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SUMMARY

Reinforcement learning (RL) addresses sequential decision making with the goal of comput-
ing a “near-optimal” policy that specifies a decision for each state of the world. Despite the
progresses in RL, its deployment in real-world business problems is often hard. Some of the
implementation challenges include the complexity of algorithms and/or policies which makes
them less understandable to RL non-experts, computational challenges related to the curses
of dimensionality, and limited data in modeling the operating environment accurately. In this
thesis, we elaborate on these challenges while focusing on applications in the operations-finance
area.

In Chapter 2, we study and model a new application in sustainable operations related to
renewable power procurement. We focus on companies that have committed to procuring a
specified percentage of their annual electricity demand from a renewable power source by a
future date. The problem suffers from several curses of dimensionality due to the high
dimensional state space, high dimensional expectations arising from multiple sources of uncer-
tainty, and non-convexities resulting from business constraints requiring a minimum purchase
quantity. We design a new rolling horizon policy based on information relaxation and dual-
ity theory with interpretable approximations, and in addition, account for uncertainty directly
while computing decisions.

In Chapter 3, we focus on the problem faced by a firm providing services to store ethanol and

analyze the behavior of users interacting with this storage provider. Users sign annual contracts
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SUMMARY (Continued)

for storage space with a storage provider. However, users’ underutilization of the capacity
provides the chance for the storage provider to overbook its capacity. The risk exposure of
the firm depends on an understanding of user behavior which is limited. Using limited data
on past injection and withdrawals, we build a sample efficient model of user behavior using
Gaussian processes in a non-standard manner that leverages interpretable characterizations of
the optimal policy from the operations management literature.

In the final chapter, we investigate the long-term capacity investment problem faced by a
hydropower plant. The long horizon of the problem and the presence of multiple underlying
variables result in an intractable MDP. Furthermore, limited long-term market data about the
evolution of uncertainties, including power price and inflow level, creates substantial planning
risk. To tackle these challenges, we design an RL algorithm to hedge against long-term model
misspecification risk while mitigating any financial losses due to being overly conservative. We

also extend the interpretable reoptimization techniques.
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CHAPTER 1

INTRODUCTION

In the last few years, reinforcement learning (RL) has achieved great milestones for planning
under uncertainty, with an impressive performance on applications such as game playing and
robotics [126, 146, 171]. RL addresses sequential decision making by formulating problems as
Markov decision processes (MDP; [149]) with the goal of computing a “near-optimal” policy
that specifies a decision for each state of the world that a decision maker can encounter in
the future. Despite the strides made in RL, its deployment in real-world business problems is
often hard. Some of the implementation challenges include the complexity of algorithms and/or
policies which makes them less understandable to RL non-experts, computational challenges
related to the curses of dimensionality, and limited data in modeling the operating environment
accurately [20,70,148,177]. We elaborate on these challenges below with a bias towards how

they are typically encountered in the operations-finance area [10].

e Complex algorithms/policies and interpretability: The decision-making process in real
systems is often owned and operated by humans. Interpretability of RL policies by users
has received significant recent attention [128,182,190]. Another aspect of RL interpretabil-
ity has to do with the algorithm itself. Specifically, algorithms with easily understandable
approximations to obtain a policy facilitate adoption and confidence in practice. The

latter reason is a major contributor to the popularity of model predictive control methods



in operations [51,89,112]. These methods are referred to as reoptimization approaches in
the operations literature and rely on re-solving deterministic models based on forecasts

of uncertain quantities.

Curses of dimensionality: RL algorithms in research are usually tested and shown to be
competitive on examples where the dimensionality of the MDP state and action spaces
is small. Many of the traditional RL algorithms have scalability issues and fail to scale
up as the complexity of the system increases, as discussed in [69]. Many real systems
include complicated dynamics (i.e., multi-factor uncertain variables) with continuous and
large-scale state and action spaces. Model-based RL approaches under the umbrella of
approximate dynamic programming have been successful at solving structured MDPs

[102,135,182] and RL algorithms [69, 112, 208].

Limited data: The reduced cost of data acquisition has caused an explosion in the avail-
ability of data for machine learning tasks. This increase in data availability does not
directly address the shortage of data for planning especially in long time horizons. Such
timelines are common place in business when making investments and other strategic
and irreversible decisions in the face of uncertainty. Calibrating models of uncertainty
using historical data in these settings can lead to inaccurate representations of the future
and thus potentially suboptimal decisions that have significant financial implications. An
example is the investment in renewable energy assets where profits/costs depend on un-
certainties related to the evolution of technology in storage and power production, climate

change and its impact on energy supply/demand, and government policies and environ-



mental factors that effect the usage of energy assets. We highlight two streams of research
in RL that focus on limited data. The first develops algorithms that require less data
for optimization, that is, these algorithms are data efficient [58,77,116]. The second ad-
dresses the risk resulting from limited data by improving different notions of worst case

performance [120,178].

My thesis addresses the aforementioned challenges in the context of real options arising
in contemporary applications at the interface of operations and finance, including renewable
energy, management of storage, and the refurbishment of power plants. Real options studies the
adaptation of flexibility to the unfolding of uncertainty, typically market variables such as price,
supply, and demand [65]. The resulting decisions are usually taken at multiple connected dates,
affected by multiple underlying variables and constraints, and are quantity-based [136, 167].
Such problems usually can be formulated by MDPs which are intractable. The three challenges
mentioned earlier manifest themselves in important ways when deploying RL algorithms for
real options applications studied in the three chapters of my thesis, as discussed below and

highlighted in bold face.

e Chapter 2: We study and model a new application in sustainable operations related to re-
newable power procurement. We focus on companies that have committed to procuring a
specified percentage of their annual electricity demand from a renewable power source by a
future date. The problem suffers from several curses of dimensionality due to the high
dimensional state space, high dimensional expectations arising from multiple sources of

uncertainty, and non-convexities resulting from business constraints requiring a minimum



purchase quantity. Rolling planning horizon policies based on forecasts are commonplace
as they are easy to understand and implement but do not directly capture uncertainty in
planning and can thus be suboptimal. We design a new rolling horizon policy based on
information relaxation and duality theory with easy-to-interpret approximations, and

in addition, account for uncertainty directly while computing decisions.

Chapter 3: We focus on the problem faced by a firm providing services to store ethanol
and analyze the behavior of users interacting with this storage provider. The firm signs
annual contracts for storage space and overbooks capacity. The risk exposure of the firm
depends on an understanding of user behavior which is limited. Using limited data on
past injection and withdrawals, we build a sample efficient model of user behavior using
Gaussian processes in a non-standard manner that leverages interpretable character-

izations of the optimal policy from the operations management literature.

Chapter 4: We investigate the long-term capacity investment problem faced by a hy-
dropower plant. The long horizon of the problem and the presence of multiple underlying
variables result in an intractable MDP. Furthermore, limited long-term market data
about the evolution of uncertainties, including power price and inflow level, creates sub-
stantial planning risk. To tackle these challenges, we design an RL algorithm to hedge
against long-term model mis-specification risk while attempting to mitigate any financial
losses due to being overly conservative. We also extend the interpretable reoptimiza-

tion techniques.



This thesis focuses on developing near-optimal methods for solving complex real options
problems arising in the aforementioned applications. We achieve this by leveraging ideas from
model predictive control (specifically, rolling planning approaches), information relaxations and
duality, Gaussian processes, operations management, and finance. The resulting methods are
practical approaches that are scalable for commercial applications and novel in several aspects.
In Chapter 2, we provide a new class of rolling horizon policies based on information relaxations.
In Chapter 3, we use structured and interpretable decision rules from operations management
within Gaussian processes to learn user behavior. Finally, in Chapter 4, we combine algorithms
for solving MDPs, robust MDPs, and clustering techniques to address model misspecification
in the long run.

By developing such approaches, this thesis also broadens the set of applications studied in
real options and the operations-finance interface [10]. Specifically, in Chapter 2, we study a new
corporate renewable power procurement application, which has not received prior attention in
the operations management literature, as highlighted in [3]. In Chapter 3, we extend the study
of storage management in the operations literature [136], which is from the perspective of a
user who has contracted space, to consider the perspective of an owner who needs to decide
how to allocate limited capacity among users with unknown behavior. In Chapter 4, we study
a well known refurbishment problem but account for the risk arising from limited data, which
has not been previously studied.

Next, we provide a more detailed overview of the applications that have been the corner-

stones of this thesis and the related methodological developments. Nevertheless, it is worth



noting that the ideas and methodologies in the thesis have applicability beyond real options
to broader applications in operations and finance, as well as, other business and engineering
disciplines.

Overview of Applications and Summary of Results

Below, we provide a brief description of the application motivating each thesis chapter and
then summarize the contributions.

Chapter 2: Meeting Corporate Renewable Power Targets.

Corporations are playing an increasing leadership role in promoting sustainability and so-
cial responsibility around the globe. Over half of the Fortune 500 companies have publicly
announced commitments to meet sustainability and climate goals, which includes greenhouse
gas emissions reduction, energy efficiency improvements, and renewable power procurement [46].
Prominent companies have committed to procuring a percentage of their power demand from
renewable sources by a future date in the face of uncertain power demand and stochastic power
and renewable energy certificate (REC) prices [28]. For example, Procter & Gamble and Intel
have committed to RPPTs of 30% and 75%, respectively, by 2020 and 2025. Facebook along
with a larger set of 138 global companies have pledged an RPPT of 100% as part of the RE100
initiative [45]. Despite these encouraging trends, a large proportion of companies have not
yet committed to any renewable energy target due to the lack of strategic knowledge about
renewable energy procurement [150]. We aim to take a meaningful step towards reducing this
knowledge gap through studying procurement portfolios based on two dominant strategies to

achieve this target: long-term procurement of power and RECs at a fixed price using corporate



power purchase agreements (CPPAs) and short-term purchases at volatile prices. We analyze
a two-stage model to understand the behavior of procurement costs when using financial and
physical CPPA variants employed in practice, which informs the structuring of these contracts.
We subsequently formulate a Markov decision process (MDP) that optimizes the multi-stage
procurement of power to reach and sustain a renewable procurement target. Our MDP is
intractable because its action space is non-convex and its state space has high-dimensional en-
dogenous and exogenous components. Although approximate methods to solve this MDP are
limited, a procurement policy can be obtained using an easy-to-implement “primal” reoptimiza-
tion strategy, which solves a deterministic model with stochastic quantities in the MDP replaced
by forecasts. This approach does not, however, provide a lower bound on the optimal policy
value. We propose a novel “dual” reoptimization heuristic which computes both procurement
decisions and a lower bound while retaining the desirable implementation properties of primal
reoptimization using the information relaxation and duality approach [8,38,91]. On realistic
instances, the dual reoptimization policy is near-optimal and outperforms policies from primal
reoptimization and other heuristics. Our numerical results also highlight the benefits of using
CPPA contracts to meet a renewable target.
Chapter 3: Interpretable User Models via Decision-rule Gaussian Processes and
Storage Overbooking Application.

In this chapter, we focus on the problem faced by a firm providing services to store ethanol
— a real application that motivated this work. Suppose capacity (in gallons) is sold via annual

contracts to N users. The contract of user n specifies the maximum amount of ethanol that



can be stored. User behavior corresponds to the injection of ethanol and the withdrawal of
previously injected ethanol, which can be modeled as a time series. The inventory in storage
associated with user n at time t is the net of past injections and withdrawals. Models of user
behavior are critical inputs in many prescriptive settings and can be viewed as decision rules
that transform state information available to the user into actions. Gaussian processes (GPs),
as well as nonlinear extensions thereof, provide a flexible framework to learn user models in con-
junction with approximate Bayesian inference [14,26]. However, the resulting models may not
be interpretable in general. We propose decision-rule GPs (DRGPs) that apply GPs in a trans-
formed space defined by decision rules that have immediate interpretability to practitioners.
We illustrate this modeling tool on a real application and show that structural variational in-
ference techniques can be used with DRGPs. We find that DRGPs outperform the direct use of
GPs in terms of both out-of-sample performance and the quality of optimized decisions. These
performance advantages continue to hold when DRGPs are combined with transfer learning.
Chapter 4: Repowering Power Plants Under Limited Long Term Information.
Hydropower plants are the dominant producers of renewable power worldwide, which con-
stitutes over fifty percent of global renewable capacity [153]. Unlike intermittent renewable
energy sources such as wind and solar, hydropower can sometimes be stored in reservoirs and is
a flexible source of renewable power. In decentralized power markets, the decision to refurbish
and upgrade is a firm-level decision and exhibits features such as long lifespan, partially un-
known breakdown risk, irreversibility of the investment decision, and uncertainty with regard to

climate and future markets. Moreover, cashflows from hydropower plants come primarily from



supply to organized markets. The firm aims to establish operational schedules that maximize
the discounted expected profits over a given planning horizon, subject to a given capacity level
and other relevant constraints. This means that investing in capacity needs to account for the
value that results from changed operations. To address heterogeneous data availability over
time, we propose to leverage useful information in the short- and medium-term to calibrate a
stochastic model governing the evolution of prices as long as there are sufficient liquid markets
to be used in real options valuation. To hedge against unreliable or non-existing data, we pro-
pose to consider policies aligned with worst-case scenarios. We model our problem as a Markov
Decision Process (MDP) with a terminal value defined as a robust MDP. This formulation aims
to maximize the sum of the expected revenues from electricity generation in the short term
and worst-case revenues in the long term. The problem of combined operations and investment
planning in the presence of uncertainty leads to a high-dimensional MDP with non-convex ac-
tions space which is very challenging to solve. Motivated by reoptimization of decisions on a
regular basis after new information is revealed, and theoretical results on forecasts horizons
which emphasizes that there is a diminishing effect on future data on initial decisions [47,53],
we propose to formulate an MDP, assuming full information about the data generating process
as long as there is sufficient information available. In the long run, we switch to a robust
framework and do not impose distributional information to avoid model misspecification.

We conduct numerical experiments based on the data of a real hydropower plant with
a planning horizon of 20 years and apply the dual reoptimization heuristic (DRH) in [184]

combined with robust value iteration to find a feasible MDP-policy and assess the value of the
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policy against an upper bound [40]. Our results confirm the robustness of the expected cash
flow of the policy achieved by this framework under various scenarios for the climate conditions

and power markets.



CHAPTER 2

MEETING CORPORATE RENEWABLE POWER TARGETS

(Joint work with Alessio Trivella and Selvaprabu Nadarajah)

2.1 Introduction

Corporations are playing an increasing leadership role in promoting sustainability and so-
cial responsibility around the globe. Over half of the Fortune 500 companies have publicly an-
nounced commitments to meet sustainability and climate goals, which includes greenhouse gas
emissions reduction, energy efficiency improvements, and renewable power procurement [46].
We focus on companies that have committed to renewable power purchase targets (RPPT),
that is, they procure a specified percentage of annual electricity demand from renewable power
sources by a future date and sustain this level of renewable procurement thereafter. For ex-
ample, Procter & Gamble and Intel have committed to RPPTs of 30% and 75%, respectively,
by 2020 and 2025. Facebook along with a larger set of 138 global companies have pledged an
RPPT of 100% as part of the RE100 initiative [45]. To meet these targets, power purchases
need to be coupled with renewable energy certificates (RECs), where each REC allows its owner
to validate the use of one megawatt hour (MWh) of renewable power.

Corporate power purchase agreements (CPPAs) are used by companies to procure renewable
power directly from the generator instead of going through a utility. A CPPA is a long-term

bilateral contract between the company and a renewable generator to receive a fixed quantity

11
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of power and RECs at a predetermined “strike” price for each year of the contract’s tenor (usu-
ally between 5 and 25 years). The purchase of power using CPPAs has increased 20% from
2015 to 2017, reaching a record 7.2 gigawatts of power purchased with CPPAs in 2018 [13,28].
Despite these encouraging trends, a large proportion of companies have not yet committed to
any renewable energy target due to the lack of strategic knowledge about renewable energy
procurement [150]. Moreover, the procurement problem faced by a firm that plans to setup
and meet an RPPT has not been formally studied in the extant academic literature to the best
of our knowledge. The goal of this paper is to take a meaningful step towards reducing this
knowledge gap by studying two dominant power procurement options to satisfy an RPPT [29]:
(i) enter into CPPAs, and (ii) buy short-term power from the grid, as needed, and supplement
it with unbundled REC purchases'.

CPPAs fall into two main categories: physical and synthetic [193]. Physical CPPAs, which
we refer to as physical contracts (PCs), involve the delivery of power from the producer to
the consumer. In contrast, synthetic CPPAs (henceforth synthetic contracts and abbreviated
SCs) are financial agreements where the producer sells power to the grid, the firm buys power
from the grid, and payments for differences relative to the strike price are made to ensure a
price hedge. SCs account for the majority of CPPA contracts signed by corporations since

2015 [12]. The CPPA strike price is typically fixed, which helps a firm manage its procurement

! A short-term power purchase is akin to a spot purchase. The actual nature of a short-term purchase
could vary by region. For instance, in the United States, such a purchase could represent power from an
index-based pricing program [64].
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costs. Some companies have also opted to use a variant of the fixed strike price, known as the
interval strike price, that allows the strike to vary within a predefined interval similar to a collar
option [1,192]. In this paper, we provide (i) analytical results to better understand the influence
of the aforementioned CPPA structures and the RPPT on procurement costs and (ii) propose
decision heuristics to help companies construct dynamic procurement policies to meet an RPPT.

Our analysis considers a two-stage setting where the long-term power purchase option in-
volves a single CPPA. We characterize how the optimal expected procurement cost varies with
the RPPT when using PCs and SCs, and determine that this cost under the latter contract
is lower than with the former contract. Nevertheless, a drawback cited in the practitioner lit-
erature is that using SCs, as opposed to PCs, leads to increased variability in procurement
costs [88]. We find that this drawback is indeed true when the same quantity of power is
purchased via a PC and an SC. However, contrary to this sentiment, an optimized portfolio
containing an SC reduces the quantity of short-term power and RECs purchased relative to a
comparable portfolio with a PC, which in turn can decrease the variability of procurement costs
under the former portfolio. In the same spirit, specifying an RPPT as a percentage of known
past demand (i.e., 60% of 2016 demand) is easier to track and would seem preferable to the
target being a fraction of uncertain future demand. However, we find that stochastic RPPTs
can reduce procurement costs when demand exhibits a negative drift, which is likely for firms
that are investing in energy efficiency initiatives. Finally, we show that interval strike prices

employed in industry can reduce the procurement cost relative to a fixed strike price only in a
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market where power prices are skewed. Hence, interval strike prices must be used with caution
since the behavior of power prices in several markets change over time.

To compute dynamic procurement decisions, we formulate a Markov decision process (MDP)
that minimizes the expected procurement cost to meet and sustain an RPPT. The planning
horizon in this MDP is divided into a reach period where the target does not have to be ful-
filled (but contracts can be signed) and a sustain period where the target must be satisfied. At
each stage, the company decides whether to enter into new CPPAs. The strike prices of CP-
PAs are specified by a model that factors the effects of the expected power price and the return
on investment required by the generator in a manner that is consistent with publicly available
software from the National Renewable Energy Laboratory (NREL; [140]). The set of available
CPPAs depends on the contracts offered by generators, which is unpredictable over time. More-
over, when entering a CPPA, the associated purchase quantity needs to satisfy minimum and
maximum requirements. Modeling these features introduces non-convexities in the set of feasi-
ble procurement decisions. Approximate methods to solve our MDP are limited because of its
non-convex action set and its state space including (i) the pipeline of power inventories from
previously signed CPPAs, which defines a high-dimensional endogenous state component and
action space, and (ii) multiple stochastic factors driving the evolution of power/RECs prices
and demand, which is a high-dimensional exogenous state component.

Despite the aforementioned intractability, a procurement policy can be obtained using a
“primal” reoptimization heuristic (PRH) that is extensively used in practice for stochastic con-

trol applications, often referred to as the rolling-planning approach [18,47,195]. PRH replaces
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the stochastic quantities in the MDP by their forecasts and tackles a deterministic model at each
stage, which involves solving a linear or mixed-integer program using a commercial optimiza-
tion solver. It is thus easy to implement but does not compute a lower bound on the optimal
policy cost, which is needed to assess the suboptimality of a policy. We develop a novel “dual”
reoptimization heuristic (DRH) to simultaneously compute decisions and a lower bound while
retaining the favorable implementation properties of PRH. DRH involves two key steps at a
given stage and state: (i) it solves deterministic (hindsight) optimization models along sample
paths in Monte Carlo simulation with costs corrected by a dual penalty term based on the infor-
mation relaxation and duality approach [8,38,91]; and (ii) it extracts a non-anticipative decision
from a distribution of anticipative actions across sample paths using a function that we refer to
as a decision measure. Examples of a decision measure include the mean, median, and mode of
a distribution. Repeating this procedure rolling forward in time provides the DRH policy. We
specify when a decision measure leads to a feasible procurement policy and leverage the theory
on information relaxations to show that this policy is optimal when using an ideal dual penalty.

We conduct numerical experiments on realistic instances with CPPA contract lengths rang-
ing from 5 to 25 years and a planning horizon of 40 years. We calibrate stochastic processes
for the evolution of uncertain quantities using market data and the practitioner literature. We
compare the DRH procurement policy against the one from PRH and two additional problem-
specific benchmarks. The first heuristic relies on short-term purchases of power and RECs
alone, that is, it does not consider CPPAs. The second uses a single CPPA and renews this

contract each time it expires, also allowing for short-term power purchases. The procurement
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policies computed by DRH are near-optimal and result in lower procurement costs compared
to the remaining benchmarks. In particular, the average DRH and PRH optimality gaps are
2.6% and 5.6%, respectively, for PCs, and 4.1% and 6.5% for SCs. The remaining benchmarks
have average optimal gaps of 7.8-16.7% for PCs and 11.2-21.5% for SCs. The time required
by both PRH and DRH to compute a procurement decision at a given stage and state is small
— less than one second. Estimating policy values (i.e., upper bounds) is more time consuming,
with PRH and DRH requiring 0.5 and 3.5 hours, respectively. Therefore, one incurs a higher
computational burden when assessing the performance of the DRH policy but this overhead
can be substantially reduced via parallelization.

Overall, our analytical results suggest that SCs and PCs yield significantly different pro-
curement quantities and costs when included in a procurement portfolio — they are thus not
merely physical and financial versions of CPPAs. Moreover, these findings provide insights rel-
evant to structuring portfolios with CPPAs, in some cases, contrary to the intuition in practice.
Our numerical experiments indicate that portfolios that include multiple CPPAs, in addition
to short-term purchases, can significantly reduce procurement costs, especially for companies
with aggressive RPPTs. Such portfolios also lead to procurement costs that are stable when
contract availability and the market dynamics of REC prices change. Furthermore, DRH out-
performs traditional rolling-planning methods (akin to PRH) used in practice and its near-
optimal performance suggests that rolling-planning approaches can be extended to effectively

compute dynamic procurement portfolios. The relevance of DRH extends beyond our specific
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procurement setting to other applications that give rise to MDPs with continuous and high-

dimensional state spaces and non-convex action sets.

2.1.1 Novelty and related work

We build on the extant literature that studies commodity procurement using spot purchases
and forward contracts [34,105,114,164] as well as procurement in supply chains via short- and
long-term contracts, including dual- and multi-sourcing options [7,122,181,189]. Our study of
renewable power procurement adds to this line of work. Specifically, our focus on constructing
procurement portfolios to meet an RPPT, related insights, and the DRH method are new to
this literature. Moreover, the long-term contracts that we consider, that is CPPAs, have unique
structure. For instance, CPPAs deliver power at each period over the tenure of the contract,
which differs from the long-term contracts considered in the aforementioned papers.

Our work indeed contributes to the growing literature on renewable energy. Several studies
in this area study important market level issues related to supply intermittency [2,97, 204,
211], power supply equilibria [5,176], support schemes and their impact on renewable energy
investments [67,99, 172], and market-based or equilibrium-based pricing of feed-in tariffs and
CPPAs [6,41,154,203]. We instead investigate a problem faced by a corporation, that is, a
firm-level decision problem as opposed to a market level issue. We also do not focus on pricing
CPPAs nor do we use an equilibrium model for this purpose. Rather, we obtain CPPA strike
prices in our MDP by employing a modified net present value calculation consistent with the

procedure in the publicly available software SAM from [140].
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A more closely related research subarea focuses on individual players in the renewable power
market. In particular, this stream of research studies the valuation and operations of renewable
generators and operators of storage and transmission assets (see, e.g., [62,101,104,142,211], as
well as the management of consumer incentive programs such as demand response [48,194], and
references therein). To the best of our knowledge, a study of the power procurement problem
faced by a corporation with an RPPT is new to the renewable energy literature.

The reoptimization methods we consider add to existing rolling-horizon planning approaches,
also known as certainty equivalent control, which have been successfully used for decision mak-
ing under uncertainty in engineering and business applications [18,47]. In the context of energy,
reoptimization models are popular for determining the next day unit commitment and real-time
economic dispatch of power generators [123,124,195]. They have also been used in real option
settings, most notably for managing energy storage [108,131,205]. Our development of DRH
introduces a new reoptimization scheme to this literature. Moreover, our extensive numerical
study expands the set of applications for which reoptimization has been considered and shows
that DRH can outperform PRH.

In addition to the reoptimization literature, DRH contributes to the active research on the
information relaxation and duality approach [35-37,92,131,207], which does not directly pro-
vide control policies. Therefore, [63] design an auxiliary procedure to obtain decisions in this
framework. Specifically, they estimate a value function approximation by regressing on value
function estimates computed by solving dual optimization problems in Monte Carlo simulation.

This approximation is then used along with the MDP Bellman operator to compute decisions.
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It is not easy to extend the approach of [63] to our setting because estimating a value function
approximation and computing decisions using the Bellman operator are both challenging due to
the large endogenous state space in our MDP. Our development of DRH thus adds a direct way
to obtain non-anticipative controls when using the information relaxation and duality approach.

More broadly, DRH adds to approximate dynamic programming (ADP; [18]), an area of
stochastic optimization dealing with the solution of high-dimensional MDPs. Several ADP
methods tackle MDPs where either the endogenous state or the exogenous state is high-
dimensional. Well-known examples include least squares Monte Carlo [117,185], approximate
linear programming [57], and stochastic dual dynamic programming [143,169]. However, meth-
ods to approximately solve MDPs with high-dimensional endogenous and exogenous state com-
ponents are limited (see, e.g., [131,158]) and approaches that handle non-convex action sets are
even more scarce. DRH has potential value for solving MDPs with these complicating features,

which arise beyond our specific procurement application.

2.1.2 Paper structure

In §2.2, we analyze CPPAs in a two-stage procurement setting. In §2.3, we formulate a
strike price model and a multi-stage MDP to reach and sustain an RPPT. In §2.4, we present
reoptimization methods to obtain policies and lower bounds for this MDP. We conduct an
extensive numerical study and discuss our findings in §2.5. We conclude in §2.6. All proofs
and additional material related to our models and numerical study can be found in an online

supplement.
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2.2 Corporate power purchase agreements

In this section, we analyze different CPPA structures using simplified models that capture
key trade-offs. In §2.2.1, we characterize the behavior of procurement quantities and costs as
functions of the RPPT. In §2.2.2, we study the impact of allowing the traditionally fixed strike

price to vary within an interval.

