Plan 1: Optimal transmission plan under future 1.

* Plan 2: Optimal transmission plan under future 2.

* Plan 3: Optimal transmission plan under future 3.

* Plan 4: Optimal transmission plan under future 4.

* Plan5: Toolittle and too late investment. Thisis an arbitrarily created transmission plan to

representthecaseof verylittleand very lateinvestmentinnew transmissionlines.

* Plan6:Toomuchand tooearlyinvestment. Thisisanarbitrarily created transmission planto
represent the case of a very high level of investmentimplemented very early in the planning

horizon.

These six transmission plans are visualized in Figure 5. Each column represents a plan, and
each row represents a five-year period in the planning horizon. The green lines are to be added
to the system in the period according to the transmission plan. Although theadded new lines are
cumulative, only new additions are shown in green. It can be seen that the first four transmission
plansaresimilarand all build new lines gradually in the first three periods. Plan5has only asmall

number of lines, and plan 6almostaddsall candidatelines at once in the first period.
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Figure5: Six transmission plan
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A by-product of the algorithm from Section 3.2 is a set of scenarios that represent either the
best (with lowest cost) or worst (with highest cost) case scenarios for a given transmission plans.
Wehave collected twelve of these scenarios under the four futures and use them to illustrate the
robustness performances of the six plans under these scenarios. The scenarios are shown in Figure
6. The four orbits of the stars indicate the periods in which the new generators are added to the

generation portfolio. The higher the orbit, thelaterintime.

Figure 6: Twelve bestand worst case scenarios

Finally, the robustness performances of the six transmission plans under the twelve scenarios
wereevaluated withrespect to the investment cost, the operations cost, and load curtailment (as a
percentage of total load) over the planning horizon in Figure 7. The colored regions in the bottom
tworowsin Figure7 are outlined by the upper and lower bounds performances under the twelve

scenarios. The white curves inside the colored region are the intermediate scenarios. The figure

47



suggests that the first four plans have similar investment costs, with plan 4 being the least costly.
Their performances in operational costs and load curtailments are also comparable. Plan5hasa
negligibleamount of investment, whichisa$1.4B savings from plan4. However, asaconsequence
of thelack of enough investment, its operational cost is almost $20B more than plan 4, and its load
curtailment in the worst case is also much sever than plan 4. On the other extreme, plan 6 makes
about 20% more investment than plan 4, but its performance in operations cost and load curtailment
aresimilar, if notevenworse than the cheaper counterpart. Theseresults demonstrate theneed for
making enough and smart investment in transmission planning in order to reduce the long-term

operations costas wellasenhancing thereliability of the grid.
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Figure7: Performance of six plansunder twelvescenarios
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5 Concluding remarks

Inthissectionwediscussindetail theanalytical basisfor our decision-supportsystem, analyze the
case study results and provide an interpretation of the ramifications of investment decisions made

with the our decision-support system.

5.1 Overview

As afacilitator for generation expansion, transmission planning is critical to the reliable and eco-
nomic operation of power systems. Traditionally, transmission planning isusually studied as de-
terministic problems. However, in addition to operation level sources of uncertainty including load
prediction error and renewable energy intermittency, with the restructuring of the power system,
generation expansion plans of generation companies also become uncertain. Increasingly strict
environmental legislation imposes additional uncertainty for transmission planners. With the lim-
itations of previousresearches, new models and algorithms are needed to address the difficulties

occurring with the increased level of uncertainty.

5.2 Findings and conclusions

In this project, we develop a decision-support system for transmission planning, which contains
two models, both using robust optimization to address the challenges posed by generation expan-
sion uncertainty. For Model A, we propose two robust optimization framework for the transmission
planning problem under uncertainty, where we take into consideration both the high-frequency un-
certainty caused by load forecast errors and the low-frequency uncertainty caused by future gen-
eration expansion and retirement. We use two criteria: minimax cost and minimax regret, and
compare their performances. The uncertain parameters are described by a polyhedral uncertainty
set. Withthisapproach, wecanderiveatransmissionplanthatisrobustunderallscenarios. There-
sulting models can be formulated as trilevel mixed-integer problems. We use a branch and cut type

mechanism to decompose the problem into a master problem and a subproblem. The subproblem
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generates scenarios and returns them to the master problem to cut off sub-optimal solutions. The
bilevel mixed-integer subproblem is reformulated into a single level mixed-integer-programming
problem with the KKT conditions to obtain the global optimal solution. Our model and algo-
rithm are then tested on an IEEE 118-bus system, where we compare the results of our MMR and
MMC models and analyze their differences. We conclude that the MMR and MMC criteria may
outperform each other depending on the uncertainty set and decision-maker’s preference.

For Model B, we propose a robust transmission model that can explore the impact of generation
expansionuncertainty in amore detailed manner. When describing future generation expansion
and retirement, we use binary variables to represent whether a generator exists at a node or not,
which enables a more flexible description of the uncertain parameters. Under the new modelling
framework, uncertainty concerning both thelocation and size of generators canbe modeled in the
uncertainty set. Weuse a similar column and constraint generation procedure to decompose the
problem into a master problem and a subproblem. Due to the special structure of our model, the
bilinear subproblem can be equivalently reformulated as a mixed-integer linear problem without
utilizing the KKT conditions, which also makes testing a larger test size possible. In the second
case study, our model and algorithms are tested on a WECC 240-bus test system. We compared
the performance of the robust transmission plans derived by our model to the performance of plans
derived from solving deterministic models or other heuristic rules under four different scenarios,
which are obtained by adjusting natural gas price and renewable energy policy mandate. The
results show that our transmission plans not only out-perform plans obtained from other means but

also remain robust under different scenarios.

5.3 Future work

Several directions of possible future work for this project are worth pursuing. In this project, de-
mand and generation profile uncertainty is modeled by uncertainty sets. However, since probability
distributions of load may be obtained from historical data, it is possible to model various sources

of uncertainty with different methods. We can combine stochastic programming with robust opti-
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mization by representing operation level uncertainty such as load and renewable energy generation
with probability distribution, and representing other types of uncertainty including generation in-
vestments and retirement with uncertainty sets, which reduces the conservativeness of the plan.
Tosolve such a problem, and to improve the computational efficiency of current models, new al-
gorithms and heuristics need to be developed. Another way to extend the work done to date is
to incorporate additional details into the model, including more explicit representations of various
existing and possible policies, changes in demand caused by demographic development, climate

change and recovery from natural disasters.
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