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Prominent companies have committed to procuring a percentage of their power demand from
renewable sources by a future date. Long-term financial contracts with renewable generators, known
as corporate power purchase agreements (CPPAs), are popular to meet such a renewable power
purchase target (RPPT). By analyzing a simplified three-stage model, we show that the generation
capacity contracted via a CPPA is more nuanced to structure optimally compared to traditional
long-term power contracts due to the interplay between price and supply uncertainties as well as
the RPPT. We subsequently propose a Markov decision process (MDP) to formalize rolling-power-
purchase policies used in practice, that is, the construction of dynamic CPPA portfolios to meet
an RPPT. The optimal MDP policy is intractable to compute but possesses the following key
properties: (i) its decisions account for stochastic prices and supply, (ii) it captures the timing
flexibility to enter CPPAs, and (iii) it can sign CPPAs with different tenures. We develop forecast-
based reoptimization heuristics and a novel information-relaxation based reoptimization approach
that sacrifice and approximate, respectively, the first property of the MDP policy and capture
the remaining properties. We perform an extensive computational study on realistic procurement
instances to uncover managerial insights related to procurement costs, the control of risks arising
from supply uncertainty, the relevance of CPPAs as markets evolve, and the near-optimality of

rolling power purchases from our information-relaxation based procurement heuristic.

1. Introduction

Corporations are playing an increasing leadership role in promoting sustainability and social re-
sponsibility 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 (CDP et al. 2017).

We focus on companies that have committed to renewable power purchase targets (RPPT), that
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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 example, Procter
& Gamble and Intel have committed to RPPTs of 30% and 75%, respectively, by 2020 and 2025.
In 2019, nearly 400 companies had committed to an RPPT and 221 global companies have pledged
an RPPT of 100% as part of the RE100 initiative (BNEF 2020). To meet these targets, power pur-
chases 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.

Companies have increasingly resorted to corporate power purchase agreements (CPPAs) as ve-
hicles 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 of power and RECs at a predetermined strike price for each year of the contract’s
tenor. The purchase of power using CPPAs has increased 40% in 2019 from its previous record
of 7.2 gigawatts in 2018 (Baker McKenzie 2018, BNEF 2018, 2020). In this paper, we consider
synthetic CPPAs (henceforth, CPPAs) which have driven the recent wave of corporate renewable
procurement and account for 80% of the clean energy procurement in 2019. They are long-term fi-
nancial agreements on generation capacity where the producer sells the power generated to the grid,
the firm buys power at a short-term (i.e., uncertain) price! from the grid or a utility, and payments
for differences between the fixed strike price and a variable reference price are made. Typically, the
CPPA reference price and the firm’s short-term power purchase price are equal (or at least close to
each other) to ensure a price hedge (see, e.g., RMI 2016, WBCSD 2018). Despite this price hedge,
the amount of power that is generated from the contracted capacity is uncertain due to operations
(e.g., maintenance) beyond the control of the buyer and the intermittency of renewable resources
such as wind and solar. In other words, CPPAs ensure that the buyer pays a fixed price per MWh
on an uncertain quantity of power. This feature is a blessing, as it avoids CPPAs being classified as
a derivative and adhering to financial regulation (see, e.g., Davies et al. 2018, page 5), as well as a
curse because it does not eliminate the companies exposure to power price and supply uncertainties.

Since CPPAs are quite different from traditional long-term contracts that ensure certainty in
price and supply, there has been significant recent experimentation in corporate renewable procure-
ment policies. Traditionally, long-term power contract lengths were twenty to twenty five years.
Recent CPPAs include contracts with tenors ranging from five to fifteen years and companies have

begun actively managing CPPA portfolios over time. Despite these trends, a large proportion of

LA short-term power purchase may be from the wholesale market at the day-ahead price or through a utility at a
variable monthly retail rate.



companies have not yet committed to any renewable energy target due to a lack of strategic knowl-
edge on corporate renewable procurement (PWC 2016). Moreover, the procurement problem faced
by a firm that plans to setup and meet an RPPT has not been formally studied in the extant aca-
demic literature to the best of our knowledge. Our goal is to take a meaningful step towards reduc-
ing this knowledge gap by studying two dominant power procurement options to satisfy an RPPT
(BNEF 2018): (i) enter into CPPAs, and (ii) buy short-term power, as needed, and supplement it
with unbundled REC purchases?. To this end, we (i) analyze a simplified procurement model to
highlight the structure of CPPAs and the impact of price and supply uncertainties on CPPA ca-
pacities and costs to meet an RPPT, and (ii) formulate a realistic tactical planning model and use
it to investigate how practice-based policies as well as new dynamic procurement policies can be
beneficial to meet an RPPT.