2.2.1 Procurement costs and targets

We model a two-stage procurement problem with stages 0 (now) and 1 (future), where a
company has committed to satisfy an RPPT at stage 1. Thus, the reach and sustain periods are
each one stage. To fulfill the target, the company can (i) enter into a CPPA at stage 0 to receive
power and RECs from a renewable generator at stage 1, and (ii) procure in stage 1 any unmet
power demand and shortfall in the RPPT, after accounting for the stage 0 CPPA purchase,
using grid power purchases and unbundled RECs, respectively. These procurement decisions
depend on the power price, the REC price, and the power demand at stage i € {0, 1}, which we
denote by P; (USD/MWh), R; (USD/MWh), and D; (MWh), respectively. To simplify notation
we define w; := (Pi,Ri, D;). Indeed, at stage O, the vector wy is stochastic. We represent the
RPPT as a fraction o € [0, 1] of the stage-1 firm’s power demand D1; given that Dy is stochastic
at stage 0, the target D1 is also stochastic. In this setting, the firm determines a stage 0 CPPA
quantity to minimize the expected cost of procuring long-term and short-term power to satisfy
its power demand and the RPPT at stage 1. We formulate models considering physical and

synthetic CPPA variants.



21

Signing a PC for z MWh results in the physical delivery of this power at stage 1 and
a payment of K USD/MWh. PCs in wind and solar projects often have a “Take and Pay”
structure, which obligates the off taker to pay for the contracted energy ( [103,141]). This
feature may result in the CPPA delivering more power than the demand at stage 1, which is
referred to as volume risk ( [12]). In a symmetric fashion, we assume generators must deliver
the contracted power, that is, PCs are firm contracts. Given an RPPT « and a strike price K,

the stage-1 procurement cost as a function of z and wy is
Crc(z,wi; oK) := Kz + Py(D; — 2)4 + Ry (aDy — 2) 4, (2.1)

where the first term represents the stage 1 cost of procuring z MWh of power through a PC
signed at stage 0, and the second and third terms represent the expected cost of fulfilling stage-
1 shortfalls in meeting total demand and the RPPT, respectively, using the short-term market.

The optimal expected procurement cost of a firm using a PC at stage 0 is thus

Cpc(o, K) = mi(I)lEo[épc(Z,W];O(, K)], (2.2)

z=

where we use Eg[-] = E[-|wp] and (-); = max {-,0} for notational convenience!'.

In contrast to a PC, an SC does not require the physical delivery of power. Instead, the
generator sells z MWh to the grid and the company purchases the same amount of power

from the grid. If the grid price Py is greater than the fixed strike price K, the generator pays

"The short-term procurement cost at stage 0 is excluded because it is a constant and does not affect
the choice of z.
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the company for each MWh the positive difference P; — K; otherwise, the company pays the

generator K — Py. Formally, the firm’s stage-1 cost function is
ésc(Z,Wﬁcx, K) =PiDy + (K — P])Z + Ry (OCD] — Z)+, (2.3)

where the first term is the cost of purchasing the stage-1 power demand from the grid, the sec-
ond is the cash flow resulting from difference payments between the generator and the company
on the z MWh contracted via the SC when the grid price deviates from the strike price, and
the third is the cost of procuring RECs to meet the RPPT shortfall. The optimal expected

procurement cost when using an SC is

Csc(a, K) := minEo[Csc(z, wr; &, K)], (2.4)

z=0

Next we compare models Equation 2.2 and Equation 2.4 under the following assumption.

Assumption 1. It holds that (i) the strike price K belongs to the interval [Eo[P1], Eo[P1+Rq]];
(ii) the power demand Dy is uniformly distributed in the interval [a,b], where a and b are
positive scalars satisfying b > a; (iii) the power price Py follows a log-normal distribution; (iv)
the expected REC price By[Ry] is positive; and (v) the power demand Dy is independent of the

prices P71 and R;.

The domain of the strike price captures practically relevant values for the parameter K. The
lower bound of Ey[P;] avoids cases where the generator is better off selling its power directly
to the grid as opposed to the company via a CPPA, while the upper bound of Ey[P; + Ry]
removes situations where the company would save money from procuring power and RECs di-

rectly from the short-term market instead of using a CPPA. The log-normal assumption on the



23

stage-1 power price is consistent with the long-term components of common electricity price
models such as one-factor and two-factor mean-reverting stochastic processes used in the liter-
ature, which consider the evolution of the logarithm of the power price! ( [43,118]). We do not
assume any specific disitrbutional form for the REC price but requires its mean to be positive,
which is consistent with the behavior of REC prices across markets in the United States. The
uniformly distributed power demand can be viewed as adding variability around a long-term
demand forecast. Finally, our assumption of independence between the power price and the
power demand stems from the power demand of an individual company not being large enough
to affect the market price and companies in several sectors (e.g., high-tech and education) hav-
ing limited flexibility to adjust their power consumption to fluctuations in the power price. The
independence of demand and REC prices follows similar justification.

Lemma 2.2.1 characterizes the optimal CPPA procurement quantity. Let zf- and zg.
denote the optimal solutions of models Equation 2.2 and Equation 2.4, respectively. Further,

we define a target threshold & := aEo[R1]/(bE¢[R1] — (K — Eo[P1])(b — a)).

Lemma 2.2.1. Under Assumption 1, we have

K—Eo[P1] . _
o a(b—ﬁ(b—a)), if & < @, A b_K_E[P]]b_
PC = ana  zgo = & 7E[R ] ( a)|.
—K(b—a)+(Eo[Ry] +Eo[P1]) (b) ‘
~Eo[Ri]+Eo[P1] ’

if o > «;
Both the optimal PC and SC procurement quantities are equal and vary linearly with « within

the interval [0,&]|. However, for « greater than &, zj- and z&- diverge. Specifically, z&-

"Unlike short-term power prices, the long-term power prices that we model do not take negative
values, which justifies considering the evolution of the logarithm of the power price.
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continues to vary linearly with o« while zf,~ is an increasing concave function of the target.
Example 1 and Figure 1(a) illustrate this behavior and show that the optimal PC procurement

quantity can be substantially smaller than the SC optimal procurement quantity.

Example 1. Suppose Dy is uniformly distributed in the interval [100,350], Py is lognormal
with Eo[P1] = 20.5 USD/MWh, and Eo[Ri] = 8 USD/MWh. Moreover, the strike price K is 22
USD/MWh. In this setting, the target threshold & equals 0.32. Figure 1(a) displays the optimal
procurement quantities Zpo and z% as functions of x. For « equal to 1, 2§ (= 157 MWh) is

roughly 93% smaller than 2}, (= 303 MWHh).

Figure 1: Optimal procurement quantities and costs as a function of the RPPT.
(a) Optimal CPPA procurement quantity (b) Optimal procurement cost
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For o« > &, the conservative long-term procurement using a PC can be attributed to over-
procurement risk, that is, the event when z is greater than the stage-1 demand. Such over-

procurement risk is significant for large « in a PC because one needs to pay for the contracted
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power even when all of it is not needed'. In contrast, this risk is mitigated when using an
SC by the fact that the corporation purchases only the required power from the grid. Over-
procurement risk has important practical implications on the procurement cost and its variance,
which we study below.

Proposition 2.2.2 characterizes optimal expected procurement costs when using a PC and

an SC.

Proposition 2.2.2. Suppose Assumption 1 is true. The following hold:
(a) Cpe(, K) is linear in o for o € [0, &], and strictly convex in « for ace (&, 1];
(b) Cso(a, K) is linear in o for all o € [0,1];

(c) Cso(o, K) = Cpo(a, K) for ae [0, &], and Cgo(e, K) < Cpo(e, K) for o€ (&, 1].

The behavior of the optimal procurement costs as a function of o are driven by the struc-
ture of the optimal procurement quantities in Lemma 2.2.1. Specifically, within the interval
[0, &], the procurement costs when using a PC and an SC are both equal and linear in o.
For o > &, the former cost is increasing convex while the latter remains linear. This differ-
ence can be attributed to an interplay between over-procurement (i.e., z = Dj) and under-
procurement (i.e., z < Dj) risks. To elaborate, a PC procures less long-term power than

an SC for large o« due to over-procurement risk as already discussed above. The resulting

"Results analogous to the assumed Take-and-pay PC also hold when comparing the optimal procure-
ment quantities of an SC and a Take-or-pay PC. However, here one would need to factor in the penalty
a company pays for not taking delivery of the contracted power in the Take-or-pay PC when z > Dj.
We omit this analysis as it does not provide sufficiently new insights but complicates the exposition of
the key differences between a PC and an SC.
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smaller z exposes PC to procuring more power and RECs from the short-term market, an ex-
pensive option, when an under-procurement event occurs, which amounts to higher expected
costs. This finding suggests that an SC allows a company to manage expected procurement
costs more efficiently for high RPPTs than a PC. Example 2 illustrates the preceding dis-
cussion by considering under- and over-procurement components of the expected stage-1 cost.
For example, we have Eo[épc(zlﬁc,wuoc, K)] = EO[GPC(Z;C,W1;oc, K)|zhe = Di]Pr(zfe =
Dy) + EQ[Epc(Z;’;C,W];OC, K)|zfe < D1]Pr(zfo < Dy), where we refer to the first and second
terms in the right-hand-side of the equality as the over- and under-procurement components of

the PC expected cost, respectively. Analogous definitions hold for the SC expected cost.

Example 2. For the setting considered in Example 1, Figure 1(b) displays the expected pro-
curement costs Cpo(e, K) and Cgo(e, K) as functions of «. The procurement cost when using a
PC (= 5,570 USD) is roughly 9% greater than the analogous cost under an SC (= 5,102 USD)
for o equals 1. The over- and under-procurement components of the PC procurement costs are
800 USD and 4,770 USD, respectively. The analogous cost components corresponding to SC
equal 3720 and 1,582 USD, respectively. Therefore, z% being greater than zpq leads to higher
expected procurement costs when there is over-procurement but reduces the exposure of SC to
the short-term market. This reduced exposure leads to a much smaller expected cost when there

is under-procurement, which leads to Csc(1,K) being strictly smaller than Cpc(1,K).

The expected procurement cost measure discussed above does not consider an important
motivation for companies entering into long-term contracts, which is to reduce or eliminate

the variability of future costs — stable costs facilitate budgeting. A related sentiment in the
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practitioner literature is that using an SC could increase the cash flow variability compared to a
PC. Proposition 2.2.3 shows that this sentiment is in fact true when procuring the same quantity

of power using both CPPA types. We use Var[-] to represent the variance of a random variable.

Proposition 2.2.3. Under Assumption 1, we have Var[Cgc(z, wi; &, K)] = Var[C pe(z, wi; o, K)],

if Pr(z > Dy) = 0, and Var[Cgc(z, wi; &, K)] > Var[Cpo(z, wi; &, K)], if Pr(z > D7) > 0.

To gain some intuition on this result, note that Cpc(z, wr; «, K) and Csc(z, wi; o, K) are equal
if z < Dy, that is, when there is under-procurement. Therefore, if the over-procurement risk
is zero, we have the same variance of cash flows under a PC and an SC. Instead, if the over-
procurement risk is positive, the comparison of cash flow variance becomes more involved but
we can establish that the variance under an SC is greater than with a PC. Nevertheless, Propo-
sition 2.2.3 may not hold for the optimized and unequal power procurement quantities com-
puted by solving Equation 2.2 and Equation 2.4 for « > &. Example 3 provides an instance
where the variance of an optimized portfolio with an SC is smaller than an optimized portfolio
containing a PC for large o«. This example suggests that optimizing CPPA purchases is im-
portant because a suboptimal SC portfolio may lead to high variance in procurement costs but

optimizing this portfolio can mitigate this effect.

Example 3. Consider an instance with o« = 0.9, uniformly distributed demand D1 in the
interval [100,200], and strike price K equal to 22 USD/MWh. For simplicity, we assume
a deterministic power price Py equal to 20.5 USD/MWh and a deterministic REC price Ry

of 3.5 USD/MWh. Invoking Lemma 2.2.1, we find 2} and z§q to be 107 MWh and 141

MWh, respectively. Moreover, we have Var[épc(Z*PC,W];(X, K)] (i.e., optimal PC cost vari-
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ance), Var[égc(z"jgo,wuoc, K)] (i.e., variance of suboptimal SC cost evaluated at z} ), and
Var[égc(zgc, wr; &, K)] (i.e., optimal SC cost variance) equal to 445,840; 455,160; and 394,330,
respectively. These values show that the suboptimal SC portfolio that procures long-term power
equal to 2 has higher variance than the optimal PC portfolio, which is consistent with Propo-
sition 2.2.3. In contrast, in this example, the variance of an optimized SC portfolio is lower

than that of an optimal PC portfolio.

Finally, we discuss two possible choices for reference demand used in practice when specify-
ing an RPPT. Thus far, we have assumed a “stochastic” RPPT, that is, a procurement target
defined as a percentage of uncertain future demand. However, some companies define a “deter-
ministic” RPPT with respect to known past demand as this is easier to track ( [46]). We an-
alyze these two target types in Online Supplement 2.7.2 and summarize our main finding here.
While a deterministic RPPT seems intuitively beneficial, using a stochastic RPPT can lower
expected procurement costs when future power is smaller than past demand, for instance, due
to investments in energy efficiency improvements. In this case, specifying an a% deterministic
RPPT can lead to procuring more MWh of renewable power than specifying this percentage
with respect to uncertain future demand that is unlikely to exceed its historic value. Our find-
ings bode well for the use of stochastic RPPTs given recent efforts by companies to reduce their
power consumption.

2.2.2 Interval strike price

An interval strike price is defined by a pair (K, ), where K is the baseline strike price and

d the half-length of the interval [K — 8,K + 8] in which the strike price is allowed to fluctuate.
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In particular, if the power price P exceeds the upper bound K + &, then the generator pays the
company the difference P — K — § between the power price and this upper bound. Similarly, if
the power price P is less than the lower bound K —§, then the company has to pay the generator
the difference K — & — P. Instead, when P belongs to the interval [K — §,K + 8] no payment
between parties occurs. Therefore, unlike the standard CPPA in which the cost of procuring a

unit of power is fixed, the interval strike price has the following partially variable cost per unit:
K+6 if P>K+3;
KEE(PKS) = 9P if Pe[K—5K+9]; (25)

K—-o6 if P<K-23.

\

We are only aware of SC with interval strike prices and thus focus on this case here, although
our results can be easily adapted to the PC setting. The analogue of the procurement problem

(Equation 2.4) when using an interval strike price is

C%%T(oc, K,8) := min {Eo[ésc(l, w1, KINT(P1 i K, 0))] } (2.6)

z=0

When & = 0, the interval strike price defined in Equation 2.5 becomes KNT(P;K,0) = K and
the optimization model (Equation 2.6) satisfies CIT (e, K,0) = Csc(«, K). Proposition 2.2.4
compares the procurement cost function of interval versus fixed strike prices in SCs that share
the same baseline strike price K, but where the former contract can be optimized by choos-
ing the interval length 6. Consistent with Assumption 1, we assume that the power price is
log-normally distributed. The mean and standard deviation of power price are Eo[P;] and
Eo[P1] exp(cr%) — 1, respectively, where 012; denotes the variance of the natural logarithm of

the stochastic power price Pj.
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Proposition 2.2.4. There ezists a value & > 0 such that CE (e, K, 8) < Cge(e, K) if and

only if K > Eo[P1] exp(—0%/2). Moreover, if K > Eo[P1] exp(—0%/2), then C5F («, K, -) attains

its global minimum at & equal to\/K2 — Eo[P1]? exp(—03).

This proposition shows that an interval strike price can reduce the procurement cost relative
to a fixed strike price when K exceeds Eo[P1] exp(—0%/2). This threshold is a decreasing func-
tion of the variance of the power price distribution. Thus, as op increases sufficiently, it holds
that exp(—03/2) < 1 implying that the interval strike price can reduce the cost even when the
strike price is less than the expected power price. This behavior can be attributed to the pos-
itive skewness of the log-normal power price distribution, which is exp((flzp) exp((rlz,) —1. As
op increases, the distribution becomes right-skewed, that is, lower power prices become more
probable and an interval strike price contract with an appropriately defined half-length 6 can
benefit from it. Proposition 2.2.4 also characterizes the optimal interval length that minimizes
the procurement cost.

Overall, our analysis unveils a potential advantage of interval strike price in SCs, but suggests
some caution as this benefit is tied to the skewness of power prices, which can change over
time due to changes in mean-reversion among other factors. Empirical evidence from the
literature also suggests that the skewness of power prices could be both positive and negative

( [44,80,106,118]).
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2.3 Dynamic procurement model

In this section, we discuss a dynamic procurement model to assist a firm in meeting a
renewable energy target in a multi-period setting. In §2.3.1, we describe the CPPA strike price
structure. In §2.3.2, we formulate an MDP that defines an optimal dynamic procurement policy.

2.3.1 CPPA strike price

A renewable power generator typically sets a CPPA strike price to recoup its project in-
vestment and maintenance costs as well as a return on investment [140]. In addition, historical
data and models from NREL show that the CPPA strike price is affected by several factors
including the average quantity of power produced as a fraction of installed capacity (i.e., capac-
ity factor), tax credits, improvements in technology, the contract duration, and the expected
power price over the tenor of the contract [66,139,202]. We describe below a model that ac-
counts for these factors and determines a CPPA strike price for a given generator and contract.
This model provides the strike prices of CPPAs used as input to the procurement model that
we describe in §2.3.2.

Consider a renewable power generator that begins production at year i, where i belongs to
a discrete set Z := {0,...,1 — 1} containing the years in our planning horizon. The generator
has an expected lifetime of LY years, a capacity factor equal to 0; € (0,1], and incurs a cost
of C{NV capturing the one-time installation and estimated maintenance costs associated with a

MW of production capacity as well as any applicable investment tax credit'. We assume that

TAn investment tax credit represents a one-time federal tax deduction equal to a pre-specified per-
centage of the installation cost of a renewable power project.
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there is a production tax credit! of T; USD per MWh for the next LiT years and that future cash
flows are discounted at rate r € (0, 1], which can be chosen to also account for the generator’s
target return on investment. We begin by computing the fixed strike price K of a CPPA that
spans the lifetime of the generator using the net present value (NPV) of the contract’s cash
flows. This approach is consistent with the System Advisor Model® (SAM; [140]). The NPV of

1 MW of installed capacity contracted via such a CPPA is

P Ly
NPVy = > r'0iKi+ > 10 T — YV,
=1 1=1

Setting NPV; to zero, we obtain the following strike price formula:

¢ 1| env Li 1
= R (2.7)
i P ] Tl

R 0 1=1

Expression (Equation 2.7) captures the dependence of the strike price on generator vintage
(i.e., the year that production begins) by treating the production tax credit T, investment

cost C {NV

, and capacity factor 0; as time-dependent quantities. Currently, renewable power
generators that start construction before 2020 are eligible for productions tax credits for 10
years from the date the facility starts production [66] but this status-quo is likely to change with
government regulation. Investment costs and capacity factors typically decrease and increase,

respectively, over time due to improvements in technology. The capacity factor, in addition,

exhibits significant inter-region variation. For instance, in the case of wind power, capacity

TA production tax credit provides a per-kilowatt-hour tax credit for power generation for a fixed
number of future years from the installation of a renewable power project.

2SAM is an open source performance and financial tool designed by NREL to access the feasibility
of renewable energy projects (e.g., wind, solar, or biomass).
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factors in the “internal” regions of the United States are significantly higher than those of
coastal regions [202].

Next, we describe how the strike price Ki in Equation 2.7 can be modified to account for
shorter contract lengths and the expected power price over the tenure of the contract. Consider
a CPPA with a duration of m years that is less than the lifetime L” of the generator. Shorter
contracts result in additional cash flow risk over the period of the generator’s life time for which
they do not generate revenue [1]. We thus define a risk-adjusted strike price Ki,m = Ry K,
where K > 1 is a risk factor that inflates the strike price if m < L' and equals 1 otherwise,
that is, ’Ri)m = 121 when the contract spans the life of the generator. The CPPA strike price is
not solely determined by NPV but is also tied to the long-term expected power price because
higher expected (future) power prices give the generator leverage to increase the CPPA price
since the company’s outside option is expensive [202]. To account for this effect, we lower
bound the CPPA strike price by the average power price over the tenure of the contract, which
is Kim == (212 Y'E[Pisa|Pi]) / (X% ¥'), where Py (USD/MWh) is the power price in year i
and y € (0, 1] a yearly discount factor. Our final strike price expression for a contract delivering

power for m years starting in year i is
Ki,m = Imax {Ki,m) Ki,m}' (28)

2.3.2 Markov decision process

We formulate a Markov decision process (MDP) for the dynamic procurement of power to
meet an RPPT and satisfy its annual power demand. A firm can enter into CPPAs at each year

in the planning horizon represented by Z and/or purchase power and RECs from the short-term
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market. We assume that a stochastic RPPT is enforced from year IR, that is, a percentage
« € (0,1] of the annual demand in each year i € Z5 := {I® ..., 1 — 1} must be satisfied. The
renewable target o does not have to be fulfilled in the remaining part of the planning horizon
(i.e., I’ := {0,...,I®"1}) but CPPA contracts can be signed. We thus refer to the years in sets
IR and 75, respectively, as the reach and sustain periods.

At each stage i, the set of potentially available CPPAs are indexed by m with ground set M.
We assume these contracts are differentiated by their duration so that m can be interpreted as
the length of a contract and M = max{m € M} is the length of the longest contract!. A CPPA
of length m signed at stage i delivers power from stages i 4+ 1 to i + m. The strike price Kj
associated with contract m is given by Equation 2.82. The company can choose to enter into a
new CPPA of type m, if it is available, by determining a power procurement quantity that is
within minimum and maximum allowable limits (often imposed by the generator) represented
by zBn and z2% | respectively. We model contract availability at stage i using a binary vector
ai := (aym € {0,1}, m € M), where ajm equals one, if contract m is available, and is zero,

otherwise. The continuous-valued procurement decision vector is z; := {zim, m € M}, where

TThe definition of the set of contracts in our formulation can be easily extended to differentiate
contracts based on features other than length.

20ur MDP formulation and solution methodology are flexible to handle other strike price definitions.
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Zi m is the size in MWh'! of the CPPA of length m signed at stage i. Given a contract availability

vector ai, the vector z; belongs to set
Zi(a) == {zi e RM|zi 1 = 0, if aym = 0, and z; n € {0} U [0, z9X] | otherwise, Ym € M},

which is non-convex when minimum purchase quantities are strictly positive (i.e., znmli“ > 0).

The information required to make procurement decisions is described in the MDP state,
which contains two components. The first component is a vector x; := (xi,L € {0,...,M —1})
representing the on-hand inventory of CPPA contracts, where x; is the total power in MWh
delivered in year i+1 by the on-hand CPPAs. This component is affected by the firm’s decisions
and is thus referred to as the endogenous MDP state. The second component wi := (Wi, k € K)
contains the stochastic factors needed to determine the Markovian evolution of the power price
Pi (USD/MWh), REC price R; (USD/MWh), electricity demand D; (MWh/year), and the
stochastic availability of contracts aj, where K denotes the index set of these factors. The
complete stage i MDP state is represented by the pair (xi,w;) € X; x Wi.

Executing procurement decisions z; € Zi(a;) at stage 1 and state (xi, wi) € A} x W results

in an update of the endogenous state to

X+ . zim,  ifle{0,...,M =2}
Xit1L = fi(xi, zih = meMim>1 (2.9)

Zi, M, ifle—1,

T"The MWh quantity is the product of the contracted capacity in MW, the duration of a period in
hours, and the capacity factor of the generator. This is reasonable for long-term procurement planning.
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where fi(xi, z;) is a vector transition function and fi(xi, z;); represents its l-th element. Entering
into a CPPA of length m (i.e., zim > 0) has an associated procurement cost ZlL;T lei’m Zim
over the tenure of the CPPA, where Li;, := min{m, I — i} equals the number of periods of
power delivery within the planning horizon and vy € [0, 1) denotes the discount factor. Demand
not met by power from CPPAs at stage i, that is u; := max{D; — x4, 0}, is procured from the
short-term market in both the reach and sustain periods at a price P; USD per MWh. In addi-
tion, any shortfall v; := max{aD; — Xi0,0} in meeting the renewable power target during the
sustain period requires additional REC purchases at Ry USD per MWh. For each stage i € Z,

the cost accrued when entering into PCs is shown below.

Lim P; wi, ifie IR;
PCs: ci(xi,wi,zi) = Z Z Y Kim Zim + (2.10)

M 1=1 .
me Piuw; + Ryvy, if i e 75.

When using SCs, the cost incurred at stage i is instead:

Lim Pi (Di — %), ifie IR
SCs: ci(xi,wi,zi) = Z Z Y'Kim Zigm + (2.11)
-
e P; (Di — xi0) + Riwi, ifieZ5.

Comparing Equation 2.10 and Equation 2.11 shows that the procurement cost at stage i is the
same for PCs and SCs if the on-hand contracts delivering power at i do not exceed demand, i.e.
xi0 < Di. On the other hand, if x;o > Dj, SCs allow the firm to purchase from the grid only
the power that is needed to meet demand. In this case, the term (Di — xip) is negative. We
assume that the terminal costs when employing PCs and SCs are cy(x, wy) := Pruy + Ryvy and
cr(xr,wr) := P1(D1 — x10) 4+ Ry vy, respectively. In other words, only short-term procurement of

power and RECs is possible.
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A stage 1 dynamic procurement policy 71; is a collection of stage-dependent decision rules
{Z?i,j € 7}, each mapping states to actions, where Z; := {i,...,I — 1}. A decision rule ZI" in
stage 1 is feasible if it associates with each state (xi,w;) € X x W; an action zi(xi, w;) that
belongs to Zi(a;). We denote by TT; the set of all feasible stage i policies. Given an initial state

(xi,Wi) in stage i, an optimal policy in TT; solves

Vi (qul = 7_[m€1]I[1 E Z 'YJ lC] j >W)»Zm(x )) +YI_iCI(X7IH)WI)
* jeT;

xi,wi] , (2.12)
where Vi(xi, w;) is the MDP value function at stage i and state (xi, w;), E is expectation with
respect to the future exogenous states, and X;Ti is the endogenous state reached in stage j when
following the policy 7 starting from (xi, wy).

MDP (Equation 2.12) contains high-dimensional state and action spaces and is challenging
to solve directly due to the well-known curse of dimensionality [19,147]. Specifically, the en-
dogenous state x; and decision z; are M- and | M|-dimensional continuous vectors, respectively,
and the exogenous state wi may also be high dimensional when using a multi-factor stochastic
model for the evolution of uncertainty. In addition to dimensionality issues, another source of
intractability stems from the non-convex structure of Zi(a;). Proposition 2.3.1 provides condi-
tions for which Equation 2.12 is a convex optimization problem with a convex value function
in the endogenous state. The convexity of the value function plays an important role when

approximating high-dimensional MDPs (see, e.g., [37,131,158].

Proposition 2.3.1. Suppose (i) z™ = 0 and zm* < oo for all m e M, and (ii) expectations

and iterated expectations of Pi, Ry, and D; as well as their products are bounded at all stages
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ie Zu{l}. Then the value function Vi(-,wi) is convex for each stage i € T U {1} and exogenous

state wi € W;.

We show in Online Supplement 2.7.3 that a non-zero z2 leads to a non-convex action set Z;(q;),
which can in turn result in a non-convex value function. Thus, computing approximations of
MDP (Equation 2.12) using existing ADP methods is challenging, as they typically rely on
convexity to handle high-dimensional endogenous states.

2.4 Reoptimization approaches

In this section, we present two reoptimization heuristics that approximate MDP (Equation 2.12)
by solving math programs at each stage that are deterministic versions of this MDP. The com-
putational burden of using both heuristics is thus tied to the difficulty of solving the determin-
istic form of our MDP, which is a favorable algorithmic property, especially in the presence of
the non-convexities discussed in §2.3.2. In §2.4.1, we adapt a primal reoptimization heuristic
popular in operations applications to our procurement setting. In §2.4.2, we propose a dual re-
optimization heuristic based on the information relaxation and duality framework that extracts
a non-anticipative policy, in addition to its common use in the literature for estimating a lower
bound on the optimal policy cost.

2.4.1 Primal reoptimization heuristic

A primal reoptimization heuristic (PRH) computes procurement decisions as an optimal
solution of a math program obtained by replacing random quantities in MDP (Equation 2.12) by
their respective forecasts. Forecasts of random prices and demand are their respective expected

values. In the case of contract availability, given the binary nature of this variable, we assign
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a forecast of 1 if the contract is available with probability greater than 0.5, and 0 otherwise.
Formally, the stage-j forecast for contract m € M made at stage i, with j > 1, is defined as

aijm = 1, if E[ajm[wi] > 0.5, and @ijm = 0 otherwise. At stage i and state (xi,w;) € &y x W,

PRH solves
(gl 2yt JEZI: V76 (ui Blwiwil, 21) + v e (yn Efwiwi]) (2.13a)
st Yi = X, (2.13b)
Yj+1 = 15(y),2), VieTl, (2.13¢)
yje &), VjeLiu{l}, (2.13d)
zj € Zj(ay;), VjeI. (2.13e)

This math program computes procurement decisions z; for stages j from i to I and also in-
cludes auxiliary variables y; that track the endogenous MDP state. Its objective function
(Equation 2.13a) is the sum of discounted procurement costs. Constraint Equation 2.13b ini-
tializes the stage 1 state to the current state x;. Constraints Equation 2.13c enforce the feasibil-
ity of state transitions. Constraints Equation 2.13d—Equation 2.13e restrict decision variables
to their respective feasible sets.

Using PRH over multiple periods involves reoptimization of the math program Equation 2.13.
Specifically, solving this math program at stage i and state (xi,w;) provides the procurement
decisions {z]?“, j € Zi}. Among these decisions, we only implement z¥ corresponding to the cur-
rent stage, which results in a transition to a new inventory of power xi;1 = fi(xi,z{). Once new

market information wi, 1 is available at stage i+ 1, we recompute the expectations of uncertainty
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E[wjlwit1],j =i+ 1,...,1, and solve an analogue of math program Equation 2.13 formulated

using these updated expectations at state (xi4+1,Wit+1) to obtain z*

i11- We repeat this procedure

until we reach stage I. Estimating the value of the PRH policy, that is an upper bound on the
optimal policy cost, involves Monte Carlo simulation of this policy and averaging the result-
ing sum of discounted costs across sample paths. While PRH provides a policy and an upper
bound, it does not provide a mechanism to obtain a lower bound on the optimal policy cost.
The computational burden of using the PRH policy is tied to the complexity of solving Equa-
tion 2.13. Since the objective (Equation 2.13a) is piecewise linear convex and the constraints
(Equation 2.13b)-(Equation 2.13d) are linear, the optimization problem (Equation 2.13) has
a linear programming representation when the constraints (Equation 2.13e) defined using set
Z;j(ay;) take a polyhedral form. When Zj(dy;) is instead a mixed integer set, for instance when
minimum procurement quantities z%® > 0 are enforced as discussed in §2.3.2, the math pro-

gram (Equation 2.13) becomes a mixed integer program.

2.4.2 Dual reoptimization heuristic

The information relaxation and duality framework [8,38,91] is a popular technique to obtain
dual (lower) bounds on the optimal policy cost of intractable MDPs and is applicable to MDP
(Equation 2.12) as well. In its most commonly used form, a dual bound is estimated in Monte
Carlo simulation by solving a deterministic variant of MDP (Equation 2.12) endowed with full
information about future uncertainty and costs adjusted for this knowledge using a dual penalty.
Let qi (xi,zi,Wi) denote the stage i dual penalty function, where W; := (wi, wis1,...,wy) is a

vector of realized stochastic factors for each stage from 1 to I. A feasible dual penalty function
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satisfies E[qi(xi,zi,Wi) |wi] > 0. Consider the following hindsight optimization problem given

knowledge of W;:

VO W) = T ) ]GZZ: v [Ci (Y3 wir ) — g (Ub%vvj)] +y'er(yr, wi)
(2.14a)
st yi = x4, (2.14b)
Yir1 = f5(u5, ), VjeTy (2.14¢)
yj €&, VjeLiu{l}, (2.14d)
zi € Zj(q;), VjeT. (2.14e)

Constraints Equation 2.14b-Equation 2.14d are identical to constraints Equation 2.13b-Equation 2.13d
in the math program solved by PRH. Constraints (Equation 2.14e) differ from Equation 2.13e
in the availability vector used to define Z;(-). In the former case, we use the realization of
the random contract availability vector on a given sample path while in the latter case we use
the contract availability forecast vector described in §2.4.1. The objective (Equation 2.14a)
can be obtained by modifying the PRH objective (Equation 2.13a) by subtracting dual penalty
terms and replacing the forecasted uncertainty with the elements of W;. The expectation
E[ VIR (xi; Wy)|wi] taken with respect to the random variable W;|w; defines a dual bound on the
value function Vi(xi, w;), that is the optimal policy value starting from stage i and state (xi, wy).
The quality of the dual bound depends on the choice of the dual penalty function in math
program (Equation 2.14). Choosing this function to be zero, i.e., qi(+,-,-) = 0, results in

the dual bound being equivalent to the well known perfect information bound, which can be
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weak. [38] show that the dual bound is instead equal to the optimal policy value when using

the following ideal dual penalty based on the MDP value function:

qi (xi, zi, W) = v{Vis1 (fi(xi, z0), wis1) — B[ Visr (fi(xiy zi), wiga) [wi] }. (2.15)
Since this ideal dual penalty is not available, approximations are used instead by replacing the
exact value function in (Equation 2.15) or using simple forms for penalties (see, e.g., [37,131,
163]). Since computing a value function approximation in our application is challenging due its

high-dimensional state and action spaces and non-convexities, we define the simple dual penalty

function

m
qi(xiy zi, Wy) := Z Zim 2 Z Y'0 Witk — Ewitixwil), (2.16)
meM  I=1kek

in which the information gained when taking a decision is approximated by spreads between the
value taken by the uncertainty in future stage i+1 and its expectation computed at stage i. This
spread is multiplied by the CPPA purchase decisions. The dual penalty (Equation 2.16) is lin-
ear in zi, does not depend on x;, and is feasible because the expectation of wi 1 —E[wiiy|wi]
equals zero. In addition to its simple form, linear penalties ensure that the math program
(Equation 2.14) falls into the same complexity class as the deterministic version of MDP
(Equation 2.12) and the math program (Equation 2.13) solved by PRH.

Traditionally, an operating policy is computed independent of the dual bound computation
described above (see, e.g., [63] and the related discussion in §2.1.1). We now discuss an approach
to define a non-anticipative decision directly during the dual bound estimation process, where

being non-anticipative refers to a decision that only depends on the information available at
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stage i (the decision resulting from solving Equation 2.14 is anticipative as it relies on future
information on the sample path W;). Since the dual bound E[V{®(x;; W;)|w;] involves solving
the math program (Equation 2.14) over multiple realizations of the random variable Wj|wy, we
also have a distribution of optimal solutions of this math program. We focus on stage i decisions
obtained during this dual estimation process and represent them via a random decision z;(W;)
that is a function of the random variable Wi|w;. Our key idea is to define a functional that
operates on the distribution of the random variable z;(W;) and returns a single non-anticipative

decision. We call this functional a decision measure H; that maps a distribution z;(W;) to a

vector of RMI. Proposition 2.4.1 establishes some useful properties of a decision measure with

respect to optimality and feasibility.

Proposition 2.4.1. The decision Hi(zi(W;)) is guaranteed to be feasible, that is Hi(zi(W;i)) €

Zi(ai), if any of the following conditions hold:

1. Zi(ay) is convex and Hi(zi(Wh)) == E[zi(Wi)|wy].

2. Hi(zi(W1)) = zi and there exists a realization W] of the variable Wi|w; such that z; =

zi(W{).

1

Moreover, if the decision Hi(zi(W;i)) satisfies one of the conditions above and we use the ideal
dual penalty (Equation 2.15) in math program (Equation 2.14), then Hi(zi(W;)) is an optimal

solution to MDP (Equation 2.12).

Examples of H; that satisfy conditions 1 and 2 of Proposition 2.4.1 are Hi(zi(W;)) =

E[zi(W;)wi] and Hi(zi(W;)) = M[zi(W;)|wi], respectively, where M denotes the median oper-
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ator of a distribution. It is important to note that condition (2) of Proposition 2.4.1 ensures the
feasibility of Hi(zi(Wi)) even when Zi(ai) is non-convex. Thus, the median decision measure
is more robust in terms of feasibility than the mean decision measure since the latter measure
satisfies only condition (1) of Proposition 2.4.1. It also follows from this proposition that any
feasible decision measure returns optimal decisions when using an ideal dual penalty. Indeed,
decision measures other than the ones discussed above can be defined, for instance, the mode
of the action distribution.

Computing a dual bound and decision at stage i and state (xi,w;) entails Monte Carlo
simulation. Specifically, we generate H Monte Carlo sample paths of uncertainty {w]h, (jyh) €
T, U {1} x {1,...,H}} which provides a discrete approximation W;|w; of the random variable
Wi;|wi. On this approximation, we estimate both a dual bound ZE:] VIR (x;; W) /H and a de-
cision ’Hi(zi(VAVi)), which requires the solution of H math programs of the type Equation 2.14.
We apply the aforementioned decision to move to an endogenous state x;11 = fi(xi, %i(zi(v/\\/i))).
Then we observe the stage i + 1 uncertainty wi,;; and repeat the same process at state
(Xi+1,Wiy1) and keep moving forward in time until we reach the terminal stage. We call the
resulting approach the dual reoptimization heuristic (DRH) and the policy computed in the
process using decision measures as the DRH policy.

Dual bound estimation and the computation of the DRH policy may be expensive if the
math program (Equation 2.14) is non-convex. To reduce this computational burden, one can
solve a convex relaxation of math program (Equation 2.14), which is derived by replacing con-

straint (Equation 2.14e) by z; € conv(Zj(a;)), for all j € Z;, where conv(Zj(aj)) denotes the
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convex hull of set Zj(a;j). Let V{®(x;; W) and zi(W;) denote the optimal objective function
value and stage i decision obtained by solving this relaxation. Then it follows immediately
that 25:1 VIR (x;; WM /H defines a valid lower bound estimate that is less than or equal to
ZE:1 VIR (x; WM /H. However, Hi(zi(W4)) may not belong to Z;(a;) since zi(W;) is only guar-
anteed to be a part of conv(Z;(a;)) and not necessarily in Z;(a;). Feasibility can be ensured by
projecting the decision H;(zi(W;)) onto Zi(a;), potentially approximately.

2.5 Numerical study

In this section, we assess the performance of PRH, DRH, and simpler heuristics on realistic
instances. We describe our instance sets in §2.5.1. In §2.5.2, we introduce benchmark policies
and the computational setup. In §2.5.3, we discuss our findings regarding the relative perfor-
mance of methods. In §2.5.4, we describe the procurement insights resulting from the numerical

study.

2.5.1 Instances

We start by briefly introducing the stochastic processes we employed to model the evolution
of the power price, the REC price, the power demand, and the CPPA contract availability.
We model power price using a mean-reverting stochastic process with seasonality and jumps as
this incorporates the main features of spot electricity markets [118,199]. We employ a Jacobi
diffusion process to forecast the REC price following [209]. Power demand evolves according to
a geometric Brownian motion, which is a common choice in practice and in the procurement
literature to describe the company’s demand uncertainty [17,107,164]. Uncertainty in the

availability of CPPA m € M follows a Bernoulli random variable, where py, € [0, 1] represents
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the probability that this contract is available. We relegate to Online Supplement 2.7.4 a detailed

discussion of these models and the calibration of power and REC model parameters using market

data.
TABLE I:. Parameters defining the baseline CPPA instance.

Name Value Unit Name Value Unit Name Value Unit
I 40 years CINV 1.7 x 10° USD/MW o 90% -
I 5 years LP 30 years ¢ 1% -
M {5,10,15,20,25} years 0 3,066 hours/year Y 0.97 -
Zmin 200; (Yme M) MWh Lt 10 years T 0.94 -
pm  {0.4,0.5,0.6,0.7,0.4} - T 23 USD/MWh Ki 1.1 -

In Table I, we summarize the parameters defining our MDP of §2.3 in the baseline CPPA
instance. We consider a 40 year planning horizon (I) and a 5 year reach period (I?) to attain
a stochastic RPPT that is 90% («). Our set of contracts M and the minimum quantities zi®
are consistent with the CPPA portfolio of Google [86], and we set a very loose upper bound on
these quantities (zm® = 10000; MWh). The corresponding availability factors pm are chosen
based on [202] and [12]: According to the first report, 15- to 25-year CPPAs are predominant,
with 20-year contracts being the most common, while the second report indicates that CPPAs
of length between 10 and 20 years are prevalent. Following [139], we use a functional form
for C{NV that decreases over time by a fixed percentage &; specifically, it evolves according to
a learning model CINV = CINV(1 — £)'. We chose the initial cost (CJ¥Y) based on 2015-2016

wind projects in the U.S. [74] and the learning rate (&) based on the range of values in [139].

Wind turbines are usually designed to operate for 20-25 years but many remain operational for
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a longer period of time [212], thus we select the lifetime (L) to be 30 years also to account for
improving technology. The capacity factor (6;) of 35% is representative of the observed average
for wind farms in the United States [73] and is assumed to be fixed throughout the planning
horizon. The duration of the production tax credit (L{) and its amount (T;) are based on
United States policy in 2016 [66]. Moreover, we assume the tax credit expires in 5 years, i.e.,
it is only granted to renewable energy facilities commencing construction at stages i < 5. The
risk-free rate (y) is chosen equal to the 10-year United States treasury rate in May 2018 [27],
and we set the generator discount factor (r) such that its respective return on investment is
roughly twice the risk-free interest rate. We use a maximum risk factor K' = 1.1 for m = 5,
i.e. a 10% premium for the 5-year CPPAs, which decreases linearly as m is increased.

In Table II, we perturb the parameters defining our baseline instance to obtain instance sets
S1-S5, comprising of 17 instances in total. These instances allow us to analyze the robustness of
methods and the behavior of procurement policies as market parameters change. We describe

how these perturbed instances were obtained in §2.5.3.

TABLE II: Extended instance sets with the baseline-instance parameter superscripted by B.

Set Modified parameter Values

S1  Renewable energy target o {0.6, 0.7, 0.8, 0.98, 1.0}

S2  CPPA availability pm, for all me M {-0.2, —0.1, 0B, +0.1, +0.2}
S3  Long-term mean of power price {20, 30,39.78} USD/MWh
S4  Long-term mean of RECs price {5, 9.48, 20} USD/MWh

S5  Generator discount factor r {0.9, 0.91, 0.92, 0.93, 0.948}
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2.5.2 Procurement heuristics and computational setup

Our computational study compares the reoptimization heuristics PRH and DRH described
in §2.4.1 and §2.4.2, respectively, with two simpler procurement heuristics described below.

The first procurement heuristic involves only short-term procurement, that is, the entire
power demand Dj is purchased on a short-term basis in each stage i € Z u {I}. A portion aD;
of unbundled RECs is also procured in the sustain period Z° U {I} to meet the RPPT. This
policy has no demand risk but is fully exposed to volatile power and REC prices. Since stages
correspond to years in our numerical setting, here and in the rest of this section we refer to
“short-term” power purchase to a yearly average purchase!, as opposed to the long-term (i.e.
multi-year) power delivery from CPPAs.

The second, referred to as the block heuristic (BHy,), is parameterized by m € M. BHp,
uses a single CPPA of length m and renews it every m years, that is, each time a contract
expires a new one of the same length is signed. Specifically, the first contract is entered at the
last year of the reach period, I*~1, and delivers renewable power during the first m years of
the sustain period. The second contract is ordered one year before the first contract expires to
ensure the continuous delivery of power from CPPAs. This process is repeated until the end
of the planning horizon. The quantity zim € Zi(a;) associated with a new contract signed at
stage i is obtained by solving a deterministic model that minimizes the procurement cost given

forecasts of demand, CPPA availability, and power and REC prices over the delivery period

TOur MDP /methods can handle multiple settlements in a year, e.g. monthly, but will require higher
simulation time to estimate costs.
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of m years. Any shortfall in meeting demand or the RPPT using the incumbent CPPA is

addressed via purchases of short-term power and/or unbundled RECs.

TABLE III: Summary of methods.

Method Description

Simple Spot Spot purchase of power and RECs
heuristics BH, Block heuristic with single CPPA m
Reovtimization PRH Primal reoptimization

( U ) DRH-PI Dual reoptimization with zero dual penalty
heuristics

DRH-LDP Dual reoptimization with linear dual penalty

Table III summarizes the methods tested in our numerical study. We implement DRH using
zero (labeled PI) and linear dual penalties (labeled LDP) in math program Equation 2.14.
These two variants, dubbed DRH-PI and DRH-LDP, deliver both policies and dual bounds.
We used linear dual penalties in DRH-LDP defined as in Equation 2.16 but that include power
price spreads alone, which we found sufficient to obtain good-quality procurement policies and
lower bounds.

All algorithms were programmed using C++ with GUROBI 8.0 as the math programming
solver. We estimated the value of heuristic procurement policies (i.e., upper bounds on the op-
timal policy value) and the DRH lower bound in Monte Carlo simulation using 1000 evaluation
sample paths (i.e., H equals 1000), as this choice resulted in standard errors below 1% of the
mean. The DRH upper bound estimation process requires computing procurement decisions
at each stage of an evaluation sample path. Therefore, for a fixed stage and evaluation sample

path, we formulated and solved the math program (Equation 2.14) on 30 inner sample paths
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and then applied a decision measure to back out a non-anticipative control. We reported DRH
results based on the mean decision measure but tested the median decision measure on the
baseline instance and found its performance to be similar. When using the mean decision mea-
sure, we followed the strategy discussed at the end of §2.4.2 to ensure feasibility with respect

to the non-convex action set.

2.5.3 Comparison of methods

Below we compare the performance of the methods in Table III on the instance sets S1-S5
summarized in Table II, also considering both PC and SC variants of MDP (Equation 2.12).
For each instance, we report the expected procurement cost (i.e., the expected discounted total
cost over the planning horizon) and the optimality gap with respect to the DRH-LDP lower
bound, labeled LDP. We omit showing the DRH-PI lower bound because it is worse than the
DRH-LDP lower bound on average by 5% and 50% for the PC and SC variants, respectively,
and its standard error is also as high as 3.7%. The standard error of the remaining lower and
upper bound estimates for PCs (SCs) is 0.6% (0.7%) on average and at most 0.7% (1%). In the
remaining text, when discussing the performance of a method, we are referring to the quality
of its procurement policy.

We begin by discussing the results for the instance set S1, which was obtained by varying
the RPPT « from 60% to 100%. The corresponding results are displayed in Figure 2. DRH-
LDP performs best on all the S1 instances and has average optimality gaps of 2.1% and 4.2% in
the PC and SC contract settings, respectively. The DRH-PI optimality gap is similar to DRH-

LDP when using PCs (2.6% on average) but substantially worse under SCs (11% on average).
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Figure 2: Procurement costs and optimality gaps for the S1 instance set.
(a) PC cost (b) SC cost
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While PRH optimality gaps are smaller than analogous DRH-PI gaps by 3.6% on average when
using SCs, the former method is on average of 3.2% worse than the latter method under PCs.
The performance of spot and block heuristics is largely inferior to reoptimization methods.
The S2 instances vary the probability p;, of each contract m € M from its base value
between —20% and +20% to understand the effect of changing the contract availability on
methods. The results corresponding to these instances are reported in Figure 3. The relative
ranking of methods is similar to the S1 instances: DRH-LDP achieves the smallest optimality
gaps across instances (2.4% and 4.3% on average for PCs and SCs, respectively). However,
contract availability impacts single-contract methods (i.e., BH;,) and multi-contract methods
(PRH and DRH) in a markedly different manner. In particular, both the procurement cost and
optimality gap of BH;, increase substantially in the presence of contract shortage. For instance,
the BHyo procurement cost increases by more than 5% when decreasing contract availability

from +20% to —20% relative to the baseline. In contrast, the costs associated with both PRH
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Figure 3: Procurement costs and optimality gaps for the S2 instance set.
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and DRH, which consider multiple CPPAs, are fairly stable under such availability changes (the
maximum cost increase is less than 0.8%).

The instance sets S3-S4 are created by varying the long-term mean of power and REC
prices. Specifically, our price model calibration results in a long-term mean of power and RECs
of 39.7 USD/MWh and 9.4 USD/MWh, respectively. Market outlooks suggest that these long-
term prices will decrease due to increasing penetration of renewable energy [125]. To understand
this effect, we consider the instances S3 in which the long-term mean power price is reduced to
30 USD/MWh and further to 20 USD/MWh. In contrast to the power price, the average REC
price can increase or decrease in the long-term due to regulatory changes [75]. To account for
this effect, the long-term mean of the REC price is decreased to 5 USD/MWh and increased to
20 USD/MWh in the instance set S4. Results for the S3 and S4 instance sets are displayed in
Figure 4 and Figure 5, respectively.

The relative performance of methods on these sets are consistent with our prior observations

on the S1-S2 instances. If the long-term mean power price decreases, then the procurement
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Figure 4: Procurement costs and optimality gaps for the S3 instance set.
(a) PC cost (b) SC cost (c) PC gap (d) SC gap
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Figure 5: Procurement costs and optimality gaps for the S4 instance set.
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cost decreases substantially under all policies. In contrast, when the long-term mean of the
REC price changes, the procurement costs and optimality gaps of the spot and BH policies
are affected substantially, while the reoptimization methods, PRH and DRH, are stable across

instances. This behavior is due to PRH/DRH purchasing a considerable amount of PCs/SCs
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even when the REC prices are low, which insulates their procurement policies to REC price
increases.

The instance set S5 considers changes in the CPPA strike price as a result of the genera-
tor varying r from 0.94 to 0.9, which models the return on investment changing between 6.4%
and 11.1%. The corresponding results displayed in Figure 6 show that the procurement cost
increases under all methods when r decreases, except for the spot policy. Equation 2.8 helps
understand this behavior. From this equation it follows that reducing r raises the NPV com-
ponent of the CPPA strike price and potentially the CPPA strike price itself. Therefore, BH,,
PRH, and DRH-LDP use less CPPAs and rely more on spot purchases as r decreases, which

results in the performances of different methods becoming closer to each other.

Figure 6: Procurement costs and optimality gaps for the S5 instance set.
(a) PC cost (b) SC cost
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Overall, using simple procurement heuristics, such as spot and BH;,, on our instances

results in higher procurement costs, whereas reoptimization methods work well, with DRH-
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LDP outperforming PRH. This superior performance of DRH suggests that obtaining non-
anticipative decisions by averaging away future information from anticipative actions is better
than computing decisions based on a single (non-anticipative) forecast, as done in PRH. The
near-optimal and stable performance of DRH-LDP across instance sets also indicates that the
mean, a simple and inexpensive decision measure, is effective for use with DRH. Similarly,
simple linear dual penalties appear sufficient to obtain high quality procurement decisions using
DRH, in addition to good lower bounds.

Finally, we discuss the computational burden of using each method. The time taken to
compute a decision at a given stage and state when using the spot and BH,, policies is negli-
gible. The analogous times for PRH and DRH are 0.04 and 0.8 seconds, respectively. Most of
this time for DRH goes towards solving the dual optimization models on sample paths and the
time required to extract the non-anticpative decision is negligible. Thus, for all practical pur-
poses, implementing the DRH policy is inexpensive. In addition to computing a procurement
decision, computing an upper bound of a policy requires applying it over the entire planning
horizon in Monte Carlo simulation. When using 1000 sample paths this estimation time is on
average 10 seconds for BH;,, and 28 and 216 minutes for PRH and DRH (each variant), re-
spectively. Thus, estimating the value of DRH is more expensive than PRH because the former
policy solves at each stage math programs for each of the 30 inner sample paths whereas the
latter policy solves a single math program. Nevertheless, the solution of DRH math programs
in the inner samples can be parallelized to substantially reduce this overhead. Finally, estimat-

ing the lower bound with DRH takes 10 minutes on average (each variant).
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2.5.4 Procurement insights

Figure 2 shows that the procurement cost increases as expected with the RPPT «. Specifi-
cally, the procurement costs under PCs and SCs both vary linearly for & < 0.8 and in a strictly
convex and linear manner, respectively, for « > 0.8. The procurement costs under SCs are in
general lower than analogous costs under PCs (especially for high « values), which provides a
cost incentive for using SCs in addition to their well-known advantage of being free from the
physical delivery constraints associated with PCs. For instance, the procurement cost incurred
under SCs is on average 2.5% lower than under PCs when using DRH-LDP. This comes at the
expense of increased cash flow volatility under SCs as the coefficient of variation is on average
3.5% higher than PCs. These findings are largely in sync with our analytical results in §2.2.

Consistent with the extant procurement literature, we find that the inclusion of long-term
contracts (i.e., CPPAs in our case) in procurement portfolios helps hedge against price uncer-
tainty and reduces procurement costs. In addition, our results indicate that the use of CPPAs
is more valuable to companies that have committed to an RPPT. This is seen, for instance
in Figure 2, where the difference between the procurement costs of the spot-only and DRH-
LDP policies increases with the RPPT. Therefore, as corporations become more aggressive with
procuring renewable power, the use of CPPAs, in particular SCs, is likely to be higher, which
is consistent with trends observed in practice [29]. Constructing portfolios with CPPAs is non-
trivial as shown by the poor performance of the block heuristics that use a single contract
type. The fairly flat procurement cost of the DRH-LDP policy to changes in contract avail-

ability suggests that dynamically constructed portfolios containing multiple CPPAs are robust
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to such variability, which is a useful property. This observation suggests some level of substi-
tutability between different subsets of CPPA contracts. However, individual contracts are not
fully substitutable for another; if they were, the procurement costs of the block heuristics and
DRH-LDP would be similar.