Our simplified procurement model uses as its long-term option a single CPPA that can be
entered today with a contract length extending to the RPPT date. We analyze the behavior of
the optimal expected procurement cost and CPPA capacity with respect to market parameters as
well as the RPPT level. The procurement cost is greater in markets with high renewable energy
penetration and high (short-term) power price volatility. Moreover, buyers procure less using
CPPAs in such markets where practitioners would traditionally expect long-term agreements to be
effective at reducing energy costs. Uncertainty in power supply drives this non-traditional behavior.
In particular, the balancing of sustainability goals and energy costs is more nuanced: the capacity
contracted via a CPPA (in the presence of power supply uncertainty) is less than and greater than,
respectively, the analogous capacity in a deterministic supply setting with small and large RPPTs.
Therefore, CPPAs become more effective at reducing procurement costs for companies that have
aggressive RPPTs and are accessing power markets with limited renewable power penetration,
which is the status quo in many US and global regions. In other words, a key insight is that
combining aggressive RPPTs and CPPAs helps address climate change goals and energy costs —
thus tying the knot between social responsibility and financial performance.

The intricacies of structuring procurement via a single CPPA underscore the challenge faced by
companies that dynamically choose among multiple procurement options. We propose a realistic
tactical procurement model that provides a unifying framework to view and benchmark multi-stage
and multi-contract policies. Our model is 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 fulfilled (but contracts can be

2Unbundled RECs represent the short-term option to buy RECs at an uncertain price from a secondary market.



signed) and a sustain period where the target must be satisfied. At each stage, the company decides
whether to enter into new CPPAs. The set of available CPPAs depends on the contracts offered
by generators, which is unpredictable over time. Moreover, when entering a CPPA, the associated
purchase quantity needs to satisfy minimum and maximum requirements. These realistic features
translate to the procurement decisions from an optimal MDP policy (i) accounting for stochastic
prices and supply, (i) capturing the timing flexibility to sign CPPAs, and (iii) potentially signing a
variety of CPPAs with different tenures. Nevertheless, computing this policy is intractable owing
to our MDP having a non-convex action set and a high-dimensional state space. We thus develop
heuristics motivated by practice as well as a novel approach to approximate our MDP.

Practice-based procurement policies use forecasts and take a rolling power purchase approach.
In its traditional form, such a policy signs CPPAs of a single fixed tenure (e.g., 20 years), maintains
only one CPPA at any time, and determines the capacity of the new CPPA for the next block of the
planning horizon (e.g., years 21-40) once the incumbent CPPA expires. The CPPA capacity is com-
puted by solving easy-to-implement-deterministic models that use forecasts of stochastic quantities
in the MDP and limit the forecasting effort to the CPPA tenure. We refer to this strategy with
low timing flexibility and no CPPA variety as the forecast-based block heuristic (FBH). We also
consider two extensions that both increase the timing flexibility to allow the signing of new CPPAs
each year and use forecasts that span the full planning horizon. These extensions, dubbed forecast-
based reoptimization heuristic (FRH) and portfolio FRH (PFRH), differ in the variety of candidate
CPPAs they can access, with the former and latter using single- and multiple-CPPA types.

Since the aforementioned policies use forecasts, in contrast to an optimal policy, they do not
directly capture the impact of the future evolution of uncertainty on the current procurement de-
cision, which is conceptually undesirable. Moreover, understanding if this issue results in poor em-
pirical policy performance requires a lower bound on the optimal policy value. We develop a novel
multiple-contract procurement heuristic based on information-relaxation (PIRH) that provides both
a lower bound and decisions that account for future uncertainty. PIRH solves deterministic (hind-
sight) optimization models along sample paths in Monte Carlo simulation, with costs corrected by a
dual penalty term based on the information relaxation and duality approach (Andersen and Broadie
2004, Haugh and Kogan 2004, Brown et al. 2010). It extracts a non-anticipative decision from a dis-
tribution of anticipative actions across sample paths using a function that we refer to as a decision
measure. Examples of decision measures include the mean, median, and mode of a distribution.
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 ranging
from 5 to 25 years and a planning horizon of 40 years. The strike prices of CPPAs are specified by
a model that factors in the effects of the expected power price, the expected supply, 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; NREL 2017). We calibrate
stochastic processes for the evolution of power/REC prices as well as supply using market data and

the practitioner literature. We uncover the following insights:

e The additional cost of certifying power as being renewable increases by roughly 6% as the
correlation between the power price and supply changes from being perfectly negatively cor-
related to being perfectly positively correlated. This suggests that companies need to account
for co-variance between power price and supply uncertainties to accurately estimate the cost

of meeting an RPPT using CPPAs.