Portfolios computed by DRH-LDP on our baseline instance contain PCs with lengths 5, 10,
15, 20, and 25 years in the proportions 8.7%, 17.8%, 23.1%, 29.2%, and 21.2%, respectively,
on average across the evaluation samples and stages. Analogous proportions when using DRH-
LDP with SCs are 3.4%, 10.8%, 15.2%, 31.4%, and 39.2%, which shows that longer contracts are
used more often due to SCs having lower over-procurement risk than PCs as also discussed in
§2.2.1. We observed that the stage-averaged mix of CPPAs did not change significantly across
instances. For example, on the S1 instances, the proportion of CPPAs of different lengths varied
by at most 4%. However, this mix does change substantially over time, in a manner that is
more pronounced in the reach period, with these changes remaining significant in the rest of
the planning horizon. For example, the proportion of 5, 10, 15, 20, and 25 year CPPA contracts
under DRH-LDP in the baseline instance fluctuates by as much as 11.8%, 18.4%, 17.6%, 22.8%,
13.9%, respectively, between years 10 and 40. Thus, the near-optimal portfolios computed by
DRH-LDP indeed change dynamically over time.

Finally, using CPPAs for procurement is not always beneficial. For instance, if these con-
tracts become expensive due to generators expecting a higher rate of return (see Figure 6) then
spot procurement would displace signing CPPAs and the multi-stage procurement problem will

reduce to procuring power and RECs as needed from the short-term market. This seems un-
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likely given the increasing use of CPPAs [12] and decreasing production costs associated with
renewable power [202]. Under low production costs, the strike price that a generator charges is
likely to be highly correlated with the spot market, in particular, the expected spot price over
the tenor of the contract, a feature that we try to capture in the strike price model of §2.3.1.
In such an environment, generators would remain profitable even after current production tax
credits expire resulting in CPPAs continuing to play an important role in a firm’s renewable
power procurement strategy. We find support for this statement in additional experiments that
we conducted, where we removed the production tax credit in our base instance and found pro-

curement costs to increase by only 1.3% when using PCs and by 1.7% with SCs.

2.6 Conclusion

Motivated by the recent global trend in corporate energy procurement, we study the prob-
lem of companies that have committed to satisfying a renewable power procurement target by
a future date. We focus on CPPAs for long-term procurement and couple them with short-
term purchases of power and RECs. We analyze a two-stage model to understand the behavior
of procurement costs when using popular variants of CPPAs, namely financial and physical,
and changing their structure following the practitioner literature. To facilitate decision mak-
ing, we formulate a multi-period power procurement MDP model with short-term and long-
term procurement options that is challenging to solve due to a non-convex action set and high-
dimensional endogenous and exogenous state components. Heuristic procurement decisions can
nevertheless be obtained using an easy-to-implement reoptimization method, PRH, but this

approach does not provide a lower bound on the optimal cost. We thus develop DRH, a novel
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scheme that combines reoptimization and the information relaxation and duality approach to
extract non-anticipative decisions from anticipative-action distributions, in addition to estimat-
ing a lower bound. DRH retains the desirable implementation properties of PRH. Its procure-
ment decisions are near-optimal on realistic instances and outperform PRH and problem-specific
heuristics. DRH thus emerges as a promising way to tackle high-dimensional MDPs with non-
convex action sets arising in our procurement setting as well as other applications. Moreover,
our findings show that procurement portfolios with multiple CPPAs reduce power purchase costs
significantly in the presence of an RPPT compared to using a single CPPA. In addition, such
portfolios are effective at hedging against uncertainty in contract availability and REC prices.
2.7 Appendix

To ease notation, in sections 2.7.1 and 2.7.2 we represent Ey by E and the random variables
Dj, P1, and Ry by D, P, and R, respectively. Furthermore, we denote by N'(u, 62) a normal dis-
tribution with mean p and variance o2, and by ¢ and @ the probability distribution function
(PDF) and cumulative distribution function (CDF), respectively, of a standard normal distri-
bution N(0,1).

2.7.1 Proofs

Lemma 2.7.1 is used in the proof of Lemma 2.2.1. Define Qpc(z; o, K) := E[Cpc(z, wi; o, K)]
and Qsc(z; «, K) := E[ésc(z,wl; o, K)] as the expected procurement costs under a PC and an

SC, respectively.

Lemma 2.7.1. Under Assumption 1, there exist optimal procurement decisions zpo and z¢

minimizing, respectively, Qpc(z; o, K) and Qsc(z; &, K), that belong to the interval [oa, xb].
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Proof. We start by considering PCs, and then move to SCs. In both cases, we will show that
no unique optimal solution exists in Q := [0, xa) U (ab, b], which establishes the desired result.
Recall that the power demand D follows a uniform distribution in the interval [a,b], and its
CDF is equal to 0 for z < a, (z—a)/(b — a) for z € [a,b], and 1 for z > b.

The derivative of Qpc(z; &, K) with respect to z exists in the interval [0, xa] and is equal to

dQPC (Z; X, K)
dz z€[0,xa]

—K—E[P]Pr(D >z)—E[R]Pr(aD >z) = K—E[P] - E[R] <0,

where the second equality holds since Pr(D > z) = Pr(aD >z) = 1 for z € [0, «a], and the
inequality follows from the strike price upper bound (i.e., K < E[P] + E[R]) in Assumption 1.
Therefore, Qpc(z; &, K) is non-increasing in [0, xa), has no unique optimal solution in this half-

open interval, and we can focus on z > &a to search for an optimal solution. Similarly, the

derivative exists in [ab, b] and is equal to

dQpc(z; o, K)
dz z€[ab,b]

=K—-E[P]Pr(D>z)>K-E[P] >0,
where the last inequality follows from the strike price lower bound (i.e., K > E[P]) under
Assumption 1. Therefore, Qpc(z; &, K) is non-decreasing in (ab,b], has no unique optimal

solution in this interval, and an optimal solution satisfies z < ab. We thus can conclude that

2} belongs to the interval [xa, ob].
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We proceed to show that an analogous result holds for the solution z& of min,>o Qsc(z; &, K).
The derivative of Qsc(z; &, K) with respect to z exists in the two intervals [0, xa] and [o«b, b]

with values, respectively, equal to

dQsc(zi & K) — E[K — P] — E[R] Pr(aD > z) = K — E[P] — E[R] < 0,
dz z€[0,xa]

dQSC(Z; X, K)

Besc\n % R —E[K-P]=K—E[P] >0,
dz z€[ab,b] [ ] [ ] 0

where both inequalities follow from Assumption 1. Following the same argument used above in

the case of PCs, we can conclude that z§. belongs to the interval [«a, ab]. O

Proof of Lemma 2.2.1. We start by determining the optimal procurement quantity under
PCs, and then move to SCs.

From Lemma 2.7.1, we know that there exists an optimal solution to min,>¢ Qpc/(+; &, K) in
the interval [oa, ab], thus we can limit the search to this interval. The expected cost function
Qpc(z; , K) is convex in the procurement size z in the interval [oca, ab] since the second-order

derivative is positive:

szPC (Z, X, K) 1{z>a} 1
—_— =[E|[P = E[R]—— > 0.
dz? ze[aa,ab] [P] b—a [ ]ocb “xa

Therefore, the optimal quantity z{, can be calculated using the first-order condition

dQpc(z; o, K)

= —K—E[R]Pr(aD >z) —E[P]Pr(D > z) = 0. (2.17)

We proceed by considering two cases.
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Case 1: Pr(D = z) = 1.

Hence we have zlﬁc < a in this case. The first-order condition
Equation 2.17 simplifies to

b—-2 K — E[P
K—E[R] c—= —E[P] =0 «— zf)czoc<b—7[]

=R - a)). (2.18)

Enforcing zj < a using solution (Equation 2.18) results in an upper bound on « equal to

_ aE[R]
* T BE[R] - (K—E[P)(b —a)’ (2.19)

Case 2: Pr(D > z) < 1. Using Pr(D > z) = (b —z)/(b — a), we obtain z}» > a in this case.

Moreover, solving the first order condition (Equation 2.17) gives

. _ —K(b—a)+ (E[R] +E[P])b
Zpc = 1E[R] + E[P] '

Note that zj- > a is satisfied when « > &. In conclusion, the optimal PC procurement z{ is
given by

oc(b - KE[H?{[]P] (b— a)), if o < &,
Zpo =

—K(b—a)+(E[R]+E[P])b . _
TE[R+E[P] , f o> «.

Next, consider an SC. As in the PC case, by Lemma 2.7.1, there exists an optimal solution to
min,>o Qsc(z; &, K) in the interval [oa, ab], thus we can limit our search space. This function
is strictly convex in z because its second derivative is positive by Assumption 1:

dZQSC (Z; X, K) _

1
= E[R] —— > 0.
dz? z€[aa,ob] [ ] oab — xa -
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Thus, the optimal SC quantity z&- can be calculated by applying the first-order condition:

dQsc(z; &, K)

=0
dz z€[aa, ab]

— K—E[P] - E[R]Pr(aD >z) =0

O]

Proof of Proposition 2.2.2. We characterize the behavior of Cpc(a,K) and Cgc(e,K) as

functions of «, respectively, in part (a) and part (b) of the proof, and compare them in part (c).

(a) When « € [0, &], we have z}- € [xa, a], which implies Pr(D > z~) = 1, and the optimal

cost becomes
Cpe(a, K) = Kzpe + E[P(D — zpc)] + E[R(aD — zp)+].

Using the characterization of zj from Lemma 2.2.1, the derivative of this function with respect

to o is

*

SO i () cafe(p )

— (K - E[P])Zic + E[R(D - ZEf)J

Since zj is linear in « within the interval [0, &]|, zj/o and thus dCpc(a,K)/da are inde-
pendent of . Moreover, dCpc(a, K)/da is non-negative because K = E[P] by assumption 1.

Therefore, Cpc(.,K) is a linear function of « in the interval [0, &].
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We show next that Cpc(-,K) is convex increasing with the target when « € (&, 1]. In this

case, zpc € (a, ob] and Pr(D > zf) < 1. Expanding the definition of Cpc(e, K) gives

Cpc(, K) = Kzpo + E[P(D — zpc)+] + E[R(aD — zp)+ ]

b * b *
D— D—
— %P0 gD 4+ B[R] J =" e gp

:KZ;CJFE[P]j b-a ‘ m b—a
ZPC(X

£
Zpc

)

E[P] /b zi2 E[R] [ (b? zi z}
— * —l (2 ZPC _ % _ g . _PC) _ L x(y _ ZPC
= Kabo+ g (7 — 5 —zbelb—zbo)) + g [o(5 - 308) — = (0 -
1 1

_ * b w12 Y 2. 2

=Kzie + IE[P]2 b= a) (zpo —b)" + ]E[R]2 X — ) (zpo — ab)“.
The first derivative of Cpc(a, K) is
dCpc(ex, K) _ E[R](—aK + b (K + E[P](ex — 1))) (aK + b (=K + E[P] + 2E[R] + aE[P]))

doc e (1] 2(b — a)(E[R] + «E[P])?

The denominator as well as the third term of the product in the numerator are strictly positive

due to the bounds on the strike price in Assumption 1. We show that the second term in the

numerator is also strictly positive using the following chain of inequalities:

—aK +b (K +E[P](x—1)) > —aK + b (K + E[P](&x — 1))

(b — a) ((bK — bE[P])(E[R] — K + E[P]) + aK(K — E[P]))

bE[R] — (K—E[P])(b — a)

> 0.

The first inequality follows by lower bounding « by &, the first equality by replacing & with
its full expression given in Equation 2.19 and simplifying the resulting terms, and the second

inequality results from both the numerator and denominator being positive under the bounds
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on the strike price in Assumption 1. In addition to the first derivative being positive, the second

derivative is also positive as it is equal to

d?Cpc (e, K) _ E[P]E[R](aK + b (—K + E[P] + E[R]))? 0
de?d lae@1] (b — a)(E[R] + «E[P])? >0,

where the strict inequality holds due to Assumption 1. Thus, the procurement cost is a strictly

convex increasing function in the target level for o € [&, 1].

(b) From Lemma 2.2.1 we know that z&. is linear in «. The slope of Csc(e, K) with respect to
o is

dCsc(a, K) B zéc z&c
T da e~ KTEPD= S E[R(D-=C) |,

which is independent of «. This implies that Cgc(«, K) is linear in «.

(c) From the proofs of parts (a) and (b) it follows that dCsc (e, K)/da equals dCpc(a, K)/de
when o < &. Therefore, since Cpc(a, K) and Cgc(a, K) coincide when o = 0, these two costs
are the same for o« € (0,&]. Furthermore, Cpc(x,K) is strictly convex increasing in « for
o € (&, 1], while Csc(e, K) remains linear with the same slope, which implies that the former

cost is higher than the latter cost in this interval. O

Proof of Proposition 2.2.3. Recall that GPC(Z,W];O(, K) =Kz+P(D —z);+ + R(aD — z) 4.
Defining Y(z) = —P(z — D)., we have Csc(z,wi; &, K) = Cpc(z, wi; &, K) + Y(z). We start
by showing that Var[Csc(z, wi; &, K)] = Var[Cpc(z, wi; &, K)]. Since Var[Csc(z, wi; o, K)] =

Var[Cpc(z, wi; &, K)] + Var[Y(z)] + 2 Cov[Cpc(z, wi; &, K), Y(2)], and Var[Y(z)] > 0, the proof
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reduces to showing that Cov[épc (z,w1; 0, K), Y(2)] = 0, which we illustrate using the following

chain of inequalities:
Cov[Cpc(z, wi; o, K), Y(2)]
=Cov[Kz+ P(D — z); + R(aD — z) 4, —P(z— D) 4] (2.20a)
=Cov[P(D —z); + R(aD — z)4,—P(z—D)4] (2.20b)
= — Cov[P(D - z)4+,P(z—D)4+] — Cov[R(«D — z)4+,P(z— D)+] (2.20c)
= —E[P*(D - 2)4(z — D)+] + E[P(D — 2) JE[P(z — D) ]
—E[PR(z—=D)4(a«D —z)4] + E[R(aD — 2) 4 |E[P(z — D) 4] (2.20d)
=E[P(D —z)+]E[P(z— D)+] + E[R(«D — 2)+ JE[P(z — D) 4] (2.20e)
=0, (2.20f)
where Equation 2.20a follows from the definition of Cpc (z,w1; &, K), Equation 2.20b is a conse-
quence of Kz being a constant, Equation 2.20c follows from the linearity of the covariance, and
Equation 2.20d from the well-known property that Cov(A,B) = E[AB] — E[A]E[B] if A and B
are two random variables. The equality in Equation 2.20e follows from (D —z); - (z—D)4 =0
and (z—D)4 - (aD —z)4 = 0, and Equation 2.20f is a consequence of all expectations involving
only non-negative random variables.
If Pr(z > D) > 0, then Var[Y(z)] > 0, which combined with the non-negative covariance
(Equation 2.20f) gives Var[&sc(z, wi; o, K)| > Var[épc (z,wr; &, K)]. Instead, if Pr(z > D) = 0,

then Y(z) = 0, which implies that Var[Csc(z, w1; &, K)] = Var[épc(z,wu a, K)J. O

Lemmas 2.7.2, 2.7.3, and 2.7.4 are used in the proof of Proposition 2.2.4.
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Lemma 2.7.2. Let P be a log-normal random variable with parameters w and o2, and denote
with f(P;u, 6?) its PDF. Moreover, consider Y = log(P), i.e. Y ~N(u, 0?), and a scalar B > 0.

It holds that:

2 n — 2
E[Plpopy] = "7 @(1 () é“* ? )>

Proof. Using the relationship between P and Y, we establish the following equalities:

B B
E[P1lp_gp;] :f Pf(P;u, 0?)dP :f e PF(P; 1, 0%)dP
a0

—00

In(B) In(B) 1 —(v—w)?
Y 2 Y
= e ¢(Y;u,o7)dY = e'——e 202 dY.
LD d(Y;u,07) L@ =

By adding and subtracting o* + 20?1 to the numerator of the second exponential term, we

obtain:
In(B) Cy—w)? 2 o2
f o gy — e S o (MB) i ),
—o0 ov2n (o)
which proves the desired result. O

Lemma 2.7.3. Given three scalars B >0, u > 0, and o > 0, it holds that:

exp(u +0%/2) Lo (B G ﬂ)} SIECEO

o B o o
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Proof.
exp(p+0%/2) [1 (In(B) — (u + 0%)
S e (M)
_exp(p+0?/2) [ 1 ox <—(ln(B))2 — (p+ 05?2+ 2In(B) (1 + 0'2)>]
o |Bvm? 202
ox 2\ T a(B) —
:p(l,L;TI-O‘/Z) _]]3(1) <1 (B()T H’) exp(o‘z/zp+ln(B)):|
oxc 290 T n(B) —
_ p(“;LG/Z) _]]3d> (1 (B()y ”) exp (- 0%/2 - u)B]

;¢<mwi—u>'

O]

Lemma 2.7.4. Given o« > 0 and 5,8 > 0, if E[KINT(P;K,8)] < E[KINT(P;K,8)], then it

holds that CEF (o, K, 8) < CRF (o, K, 87).
Proof. Let z§~(«, K, ) be an optimal solution to the expected procurement cost QISI\éT (z; 4, K, 8),
which is defined by
Nz, K, 8) := E[Csc(z, wi; o, KNT(P; K, 8))]
= E[K'NT(P; K, 8) — P]z + E[PD] + E[R(aD — z)].
From the hypothesis it follows that
Qs (25 (o K, 87);0, K, 8) — Qs (25 (2, K, 87); o, K, 8)

= (B[K™NT(P;K,8)] — E[K'NT(P;K,8)]) - z&(, K, 87) < 0.
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As a consequence, the following relation between optimal procurement costs hold
CsC (e K, 8) = min Q¢ (204 K, 8) < Qs (28(o4 K, 87);0, K, )
< Qst! (250 K, 87); 0K, 87) = Cs¢' (o, K, 8),
which proves the lemma. O

Proof of Proposition 2.2.4. Recall that the power price P follows a log-normal distribution
and that its natural logarithm follows In(P) ~ N (up, 03), i.e. it is a normal random variable with
mean pp and standard deviation op. Note that consequently (In(P) — up)/op ~AN(0,1). The
expected unit cost with the interval strike price is defined for & € [0,K) and can be expressed

using Lemma 2.7.2 as

E[K'NT(P;K, 8)] = (K + 8) Pr(P > K + 8) + (K — 8) Pr(P < K — 8) + E [P1ix_sepekss)]
— (K+39) [1 — @ (ID(KJFM’H +(K—8) @ (IH(K—M’>

Oop Oop

+exp<up+‘f’> {(D <1n(1<+5)—up_o$,> _@(m(K_zs)_up_o%)}

op op

The first derivative of E[KNT(P; K, 8)] with respect to & is

aMWﬁg%ﬁﬂ:]_QCMK:?—W>_;ﬁ<mW:?—w)_®<MK;?—w>

S o3/2) P o%))

" (m(1<5) - (ppmg))}

op
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By reformulating the last term in this derivative using Lemma 2.7.3 and canceling opposite

terms out, we obtain a simpler expression:

OE[KINT(P; K, §)] In(K +8) — u In(K —8) — u
= S ) (GP ") ) <GP ") . (2.21)

We structure the rest of proof as follows. We first show that 36 > 0 such that E[KINT(P; K, 8)] <
E[KINT(P;K,0)] = K if and only if K > E[P]exp(—0%/2). By Lemma 2.7.4, this implies the
validity of the first claim of the proposition, i.e., that 356 > 0 such that CI'(e, K,8) <
CIRT(a,K,0) = Csc(a, K) if and only if K > E[P]exp(—03/2). We subsequently prove that
E[K'™NT(P; K, )], and thus CLE (e, K, -), attain global minimum at §* = 4/K2 — exp(2up) > 0 if
K > E[P]exp(—03/2).

Suppose E[KINT(P; K, §)] < K for some §. Then 38 > 0 such that the derivative (Equation 2.21)
is negative at & because E[K'NT] = K at 6 = 0 and is a continuous function. The following

implications hold.

INT (p. 5) — — 8 —
BENPKO] oy (K ) (I(K—8) —we
00 =0 op op

= In(K+8) — up > pp — In(K — 9)
— K? > &% + exp(2up)
— K > exp(up) = E[P]exp(—03/2).

To prove the reverse direction of the iff result, suppose K > E[P] exp(—olz, /2) = exp(up). The

derivative (Equation 2.21) evaluated in & = 0 is negative because

INT (p. — —
BN g (WK =) o (In(explun) — ) _ o
06 =0 op op
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where the last equality is a consequence of ®(0) = 0.5. Therefore, the expected unit cost is lower
than K in the proximity of 0. In other words, there exists a sufficiently small 6 > 0 such that
E[KINT(P; K, 8)] < K. The first claim of the proposition is thus proven by invoking Lemma 2.7.4.

Next, we want to determine the global minimum &* of E[K'™NT(P;K, §)] when K > exp(up).
To this end, we provide a characterization of E[KINT(P;K,8)] as a function of §. First, we

characterize a region for § in which the function is convex as follows.

azE[KINT(P;K, 5)] _ -1 ln(K + 6) — Up n 1 b ln(K - 5) — Up =0
062 (K-i—é)(?p op (K— 5)0']) op -
(2.22)
1 [ -1 (—(1n<1< +5) - up)2> 1 (—an(K —5) - up)2>]
— exp + exp =0
K+6 202 K-8 203
2n o ( ) Op ( ) Op
1 —(In(K + 8) — pp)? 1 —(In(K — 8) — pp)?
— K+9) exp ( 20]23 + K—3) exp 2012) =0
_ 2 _ 52 _ _
— o < In(K+ 8)* +1In(K—8)~ + 2].21.): In(K + §) — 2pp In(K 6)) < K49
202 K-8
—In(K? - &%) +2up , (K+3 K+8
(E)GXP( 202 ln(K—6)><K—6

— —1n(1<2—52) + 2up < 203

— 5 < \/K2 — exp(2up — 20%) =: 5.
Therefore, the function E[KINT(P; X, -)] is convex for & € [0,5]. Moreover, since 2yp —20% > —0
and exp(-) is a strictly increasing function, we have 5 < K. Hence, E[KINT(P;K, )] is concave

for 5 € [5,K). We further characterize E[K'NT(P;K, )] by showing that it is increasing in &

when & > 3. Since the second derivative (Equation 2.22) is negative in the interval [8, K), then
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the first derivative (Equation 2.21) is a decreasing function in [g, K). As a result, Equation 2.21

attains its infimum for 6 — K and the following inequalities hold:

OE[KNT(P; K, §)] .. OE[KINT(P; K, 8)]
. = 1

08 [3,K) ~ se[3,K) 08

lim 1 ® (ln(K—i-é) - up> @ <ln(K—6) — up>
- op op
—1-® (ln(ZK) - HP)
op

> 0,

where the last inequality is strict because ® ((In(2K) — up)/op) < 1. Since E[KINT(P; K, 8)] is
strictly concave increasing for & > 8 and convex when § < 8, its global minimum can be found

using the first-order condition.

OE[KINT(P; K, 8)] In(K+8) —p In(K—-98)—pn
N =0<=>1—®<GPP>=<D<GP">

«— In(K+98) — pup = pup — In(K — 9)

= b= \/K2 —exp(2up) = \/K2 — Eo[P1]2 exp(—03) =: 8%,
where the second implication is a consequence of the symmetric property of the normal distri-
bution, i.e. In(K + 8) and In(K — ) have equal distance from the mean of In(P). In conclusion,
E[KINT(P; K, §)] has global minimum at § = 8* if K > E[P] exp(—0%/2). From Lemma 2.7.4, §*

is also global minimum of CE. (a, K, .) in this case. O

Next, we prove Proposition 2.3.1 by first formalizing its assumptions and then establishing

Lemma 2.7.5.
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Assumption 2. It holds that (i) """ = 0 and z* < oo for all m € M; (it) E[P;Djlwi] < o0,
E[RjD”Wi] < 0, and E[|Pj||wi] < 00, V] € Ii+1 ) {I},‘ and (ZZ’I,) E[E[Pij|Wi+]]|W1] < 00,

E [E[Rij|Wi+1]’Wi] < 00, and E [E[|Pj||wi+1]wi] < 00, V] € Ii+2 U {I}

Lemma 2.7.5. At stageie€ Z ul, given 0 < wy < 0, if Assumption 2 holds, then |Vi(-,wi)| <

0 and |E [Vi+1(~,wi+1)|wi] | < Q0.

Proof. We start by showing that the value function Vi(-,w;) is bounded from above for i €

Z u {I}. From the definition of MDP (Equation 2.12) at stage i, we know that for each policy

Xi,Wi] .

By choosing 7 to be the policy that only procures from the short-term market (i.e. CPPA

m; € TT;, we have

Vi(xi,wi) < E [Z ijiCj (X;Ti,Wj, Z;Ti (XjTri,Wj)) + vlficl(x}“,wl)
JEZi

procurement decisions z;i ., are always zero), we obtain the following inequalities:

Vi(xi, wi) <E[ Y, Y HPDj + aRDj)
e u{l}

wi] (2.23a)

< D <E[Pij\wi]+ocIE[Rij|wi]>, (2.23b)
jEZ ui{l}

where Equation 2.23a is obtained by accounting for the costs of short-term procurement and
Equation 2.23b by dropping the discount factor vy < 1 and the linearity of the expectation

operator. The value function V;(-, w;) being bounded follows from Assumption 2. Next, we have

E [Vi+] (Xi+1,Wi+1)’Wi] < Z (E [E[Pj D]' |wi+1]\wi] + «E [E[Rj Dj ’Wi+]]’W1] ),
JELi 41 {1}

where the individual terms in the right hand side are bounded by Assumption 2.
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To show that Vi(-,w;) is bounded from below, we distinguish between PCs and SCs. In
case of PCs, Vi(-,w;) is trivially bounded from below by zero because all terms in the cost
function (Equation 2.10) are non-negative. Consequently, E [VH] (-,wi+1)|w1] is also bounded
from below by zero. In the case of SCs, the cost function c;i(xi,wi,z;) contains the term
Pi(Di — xi0) which can be negative, and it holds that c;j(x;, wj,zj) = —|Pjxj0| = —|Pj| ;0 for
each j € Z; U {I}. Since the actions at each stage are bounded, there exists a value N* such that

x50 < N* for all j € Z; U {I}. Hence, c;j(xj,Wj,zj) = —|P;j| N*. Therefore, we obtain

Vi(Xi>Wi)>E[ D Y P
jGIiU{I}

xi,WiIZNu > Y TE[IP i,
jGIiU{I}

which is bounded for a given 0 < w; < o by Assumption 2. Therefore, Vi(-,w;) is bounded

from below. Finally, holds that

Xi+1»Wi+1] Xi»Wi}

y

E[Vip(wia)wi] = > —Yj_iE[E[’PinN
JETi 41 U1}

> N" Z _‘yj—iE [E [|Pj| )Wi-H]

JELi 41 oL}

> —o0,

where the last inequality holds by Assumption 2. Therefore, it holds that |V;(-,w;)| < oo and

|E [Vit1 (-, wig1)|wi] | < o0 for both PCs and SCs. O
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Proof of Proposition 2.3.1. Since z2® = 0 for each m € M, we have that Z;(a;) is a convex

set. Consider the Bellman recursion associated with Equation 2.12:
VI(XI,WI) = CI(XI,WI), V(XI,WI) € XI X WI,

Vi(xi, wi) = min ){Ci(XnWi,Zi) + YE[Vigr (fi(xi, z4), wig) |Wi]}, V(i xi,wi) € Z x & x Wh.