e The shape of power supplied by a renewable generator exposes the firm to two types of shape
risks associated with (i) meeting demand and (ii) satisfying the RPPT. Mitigating the former
risk is not in the firm’s direct control but the latter risk can be controlled by satisfying the
RPPT less frequently (e.g., yearly). Reducing this frequency, e.g., from monthly to yearly

causes the expected procurement cost to decrease by 3-4%.

e Rolling power purchases with a single long-term CPPA leads to near-optimal procurement
costs and optimality gaps of 3-5%, provided that new CPPAs can be signed each year as done
in FRH. Using shorter-tenure CPPAs alone in both FBH and FRH leads to larger optimality
gaps of 7-15%. This finding motivates the use of portfolios with multiple CPPA tenures.
Such portfolios computed by forecast-based heuristics lead to larger optimality gaps than our
policies employing a single-CPPA type, which suggests that these heuristics do not sufficiently
optimize CPPA portfolios. In contrast, PIRH is effective at computing near-optimal dynamic
CPPA portfolios, with an average optimality gap of 1.6%. The use of CPPA portfolios, in
addition to short-term purchases, can thus significantly reduce procurement costs, especially

for companies with aggressive RPPTs.

e CPPAs remain valuable as a firm’s operating environment evolves. In particular, corporate
procurement portfolios with multiple CPPA types lead to procurement costs that are stable
when contract availability and the market dynamics of REC prices change. Moreover, the

removal of production tax credits has a significant impact on the cost of CPPAs, which results



in a procurement cost increase of 9%. Although the presence of production tax credits directly

affects the use of CPPAs in the short to medium term, they remain relevant in the long term.

1.1 Novelty and related work

We build on the extant literature that studies commodity procurement using spot purchases and
forward contracts (Li and Kouvelis 1999, Kleindorfer and Wu 2003, Boyabath et al. 2011, Sec-
omandi and Kekre 2014) as well as procurement in supply chains via short-term and long-term
contracts, including dual- and multi-sourcing options (Martinez-de Albéniz and Simchi-Levi 2005,
Tomlin and Wang 2005, Veeraraghavan and Scheller-Wolf 2008, Allon and Van Mieghem 2010).
Our study of renewable power procurement adds to this line of work. Specifically, our focus on con-
structing procurement portfolios to meet an RPPT, related insights, and the dynamic policies 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
and their payoff depends on both price and supply uncertainties, which together 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 (Wu and Kapuscinski
2013, Hu et al. 2015, Aflaki and Netessine 2017, Zhou et al. 2019), power supply equilibria (Al-
Gwaiz et al. 2016, Sunar and Birge 2019), support schemes and their impact on renewable energy
investments (i@legen and Reichelstein 2011, Drake et al. 2016, Singh and Scheller-Wolf 2017), and
market-based or equilibrium-based pricing of feed-in tariffs and CPPAs (Wu and Babich 2012,
Alizamir et al. 2016, Ritzenhofen et al. 2016, Bruck et al. 2018). 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 NREL (2017).

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., Denholm and Sioshansi
2009, Kim and Powell 2011, Jiang and Powell 2015, Pandzi¢ et al. 2015, Zhou et al. 2019), as well
as the management of consumer incentive programs such as demand response (Chao and Chen
2005, Webb et al. 2017, 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. Moreover, our investigation of the factors affecting the effectiveness of CPPAs and
comparison of both traditional and contemporary procurement policies from the unifying lens of
our MDP model enriches this literature.

The procurement policies we consider add to existing rolling-horizon planning approaches, also
known as certainty equivalent control or reoptimization methods, which have been successfully used
for decision making under uncertainty in engineering and business applications (Chand et al. 2002,
Bertsekas 2005). In the context of energy, reoptimization models are popular for determining the
next day unit commitment and real-time economic dispatch of power generators (Weber et al. 2009,
Meibom et al. 2011, Milligan et al. 2012). They have also been used in real option settings, most
notably for managing energy storage (Lai et al. 2010, Wu et al. 2012, Nadarajah and Secomandi
2018). Our development of PIRH introduces a new reoptimization scheme to this literature. More-
over, our extensive numerical study expands the set of applications for which reoptimization has
been considered and shows that PIRH can outperform PFRH.

In addition to the reoptimization literature, PIRH contributes to the active research on the in-
formation relaxation and duality approach (Brown and Smith 2011, 2014, Brown and Haugh 2017,
Haugh and Lacedelli 2018, Nadarajah and Secomandi 2018, Ye et al. 2018), which does not directly
provide control policies. Therefore, Desai et al. (2012) design an auxiliary procedure to obtain de-
cisions 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 sim-
ulation. This approximation is then used along with the MDP Bellman operator to compute deci-
sions. It is not easy to extend the approach of Desai et al. (2012) to our setting because estimating
a value function approximation and computing decisions using the Bellman operator are both chal-
lenging due to the large controllable part of the state space in our MDP arising from tracking the
generation capacity contracted via CPPAs. Our development of PIRH thus adds a direct way to
obtain non-anticipative controls when using the information relaxation and duality approach.

More broadly, PIRH adds to approximate dynamic programming (ADP; Bertsekas 2005), 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 (Longstaff and Schwartz 2001, Tsitsiklis
and Van Roy 2001), approximate linear programming (De Farias and Van Roy 2003, Lin et al. 2019),
and stochastic dual dynamic programming (Pereira and Pinto 1991, Shapiro 2011). However, meth-
ods to approximately solve MDPs with high-dimensional endogenous and exogenous state compo-

nents are limited (see, e.g., Salas and Powell 2017, Nadarajah and Secomandi 2018) and approaches



that handle non-convex action sets are even more scarce. PIRH has potential value for solving

MDPs with these complicating features, which arise beyond our specific procurement application.
1.2 Paper structure

In §2, we analyze CPPAs in a simplified procurement setting. In §3, we formulate an MDP to reach
and sustain an RPPT using rolling power purchases. We present procurement heuristics that ap-
proximate this model in §§4-5. We conduct an extensive numerical study using models calibrated
to data and discuss our findings in §6. We conclude in §7. All proofs and additional material re-

lated to our models and numerical study can be found in an online supplement.

2. Corporate power purchase agreements

We consider a firm that faces deterministic demand over time and commits now (time 0) to satisfy
an RPPT in the future (time 7'), in addition to meeting its power demand at intermediate points in
time. For simplicity, we assume there is only one intermediate time?. Thus, we have a three period
problem with stage 0 representing time 0 and two future periods 1 and 2 corresponding to times 7'/2
and T, respectively, with power demands D1 and Dy. We represent the RPPT at stage 2 as a fraction
a € [0,1] of total demand D := D; + Dy, that is, the target equals aD. To meet this target, the
company can (i) enter into a CPPA at stage 0 to receive power and RECs from a renewable generator
at periods 1 and 2; (ii) procure any unmet power demand in these periods using short-term power
purchases; and (iii) purchase unbundled RECs to satisfy any shortfall in the RPPT at period 2.
The main decision in our model is the megawatts (MWs) of capacity that the buyer contracts
via the CPPA, which we denote by z. The CPPA has an associated strike price of K’ USD/MWh.
Due to uncertainty, the megawatt hours (MWhs) of power generated in a period ¢ may be less than
z multiplied by the maximum number of hours H of production in each period. We model stochas-
tic power supply in period i by 7,2z, where 7; is a random variable with support on the interval
[0, H]. The total renewable power supplied by the CPPA equals nz = >, (1,2 % The prevalent
CPPA format is an as-generated financial contract that ensures the company pays a fixed strike
price K (USD/MWh) for 1,z MWh of power generated at each period i € {1,2} and receives RECs
associated with nz MWh. The cash flows when using a CPPA are as follows. The company pur-
chases its period ¢ power demand of D; MWh from the short-term market at price P; (USD/MWh).
In addition, there is a financial settlement between the generator and the buyer. Specifically, if the
short-term power price P; is greater than the strike price K, the generator pays P; — K per MWh
for the n;z MWh of power; otherwise, the company pays the generator K — P; per MWh of power

30ur results extend to the case with a general number of such times but this does not lead to new insights.



generated. Although there is no physical power delivery, the generator does transfer RECs for the
total power generation of nz MWh. If this amount is smaller than the target oD, the shortfall is
met using unbundled REC purchases at price R; (USD/MWh).

To represent the aforementioned cash flows, we define w := (P;, R;,m;,i € {0,1,2}) as a sample
path of known and uncertain quantities, and use © := (op,,OR;, On;, PP, Ri» PPimi> PRimi»> § € {1,2})
to denote a vector containing the volatilities and correlations of the random components of w,
where oy and p(. .y represent the volatility and the correlation, respectively. Given a sample path
realization w, the cost of choosing a CPPA with capacity z is