ZiEZi((li
At a given stage i, let Ci := {(xi,zi)|xi € Xi,zi € Z} denote the set of actions and states at 1,

and also define
Gi(xiy Wiy zi) = ci(xi, Wiy zi) + YE[ Vi (f(xi, zi), wigr) |[wil.
To prove the convexity of MDP (Equation 2.12), we start by showing that Gy_1(xj—1, wi_1,21-1)

is jointly convex in the state x;_; and action z[_1, i.e. in set C;_1, at stage [ — 1. For a given

wi_1, we have:

Visi(x1-1, wi-1) = min {01—1(XI—1>WI—1»ZI—1> +YE[VI(f(X1—1,Z1—1)>W1)\W1—1]}-
z11€21-1(ar-1)

We know from Lemma 2.7.5 that Vi_;(x;_1,wi_1) and E[Vl(f(x1_1,zl_1),w1)|w1_1] are finite
quantities. Based on the definition in Equation 2.10-Equation 2.11, cy_j(x1—1, Wi_1,21_1) is
piece-wise linear and convex in x;_;. Furthermore, the terminal value function Vi(xp,w;) =
ci(xg,wr) is convex in x for a given wy based on the definition of terminal cost. Thus, the
continuation function YE[V(f(x1_1,2z1_1),w)|wi_1] is convex in x;_;. In addition, the set C;_;
is convex since both X711 and Z1_1(aj_7) are convex. As a consequence, for a realization of wy_j,
the function Gy_1(z;-1,X1-1,Wi—1) is convex in the set C;i_;. The convexity of Vi_j(xj—_1, wi_1)

as a function of x;_1 now follows from Proposition B-4 in [94].
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Suppose Viy1(-,wiy1) is convex in xi47. Following the same steps above, we can show that
Gi(xi, Wi, zi) is convex in C; and consequently V;(-, w;) is convex in xi. Hence, the result follows

from mathematical induction. O

Proof of Proposition 2.4.1. We first prove the feasibility of H;(z;(W;)) under the two con-
ditions of Proposition 2.4.1.

1. Since Zi(a;) is convex and bounded, for any Wj|w;, the optimal decision z;(W;) at
stage 1 is finite. Moreover, the average of the actions for the random variable W; given wy,
E[zi(W;)|wi], belongs to the set Zi(a;); thus, E[z;(W;)|w;i] is feasible.

2. Hi(zi(W;)) is feasible since z; is feasible and finite based on the statement of the condition
and boundedness of the set Z;(aj).

Next, assuming H; satisfies one of these conditions, we establish its optimality when using
ideal dual penalties in math program Equation 2.14a—Equation 2.14e. Specifically, we show that
the decision at every sample path W; is optimal. Our proof relies on the stochastic dynamic

programming (SDP) reformulation of Equation 2.14a—Equation 2.14e at stage i, which is
VIR (x; Wh) = cr(xa, w), Vg € Ag, (2.24a)

V% (x;;Wj) = min {Cj(xj>wj>zj)_qj(xj>zjavvj)
ZjEZj((lj)

+ Vi (609, 7)) }> ¥j € T, ¥xj € X (2.24b)

At stage I, it is true that VIIR(XI;WI) = cy(xg,wr) = Vi(x,wy) for each x; € A7. By backward

induction, we assume ViE

i1 (Xj+1; Wj41) in Equation 2.14 equals Vj11(xj+1, Wj41) in Equation 2.12
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and prove the equality for stage j. The following equation represents the stage-j step of SDP

(Equation 2.24) when the ideal dual penalty (Equation 2.15) is used:

VI W) = min {505, w5, 25) = YVin (50x1,21) Wyn) + VE[Vin (£x5,20), Wi ) ]
)

YV (55(x0,2)) |, i€ X, (2.252)

=iy {Cj(xj’wj’zi) +VE[Vity (fi(xi>zj)»wj+1)’Wj]}, Vxj € Aj. (2.25b)
)

= Vj(x5,wj), Vxj € &, (2.25¢)

where Equation 2.25b follows from the induction hypothesis, and (Equation 2.25¢) from the def-
inition of the SDP associated with MDP Equation 2.12. The relation, \/).IR (x5, W5) = Vj(x5, wj),
thus holds at the generic stage j € Z; u {I} for the principle of mathematical induction. The op-
timality of the action for every Wj is immediate from this equality. Since z;(W;) is equal to the
optimal decision for any sample path, a feasible decision measure H; that satisfies conditions 1

and 2 leads to an optimal solution to MDP (Equation 2.12). O

2.7.2 Deterministic renewable target

In this section, we analyze procurement costs for a PC and an SC under a deterministic
RPPT and compare it with analogous costs under the stochastic RPPT discussed in §2.2.1. A
deterministic RPPT involves satisfying a fraction « of known demand D, that is, the RPPT
is aD. Choosing a deterministic RPPT only affects the term corresponding to the shortfall
in meeting the renewable target in the cost functions of PCs and SCs, i.e. Equation 2.1 and
Equation 2.3, respectively. Specifically, the expression E[R(a«D — z)] in both functions is

replaced by E[R](«D — z) .
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An analogous result to Proposition 2.2.2 holds for the expected procurement cost of PCs
and SCs in the presence of a deterministic RPPT (we omit this result for brevity). However,
the value of setting a deterministic target instead of a stochastic target is unclear and depends
on both future and past power demands. Proposition 2.7.6 characterizes a region for D in
which PCs and SCs with deterministic RPPTs can lead to higher procurement costs than with
stochastic RPPTs. In (Equation 2.26a) and Equation 2.26b we define the optimal procurement

cost, respectively, in PCs and SCs when the target is deterministic.

Cpcp(a, K) := Izn>151 {Kz+E[P(D —2z)] + E[R](aD — 2) }; (2.26a)
Cscp(oy K) == min {E[PD] + E[(K — P)z] + E[R](«D — z); } . (2.26b)

Proposition 2.7.6. Suppose Assumption 1 holds. Then, for each x € (0,1], Cso(e,K) <

Csc.p(o, K) if and only if D > 2]—0(2’504— %. Moreover, assuming E[R] < E[P], there exists an

o € (0,1] such that Cpe(a, K) < Cpeo.p(e, K) if D > E[D] + (b;a)ﬁ
The proof of this proposition relies on Lemma 2.7.7.

Lemma 2.7.7. Under Assumption 1, it holds that:

(a) The optimal PC procurement quantity z”;,C’D with deterministic RPPT, «D, is given by
i _ K — E[R]
Z*PC,DZmlH{O(D,b— (IE[P]) (b—a)},

(b) Cpc,p(x,K) is linear and increasing in o for o« = [0,a/D) u [2//D,1) and strictly convex
K

and increasing in « for « € [a/D,min{z'/D,1}), where z’ := b — E[]?,[]R] (b—a).
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Proof. (a) The expected procurement cost for a PC with deterministic RPPT is
Qrcp(e,K,z2) =Kz +E[P(D —2), | +E[R(aD —2)_ |. (2.27)

Similar to Qpc(a, K, z), Equation 2.27 is also convex in the procurement quantity z. Therefore,
the optimal quantity z-  minimizing Equation 2.27 can be determined by considering its first

derivative:

dQpcp(a, K, 2)
dz

If z > «D, then the indicator function in the last term is zero and the derivative is non-negative
since K > E[P]. Thus, the quantity zj p, minimizing Equation 2.27 lies in the interval [0, aD].

In this interval, the indicator function is equal to 1 and the solution to dQpp(«, K,z)/dz = 0 is

2 =v- (S5 - a)

This quantity is independent of «. Moreover, z’ is greater than a because the strike price K is
upper bounded by E[P] +E[R] in Assumption 1. Since the optimal procurement quantity 8o p

must lie in the interval [0, «D], we conclude that zpc p = min {z’, aD}.

(b) We distinguish three cases for the expected cost (Equation 2.27) depending on the value of

x.
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Case I): aD < a. Since a < z/, then aD < z’ and z}p = min{z’,«D} = aD. The optimal
cost is
Chon(,K) : = Qpe,p(a, K, zhop = aD)
= KaD + E[P(D — aD) 4|
= KaD + E [P(D — aD)],

where the last equality is due to aD < a. C%,C p(a, K) is linear in o because its first derivative

is independent of o
dC%QD(oc, K)

P = (K — E[P])D.

Case II): a < aD < z'. In this case again it holds that z{op = min{z/, oD} = aD, and the

optimal procurement cost is
C{DIC,D(O% K):= QPC,D(“,K,Z;QD = OCD)
—KaD +E [P (D~ aD),|.

The first and second derivative of this expression with respect to « are

dcu o, K — oD -
pc.p (o, K) _ {K—E[P]b o ]D -0
da —a
dCHE (o, K) aip D2 .
d?« = B[ ]b —a
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Therefore, the optimal procurement cost is convex increasing in «.

Case III): z/ < oD. In this case, zjo p, = min{z/,aD} = z’ and the optimal cost is

Cgé,D(“» K) : = Qpep(e, K, zpop = 2')

('~ b) !

=Kz’ + E[P]m + E[R](«D —27).

Since the first derivative
111
dCpe p (e, K)

2 ~E[R]D

does not depend on «, the procurement cost CgIQD(oc, K) increases linearly in the target level.

Finally, the following relations hold between the slopes of the procurement costs in the afore-

mentioned three cases.

dC%C,D(o‘v K) < ngC,D(% K) < dcg(IE,D(OQ K)
do do do )

O]

Proof of Proposition 2.7.6. (a) The expected SC procurement cost with deterministic RPPT
is
Qscp(, K, z) =E[PD] + E[(K — P)z] + E[R(aD — z)].

This function is continuous for z € R, , and is differentiable for z € R, \{aD} with derivative

dQsc,p(x, K, z)
dz

= K=E[P] —E[R]1},p5,.

This expression as a function of z is a non-positive constant if z < «D, and a non-negative
constant otherwise. In fact, in the former case the indicator function is 1 and it holds that

K — E[P] — E[R] < 0 due to Assumption 1, whereas in the latter case the indicator function is
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zero and it holds that K — E[P] > 0 also due to Assumption 1. It follows that zi-p, = aD is

an optimal procurement quantity, and the associated optimal cost is
Csen(o, K) = Qsen(e K, Zie,p = aD) =E[PD] + E[(K — P)]oD.

The slope of the optimal cost function with respect to the target is

dCSC’D((X, K) . —
—dqa - (K — E[P])D.

Given that both functions Csc(e, K) and Csc,p(e, K) are linear increasing in o (see also Propo-
sition 2.2.2) and are equal at « = 0, it follows that Cgc(«, K) < Cscp(a, K) in « € (0, 1] if and
only if the analogous condition on their slope holds, i.e., dCsc (&, K)/da < dCsc p(a, K)/de.

Below we establish a necessary and sufficient condition for this relation to be true.

dCSc(O(, K) < dCSC,D((X) K)

o ™ — (K—IE[P])ZinLE[R <D_Z§(C>+] < (K—-E[P])D
_ (a—Db)(K—-E[P]) 1T, b
~— D> JE[R] +b= EZSC + 3

where the second implication is obtained by replacing z&~ with its expression given in Lemma

2.7.1 and simplifying the resulting term.

(b) The functions Cpc(a, K) and Cpc p(«, K) have been characterized in Proposition 2.2.2 and
Lemma 2.7.7, respectively. Both Cpcp(a,K) and Cpc(a, K) are convex and increasing func-

tions of &, and it holds that Cpc p(1,K) = Cpc(1,K) for

K — (E[R] + E[P]))” + E[R](E[P] + E[R]) — (E[P] + E[R])*

. (
D=D":=(b—a) 2E[P](E[R] + E[P])

+b.
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This expression for D’ belongs to the interval [a, b] and can be derived as follows:

Cpc(1,K) = Cpc,p(1,K)

/

— Kzfe + E[P]M + E[R]M =Kz + IE:[P]ﬂ + E[R](D —2/)

2(b—a) 2(b—a) 2(b—a)

— BIRID = K(zh —2) + BP0 gy (e 1)

— D= E[E] <K+ E“’“ﬁgji’; 2")) " %iigjgz 2
ooy K BRI E[PD);QUI#E][E [(]I:Z][Z] gﬂi[)m) —EPLERY o
=D/,

where Equation 2.28 is obtained by replacing zj and z’ by their expressions based on Lemmas
2.2.1 and 2.7.7, respectively, and simplifying. Since Cpc p(«,K) is strictly increasing in the
value of D, we can claim that if D > D', Cpcp(1,K) > Cpc(1,K). Therefore, there exists
o € (0,1] that satisfies Cpc,p (&, K) > Cpc(a, K).

Finally, the value of D’ can be bounded from above as follows:

—E[P](E[P] + E[R]) + E[R]?
2E[P](E[R] + E[P])

[R]
2(ER]+ B[P]) * °
b—a) E[P]

2 E[R] +E[P]’

D'<(b—a) +b

=

where the first inequality holds by replacing K with E[P] since K > E[P], and simplifying,
and the second inequality results from the assumption E[P] > E[R]. Therefore, there exists

o € (0,1] such that Cpcp(x, K) > Cpc(a, K) if D> E[D] + (b—a) E[P] 0
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Proposition 2.7.6 provides support to the fact that deterministic RPPT's are not always cost-
beneficial and companies with such targets might incur higher procurement costs compared to
a stochastic RPPT. In particular, stochastic RPPTs might be cost-beneficial for companies
with a negative drift in their power consumption due to, for instance, investments in energy
efficiency programs (see, e.g., the supplement of [46] for more details on companies with both
an RPPT and energy efficiency initiatives). These companies might benefit from committing
to a stochastic RPPT to lower the energy costs in spite of adding uncertainty to their RPPT

fulfillment.

2.7.3 Non-convexity of the value function

We show that the value function Vi(-,w;) of MDP (Equation 2.12) is non-convex in the
endogenous state x; by using a simple counter-example with two periods (i.e., 0 and 1), in
which a PC can be entered at stage 0 with delivery at stage 1. We assume that ap = 1,
i.e., the contract is available, and that minimum and maximum procurement quantities are
ZMn — 6 MWh and z™#* = 100, respectively. Thus, a feasible action zy belongs to the action set
Zo(ap) = {0} u[6,100] = R;. Moreover, we assume that demand is constant, i.e. Do = D; = 10
MWHh, power and REC prices have values Py = Ry = 10 USD/MWh and are martingales (i.e.,
E[P1|Po] = 10 and E[R;|Ro] = 10), the strike price is K = 11 USD/MWh, and o = 0.8. We
consider the cost functions corresponding to a PC. Proceeding backward, the terminal value

function (stage 1) is convex in the state x; as it is equal to

Vi(x1,wy) = P1(Dy —x1)4 + Ry(a«D1 — x1) 4,
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which has the slope Py + Ry for x; € [0, D1], the smaller slope P; for x; € [«D1,D1], and is

equal to zero if x; > 10. Instead, the stage 0 value function is given by

Vo(xo, Wo) =Zo£(i)?ao) {Kzo + Eo [P1(D1 — X0 — 20)1{D, >xo+20} + R1(aD1 — X0 — 20)1{aD, >xo420} | }

= min  {Kzo + Po(Do — X0 — 20)1{Dy>xo+20} + Ro(Do — X0 — 20) L{aDy>xo+20} } 3
20€20(ap)

which is non-convex in xg as illustrated in Figure 7. In particular, Figure 7(a) displays the
value function Vj(,w;) as a function of x; for Py = Ry = 10, and Figure 7(b) plots Vo (-, wy)
and zj as functions of xg for wy, which is known. For xg € [4,5.7], the value function Vy(:, wo)

takes a constant value because it is optimal to enter into a PC of size z™™ = 6, which causes

over-procurement, and the expected short-term cost is zero. Instead, when xo > 5.7, the
over-procurement cost exceeds the benefit of enjoying lower power price (K = 11 < 20 =
min

E[Py + Ry|Pg, Ro]), and the optimal action jumps from z§ = z™" = 6 to zj = 0, i.e., it becomes

optimal to use the short-term option.

2.7.4 Model of market dynamics and calibration

In this section we present in detail the stochastic processes used to describe the evolution of
the power price, REC price, and power demand, and discuss their calibration using market data.
The evolution of electricity prices has been studied using various processes that capture
features such as seasonality [118], mean-reversion and long-term trends ( [161] and references
therein), and jumps [43,76,168,198,199]. To obtain a power price model that captures the main
features of spot electricity prices, we construct a mean-reverting stochastic process with jumps

and seasonality. We use a continuous-time process for the power price {Py, t € R;}, and then



86

Figure 7: Stage 1 and stage 0 MDP value functions.
(a) Value function Vj(-,w;) with Py = Ry = 10.
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consider in our decision model discrete-time values {Pi, i € Z U {I}}, which are the values taken

by this process at the beginning of stages i € Z u {I}} (we do the same for the REC price and

demand process). Following [199], the power price model is written as:

In(Py) = x¢ + 9(t), (2.29a)

dxt = (vp — Kpxe) dt + op dW: + J(wy, 07) dTT(A), (2.29h)
12

g(t) = bo+ > diPL. (2.29¢)

k=1
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Equation 2.29a describes the log power price process as the sum of a stochastic component x; and
a deterministic component g(t). The stochastic component evolves according to Equation 2.29b,
where Cp is the speed of mean reversion, vp models the drift, op is the volatility, and W; is a
standard Brownian motion. We model spikes in monthly prices by a jump diffusion process in
which the jump size follows a normal distribution J(uj, o7) and the jump frequency a Poisson
distribution TT(A) [43]. The deterministic function g(t) in Equation 2.29¢ models the monthly
price seasonality by using a constant ¢y for each month k, and binary values ﬁlt‘ equal to one
if time t falls in month k and zero otherwise.

We calibrated the parameters of model (Equation 2.29) using historical monthly power price
data from the Pennsylvania New Jersey Maryland Interconnection LLC (PJM) market during
the period January 2010-August 2017. Analyzing power prices, we found that the jump fre-
quency and intensity are small when considering monthly prices. We thus tested the number
of jumps in the monthly power prices using the algorithm presented in [199, p. 1047], and
found the jump diffusion parameters to be insignificant. Therefore, we removed jumps from
the model and only focused on a mean-reverting process with seasonality. We first estimated
the seasonality function g(t) directly from the data using linear regression, resulting in the co-
efficients {¢y, k = 0...,12} = {3.519, 0.258,0.163,0.078,-0.026,0.003,0.039,0.174,0.013,0.009,-
0.037,-0.038,0.000}. Then, we calibrated the mean reverting coefficients using maximum like-
lihood estimation. The resulting estimates were Kp = 0.295, op = 0.178 (both with a p-value
below 0.001), and vp = 0. We set Py = 31.5 USD/MWh which is the average power price ob-

served in 2017. When plotting the sample paths using the calibrated parameters, we noticed
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that the speed of mean reversion was too strong and so we decreased it from p = 0.295 to
Kp = 0.04 for our numerical study. We illustrate this effect in Figure 8(a) and Figure 8(b),
which display 300 power price sample paths generated in Monte Carlo simulation over 20 years

using Kp = 0.295 and Kp = 0.04, respectively.

Figure 8: 300 Monte Carlo sample paths of power prices for different mean-reversion speeds.
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The dynamics of REC prices has been less studied in the literature. Under renewable
portfolio standard (RPS), which is one of the prominent support programs for renewable energy
sources, the regulator requires producers, distributors, and consumers to purchase RECs. To

forecast the evolution of REC prices, following [209], we use a Jacobi diffusion process to
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generate values between zero and one, and obtain REC prices as the product between the output

of this stochastic process and an upper bound threshold. The stochastic process is defined by

dre = (VR — Krro)dt + og/e(1 — 1¢) dW4, (2.30a)

Ri =1t R. (2.30b)

In Equation 2.30a, vg and Iy are the mean-reverting parameters, oy is the volatility, and W, is
a standard Brownian motion. The process (Equation 2.30a) generates values 1y € [0, 1], which
are then scaled in the second Equation 2.30b by the threshold value R to ensure R; belongs to
the interval [0, R].

We chose an upper bound of R = 60 USD/MWh that is representative of wind RECs [75].
We then estimated the parameters of the REC price model using monthly data for New Jersey
REC prices between May 2015 and December 2017, and an adaptation of the maximum likeli-
hood estimation method for Jacobi diffusion processes from [87]. We obtained the parameter
estimates Kr = 0.448, vg = 0.066, and og = 0.109 (p-values were below 0.001). We set Ry = 10
USD/MWh, which is representative of the average REC price in our time series.

The electricity demand of a company is uncertain due to various factors including tech-
nology change, company expansion programs, energy efficiency programs, and environmental
conditions. We model power demand uncertainty using a geometric Brownian motion, which is

a common choice in the procurement literature to describe demand uncertainty [17,107, 164].

The process is defined by

th = LLDDt dt + UDDt th, (231)
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where up, op, and W, represent drift, volatility, and a standard Brownian motion, respectively.
To estimate the parameters of Equation 2.31, we use as reference the approximate power
consumption of a Google data center in the United States. Considering the total Google annual
power consumption [85] and the number of its data centers, we estimate the consumption of
a facility with two data centers as 600,000 MWh /year, and use this value as Dy. We assume
up = 0, that is zero demand drift because of two opposing factors: (i) the increasing size and
demand for such centers, which would suggest a positive drift; (ii) improving technology and
energy efficiency initiatives implying a negative drift. We chose op = 0.05 based on [164].
The calibrated models allow us to generate sample paths of the uncertainty in Monte Carlo
simulation, which are needed to estimate the value of the procurement policies and dual bounds.
To construct the instance set S3, we changed the calibrated value for vp from 0 to —0.014
and —0.0342 to obtain long-term mean power prices equal to 30 and 20 USD/MWh, respectively.
Similarly, to construct the instance set S4, we changed the calibrated value for vg from 0.066 to

0.035 and 0.14 to obtain long-term mean REC prices equal to 5 and 20 USD/MWHh, respectively.



CHAPTER 3

INTERPRETABLE USER MODELS VIA DECISION-RULE GAUSSIAN

PROCESSES AND STORAGE OVERBOOKING APPLICATION

(Joint work with Selvaprabu Nadarajah and Theja Tulabandhula)

3.1 Introduction

Models of user behavior are critical in many decision making problems and can be viewed
as decision rules that transform state information (in set S) available to the user to actions (in
set A). Formally, a user model is a function f : § — A. Gaussian processes (GPs) employed
to learn functions on the action/target space (henceforth target GPs or TGPs for short) can
thus be used to place a prior on user models and identify a posterior distribution over them
supported by data in conjunction with approximate Bayesian inference techniques [14,26].

TGPs for user modeling would assume that user actions at a given set of finite states follow
a multivariate Gaussian. To capture non-Gaussian action distributions, one could apply GPs
to learn functions in a transformed space that is not the target. Examples include warped and
chained GPs proposed in [173] and [159], respectively. Extending this literature, we study the
application of GPs in a transformed space defined by decision rules. Such rules are known in
several applications and depend on functions themselves. Specifically, a user model based on a
decision rule takes the form g: TPy x & — A, where the arguments are obtained using func-

tions hy : S — Py, k = {1,...,K} that map from S to transformed spaces Py, possibly different

91
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from the target space A. Each such function has immediate interpretability to a practitioner,

and we model them using GPs. We refer to such a user model {g, hy,...,hi} as a decision-rule
GP (DRGP).

To make the notion of DRGPs concrete in this short article, we focus on the problem faced
by a firm providing services to store ethanol — a real application that motivated this work.
Suppose capacity (in gallons) is sold via annual contracts to N users. The contract of user n
specifies the maximum amount of ethanol that can be stored, denoted by C;. User behavior
corresponds to the injection of ethanol and the withdrawal of previously injected ethanol, which
can be modeled as a time series. The inventory I, ; in storage associated with user n at time t
is the net of past injections and withdrawals. A TGP approach would employ a GP to deter-
mine the next-period storage inventory level function I, ;1 directly. In contrast, we propose a
DRGP that leverages a well-known decision rule based on injection and withdrawal threshold
functions [49,165]. These threshold functions are learned as GPs instead of the (relatively less
interpretable) inventory function.

We focus on the following research questions in the context of the ethanol storage appli-
cation: (Q1) Can existing exact and approximate Bayesian inference techniques be used for
inference with DRGP? and (Q2) How does DRGP perform relative to TGP?

We answer these questions by executing numerical experiments based on real data of ag-
gregated ethanol storage injection and withdrawals. For Q1, we show that sparse variational
inference [93,179], which can be applied to TGP on our data set, can also be used with DRGP,

albeit heuristically, which is encouraging from an implementation standpoint. For Q2, we find
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that DRGP implemented in this manner leads to lesser out-of-sample error than TGP on most
of our datasets, in addition to being more interpretable to practitioners. This preliminary find-
ing is promising and suggests that applying GPs in the interpretable space of the decision rule
threshold functions has potential value, which adds to the growing literature on interpretable
machine learning and optimization [21,113]. In addition, the improvements we report are
based on the heuristic use of sparse variational inference with DRGPs, which bodes well for
additional potential improvements from the development of new inference techniques target-
ing DRGPs. Finally, several applications in energy, health care, and transportation, among
other domains, have known interpratable decision rules, which can be leveraged in the DRGP

framework proposed here.

3.2 Related work

[173] show that modeling data using a warped GP, which is a non-linear transformation
(aka warping) of a GP, can enhance predictive performance. Inference using a warped GP can
be performed in closed-form provided the warping function satisfies certain properties, such as
being invertible. [110] consider the case where the warping function is not fixed a priori. DRGPs
differ from warped GPs as they are based on a potentially non-invertible transformation of
multiple GPs.

Chained GPs by [159] extend warped GPs by considering a likelihood function that factor-
izes across the data and is a general nonlinear transformation of multiple latent functions, each

modeled as a GP. Exact inference of chained GPs is not tractable in general and thus approxi-
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mate inference techniques are used instead. See [111,188]; and [130] for alternative approaches
to handle multiple GPs.

Recent work has focused on finding a balance between the modeling generality (restrictive-
ness) of chained (warped) GPs and its associated challenging (straightforward) inference pro-
cedure. For example, [180] extend a warped GP using a composition of simple functions and
retain closed form inference. DRGP is similar to a chained GP because its underlying decision
rule is a nonlinear transformation g(-) of multiple GPs that model functions hy,..., hx. How-

ever, unlike a chained GP, each function hy is interpretable and not necessarily latent, which

simplifies inference (see §3.3 for details). For instance, in our energy storage application (where
K = 2), the functions hy and h; correspond to injection and withdrawal threshold functions,

respectively, and are fully or partially observable.

3.3 DRGPs for energy storage

For each user n € N, the most basic inventory update model capturing temporal depen-
dencies can be written as: Int11 = fn(Int, Xnt) + €nt, where f, is the user specific transition
function, Xy is an exogenous variable with information such as commodity price at time t and
other observable user characteristics (e.g., contract size Cy), and €ny is an i.i.d. zero mean
Gaussian noise variable. We assume that the exogenous state evolves in a Markovian manner.
Given sufficient historical inventory usage data for each user, we can infer a posterior on f, for
each user n separately (this is TGP).

While TGP can capture rich user behavior patterns, it is relatively less interpretable be-

cause the relationship between the previous inventory level (and other inputs) and the next
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inventory level can turn out be highly nonlinear, and using the corresponding posterior be-
lief in downstream overbooking decisions may become cumbersome. To alleviate this, we en-
hance the interpretibility by incorporating findings from prior literature [49]. In particular, it
is known that a user (e.g., a merchant operator) makes injection-withdrawal decisions using a
two threshold decision rule structure (also called a double base-stock policy) under reasonable

assumptions on the stochasticity of the exogenous variable Xy ;:
min{fg,t(ln,t» Xn,t) - In,t» G} if In,t < fg,t(ln,t» Xn,t)
It1 = Ine =10 if 15 4 (Inyt, Xnyt) > Ine > £ ¢ (Tnyt, Xnyt)

- min{In)t - fPl,t(Invt) Xn\t)) G} lf f?l,t(In»t) Xn)t) < Invt)

where %, f® are two threshold functions and G is a known operational parameter. Because this
two-threshold structure for user behavior is interpretable (user injects if below a given thresh-
old, withdraws if above another threshold, and holds still in between), we use this to define

DRGP as follows:

-

fll(ln,nxn,t) if Ing < fL(In,bXn,t)

1 g2
In,t+1 = g(fn’fn’xnat) = < In,t if fi(ln,t,Xn,t) > In,t > f}L(In,t,Xn,t)

fﬁ(ln,h Xn,t) if fyzl(ln,ta Xn,t) < In,ta

where GP beliefs are placed on the threshold functions f' and f? (with noise terms associated
with each function suppressed to ease notation). Note that this composition of two functions

f! and 2 is non-invertible.
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3.4 Computational experiments

3.4.1 Data

We use aggregate inventory level data (~ 100 observations over 2 years) provided by a US
ethanol storage operator. The aggregate values are log-transformed and split into separate
inventory levels for four users based on three different heuristics to simulate different types
of injection-withdrawal behavior (see Appendix 3.6.1). As a result, we obtain three datasets
with low, medium, and high variability of injection and withdrawal patterns. We also vary the
number of data points across all users, T, between 200 and 400.

These data sets also include information about the exogenous state vector Xy that includes:
(i) the lease capacity of each user; (ii) the spot and prompt-week futures prices for ethanol;
and (iii) the prompt-week futures prices for corn and natural gas. We obtain price data from
Bloomberg.

3.4.2 Inference

At any time step, a user may inject, withdraw, or do nothing. When a user injects, the in-
ventory level X, 141 reached as a result of this injection is fy at X, ¢, and as a result, this thresh-
old value is observed but the withdrawal threshold is not. Similarly, if there is a withdrawal
action, f; at Xy is observed while f; is not. In other words, f; and f; are partially observable
over time. To avoid handling partial observability during inference, we partition the dataset
based on when users inject and withdraw and learn the functions f; and f;, respectively, on the
resulting subsets. When computing posteriors in this manner, the ordering of f1 and f; may not

satisfy the condition f; < f; that is implicitly assumed in the DRGP model. To overcome this
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issue, we train a classifier to first predict if a user’s decision is either injection or withdrawal
and then employ the corresponding threshold to determine the next stage inventory level.

We compute posteriors on fi and f; using sparse (GP) variational inference [179] with 10
inducing points and an Automatic Relevance Determination kernel (note that while one can
also use exact GP regression here as an alternative, we chose the former for future scalability).
We use a gradient boosting decision tree based classifier.

Both TGP and DRGP can be combined with transfer learning by assuming a common
component across users and a user specific latent variable. We also consider such models and
label them TGP-TL and DRGP-TL. Details of these models and their accompanying inference

procedures can be found in Appendix 3.6.2.

3.4.3 Results

In the first experiment, we answer the question (Q2) laid out in the Introduction, which
seeks to relate the empirical performance of DRGP when compared to TGP. In order to do so,
we perform a training-validation partition of each dataset based on a 70% — 30% split. The
training data is then used to obtain the posteriors, for instance on ! and f2 in the case of
DRGP, for each user n = 1,...,4. Subsequently these posteriors are used to predict the inventory
levels in the validation data. The mean and standard deviation of the root mean squared errors
(RMSEs) for TGP and DRGP are displayed in Figure 9 for two values of dataset size T. When
T equals 200, the RMSE of DRGP is smaller than TGP across all datasets. As the number

of data points T is increased to 400, this trend continues to be true for datasets 1 and 3 but
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is reversed for dataset 2. Overall, we can conclude that DRGP obtains a lower RMSE than

TGP in most cases, while also buying us interpretability.
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Figure 9: Out of sample RMSE for TGP and DRGP with T = 200 (left) and T = 400 (right). In each panel,
there are 6 box plots corresponding to three pairs of datasets in order.

In the second experiment, we investigate the value of transfer learning (where users share
common priors). Figure 10(a-c) compares the models with and without transfer learning (T =
400). We observe that incorporating transfer learning produces mixed results, suggesting that
these datasets may lack a common user behavioral pattern that can be exploited. Further, in
Figure 11 (a~d), we illustrate the quality of one-step predictions of the transfer learning models
(for all users in Dataset 3, with T = 400) as a function of one of the exogenous variables (spot
price) in the validation data. We observe that DRGP-TL can predict the out-of-sample log-

inventory levels with higher accuracy and low uncertainty when compared to TGP-TL.
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Figure 10: Predictive performance with & without transfer learning across the three datasets.
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Figure 11: One step prediction of log(inventory) level for dataset 3. The means are shown in solid, and the
standard deviations around them are shown using dotted curves.

Conclusion and future research

Our study of DRGPs shows that there is promise in leveraging decision rules to define non-

linear transformations of GPs for user modeling in the ethanol storage application. Extending

this investigation to other real-world applications and developing inference procedures tailored
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to DRGP would be valuable. Other research directions being explored include: (i) the interplay
between the structure of decision rules in a class of applications, their interpretability, and
how this can be leveraged within inference procedures for DRGPs; and (ii) robust inference
techniques for DRGP, where parameters are computed by optimizing a metric other than the

(exact/approximate) likelihood function.

3.6 Appendix
3.6.1 Datasets

The ethanol application dataset contains the daily aggregate inventory level of a storage
tank in the US, and the daily price of ethanol over a period of two years. We consider weekly
inventory levels to model the behavior of users, as suggested by practitioners. There were 39
companies signed up in the system, with various contract sizes. Assuming that users cluster into
groups that have similar injection and withdrawal patterns, we created four users (essentially
user types/groups) by assigned these companies to each group based on their contract size. We
break down the aggregate inventory levels to four user levels based on three heuristics. These
three heuristics are designed to test the performance of the four approaches we have for user
modeling; and they capture low, medium, and high variance of injection-withdrawal patterns
of users.

The first dataset is created by assigning fractions of the aggregate inventory to each user
proportional to their contracted capacity, and simulates a system where the users have low
variability. In the second dataset, we simulate a setting where users have medium variability

when interacting with the system. This is captured by ensuring that the users do not change
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their inventory levels with probability 0.5, and change their inventory levels randomly between
0 and their rented capacity, again with probability 0.5. Finally, to simulate a system where
users interact with the system with high volatility, we make the users change their inventory
level randomly from 0 to their rented capacity in every period, such that the aggregate of these

individual inventory levels is equal to the aggregate inventory level.

3.6.2 Approximations for Bayesian inference

Sparse GP for Scalability: For TGP and DRGP, we rely on variational sparse Gaussian
process based inference procedure [93,179]. Inducing point methods involve introducing M « T

inducing points at locations Z = {z;}M, with corresponding function values given by wu; = f(z;)

such that:

p(fl{Int, Xnthiz1, Z) = Jp(fl{ln,t,Xn,t}Lnu)P(ulz)du,

where f is the vector of function evaluations at the T observation points. Using this approach,
we are able to approximate the posterior GP with a variational distribution that only depends
on the inducing points by obtaining a lower bound on the marginal likelihood.

Transfer Learning: TGP-TL modifies TGP by assuming that user specific latent variables
and a common target function together drive the inventory updates of all users [54,55,191].
That is, Inty1 = f(Ing, Xnty Yn) + €nt, Where f is a common target function across users that
maps the triple (In ¢, Xn,t, Yn) to the next inventory level I, {11, and vy is a user specific latent
variable. We can jointly infer a posterior belief on f (we fix this to be a GP) and vy, (which we
take to be Gaussian distributed) using LVMOGP [54]. Common temporal patterns of all users

can now be captured by f, while idiosyncratic aspects of each user can be captured using vyn.
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Similarly, DRGP can be extended to DRGP-TL, where we have common threshold functions
for all users and user-specific latent variables to capture user heterogeneity. The graphical

models for TGP-TL and DRGP-TL are illustrated in Figure 12.
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Figure 12: The DRGP-TL and TGP-TL models capturing common user behaviors.

The inference procedure for transfer learning extensions of TGP-TL and DRGP-TL in-
volves handling the joint distribution with respect to the latent variables I' = {y1,..,yn} and
the common function (two functions in DRGP-TL). The following independence assumption

is made in the variational approximation for tractability:

p(f,T) ~ q(f)q(l),
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where q(f) is a GP and q(T") = TIN_; NV (vn|ptn, Zn). Below, we show the evidence lower bound

(ELBO) in TGP-TL:

Inthicitney L f
log p({{In,tH=1 In=1) = Ep(rp) [log Pl ‘F})(F,]i}t)] )]

N T
= EZ q(f) [log p(In,t|f)]
n=1t=1

— KL(q(w)[lp(w)) = KL(q(M)][p(T)),

where we use Figure 12 in the second inequality. Following [96] and other prior works, we
maximize the evidence lower bound (ELBO) which provides a lower bound for the log-marginal
likelihood of observed data, and jointly optimize with respect to the model hyper-parameters

and the variational parameters as suggested in [157].



CHAPTER 4

REPOWERING POWER PLANTS UNDER LIMITED LONG TERM

INFORMATION

(Joint work with Andreas Kleiven, Selvaprabu Nadarajah, and Stein-Erik Fleten)

4.1 Introduction and related work

Hydropower plants are the dominant producers of renewable power around the globe which
constitutes over fifty percent of global renewable capacity [153]. Unlike intermittent renewable
energy sources such as wind and solar, hydropower can sometimes be stored in reservoirs and
is a flexible source of renewable power. It can also supply power on short notice. Therefore,
it plays a key role in the ongoing clean energy transition, offering flexible and cost-effective
renewable power generation. However, most of the economically viable hydropower potential
in developed regions, such as Furope, Canada and the United States, is already exploited
[98] and were designed decades ago under different climate and market conditions, leading to
inefficiency in power production [72]. In the last few years, there has been a extensive focus on
the importance of repowering, i.e., modernization, refurbishment and reinvestment in capacity,
of existing hydropower plants.

In decentralized power markets, the decision to refurbish and upgrade is a firm level decision,
and exhibits features such as long lifespan, partially unknown breakdown risk, irreversibility of

the investment decision, and uncertainty with regard to climate and future markets. Moreover,
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cashflows from hydropower plants comes primarily from supply to organized markets, and the
firm aims to establish operational schedules that maximizes the discounted expected profits
over a given planning horizon, subject to a given capacity level and other relevant constraints.
This means that investing in capacity needs to account for the value that results from changed
operations. We aim to analyse the interaction between the flexibility to adopt the operating
policy based on the evolution of operational uncertainty and uncertain near-term market prices
along with the flexibility to invest in added capacity.

In classical valuation theory, it is assumed that markets are complete, arbitrage-free and
perfectly liquid, and the value of a project is the expected cashflow under the risk-neutral mea-
sure, discounted at the risk-free rate [68,156]. Empirically, futures contracts provide informa-
tion about the price expectation under the risk-neutral measure, and historical futures con-
tracts can be used to calibrate a stochastic model governing dynamics of risk-adjusted prices
to be used in valuation of real options [65]. However, in practice, the planning horizon of long-
term investments is often much longer than the longest lasting contract available the market,
and liquidity varies. As an example, in Figure 13, the price and trading volume of the futures
contract with maturity in 2022 is plotted against trading date in the Nordic electricity mar-
ket. The contract has been available for 10 years, but in the period 2013 to 2017 it was barely
traded. An NPV calculation of an investment project in 2013, using a price of slightly above
40 EUR/MWh as basis for long-term risk-neutral expectation of 2022-prices (and beyond) may
therefore be a poor estimate of the NPV of the project. From 2017 onwards, liquidity increased,

meaning that the assumptions behind the classical valuation theory is empirically backed for
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around 5 years into the future in the case of the Nordic electricity market. We aim to address
varying liquidity and varying information regarding exogenous factors affecting the decision to

invest in our modeling framework.
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Figure 13: Electricity contract with delivery in 2022 from the Nordic electricity market.

To address heterogenous data availability over time, we propose to leverage useful infor-
mation in the short- and medium-term to calibrate a stochastic model governing evolution of
prices as long as there is sufficiently liquid markets, to be used in real options valuation. To
hedge unreliable or non-existing data, we propose to take a worst-case approach. The divi-
sion of timeline into two regions is illustrated in Figure 14. Our model can be interpreted as a
Markov Decision Process (MDP) with a terminal value defined using a robust MDP, that max-

imizes the sum of the expected revenues from electricity generation in Region A, and worst-
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case revenues in Region B. The problem of combined operations and investment planning in
the presence of uncertainty leads to a high-deimensional MDP with non-convex actions space

which is very challenging to solve.

Region A Region B
- ———
123 Tl T Tl T
Figure 14: Timeline illustrating reliable data, region A, and data with unreliable information, or no data, region
B.

Motivated by reoptimization of decisions on regular basis after new information is revealed,
and theoretical results on forecasts horizons which emphasizes that there is a diminishing ef-
fect on future data on initial decisions [47,53], we propose to formulate a MDP, assuming full
information about the data generating process as long as there is sufficient information avail-
able, which for electricity prices means sufficiently liquid futures markets. In the long-run we
switch to a robust framework and do not impose distributional information to avoid model mis-
specification. This combination leverages valuable short-term information, and it avoids overly
conservative policies typically encountered when applying robust optimization. It also avoids
long-run model misspecification due to the robust framework. We apply the dual reoptimization
heuristic (DRH) in [184] combined with robust value iteration to find a feasible MDP-policy and
assess the value of the policy against a dual upper bound [40]. We provide insights on how to
construct uncertainty set using stationary distribution and discuss a new approach in building

less conservative uncertainty set based on clustering to evaluate the long-term value of the asset.
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We conduct numerical experiments based on the data of a real hydropower plant with a
planning horizon of 40 years. We calibrate stochastic processes for the evolution of uncertain
price quantities using market data from the Nordic electricity market and the practitioner lit-
erature. We compare hydropower plant operational policy using robust terminal values against
the one that assumes that the long-run behavior of uncertainties can be explained by the short-
term information (nominal). We show that the policies computed by DRH are near-optimal in
all approaches and investigate the performance of different choices of decision measure choices
in DRH for our application.

Our numerical results unveil the relation between the operational policies and patterns in the
evolution of uncertainties. We show the presence of seasonal patterns in the operating policies,
which is aligned with the policies incorporated in practice. Our results also confirm the theo-
retical results on forecast horizons and the diminishing effect of future data on initial decisions
and highlight the differences between investment policies considering robust and nominal termi-
nal values. Furthermore, we compare the performance of policies under various future scenarios
and show that approaches with clustering-based robust terminal values can provide robust per-

formance with competitive expected cashflows and lower volatility among other benchmarks.

4.1.1 Novelty and related work

We contribute to the growing literature on investment in renewable energy, where decisions
are to be made at a firm level [30,33,78,184]. Specifically we study the decision to repower
hydropower plants, meaning to temporarily shut down the plant to refurbish, which includes in-

creasing capacity if profitable [152]. We aim to analyze the investment decision in the presence
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of operation schedules, which require both detailed short-term modelling of uncertain factors,
and long planning horizon. This problem has been studied by [9]. However, jointly optimizing
operations schedules and investment policies, which we illustrate the added value of in Section
4.2, in the presence of uncertain market prices, operational uncertainty, and breakdown risk, is
new to this literature. [196] and [197] have studied investments in hydropower plants incorpo-
rating probability of failures, but did not consider operations schedules. Morover, these papers
do not consider the change in data availability and its implications on model errors.

Our second contribution is to the literature on decision making in an uncertain dynamic
environment where data is assumed to be partially known. The presence of multi-factor evolu-
tion of energy prices and operational uncertainty gives rise to an intractable Markov decision
process (MDP). MDPs effectively describe sequential decision making in an uncertain dynamic
environment, assuming full information of the parametrized model governing exogenous infor-
mation [56]. The parametrized model governing the evolution of exogenous information is often
estimated based on historical data or expert knowledge. However, in cases where available data
is limited, the performance of optimal MDP-policy on real data may differ significantly from
their performance using simulated environments because of parameter uncertainty and gener-
alization error [119,121]. Papers that study the impact of inaccuracy in estimation on the opti-
mal solutions include [31,151,155], among others. To cope with this, robust optimization (RO)
is an alternative framework for decision making in the presence of uncertain data [15,174]. As
opposed to stochastic optimization, which relies on the distributional specification of the under-

lying data, robust optimization requires only the support. The goal is to find solutions that per-
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form well on worst-case parameter realizations contained in an a priori defined uncertainty set.
A drawback with robust optimization is that it leads to very conservative solutions. Several pa-
pers have proposed alternatives to achieve less conservative decisions. For instance, [23] propose
to adjust the degree of conservatism in terms of probabilistic bounds on constraint violation.
Robust optimization leads to tractable formulations in a multistage setting [11,59,81,137,200],
albeit often overly conservative policies are obtained, as addressed in [60]. Motivated by the
same underlying issue as robust optimization addresses, other non-parametric approaches have
been proposed to overcome the generalization error induced when committing to a parametrized
distribution, often referred to as data-driven optimization [22,25,90,119].

Distributionally robust optimization (DRO) ( [160]) is another approach for decision making
that assumes limited knowledge about the underlying uncertainties. DRO provides a potential
tradeoff between the stochastic and robust frameworks. Parameters are considered as stochastic,
but the distribution is not fully known and assumed to belong to an a priori defined ambiguity
set which defines the notion of robustness. DRO hedges against ambiguity in the underlying
data generating process by taking a worst-case approach, similar to RO, and also exploits
partial information about uncertain model parameters. There is an extensive literature on DRO
in the single-stage setting [42,61,71,83,201], and several recent works have studied tractable
DRO formulations in the multi-stage setting [24, 50,206]. We propose address the limitations
of both the stochastic and robust frameworks, and proposing a potential trade-off between the

frameworks. Moreover, our approach provides an alternative to the multistage distributionally
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robust framework where the decision maker has partial information about the data generating
process.

Moreover, we add to the literature on rolling horizon based, or reoptimization based meth-
ods, for solving problems for decision making under uncertainty, which have extensively been
applied in energy applications [108,184,205]. We extend the work by [184] and propose a novel
reoptimization algorithm combined with robust value iteration to solve the proposed model
that can handle non-convex action set. More generally, we add to literature on approximation
methods for solving high dimensional MDPs [148]. In energy applications, examples include ap-
proximate linear programming [115,132], least squares Monte Carlo [32,133,134], and stochas-
tic dual dynamic programming [82,144,170]. Literature on solving MDPs with non-convex ac-
tion set is scarce. Decomposition based methods with theoretical convergence guarantees have
been proposed [4, 145,210, 214], and a few papers have successfully applied these methods in
energy [95,109,213].

Finally, only a few other papers have studied the effect of ambiguity and robustness in the
underlying data generating process in real world multi-stage setting. An example is [186] who
take a distributionally robust approach in valuation of thermal power plants. We extend this lit-
erature by analysing the case of reservoir management and capacity investments in hydropower

plants.

4.1.2 Paper structure

The paper is organized as follows: In Section 4.2 we present an empirical study for calibra-

tion of stochastic process under limited data, using electricity futures and discuss illustrative
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examples showing how decisions optimized with respect to a misspecified model may materialize
on real data. The mathematical formulation of the hydropower reservoir management and ca-
pacity investment problem is formulated in Section 4.3, and the method for addressing limited
data and curse of dimensionality in the MDP is presented in Sections 4.4 and 4.5, respectively.

Results from numerical experiments are provided in Section 4.6.

4.2 Empirical support and illustrative example

In this section we present the stochastic models governing exogenous information, and assess
errors when calibrating the price model using limited data. We then present an illustrative

example showing the effect on policies under long-term model misspecification.

4.2.1 Errors in training stochastic models using limited data

It is common in the literature to model the evolution of uncertainties with stochastic pro-
cesses. We specify the price process as a two-factor model, as in [162]. The two factors corre-

sponds to short-term and long-term price dynamics. Let In Sy = 0¢ + xt + &t, where

0t = occos (27tt) + P sin (27t) (4.1)
dxt = —kyXedt + oy dzy (4.2)
d&t = pgdt + ozdzg, (4.3)

where dz, and dz; are increments of standard Brownian motions processes with dz,dz; =

pyzdt. Following [162], a risk-neutral version of the spot-price process can be obtained by
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introducing two constant risk-premia parameters, Ay and Az. The risk-neutral dynamics are

given by
A
dxt = —Ky (xt + KX> dt + oy dzy (4.4)
X
dé; = pidt + ogdzf, (4.5)

where, again, dzidzf = pygdt, and p* = (ng — Ag). A discretization scheme for simulating the
risk-neutral process is given in Appendix 4.8.7.

Other exogenous factors include one inflow factor and one deterioration factor. Inflow has
strong seasonal variations, so we follow [170] and [82] and model inflow as deviations from the

historical time t mean, wi°s. We let InT; = 8 + 61°8wy, where

dwi = —kuwi + 0udzy (4.6)

For the evolution of the deterioration rate di we assume a gamma process which is commonly
used in maintenance and reliability analysis [187]. We let d¢ denote the deterioration at time
t. The stationary gamma process has independent gamma distributed increments, d¢. In the
stationary case we have

d¢ — dr ~ Ga(a(t) — a(7),b). (4.7)

To find the parameters of the price model, it is common to consider each factor as latent and
apply Kalman filter and maximum likelihood estimation to obtain state and parameter estimates
[162]. See Appendix 4.8.10 for calibration procedure and parameter estimates. As futures

prices are expected spot prices under the risk-neutral measure, historical futures contracts can
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be used for calibration. Let ¢ = (ky, 1*, Ay, Oy, 0z, pyz) denote the vector of parameters in

Equation 4.4-Equation 4.5. The expression for the model predicted log futures price is

1
ln?t,T(Xh &;¢) = E*(InSt)) + EVar*(ln St) (4.8)
= e T + & + A(T), (4.9)
where
— e M ] 2k, T G>2< 2 ky T PxE0X 0%
AM) =W T -1 —-eT)=+5 [ (1 —e™ )5 + 0T +2(1 — e ) == (4.10)
Ky 2 2Ky Ky

We conduct an empirical study for investigating the out-of-sample model performance by
dividing the data set in three, as shown in Figure 15a. We use the root mean square error
(RMSE) between the model predicted futures price, ?t’T( fF,AfF;C/I\);\\ALE), using latent states
estimates QFF and /E\,'fF from applying the Kalman filter, and maximum likelihood estimates
(T)%LE from the training data set, and futures contracts Fy 1 traded at time t with maturity T.

The RMSE expression is

1 AE A 2
RMSEr =, 1§ D (Fer(REF, EXT GNLE) — For)7, (4.11)
teTy

where 1 € {1,2}. The sets 77 and 7, include trading dates with weekly granularity, and are
illustrated in Figure 15a. The first data set, set A, is the training set, consisting of futures
contracts traded in the period 2011-2014, 77, with time to maturities from 1 to 24 months. We
use subscript A in (/157/\\/lLE to emphasize that parameter estimates are kept fixed when evaluating

the RMSE for all data sets. The second set, set B, is a test set consisting of futures contracts
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All data

Test set B
5t Training set A
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(a) Data sets. (b) RMSE
Figure 15: Figure 15a shows the four data sets: The training set, and test sets A, By, and B,. Figure 15b shows
the RMSE between the model predicted futures price from (Equation 4.8), using MLE estimates based on data
from the training set, and futures data from respective data sets. The purple line is a reference line, showing the
RMSE when using all data to estimate model parameters.

traded in the period 2015-2018, 77, with maturities from 1 to 24 months. The Kalman filter is
rerun for 7, with futures data from 1 to 24 months maturity, to obtain updated state estimates,
while parameter estimates from 77 are kept fixed. Set B is used to evaluate how well the
estimated model parameters can be used to predict futures prices with maturities in the same
range as the training set. The third set is again split in two, set C; and set C;. These sets
are used to evaluate how well the model predicts long-maturity futures prices that are not used
in estimation of parameters or latent states. Test set C; consists of futures contracts traded
in the period 2011-2014, 77, with maturities from 25 to 60 months and test set C, consists
of futures contracts traded in the period from 2015-2018, 7, with maturities from 25 to 60
months. Terminology in [52] is in-sample data set (set A), traditional out-of-sample set (set B),

and extreme out-of-sample sets (set C; and Cj).
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The RMSE for all data sets is plotted in Figure 15b. We observe that the RMSE of set B
is comparable with the RMSE in the training set, set A. This indicates that model parameter
estimates are not very sensitive to the trading period of futures contracts. We further observe
that the RMSE quickly increases with T in sets C; and C,. This means that the model estimates
are very sensitive to which time-to-maturity contracts that are included during estimation and
that extrapolating the model beyond the longest term maturity may lead to large errors. For
comparison, the RMSE using all data is shown in purple, showing a smaller RMSE for high T.

Lack of sufficient information for estimating the uncertainties in the long-run thus can
introduce errors in the model and result in suboptimal decisions. When calibrating a risk-
neutral process to futures prices, the long-run behaviour cannot be explained by short-term
futures contracts. For instance, [52] show that the long-run behaviour of oil price cannot be
explained by short-term future contracts. Motivated by our observation about the errors of
extrapolating the stochastic process of power price beyond the longest lasting futures contract
as well as theoretical results on forecast horizons [47], we consider a robust scheme to estimate
the long-term value of the asset. In practice, it is common to use rolling horizon for planning
where the planning problem is to reoptimize as soon as uncertain parameters are revealed.
Theoretical results on forecast horizons show that there is a diminishing effect of future data
on initial decisions and state that small changes in the far future will not have a big impact on
decisions implemented now. This naturally suggests to include statistical information in the first
part of the planning horizon, t < Ta to ensure the quality of short-term decisions, and consider

a pure robust approach in the second part of the planning horizon, t > Ta to hedge against
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market shifts. Our model combines a Markov decision process with a robust terminal value,
as shown in Figure 14. Intuitively, this combination leverages useful medium term information
and handles model misspecification in the long run while avoiding overly conservative decisions

typically encountered when using robust optimization.