Clz,w;a,K,0) := Z [P D; + (K — P)niz] + Ra(aD —nz) 4. (1)
ie{1,2}
In this definition, the two terms in the summation correspond to the short-term power payment
and the financial transaction between the generator and the buyer, respectively, while the third
term is the cost of purchasing the REC shortfall. The cash flow in (1) can be rewritten as follows:
Clz,w; o, K,0) = Y (Kniz + Pi(Di — miz)) + Ra(aD — nz)4.
1€{1,2}
It becomes apparent from the first term that a quantity nz MWh is procured at the pre-agreed
strike price K but the buyer is exposed to uncertain prices because supply is uncertain in the
remaining terms. Specifically, supply uncertainty associated with a CPPA results in the buyer
(i) being exposed to volatile power prices to varying extents dictated by the mis-match between
the period i CPPA power supply 7;z and the demand D; in this period and (ii) the fluctuating
amounts of unbundled REC purchases at uncertain REC prices when the total CPPA power supply
nz falls short of the RPPT «aD. These issues are non-traditional to practitioners engaging in
power procurement because they typically use long-term contracts to eliminate uncertainty. It is
thus apriori unclear if and when a CPPA is an effective procurement vehicle, which prompts the
following analysis of optimal CPPA procurement capacities and expected costs.

The optimal procurement cost when using a CPPA is

Cla, K,0) := minE[é’(z,w;oz, K, 0)]. (2)

220
To facilitate analysis we define two intuitive quantities. The first is the power agreement premium
PAP(K,©) := KE[n] - Y\ E[nP].
ie{1,2}
This term when positive equals the extra cost of receiving power and RECs from a unit of CPPA

capacity compared to buying non-renewable power directly from the short-term market. The second



quantity is the power and REC savings from using a CPPA, which we denote
PRS(K,0) := > E[nP] +E[Ran] — KE[y] = E[Ryy] — PAP(K,©).
ie{1,2}
This term equals the expected savings from receiving power and RECs from one unit of CPPA
capacity relative to purchasing the same amounts of power and RECs directly from their respective
short-term markets.

Proposition 2.1 characterizes the optimal CPPA capacity z(«, K, ©) and its behavior with power
price related market parameters. When analyzing the behavior of functions with respect to a
market parameter, we omit showing their dependence on parameters that do not play a role in this
behavior. For example, we write z(pp,,) to represent the one-dimensional function obtained by

changing only pp, ,, in z(o, K, ©).
Proposition 2.1. The optimal procurement quantity satisfies

0 if PRS(K,0) <0
z2(a, K,0) :=

aD/y(K,0) otherwise,
where y(K,©) = inf{y € [0,2H] | PAP(K,0) — E[Ronl(n < y)] < 0}. Moreover, for any period i,
(1) z(pp, n;) i a weakly increasing function of the power price and supply correlation pp, . ; and (ii)
z(op,, pp,p;) 15 a weakly decreasing (weakly increasing) function of the price volatility op, if py,.p,

is megative (positive).

The structure of the optimal CPPA capacity in Proposition 2.1 shows that no CPPA is signed when
the power and REC savings per unit of capacity is non-positive. Otherwise, it is optimal to sign a
CPPA for a capacity value that balances (i) the premium paid for purchasing renewable power and
RECs from the CPPA (i.e., PAP(K, 0)); and (ii) the short-term REC costs avoided when meeting
the RPPT as result of the RECs obtained via the CPPA (i.e., KE[n]). It is also apparent that the
optimal CPPA capacity increases linearly in the RPPT parameter .

The optimal CPPA capacity increases with pp, ,, because low power prices (i.e., low power price
risk) tend to occur when the generator’s power supply is low (i.e, high supply risk) and the buyer
needs to purchase power at the short-term price. On the other hand, high power prices (i.e., high
power price risk) are common when the generator’s supply tends to be high (i.e., low supply risk)
and most of the power needed is purchased at the pre-agreed CPPA strike price K. In other words,
power price risk and supply risk work in opposing directions and thus mitigate the net effect on pro-
curement cash flows, which in turn, makes CPPA capacity become more valuable and more capacity

is procured as pp, ;, increases. Following similar reasoning, the impact of power price volatility is

10



mixed. If pp, ,, is positive, high power price risk and low supply risk are likely to co-occur and enter-
ing into CPPA capacity is more beneficial as already discussed. On the other hand, if pp, ;, is nega-
tive, then increasing power price volatility reduces the procured capacity as power price movements
leading to high prices (i.e., high power price risk) are more likely when supply is low (i.e., high supply
risk) and the buyer needs to purchase power at the short-term price. In markets with high renewable
power penetration, such as ERCOT, pp, ,, is negative (Woo et al. 2011) and our results indicate that
procurement via a CPPA should be reduced relative to markets where correlations are zero or posi-
tive. In other words, buyers need to consider the risk arising from correlation when entering CPPAs.

Proposition 2.2 establishes the behavior of the optimal procurement cost, again focusing on the

market parameters related to the power price.

Proposition 2.2. The optimal cost C(«, K, ©) is (i) linearly increasing in o; (i) weakly decreasing

in pp,m;; and (i) weakly increasing (decreasing) in op, if pp,n, is negative (positive).

The optimal cost varies linearly with the RPPT parameter a, which shows that average spending
needs to proportionally increase if the company wants to be more aggressive with its target when

using a synthetic contract. The remaining findings pertaining to pp,

..n; and op, are consistent with

Proposition 2.1 and the ensuing discussion underscoring the importance of correlation between
power prices and supply.

Correlation and volatility risks are not limited to power price and supply but extend to the REC
price in period 2, Ry, and the total supply, nz. When the correlations pp, ,, for all i € {1, 2} and pg,
are negative, Proposition 2.3 shows that the behavior of the optimal CPPA capacity with respect
to supply volatility is more involved than its change with respect to price volatility established in
Proposition 2.1. As already discussed, there is support for negative correlation between power price
and supply, which we assume in Proposition 2.3. However, it is hard to rationalize a strong positive
correlation between the period 2 REC price Ry and total supply 7. This correlation is likely zero or
potentially negative. The former case does not change our results while that the latter, which we
assume, is likely with more renewable energy penetration. We also assume (for simplicity) that oy,
equals a constant for all 7 € {1,2} and compare cases when this constant equals zero and a strictly
positive value. For o > 0, we write z(0,, = o) and z(o,, = 0) as short forms for z(o,, = 0,0, = 0)
and z(oy,, = 0,0y, = 0), respectively. We define the lost REC value LRV (z;0) := E[Ryn1(nz >
aD)], which is the expected value of RECs when CPPA power supply exceeds the RPPT of aD.

Proposition 2.3. For o > 0, suppose pp,,, for all i € {1,2} and pr,, are negative. Then

z(oy, = 0) =0, if z(oy, = 0) = 0. Instead, when z(oy,, = 0) > 0, we have z(oy, = 0) < z(oy, = 0),

11



if LRV (aD/E[n]; 0y, = 0) = PRS(K, 0y, = 0), and z(oy, = o) = z(0y, = 0), otherwise.

When zero CPPA capacity is purchased in the deterministic supply case (o, = 0), this proposition
shows that the same is true with supply uncertainty (o, > 0). In other words, the buyer avoids
using a CPPA more often under volatile supply. On the other hand, if nonzero CPPA capacity is
optimal under deterministic supply, then we find that the CPPA capacity with uncertain supply
can be greater than or smaller than z(c,, = 0) depending on whether the lost REC value is greater
or smaller, respectively, than the REC and power price savings. In addition, this trend shows that
supply variability can result in contracts with smaller CPPA capacity for firms with less aggressive
RPPTs (i.e., smaller a) since the lost REC value LRV (aD/E[n]; 0,y = o) decreases with a.
Although optimal CPPA capacities can increase or decrease when there is supply uncertainty,
Proposition 2.4 establishes that the optimal procurement cost is nevertheless greater with supply
uncertainty when correlations are negative. This difference is lower bounded by a quantity that
increases with the magnitude of the power price, REC price, and supply volatilities. Moreover, this

bound is larger for companies with more aggressive RPPTs (i.e., larger «).

Proposition 2.4. For o > 0, we have

aD
- 2 PP;n;9P,0 — pRz,naRQUl(y(Um =0) = E[n])

Cloy, = o) — Cloy, = 0) 2 —22
K K y(o-"h = O-) 16{1,2}

Moreover, if py, p, for all i € {1,2} and pr,, are negative, then C(oy,, = o) — C(oy, = 0) = 0.

Our analysis highlights that power price and supply volatilities increase procurement costs, as
expected, but the magnitude of this increase is closely linked to the correlations between price and
supply. The amount of capacity procured using a CPPA also depends on such correlations. It is
interesting that CPPA procurement capacity increases in the presence of supply uncertainty when
RPPTs are high, that is, RPPTs themselves play a role in determining whether a CPPA is an ef-
fective procurement vehicle. An insightful consequence is that companies using aggressive RPPT's
have a higher potential of reducing their costs by including a CPPA as a procurement vehicle. Thus,
a high RPPT in conjunction with a CPPA helps a firm balance climate goals (i.e., social responsi-
bility) with energy costs (i.e., financial performance). Our results also shed light on the non-trivial
nature of meeting an RPPT with a single CPPA. Practitioners have gone beyond a single CPPA
and have started using dynamic portfolios of CPPAs with differing durations to both reach and

sustain RPPTs, which we will turn to next.
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3. A Markov decision process view of rolling power purchases