4.2.2 Effect of long-term model misspecification on policies

For evaluation of capacity investments, a planning horizon of decades is needed. The longest
maturity contracts available in the Nordic electricity market is 10 years, with low liquidity on
longer term contracts, making it challenging to specify a risk-neutral price process over the
entire horizon. In this section, we present an example, illustrating how decisions based on a
misspecified model of exogenous factors may materialize on real data.

We present two approaches for solving the energy storage operations and investment prob-
lem and show that there is value in jointly optimizing operations and investments under the
estimated data generating process (E-DGP). We then create a backtesting environment, a true
data generating process (T-DGP), to evaluate policies from both solution methods, and we
present a third solution method that hedges against a misspecified data generating process. In
the end we compare policy performance from all three solution methods when two data gener-
ating processes are equally likely of being the true data generating process.

We consider the setting of a hydropower producer with one reservoir who needs to determine
the water release policy, investment timing and production capacity choice over a planning
period of T = {1,2,3,4,5} stages. We assume that the maximum reservoir limit is infinite,

the initial reservoir volume is 5 MWh, and in every stage it deterministically flows 2.5 units of
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water into the reservoir, in units of energy, MWh. The price at which the producer can produce
evolves stochastically according to the binomial E-DGP in Figure 16a. We denote the set of
price scenarios by S. There is equal probability for up and down states. The price today is $20.
Numerical values of the instance are provided in Table IV. The total number of scenarios is
S = 2%, and the current production capacity is 3 MWh. To simplify the setting, decision maker
can only choose to upgrade immediately or in stage t = 3 at cost 140 USD/MWh. We assume
that the plant can always generate, i.e. no downtime associated with upgrading. We denote
by St € S the set of scenarios that are indistinguishable from scenario s at time t, ensuring
non-anticipativity of stage t € 7. The problem is formulated in the appendix.

In the first solution approach, the fully integrated (FI) approach, we find the optimal solution
by jointly optimizing operations and investments. In the second solution approach, the partially
integrated (PI) approach, we heuristically find a feasible solution by optimizing production to
all possible investment alternatives. That is, the investment decision is determined based on
the combination of timing and capacity upgrade that gives the highest NPV, for an already
optimized production schedule.

Policy performances are given in Table V. We observe that the FI approach outperforms
the PI approach, as expected. In FI, it is optimal to delay production until stage 3 if prices go
up twice, and then invest in a higher capacity. Then more water can be utilized, as apposed to
the solution from the PI approach which starts producing in stage 1.

We create a backtesting environment. The true data generating process is given in Figure

16b. We denote the true data generating process by T-DGP. The first four stages is a binomial
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TABLE IV: Parameter values for the illustrative example.

Name Value Unit Description

P1 20  USD/MWh  Initial price

L 5 MWh Initial inventory

qi 3 MWh Initial production capacity

Cu 140  USD/MWh  Unit upgrade cost

it 25 teT MWh Inflow at time t

o 0.94 - Discount factor

u 5/2 - Price up factor, 50 % probability

d 1/4 - Price down factor, 50 % probability

TABLE V: Overview of the optimal investment decision, optimal value and optimality gap for the FI and PI
solution approach. The set Si+ € § is the set of scenarios, that all have the property that they start with two
up moves.

Solution approach Investment decisions Policy value Optimality gap
3 —
FI 5 €5y, =3 $568 0%
0, else
PI 0,seS, teT $540 5.3%

tree, equivalent to the E-DGP first four stages, but the transition to the last stage is different.
We assume that in the last stage the up factor is 1, i.e. the price stays the same in the good
scenario and is scaled by 0.25 in the bad scenario. The true data generating process is unknown
to the decision maker.

We now evaluate the PI and FI policies in our backtesting environment, T-DGP, and perfor-
mances are given in Table VI. From Table VI we observe that the policy from the PI approach,
trained on E-DGP, gives value $447 when evaluated on the T-DGP, and the policy from the
FI approach, trained on E-DGP, gives $424 when evaluated on the T-DGP. For this particu-

lar case, PI performs optimally on the T-DGP, while FI has optimality gap 5.3%. Because the
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(a) Estimated data generating process (E- (b) True data generating process (T-DGP).
DGP).

Figure 16: Data generating processes. Up and down states happens each with probability 1/2. E-DGP and
T-DGP are equivalent in the four first periods.

decision maker planned according to a misspecified DGP, i.e. E-DGP, the cost of upgrading 2
MWh can not be recovered from future revenues from production when evaluated on T-DGP.
This means that heursistic planning can be superior to joint optimization if the parameters of
the stochastic model governing the dynamics of exogenous information, or the stochastic model
itself, is misspecified. This might happen if one does not have sufficient information about long-
term data and extrapolate the stochastic model beyond the last data point. We illustrate this
further in Section 4.4.

To address limited data, we present a hybrid stochastic and robust approach that leverages
useful information in the short term and handles misspecification of the DGP in the long run.
The idea is to plan according to the E-DGP in the first four stages and then assume that the
price can take any value in the interval between 0.25 and 2.5 times the price in stage 4, as

illustrated in Figure 17. Decisions are then optimized based on knowledge about the DGP in
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the first four stages and the worst case realization in stage five. We call this solution the robust
fully integrated (RFI) policy, and the RFI policy performance under the E-DGP and the T-
DGP is given in the last column in Table VI. The optimality gap is 8.4% under E-DGP and

0.4 % under T-DGP.

USD/MWh

Q(ps|ps=312.5)

I Q(ps|ps=31.25)

Q(ps|p,=$3.13)

I Q(ps[p,=80.31)
1 2 3

Figure 17: In the first four stages, we assume the E- DGP In the ﬁfth stage we define an uncertainty set
Q(pslps) = [3p4, 3P4l

TABLE VI: Policy performance for each solution approach. The data generating process that the policy in FI
and PI is trained on is given in parentheses. The data generating process used for evaluation is given in the
leftmost column.

Solution approach

Data FI (E-DGP)  PI (EDGP)  RFI

Value $568 $540 $524
E-DGP Optimality gap 0% 5.3% 8.4 %
T-DGP Value $424 $447 $445

Optimality gap 5.1% 0% 0.4%




122

Finally, we perform an experiment where we assume that E-DGP and T-DGP are equally
likely of being the process generating the data. In Table VII the expected profits and standard
deviation of profits. We note that the robust approach leads to minimum profit variance among
the three solution approaches, highlighting the effectiveness of robust optimization to hedge
against the underlying dynamics of prices when data is scarce. However, a critique of robust
optimization is the degree of conservatism of solution, and the boundaries of the uncertainty
set where prices can belong, needs to be defined a priori, which is not straightforward. One

alternative is to set the boundaries based on percentiles of the distribution of prices.

TABLE VII: Expectation and standard deviation of policies, assuming E-DGP and T-DGP are equally likely
of being the process generating the data. The data generating process that the policy in FI and PI is subject to
is given in parentheses

Solution approach
FI (E-DGP) PI (E-DGP) RFI

Profit expectation $496 $493.5 $484.5
Profit standard deviation $101.8 $65.8 $55.9

There are two main takeaways from this illustrative example. Firstly, if the true data
generating process is unknown and the estimated data generating process is misspecified, a
simpler heuristic approach, PI, might outperform the optimal E-DGP solution, obtained by the
FI approach, when evaluated on T-DGP. Secondly, if there is limited data, a robust approach

can hedge against a misspecified DGP.
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4.3 An MDP of hydropower capacity investment under limited long-term data

In this section, we formulate the hydropower reservoir management and capacity investment
problem as an MDP. The set of all actions are indexed by k in the set XC. The set K includes
{Generation (G), Upgrade (U), Refurbishment (R), Spillage (S)}. The condition of the plant
is represented by a value in the interval [0, 1] where O represents the condition of the plant
after refurbishment and 1 is the threshold of failure. The decision vector at stage t is shown
by x; € Xi(x¢ := {xK, k € K}). While the action elements, x¥, corresponding to generation, spill
and upgrade are continuous-valued the action element corresponding to the refurbishment is
binary indicating refurbishment or no refurbishment.

Refurbishment and upgrading have some implication on the set in the following periods i.e.,
if the plant chooses the refurbishment or upgrades the system, the plant needs to be down for
TR periods and it cannot generate during these periods. Therefore, choosing some actions will
limit the possible actions of the future periods. Failure will lead to a downtime of T" periods.
Upgrade requires refurbishment.

The information necessary for making a decision at stage t is described in the MDP state,
which contains two components. The first component is a vector v¢ := (1, ct, qt) containing
the reservoir volume l;, the condition of the plant c¢; and the capacity of the plant q at time
t. This component is affected by the decisions of the producer. For instance, the reservoir
volume might decrease if the plant generates, and might increase otherwise. The increase is
due to the non-negative exogenous inflow. However, the reservoir level cannot be more or less

than L™ and ™" respectively. Similarly, the condition of the plant can become worse with
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time, due to exogenous deterioration. The plant condition can be improved by refurbishment.
The second component is a vector wy := (s¢,1t, dt) containing exogenous information, price,
inflow, and deterioration rate, respectively. The MDP state at stage t is represented by the
pair (v¢, wi) € V¢ x W;. Below, we discuss components of the MDP.

Transition functions: Executing the decision x; € X} at stage t and state (vi, wi) € (W, W)
results in an update of the reservoir volume l;, plant condition c¢, and production capacity qi

in Ty == {t>"' )TB}

Lt = f(lyxe) = Lo —x¢ + i — %} te Te\{Ts} (4.12a)
a1 = ey, xe) = ¢ + de — coxf te Te\{Ta +1,---, Tg} (4.12b)
Qi1 = h(qe,x) = qe + X}ci te Te\{Ta+1,---,Tg} (4.12¢)

The reservoir volume at time t+ 1, li11, needs to be equal to the reservoir volume at time t plus
the inflow during time t, i, minus the discharge and spill at time t, xf and Xf. Furthermore,
the condition of the plant at time t + 1, c¢11, deteriorates by di and is reset to state O if the
plant is refurbished. The exogenous factor d; is the rate of deterioration. The capacity of the
plant at time t + 1, q¢+1, can either be upgraded or stay the same.

Rewards: At each time step the reward is the based on the action at time t.
(Wi, Vi, Xt) = xfpm — CRx][2 — Cux}[J — Crlye,=1y,

where py¢ is the price at time t, Cg is the cost of refurbishment, Cy is the cost of upgrading, Cr

is the cost of failure, and 1 is a constant, representing water to electricity conversion rate.
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Optimal policy: A stage j policy 7 is a collection of stage-dependent decision rules {XT, t € 7;}
each mapping states to actions. A decision rule X;T in stage j is feasible if it associates with
each state (vj,wj) € Vj x W an action x;(vj, wj) that belongs to the action set &;. We denote
by TT; the set of all feasible stage j policies. Given an initial stage (vj, wj) in stage j, an optimal

policy is found by solving

Ta—1
Viwi,v) = ma {E [ $ Iy, wo X0 (0 w) + sTAR*<VTA,WTA>]vj,wj] } ,

ﬂjE”j t=j
* & t—Ta ./ (7Y N Ty
R*(vr,,wr,) :=E Z O AT (v W, X (v ,Wt)))VTA,WTA (4.13)
t=Tx

where Vj(vj, wj) is the MDP value function at stage j and state (vj, w;), E is the expectation with
respect to future exogenous state, and v,:[ Jis the endogenous state reached at stage t following
policy 7; with initial state (vj, w;j). where R*(vr,, wT,) is the terminal value of the asset at time

Ta. The parameter Ty sets the length of horizon A and r’(.) is the reward function at horizon B:

T (Wi, Vi, Xt) = X¢ Penlie <1} (4.14)

The reward function at horizon B includes only the generation decisions and capture the po-

tential of the asset in generating cashflow in this period, i.e., the terminal value of the asset.

Proposition 4.3.1. For a given (j,wj) € ({Ta, -+, To} xWj), VJ' (-, w;) is concave on R3 | where
Vj/(\)j,w]') = maxxjeX(v]-)Tj/(XjaWj) +VV]-/(VJ‘ -I-A\)j (Xj),Wj), and VV]/(',WJ') = 6E(Vj/+](‘,Wj+])|Wj),

and V;(-,wj), and v{(x;,vj) is defined in Equation 4.1.
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The MDP introduced at Equation 4.13 suffers from curse of dimensionality and as discussed
in section 4.2, modeling the evolution of uncertainties in the long-term using historical data can
lead to error and suboptimal decisions. In the following sections, we aim to provide solutions

to overcome these issues.

4.4  Addressing limited data

In this section, we focus on estimating the value of an asset in horizon B given the limited
information about the evolution of uncertainties. To alleviate problems due to the high dimen-
sionality of the state space, we approximate the evolution of the uncertainties in horizon B with

a stationary distribution.

Tg
ﬁN (VTA)WTA) - F Z 6t—TAr’ (VtaW/t,Xt(Vt,Wlt)) ‘VTA,WTA] N (4.15)
t=Ta

where w'; follows a stationary distribution and RN is the estimation of the terminal value. We
call this approach nominal and discuss details of this approximation in section 4.4.1.

Due to the limited long-term information about the stochastic environment, solution ap-
proaches in stochastic dynamic programming may underperform on real data due to the pa-
rameter uncertainty [121]. Robust MDP [100, 138] is a common approach to reduce the per-
formance deviation of policies to model misspecification. In this approach, it is assumed that
uncertain variables can be any member of an uncertainty set and solutions are chosen based on
their performance on the worst case scenario.

To find the value of the terminal value, we model robust MDP. In this framework, it is

assumed that the transition probability lie in an unknown uncertainty set and we seek for the
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optimal value function RRO (v1,, wT, ) that considers the worst case scenario. The robust MDP

satisfies a Bellman recursion of the form [100, 138]

T8
QRO(VTA)WTA) = ‘g}g}{E [ Z 6t7TA1~/ (vt,w/t)Xt<Vt,wlt)) ‘VTA)WTA] (416)
t=Ta

where U/ is the uncertainty set. Therefore, given an initial stage (vj,wj) in stage j, the

optimal policy in this case is found by solving

Ta—1
V(i) = {Ej [ B, iy X (v we) + awm(va‘;,w?;)]} @)

el =

We provide two approaches to model the uncertainty set. In the first approach, we build
a rectangular uncertainty based on the stationary distribution of the uncertainties. To ensure
the robustness of the approach, it is common to create an uncertainty set which results in
conservative policies. A potential need for building conservative uncertainty set emerges because
of the non-stationary behavior of the uncertainties. To overcome this challenge, we propose an
approach to consider these non-stationary distributions using clustering techniques. In this
approach, we generate a discrete uncertainty set based on the mean of points in each cluster.

4.4.1 Long-run distributions

Inflow and price variables are lognormally distributed in horizon A. Similarly, we model the
long-run distributions of these variables as lognormal in horizon B, conditioned on information
at time Ta. By letting t go to infinity in the stochastic models in Section 4.4, we obtain the
following stationary distributions for price and inflow,

Inl = 1™ + 6, % te AP, (4.18)

In St = &7, + &cos (2mt) + Bsin (27t) + 0°¢€} te 7-T/j\\]?lﬂ’ (4.19)
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where e} and €7 is standard normal distributed, and ﬂiog and 6}[Og denote the mean and standard
deviation of log inflow at time t. Since the short-term deviation is expected to revert to the
long-term level in the long-run we use the stationary distribution for the short-term factor, and
the distribution at the middle of the robust horizon for the long-term factor. The price level is
set by &7, which is the long-term price at the end of the MDP. The expression for the variance

parameter in Equation 4.19 is given by

oy  Te—T
08 = 4[5 + B Ag2 4 o DENOE (4.20)

R 2 Ky

Since the stochastic model for the long-term factor is non-stationary, we use the average variance
Tg—Ta

in horizon B, where TO‘%. For the short-term factor we use the expression for the stationary

variance. The stationary variance for inflow in a given month t is given by
of = 5% 5% (4.21)

For the last exogenous factor in horizon A, deterioration di, we assume to be deterministic in

horizon B, which dt, as initial condition i.e.
d¢ = dr, + E(di1 — dv) (4.22)

We consider the uncertainty set based on the distribution of the random variables w

1

ud = {V\/l : ‘lnwi —ut

< pcri} (4.23)

where we assume that Inw' follows a normal distribution with mean p; and standard deviation

0i. p considers a percentile of the distribution.
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4.4.2 Discrete uncertainty set

The non-stationary dynamics of inflow and price evolution in the long run are important
in estimating the asset’s value under limited data. An approach used in the literature is to
consider all historical data points to build a discrete uncertainty set. However, this usually
results in conservative valuations and solutions with low out-of-sample performance. A natural
solution is to classify similar scenarios in a group to decrease the dependence of the solutions
to the outliers and consider multiple groups to capture different non-stationary dynamics. This
approach assumes that the data is generated based on multiple non-stationary sources and aims
to capture these sources based on the clustering approaches (K-means clustering and Gaussian
mixture models (GMM)). Let w = (wq,w3,--- ,w;) and US denote of a set of d-dimensional
vector and discrete uncertainty set based on K clusters, the uncertainty set LIKC includes the set
of (uy,,- -+, Hg) where pj is the mean of points in cluster c;. In the case of K-means clustering,

we can find ] by considering the following objective function:

K
Ug = {u’ Pargmin )| ) flw — ui’llz}
W

0 i=1 wecy

Figure 18 illustrates how we find these non-stationary sources and include the mean of each
cluster to build a discrete uncertainty set. We can control the degree of conservatism by choice
of K. While K = 1 captures only the average-case scenario, K = T considers the whole data
set and provides more conservative solutions. While K-means clustering is a non-parametric
clustering approach, GMM assumes that data points follow Gaussian distribution similar to the
distribution assumption of the price and inflow in the presence of sufficient data (both follow a

long-normal distribution).
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Figure 18: Clustering for monthly price and inflow data

4.5 Solution approach

The MDP in Equation 4.13 suffers from the curse of dimensionality because of large state
and action spaces and non-convex action space. Furthermore, the long horizon of the problem
introduces further complexities. Therefore, we first focus on assessing the terminal value.
We use value and robust value iteration to find RN(vr,,wr,) and RRO(vr,,wr,) based on
discretizing the state and action spaces. To solve the MDP, we need to approximate the value
of the terminal state using a function that does not add to the complexity of the problem in
horizon A. Piecewise linear functions are a good candidate that matches the property of the
asset’s terminal value as discussed in Proposition 4.3.1. We approximate the asset’s terminal
value based on two piece-wise regression models to find the optimal investment and operating
policies in horizon A. Below, we create a simple approximation function based on RN (s),Vse o
(ﬁRO(S), Vs € @) as independent variables and s as dependent variables for nominal and robust

approaches.
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Piecewise regression model (PLR): In this approach, we estimate the terminal value
using piecewise linear regression. The response variable is observations achieved by value itera-
tion algorithm Y and a vector of m regressors s. We use piecewise linear regression based on a
decision tree to find an estimate ¥ of Y that minimizes squared error loss. The piecewise linear

regression model estimates the (o, B)° coefficients in set Jy, Vb e {1,---, B}.
Y=a®+B%, sep, Vbe{l,---,B}
The partitions of data, J, will have following relations:
JonJy=3 b #b, Ube(l,--,B}Jb = Dataset.

Piecewise regression decision tree requires minimum samples on each leaf not to face the lack
of generalization to unseen samples. We can build the long-term investment framework using
a piecewise regression model to estimate the value of the terminal state using (R(s),s). The
formulation introduces an integer variable for every class. This procedure requires the number of
auxiliary integer variables equal to the number of classes, B, leading to less time complexity than
the previous model. However, the existing model disregards some properties of the problem,
which might improve the optimization model’s estimation performance and time complexity.
Below, we use the concavity property of the value function in horizon B and develop an algorithm
based on the decision tree that can construct a piecewise linear concave model.

Piecewise linear concave model (PLCR): Motivated by the concavity of the terminal
state value, we propose a nonparametric method for multivariate regression subject to the con-

cavity of the value function. We introduce a concave/convex adaptive regression tree (CARET)
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which adaptively partitions the input space and fit a local linear regression on each partition.
Therefore, unlike the piecewise regression model, the resulted model is a concave/convex con-
tinuous function. Given B subsets of linear model with coefficients (&, )%, Vb € {1,--- , B}, we

estimate the target value, Y as:

Y= min o +pB°
be{l, B}

The partitioning happens in two stages. First, we create multiple classes such that it decreases
the global least square error, and second, we reallocate each point, s € s, to one of constructed
classes if a®’ + B®'s < b + BPs,Vb € {1,---,B}. In the first step, we split on a state variable in
s to decrease the global least square error, increase the number of partitions, B, and fit a linear
regression on each subset to construct a hyperplane. In the second step, we reallocate each
point to subsets, the hyperplane of which is dominant. This refit step places the hyperplanes in
a closer alignment with observations in the dataset. The process continues until the reallocation
of the observations does not create a change in the partitions, or all subsets have a minimal
number of observations. Suppose s € RN*P. The algorithm is shown in 1.

Algorithm 1 adaptively partition the observations and fit hyperplanes on the resulted sub-
sets. To ensure the concavity/convexity of the estimation, it refits the observations to the dom-
inant hyperplane for each observation. We start the model with B = 1, and split the data on
the dimension 1 and threshold o into two subsets to minimize the square loss. In the next step
we run a linear regression on each subset to find the corresponding coefficients (&, 3). The al-

gorithm accepts a split if the number of observations in a subset is more than the predefined

minimum value nyin. Otherwise, we reject the split and move to the next subset. Once the
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Algorithm 1: CARET

Result: («, )°

Set B =1, nnin, $ € |1, iter = 1, and Flag = True;
while Flag = True do

Brew = B;

counter = 0;

forbe{l,---,B} do

. . 2 . 2
argming , [mmC] 25?61{) o (Lo) (y? —¢1)? + min, Zs?e]u (Lo) (y> —c2) ], where

b,iter
(i> l) € (N>p))5? € Ib,itera I‘t,),iter(]"()) = {S|81 < O}a ]‘g,iter(l)O) = {S|31 > 0}7 and
ch = ave(yilsi € Jp (L, 0));
if |I]{17‘ifPT‘| > Mmin and |I},,/7HPT| > Mmin then
Bnew = Bnew + 15
(oc!, BY)eoumterth = sy, Tsy )~ sy Ty
(O(,, B/)counter—H _ (S]{,'TSI{,/)_]SI{,'TQI{,/;
else
‘ (0(/ B/)counter+l _ (OC B)b
) y )
(“) ﬁ) = (O(/a B,);
B = Brew;
Iiter+1 = {I{ter’ i/{cer};
Jojiter+1 = {Si: o® + BPs; < b+ po si, b’ # b};
if Ub,iter’ < nminavb € {]) e aB} or Ib,iter-H = Ib,iteraVb € {]) e aB} then

‘ Flag = False;
else
| iter+ =1

: b b
Milpe(y.. gy & + B°S

algorithm evaluates the cuts on all subsets, it refits using the partition induced by hyperplanes.
The model stops either if there are not enough observations within each subset |Jp iter| < Nmin,
or if there is no change in the subsets Jp iter+1 = Jo,iter, Vb € B. Figure 19a shows the approxi-
mation results of the piecewise linear concave model on a toy example. In Figure 19, we com-
pare the performance of approaches PLR and PLCR using (robust) value iteration data points
under five various price distributions. We randomly select 70% of state valuations to constitute

the training set, select 10% as the validation set to tune the hyperparameter of the decision



134

187 Approximation of Robust Value Iteration 1e8  Approximation of Nominal Value Ilteration

* Data
-04 Prediction

—&— piecewise linear —&— piecewise linear
piecewise linear Concave g piecewise linear Concave
5] —m linear 30 —® linear

w L i B

4 5

Response variable

00 02 04 06 08 10 1 2

3 4 5 1 2
Independent variable Table category

3
Table category

(a) Toy example (b) RMSE of robust value iteration in  (c) RMSE of nominal value iteration
test set in test set

Figure 19: Figure 19a shows the CARET performance in a toy example. Figures 19c and 19b illustrate the
performance of approximating nominal (right) and robust (left) value iteration algorithms

tree and treat the remaining as the test. We use linear regression as a benchmark and measure
the root mean square error (RMSE) of three methods on the test dataset. Figures 19b and 19¢
show that piecewise linear and piecewise linear regression perform better than linear regression.

Using the above algorithm, we can create an optimization framework for the long-term

problem with a concave and continuous terminal value. The optimization model will be as

following:
Ta—1
3 s T s 3
Viviywi) = max S By |3 8 (v, wa, X (v, wo)) + 87 TR (v, w )
) ) t:j

st o + BbS(VTA,WTA) > Q(VTNWTA), Ybe{l,---,B}

4.5.1 Dual reoptimization heuristic

In this section we propose an ADP-based algorithm for the hybrid MDP and terminal value
formulation in Section 4.3. The heuristic is designed based on the Dual reoptimization heuristic
(DRH) developed by [184]. The DRH is motivated by information relaxations and duality
approach [40].

A dual bound is estimated in Monte Carlo simulation by solving a deterministic variant

of MDP endowed with full information about future uncertainty and costs adjusted for this
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knowledge using a dual penalty. Let q(x¢, W, vi) denote the stage t dual penalty function,
where Wy := (wy,t € {j,---,Ta}) is a vector of realized stochastic factors for each stage from
j to t. If E¢[qi(xt, Wi, v¢)] < O holds then the dual penalty function is feasible. Given the
knowledge of W,, we define the following hindsight reward function:

T{R(Xt,wt,vt) = XfptT] — CRXF — CuXP — CFl{ct:]}

and consider the following deterministic optimization problem

Ta

VtIR(Vt;Wt) = XIB%(, t;t stt [r{g(xt/,wt/,vt/) — qt/(xt/,Wt/,Vt/)] + 5TA7t/ﬁ(VTA,WTA)
(4.24a)
s.t.r yr = vy, (4.24b)
yio1 = fuv(yi, %), Vt'e{t,--- Tal, (4.24c¢)
yi € Vo, VYVt e{t,-- ,Ta} (4.24d)
xp € Xy Yt eft,-,Ta} (4.24e)

The above math program compute decisions x,Vt € 7o and includes auxiliary variables y; to
track endogenous MDP state. Its objective (Equation 4.24a) is the sum of discounted rewards
over the horizon with full and limited information about evolution of uncertainties. Constraint
Equation 4.24b initializes the stage t state to the current state v¢. Constraints Equation 4.24c
ensure the feasibility of state transitions. Constraints Equation 4.24e-Equation 4.24d restrict

decision variables to their respective feasible sets.
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The quality of the dual bound depends on the dual penalty function in Equation 4.24. As
discussed by [40], the optimal policy value is attainable when using ideal dual penalty on the

MDP value function:

qt(ve, Wiy xt) = Y{Vig1 (F(ve, xt), Wi 1) — E[ Vi1 (f(vey xt), wig1) ]} (4.25)

Since the exact value function is not available in Equation 4.25, one can approximate the value
function. However, given the magnitude of our problem and the complexities that value function
approximation based dual penalty can cause in solving the problem, we use simple dual penalties

that do not rely on such approximations [39,166]. We define the dual penalty function as:

qt<vt>Wt)Xt) =0 [(E[E»Hl] - Evt-i-]) + (E[Xt+1] - Xt+1) + (E[th] - th)] XtGm"'

8T (E[Ee] — &) + (Bxe] — xe)] %7 (4.26)

t/>t+1R

In equation Equation 4.26, the extra information for taking a decision at period t is approx-
imated by the spreads between the value of uncertainties in the periods (t + 1, To] and their
expectations. In particular, we consider the extra information at the next stage, t + 1, and all
stages in (t + Tg, TA] as the main component of taking generation and investment decisions.
The dual penalty in Equation 4.26 is linear in x and is feasible because the expected value of
spreads of uncertainties equal zero (e.g., Et [E¢[&rr1] — &ts1] = 0).