Two different procurement perspectives for meeting an RPPT are to (i) use short-term power and
REC purchases and (ii) use a single large long-term CPPA with shortfalls procured via the short-
term market. The former short-term policy exposes the buyer fully to price volatility. The latter
long-term CPPA policy faces the risk of locking in uncertain supply at terms that may become
unfavorable in a rapidly evolving power market. To balance these risks, we consider rolling power
purchases to meet and sustain an RPPT, which is a flexible strategy that maintains a portfolio of
CPPA types with short and long tenors and signs new CPPAs, as needed, on a regular basis. We
formulate in this section an MDP model that optimizes this strategy and provides a unifying lens
to understand the procurement policies we consider in §§4-5.

The planning horizon in our MDP is composed of two nested intervals as illustrated in Figure 1.
The courser intervals are defined by stages, which are points in time when CPPA contracting
decisions are made and we assume any RECs needed to meet the RPPT are purchased from the
short-term market at this time. The finer intervals are demarcated by inner-stages at which (i) the
corporation attempts to match power supply from the CPPA with demand using short-term power
purchases, and (ii) exchanges cash flows with the generator to hedge the price for power generated
from capacity contracted via CPPAs. In summary, the enforcement of the RPPT takes place at

the decision stages, whereas CPPA settlements take place at inner-stages.

Figure 1: Illustration of planning horizon, stages, and inner-stages.

Reach period Z% Sustain period Z°
~ - ~ — — —
RPPT 0 0 0 «a « «a «a «
Stage 0 1 R i i+1 I—1
® = = = - —p
Dy
Inncr-stage Ti = Ti,0 Ti,1 cee Ti,t Tit+1 - -- Ti, T = Ti+1

Formally, the horizon is comprised of I stages indexed by i belonging to set Z := {0,...,I —1}.
Stage i corresponds to time 7; and time 7y is now. There are T' 4 1 inner-stages between stages 4
and ¢ + 1 indexed by ¢ with support in set 7 := {0,...,T'}, where 7;; is the time associated with
inner-stage t. Thus, 7; 0 and 7; 7 equal 7; and 7;41, respectively. To ease exposition, we assume equi-
distant annual stages and equi-distant inner-stages. An RPPT is enforced annually from year IT
onward, that is, a percentage a € (0,1] of the annual demand in each year i € 7 := {I®, ... I —1}

must be satisfied by renewable sources. The target o does not have to be fulfilled in the remaining
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part of the planning horizon, that is Z%® := {0, ..., 1%}, but CPPAs can be signed. We thus refer
to the years in sets Z® and 75, respectively, as the reach and sustain periods. The demand that
needs to be satisfied in the interval (7; ¢, 7 1+1] in year i € Z is denoted by D;; (MWh).

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 ¢ delivers power from stages ¢ + 1 to ¢ + m at a fixed strike price of
K;;m, USD/MWh. The company can choose to enter into a new CPPA of type m, if it is available,
by determining a capacity level in MW that is within minimum and maximum allowable limits

min
m

max

and z))

(often imposed by the generator) represented by z , respectively. We model contract
availability at stage ¢ using a binary vector a; := (ain € {0,1}, m € M), where a; ,, equals one, if
contract m is available, and is zero, otherwise. The continuous-valued procurement decision vector
is z; := {2im,m € M}, where z;,, is the contracted capacity in MW® of the CPPA of length m

years signed at year i. Given a contract availability vector a;, the vector z; belongs to set

rTm

Zi(a;) = {zi € ]R'f/” |zi7m =0, if a;;m =0, and 2, € {0} U [zmin pmax] otherwise, Vm € M},

which is non-convex when minimum purchase quantities are strictly positive (i.e., z22® > 0).

The information required to make procurement decisions is described in the MDP state, which
contains two components. The first component is a vector z; := (z;;,! € {0, ..., M —1}) representing
the on-hand capacity from CPPA contracts, where x;; is the total capacity in MW available at
year i + [ by the on-hand CPPAs. This component is affected by the firm’s decisions. The second
component w; = (P; 0, R, 1i0,a;) contains the stochastic factors needed to determine the Markovian
evolution of the power price P;; (USD/MWh), REC price R; (USD/MWh), contract availability
a;, and stochastic power supply n;+ € [0, H| (hours), where H is the number of hours between
consecutive inner-stages, e.g., H = 730 for monthly inner-stages. The complete stage i MDP state
is represented by the pair (x;, w;) € X; x W;. Executing procurement decisions z; € Z;(a;) at stage

i and state (x;,w;) € X; x W; results in an update of the CPPA capacity vector x; to

Tt Y, Zim,  if1e{0,..., M -2}

xi+17l = fz(f[fz’ zl)l = Zi,M’ meM:m>l lfl _ M _ 1’ (3)

where f;(x;, z;) is a vector transition function and f;(z;, z;); represents its [-th element.