Estimating the dual bound E[V{R(vy, W()|wy] involves solving the optimization problem
on N sample paths {W{,n = 1,..,N}. Although solving Equation 4.24 at stage t and state

(vi, Wi|wy) provides a random decision x¢(W¢), we can construct a distribution of the random
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variable x{(W¢) and only implement a projected value of the distribution corresponding to the
current state, x((W¢) = H¢(x¢(Wy)) [184]. Implementing this decision results in a transition
to a new state vy, = ft(yt,xt(Wt)). Once new information at time t + 1, w¢, 1 becomes
available, we generate new sample paths Wy 1|wi;1 and solve the analogue of math program

Equation 4.24 to obtain xt(Wt). We repeat this procedure until we reach stage Ta.

4.6 Numerical study

In sections 4.6.1 and 4.6.2, we describe our real instances and explain the computational

setup.

4.6.1 Power plant instance

Table Table VIII summarizes the parameter values of our baseline. We use a 20 year
planning horizon and set Ta = 5 years. Therefore, the problem includes 5 and 15 year MDP
and robust period horizon. In the first 5 year we predict the evolution of uncertainties using the
historical data. However, due to the limited information about uncertainties (e.g., price, inflow)
in the next 15 year, horizon B, we assess the value of the asset considering worst case scenario.
Instances in this paper illustrate properties of a real Hydro power plant. Features such as the
down time period due to a failure and refurbishment is set based on experts’ estimations.

We consider stochastic process for weekly power price and inflow in the MDP horizon. This
is equivalent to the firm selling the commodity at the average weekly price at each stage and
receiving average volume of water at each stage. We model inflow and the power price as
discussed in section 4.2. Price parameters are estimated based on historical data obtained from

Montel (see www.montel.com). Local inflow data are obtained from a real hydropower and


https://www.montelnews.com/en/
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TABLE VIII: Parameters defining the baseline instance

Name Value Unit Name Value Unit Name Value Unit

Ta 260 weeks  qo  3.329-10* MWh/week g™ 2xco MW /month
<F 24 weeks CF 2-10° NOK TR 8 weeks

ct  2.10° NOK [mex  3.813-10° MWh v 0.992 -

[ min 0 MWh

the inflow process is calibrated by first normalizing log-inflow data and then fitting an AR(1)-
process. This is similar procedure as in [82], but using log-inflow instead of inflow. Modeling
log-inflow instead of inflow is common in the literature [170,175]. We assume zero correlation
between inflow and power price. The evolution of the deterioration rate follows a Gamma
process, following [187]. Calibration of deterioration process is based on expert opinion and

estimates in [196]. We model uncertainties in horizon B as discussed in sections 4.4.1 and 4.4.2.

4.6.2 Implementation and computational setup

Our computational study compares policies based on robust terminal value estimations
using uncertainty sets discussed in sections 4.4.1 and 4.4.2 with the policy when the terminal
value is calculated using (Equation 4.15). This policy is based on a common assumption in the
literature that information about uncertainties in horizon A can be extrapolated to horizon B.
This model uses inflow and price distribution similar to what discussed in section 4.4.1, and we
follow implementation details discussed in the next paragraph.

To find the asset’s value at horizon B, we use features including the capacity, reservoir level,
plant condition, and long-term mean of power price. We also consider the seasonal pattern of
uncertainties by embedding time in the state space. We leverage the value iteration algorithm

and discretize the state space. Inflow and price usually follow seasonal patterns. To capture
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this effect, we incorporate time as one of the components in the state space in addition to the
endogenous variables and model inflow and price based on monthly data. We also discretize the
long-term mean of power price to five categories and adjust power price distribution in horizon
B based on the power price long-term mean at time Ta.

We construct the discrete uncertainty sets based on monthly data as discussed in section
4.4.2. Clusters are calculated using the Kmeans and GMM functions. We remove outlier
scenarios so that the set becomes less dependent on the data noise and outliers. Using these two
clustering approaches, we create two discrete uncertainty sets on the monthly historical price
and inflow data. In this way, we can capture their relations while not modeling the correlation
between these sources of uncertainties in a parametric aspect. Therefore, the policies are only
robust to the centroids of the clusters. We use the silhouette score to find the best number
of clusters. In Figure Figure 20, we illustrate the monthly price and inflow data in quarters
one and two and show a discrete uncertainty set based on K-means clustering and GMM with
K =4 centers. We follow procedures discussed in section 4.4.1 to create a discrete uncertainty
set. In this approach, we use features including the capacity, reservoir level, plant condition,
and time to find the asset’s value.

All algorithms are programmed using Python 3.7 and GUROBI 8.1 as the math program-
ming solver. We use the median decision rule to find the policy in all approaches. We esti-
mate the dual bound and the value of the investment and generation policies (i.e., expected
discounted total revenue over the horizon) with distribution-based robust terminal value us-

ing 1000 and 100 Monte Carlo sample paths, respectively, with standard errors of upper/lower
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Figure 20: Illustration of methods to generate discrete uncertainty set on monthly (price, inflow) data. We used
logarithm of data to find centroids for GMM.

bound estimates of 0.8% and 3.05% of the mean. We calculate the optimality gap to be 2.12%.

We also assess the dual bound and the value of investment and generation policies with nomi-

nal terminal value using 1000 and 100 sample paths with standard errors of upper/lower bound

estimates of 3% and 4.5%. The optimality gap, in this case, is found to be 1.95%. We esti-

mate the dual bound and the value of the investment and generation policies (i.e., expected

discounted total revenue over the horizon) with Kmeans-based (GMM-based) robust terminal

value using 1000 and 100 Monte Carlo sample paths, respectively, with standard errors of up-

per/lower bound estimates of 0.86%(0.88%) and 1.86%(1.9%) of the mean. We calculate the

optimality gap to be 3.25%(3.2%). Let Tobust, Thominals Tikmeans, and mTgymm denote the poli-
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cies found by MDPR, MDPN, MDPKmeans, MDPGMM, respectively. We evaluate the perfor-
mance of these policies using N sample trajectories discussed in section 4.8.10 and analyze its
behavior on different scenarios of model misspecification in horizon B. Below, we evaluate the
standard deviation and expected revenue of these policies over 50 random sample paths. We
alm to compare the performance of Tt obust, Thominal, Tmeans, and 7TGMM -

Below, we check the approaches’ performance under moderate and extreme changes in the
power market and climate. We optimize policies based on the calibrated parameters and obtain
Thobust aNd Thominal that maps elements in the set of states to action set elements. Finally, we

evaluate their performance under different scenarios.

4.6.3 Impact of decision measures on the policies’ performance

Below, we compare the performance of methods based on mean and median decision rules,
Hi(+), and report the optimality gap with respect to the upper bound of each model. The
corresponding results are displayed in Figure 21a. The median decision rule results in policies
with lower optimality gaps in all methods since the mean decision rule is usually affected by the
outcome of rare scenarios (i.e., outliers). Figure 21b shows the average of generation quantities
across samples in MDPGMM with different months using mean and median decision rules.
Results show that the generation profile based on median changes more rapidly with the power
price seasonal effect while the mean has a smoother generation profile. As a result, the policy
based on the median is less prone to actions in rare scenarios and achieves higher expected

revenue in all approaches.
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4.6.4 Impact of the long-term asset valuation on policies

In Figure 22, we compare the expected operational and investment policies of the hy-
dropower plant across sample paths using different approaches in horizon A. Figure 22a shows
that differences in the long-term valuation of the asset has a small impact on the intermediate
generation decisions, and expected generation profile of all approaches follow a similar pattern.
Figures 22c and 22b illustrate seasonality patterns in the reservoir level and the spill volume of
the power plant due to the high inflow input during the Spring season. As expected, the spill
volume increases during periods when the amount of water in the reservoir reaches the peaks.
DRH considers various future scenarios to find investment decisions. Investment on a larger
number of sample paths states the optimality of investment under more scenarios. Figure 22d
suggests that a robust approach results in more conservative investment decisions, whereas the
nominal approach recommends refurbishment in a larger number of sample paths. Finally, Fig-
ure 22e shows that while the nominal approach finds a value in upgrading the plant’s capacity,

approaches with robust terminal valuations find it less plausible. This is due to the model of
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the long-run evolution of uncertainties in the nominal approach, which finds the amount of in-

flow and the power prices high enough for an upgrade in the plant’s capacity.

4.6.5 Performance of policies under climate change

Water as the primary source of power generation in a hydropower plant has a significant
impact on its cash flow. Changes in the pattern of precipitation in the long-term can result
in suboptimal short-term decisions. We compare the performance of the nominal and robust
approaches under various inflow patterns to assess the performance of policies under model
misspecification. In these sets of experiments, we assume that inflow can be forecasted based
on historical data in the short term. However, observations deviate from the forecasting model
in the long run.

Inflow mean: We plot the expected discounted total revenue of the Hydropower plant
obtained by 7t.obusts Tnominal, TTGMM, and TTkmeans under different means of inflow. In these
figures, zero in the x-axis models the scenario when the long and short-term inflow dynamics
remain the same. Negative and positive changes model environments with low (drought) and
high (surplus) inflow patterns. Figures 23a and 23b show that while revenue achieved by
Thominal has a higher expected value in the presence of high inflow, it experiences lower expected
revenue in scenarios with low inflow. Figure 23c shows the mean and standard deviation of
revenue for each model across different environments. As expected, the nominal model results
in higher expected revenue and standard deviation than other robust approaches. Robustness

based on long-run distribution obtains the lowest expected and variance of revenue than others.
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approaches (

Inflow standard deviation: We plot the expected discounted total revenue of the Hy-
dropower plant (from N = 50 out of sample trajectories) obtained by T obust, Thominal, TkMeanss
and mgmm under different standard deviation of inflow oy. Figure 24 shows that the perfor-
mance of Tobust, Thominal, TKMeans, and gmm under different inflow volatility. Figure 24a
illustrates that the expected revenue obtained by 7Tthominet is higher than robust policies for
high volatility inflow scenarios and has a lower mean in cases of low inflow volatility. This is
explainable by measuring the amount of spill suggested by the robust policy during high in-
flow volatility scenarios. Low future inflow anticipation in the robust models leads to having
policies that tend to store water for generation during peak price periods. However, less pre-
dictability of inflow results in higher spill due to the limited reservoir capacity. Furthermore,
Figure 24a shows that policy m,opust is the most conservative policy among approaches. Figure
24b shows that mgmm and Ttkmeans outperform 7topyust in achieving better expected revenue
and emphasize the importance of modeling the robustness. Figure 24c shows that robust ap-

proaches obtain lower volatility of expected revenue than the nominal approach.
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approaches (

4.6.5.1 Performance of policies under changes in the power market

High penetration of the new sources of power generation in the electricity market can change
the pricing structure of this commodity in the long term. Therefore, considering approaches
capable of incorporating such changes can ensure the near-optimality of long-term decisions.
Below, we consider various scenarios of the power market and compare the revenue distribution
obtained by policies Thominal, Trobusts TKMeans, and TTGMM -

Long-term drift of power price: We plot the expected discounted revenue of the hy-
dropower plant (from N = 50 out of sample trajectories) obtained by T obust, Thominal, TkMeanss
migmm under different drifts of the long-term price component. The base case has the long-term
mean price equal to 0.01. Figure 25a shows that the revenue achieved by all policies increases
with drifts of the long-term price component, and the relative performance of robust policies

does not change significantly as illustrated in Figure 25b.

4.7 Conclusion

Motivated by the penetration of renewable power sources in the power generation portfolio

of countries and the inefficiency of hydropower plants in power production, we study the re-
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furbishment and capacity investment problem in these assets. We focus on finding the value
of the asset in the long term and show that common assumption in practice for modeling the
evolution of uncertainties in the long run (i.e., assuming that the short-term information can
explain the long-run behavior of uncertainties) leads to high error and suboptimal decisions.
To facilitate the decision making, we formulate a multi-period generation and investment MDP
model that is challenging due to a non-convex action set and high dimensional state and ac-
tion spaces. We introduce robust MDP for estimating the value of the hydropower plant under
limited long-term information using a distribution- and clustering-based uncertainty set. Fol-
lowing practitioner literature, we use the dual reoptimization heuristic (DRH) to find operating
and investment policies in addition to estimating an upper bound. Using real data of a hy-
dropower plant, we show that the computed policies are near-optimal and provide comments
on the choice of decision measures in DRH. Our findings suggest the presence of the annual
pattern in the generation policy of hydropower plants. Furthermore, we show that estimating

the value of an asset under limited long-term information through robust MDP using an un-
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certainty set based on the clustering approach leads to a less conservative and robust stream of

cash flows under various future environments.

4.8 Appendix

4.8.1 Proofs

Proof of Proposition 4.5.1. No production and upgrade results in zero value, hence Vj(vj, wj) >
0, which implies Wj(vj, wj) = 0. An upper bound is provided by maximum upgrade and maxi-

mum production at every stage:
Wj(vj1,wj) = E[8Vj11(Vi1, wjsr) wj]

Tg
< 5Q[ > E[thr]p]']]

t=j+1

where E [p41|p;]. Furthermore,
Vi = Qmin{qj, i} + Wj(vj1, wj).

Hence, the value function and continuation function are finite. Endogenous state at time j, v;
includes (cj, 1j, q;5). We first show concavity with respect to c; while other endogenous state
variables are fixed. If ¢; > 1 for all t € {j,---,Tg}, then Vj(vj,w;) = 0. If ¢; < 0 for all
t € {j,---,Tg}, then no costs is incurred, i.e. the immediate reward in Vj(vj, w;) is xSpm,
which is constant in ¢;. In the case of ¢; < 1 for j € {1,...,Tr} and ¢; > 1 for j € {Tf + 1,..., s},

the value function can be reformulated to

Vi(vi, wy) = Vi (v, wy) — V(v W), (4.27)

where V' (vi,w;) has immediate reward xSpn instead of xpnl.-11, as in the case of ¢; < 0
i Wiy Wj t P t PtT{c;>1} j

for all t € {j,---, Tg}. We subtract VT”F (V1p, W), which is lost income from optimal operations
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from time Tg. Vj(vj,Wj) is decreasing in Tr, and since dj;1 = 0 which implies cj41 > c;, which
means that Tr is decreasing in ¢;. Combined with the fact that V;(vj, w;j) > 0, which we showed
earlier, Vj(vj, wj) = V/(vj,wj) — Vi (vr;, wr;) is concave in ;.

We proceed by showing that the terminal value is concave in vj’ = (15, qj) for a fixed wj and

for a fixed c;. At stage ] — 1, for a given wj, we have

Vi (vi_{,wi_1) = max  1{_1(Xj_1,V|_ 4.28
Fatwi) =m0 (1.28)

Wj(vj_j,wy_1) =0 (4.29)

This is a linear program where VIL] is the upper bound of the convex feasible set X (VII*O‘
From standard linear programming results, Vj_; (v]’q,w]_]) is piecewise linear concave in v]’q.
The continuation function is zero and therefore also piecewise linear concave. By finiteness of
the continuation function and the induction hypothesis, it is easy to verify that Wj(-,wj) is
piecewise linear concave in v].’ at stage j. Hence, for a feasible stage j action set X (v]’ ) which
is bounded by vj, a linear reward function r(x;j,wj), and a concave continuation function, it

follows that the value function Vj(vj’ ,Wj) is piecewise linear concave.

4.8.2 Notation

The set of periods from j to TA is denoted 7J7A = {j, ..., TA}. The set of periods from TA 41
to TB is denoted 78 = {TA + 1,..., TB}. By x¥, k € K* we denote decisions during periods
te ’7?\. By (vi,wi) € Vi x Wy we denote vectors of endogenous and exogenous state variables

during periods t € ’7;A. By ut € Uy we denote the vector of exogenous states during periods
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t € 7P.Note that the elements of the decision vector x¢ = {xf, k € K*} for t € T{" is different
from the elements of the decision vector y; = {y¥, k € KB} for t € T®. Also the elements of the
state vector (vi,wy) for t e 7]A is different from the elements of the state vector u; in periods
te 7B By 7 we denote a collection of of stage-dependent decision rules {X[,t € 7)7/\}, each

mapping states to actions.

4.8.3 Sets

7]7A = {j, ..., TA}: First set of time periods

TB = {TA +1,..., TB}: Second set of time periods

KA = {G,U,R,S}: Action indexing in time periods t € T{*.
KB = {G,L,S}: Action indexing in time periods t € 7°.

X, = R3 x {0,1}: Action set in time period t € T;*

Yy Ri: Action set in time periods t € TP

Vy C Ri: Exogenous state set in time periods t € ’7]A

Wy © Ri: Endogenous state set in time periods t € ’EA

U, < ]R%r: Exogenous state set in time periods t € 78

4.8.4 Parameters
L™ Min storage volume (m3)
L™ex; Max storage volume (m?)

TA: End of first time horizon
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TB: End of second time horizon

t": Downtime of the plant associated with failure (time)

T®: Downtime of the plant associated with refurbishment (time)
QMm®: Maximum upgrade capacity (m?/time)

e: Energy coefficient (kWh/m?3)

0: Discount rate

Cu: Cost of upgrading for unit of capacity (USD)

Cr: Cost of refurbishment (USD)

Cr: Cost of failure (USD)

4.8.5 Actions
x; = (x, ke KA) € Ay: Action vector at time t € T

yi = (¥, k € £B) € Jy: Action vector at time t € T5.

4.8.6 States

vi = (8,1, dt) € Vi: Exogenous state vector at time t € 7?\.
wi = (L, ct, i) € Wri: Endogenous state vector at time t € 7]/\.

u; = (st,1t) € Uy: Exogenous state vector at time t € 75,
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4.8.7 Discretization of price and inflow processes

I, = exp(i}® + 0,8 wy) (4.30)
2mt 2mt
St = exp <occos <FZ> + B sin (;;) +xt + Et> (4.31)
Etrar = & + pugdt + o€ (4.32)
A 1 — e—2KrxAt
Xtiar = Xte XA — ZX(1 — gAY 4 gy € €2 (4.33)
Ky 2Ky
1 — e—2KkwAt
Wepar = wie A 4 oy [ —————e3 (4.34)
2Kw

where €7 and €, are correlated by p,s and can be generated by taking random draws €; ~

N(0,1) and €; ~ N(pyzer, 1 — pia). €3 is a standard normally distributed variable.

4.8.8 Five-stage example formulation

The fully integrated problem is given by

S
zF = max Z Tl (pmﬁsn + Z 5t (pt,sxssn - Cuxgs)) (4.35)

o G u
{x¢slt,s,qt,s9%g 5y tET, SES} s=1 teT1 UT2
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s.t.
L =2 (4.36a)
Lists = Liys — Xg + s Vte T\{T},seS (4.36b)
qr =3 +xj VseS (4.36¢)
i1, = qus + Xps te T \{ThseS (4.36d)
xgs < min{lys, qes} Vte T,\Vse S (4.36¢)
Xgs =0 Vte T,VseS (4.36f)
Xis =0 Vte T VseS (4.36g)
Xis =0 Vte Ti,Vse S (4.36h)
X&s = XEs/ Vte TVseS,Vs' e St (4.361)
Qs = G’ Vte T¥seS,Vs' e St (4.36)
s = L Vte T;¥se S, Vs’ e St (4.36k)
Xils = Xils/ Vte T¥s e S,Vs' e St (4.361)

Generation variables and upgrade variables at stage t and scenario s are {XES, teT, se
S} and {XES, t € T, s € S}, respectively. Moreover, capacities {qis, t € 7, s € S} and
reservoir levels are {lis, t € 7, s € S}. Constraints Equation 4.36b, and Equation 4.36e
connect the reservoir level to the production, Equation 4.36c-Equation 4.36d adjust the capacity

based on the investment decisions at stage one and two. We denote by 71 = {1,3} periods in
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which the investment can happen which is enforced by constraint Equation 4.36h. Constraints
Equation 4.36i-Equation 4.361 ensure the non-anticipativity of stage t € T decision across
sample paths in the set St, where S! is defined as the set of all scenarios that are equivalent to

scenario s at time t.

4.8.9 MDP constraints

Given state components vy € Vi, the vector of actions, x¢ € Xy(vy), is feasible if it satisfies

following constraints:

x¢ —min{q¢, Lt + it} <O Vte TA (4.37)

x¢ — MES <0 vte T (4.38)

Xt — QMaxxR < 0 Vte T (4.39)

g8 +xR <1 vte T (4.40)
—xF & <0 vte T (4.41)

¢t —0.99 — MEF <0 vte TA (4.42)
TR

dIxf =M1 -x}) <0 vte T (4.43)
t

TF

dixf =M1 -&f) <0 vte T (4.44)
t

Xty &6, & € {0,1) vte T (4.45)

x$ =0 Vte T (4.46)

xi =0 vte T (4.47)

x; =0 vte T (4.48)
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where E,tG = 1{x§>o} and &f = 1{,—1}. Constraints Equation 4.37-Equation 4.38 and Equa-
tion 4.39 limit the production and upgrade quantity, (Equation 4.40) prevents production in
periods that refurbishment happens, Equation 4.41 force the refurbishment when failure hap-
pens, and Equation 4.43-Equation 4.44 determine the periods that the plant is down due to the

refurbishment, upgrading, and failure, respectively.

4.8.10 Calibration of stochastic processes

For prices, since electricity futures have settlement over a given period, typically weeks,
months, quarters and years, we first apply the smoothing method by [16]. After applying this
method, we obtain smooth futures curves for each trading date in the period from 2011 to 2018
from which we can take monthly maturities and calibrate a stochastic model. An alternative
method for constructing forward curves can be found in [79]. Nordic electricity futures data were
obtained from the information provider Montel [129]. After obtained smooth forward curves, a
Kalman filter and maximum likelihood approach were employed. Our implementation is based
on [84]. The parameter estimates are provided in Table IX. We calibrate the price model to
different historical periods to be able to assess policy performance when the underlying data
generating process is unknown.

Numerical values For inflow parameters we present monthly estimates. The estimation is
a two step procedure where we first deseasonalize and normalize inflow by estimating ﬂ;og and

(_I]!Og, and then fit an AR(1) process to residuals obtaining estimates for k., and oy,.

Tk, Significance 1%.
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Parameter %ﬁsf_ggfgl 2011-2014 2012-2015 2013-2016 2014-2017 2011-2018

Ky 1.063%%* 0.966 0.771 0.615 0.980 1.077
0y 0.403%** 0.362 0.302 0.366 0.466 0.521
A 0.2347%%* 0.153 0.060 0.115 0.170 0.281
e —0.041 -0.120 -0.118 0.189 -0.134 -0.015
wi 0.0117%%* 0.013 0.008 0.022 0.009 0.022
s 0.149%%* 0.102 0.090 0.111 0.190 0.194
Oyt ~0.03**  -0.129 -0.079 -0.361 -0.030 -0.047
o 0.163%**

B —0.025%**

TABLE IX: Parameter estimates of the price model.

Month?j ﬁ}‘)g 6;‘% ow Ky

9.768 0.655 7.095 26.30
9.190 0.686 7.095 26.30
9.699 0.656 7.095 26.30
9.772  0.625 7.095 26.30
11.286 0.529 7.095 26.30
12.146 0.267 7.095 26.30
12.015 0.400 7.095 26.30
11.446 0.488 7.095 26.30
11.204 0.372 7.095 26.30
11.222  0.540 7.095 26.30
11.103 0.674 7.095 26.30
10.529 0.686 7.095 26.30
13 10.076 0.940 7.095 26.30

TABLE X: Base case inflow parameter estimates

—_
P2 ©ow-o ok wh

—
[\
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For calibration of the deterioration process we base estimates on expert knowledge, since
data for evolution of equipment states are scarce. The mean and variance of the deterioration

process are given by

E(dt) = Kilt), Var(dt) = K\(;) (4.49)

Furthermore, empirical studies suggest that the expected deterioration at time t is proportional
to the power law [187]. We let k(t) = 0tY which means parameters 0,y and k needs to be

estimated. !

2We define let month to consist of 4 weeks, which then will give 13 months in a year.

'If v = 1 the process is stationary.



CHAPTER 5

CONCLUSION AND FUTURE WORK

This thesis studies the challenges in the deployment of reinforcement learning algorithms in
real-world business problems while focusing on applications in the operations finance area. We
focus on problems in sustainable energy procurement, management of storage, and refurbish-
ment of power plants. While we tried to address some prominent research questions in each
of these directions, many follow-up research works remained to explore. We briefly present an
overview of potential future contributions.

Motivated by the recent global trend in corporate energy procurement, in Chapter 2, we
study the problem faced by companies that have committed to satisfying a renewable power
procurement target by a future date. We develop DRH, a novel scheme that combines reopti-
mization and the information relaxation and duality approach to provide non-anticipative pro-
curement policies. Further investigations can unveil the impact of intermittency of renewable
power supply on the optimal PPA portfolio. Also, more analysis on the pricing of these long-
term agreements can help companies construct a portfolio of these options. This has already
led to future work in [183].

In Chapter 3, we study a problem faced by a firm providing services to store ethanol and
analyze the behavior of users interacting with this storage provider. Our study of DRGPs

shows that there is promise in leveraging decision rules to define non-linear transformations of

158
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GPs for user modeling in the ethanol storage application. Further investigations can introduce
an inference mechanism for DRGPs in similar applications.

Finally, motivated by the penetration of renewable power sources in the power generation
portfolio of countries, we study the refurbishment and capacity investment problem in these
assets. We focus on finding the value of the asset in the long term and show that common
assumption in practice for modeling the evolution of uncertainties in the long run leads to high
error and suboptimal decisions. Our findings show the effectiveness of estimating the value of
an asset under limited long-term information through a combination of standard and robust
MDP to achieve a robust stream of cash flows under various future environments. Further
analyses may unveil new approaches for quantifying uncertainties in long-term planning horizon

problems.
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