4The definition of the set of contracts in our formulation can be easily extended to differentiate contracts based
on features other than length.

5The amount of energy in MWh delivered in a specific interval is given by the product of the contracted capacity
in MW and the stochastic renewable energy production during this interval measured in hours.
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For each stage i € Z, the expected procurement cost accrued when entering into CPPAs is

LimT-1 T-1
ci(wi, wi, z;) = B Z Z VA (Kim — Pt )it zim + Z Y'PiyD; ¢
meM I=1 t=0 t=0
+ YaRj11 max {OéDZ' — 772'1‘2'70,0}1{1-613}] ) (4)

where E;[-] = E[-|w;], Lim := min{m, I — i} equals the number of stages of power delivery within
the planning horizon, v € [0,1) denotes the discount factor over the interval defined by inner-
stages, va = 77 € [0,1) is the annualized discount factor, and D; := ZtT=_01 D;; and n; := Zth_Ol it
represent the aggregate (annual) power demand and power supply, respectively. The first term in
(4) models the sum of the settlement cash flows between the generator and the company at each
interval over the tenure of the CPPAs signed from set M. Here 1;1;:2;, is the actual power
generated in the interval (74, 7;+1] of stage @ + [ by the z;,, MW CPPA signed at stage i with
tenure m. The second term is the cost of procuring the known demands D;¢, t = 0,...,7 — 1
from the short-term market at prices P;;, t = 0,...,7 — 1. The third term accounts for the REC
purchasing costs at a price R;11 USD/MWHh to cover any shortfall between the RPPT aD; in year
i € 79 and the renewable power supply 7:T;0 in this year. We assume that at stage I — 1 only

short-term procurement of power and RECs is possible, which means
T—1

cr—1(wr—1,wr—1) = Er Z Y'Pr_14Dr 14+ ywRrmax{aDr1 — nr_121-10,0} .  (5)
Py

A stage i dynamic procurement policy m; is a collection of stage-dependent decision rules
{Z}",j € T;}, each mapping states to actions, where Z; := {i,...,I — 2}. A decision rule Z[" in
stage 1 is feasible if it associates with each state (x;, w;) € X; x W; an action z;(z;, w;) that belongs
to Z;(a;). We denote by II; the set of all feasible stage i policies. Given an initial state (z;, w;) in

stage ¢, an optimal policy in II; solves

‘/Z(xhwl) = 7?21![1 E; Z Wi‘_icj(x;'riawjaZ;ri(x;'ri7wj)) + ’Yi_l_i
&l JET;

cr—1 (a7 [, wr—1) |, (6)
where V;(x;,w;) is the MDP value function at stage ¢ and state (z;,w;) and x;” is the endogenous
state reached in stage j when following the policy 7; starting from (x;, w;).

An optimal policy of MDP (6) maintains a dynamically evolving portfolio of CPPAs to reach
and sustain an RPPT. The MDP policy decision at a stage ¢ accounts for (P1) the future stochas-
ticity of prices and supply, (P2) the full flexibility to time CPPA purchases, and (P3) the access
to a variety of CPPA types. While these properties are appealing, computing the optimal MDP

policy is challenging due the well-known curses of dimensionality associated with MDPs (Bertsekas
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2011, Powell 2011). Specifically, in MDP (6), the endogenous state x; and decision z; are M- and
| MJ-dimensional continuous vectors, respectively, and the exogenous state w; may also be high di-
mensional 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;). A common strategy to overcome this intractability relies on approximating the value func-
tion of the MDP, where convexity of the value function plays an important role in approximate
dynamic programming methods (see, e.g., Brown and Smith 2014, Salas and Powell 2017, Nadara-
jah and Secomandi 2018). The value function of MDP (6) is not convex in general as we show via
an example in Online Supplement B. Ensuring convexity requires additional conditions, such as no
m

procurement minimums (i.e., 22" = (), that may not hold in practice, as shown in Proposition

3.1. (We refer the reader to Online Supplement C for further discussion.)

Proposition 3.1. Suppose (i) 2" = 0 and 2™ < oo for all m € M, and (i) the value function
satisfies |Vi(+,-)| < oo for each stage i € Z. Then the value function V(-,w;) is convex in the

endogenous state x; for each stage and exogenous state (i,w;) € T x Wi.

Owing to these difficulties we pursue simpler strategies. In §4, the policies we consider are based
on forecasts. They sacrifice property P1 of the MDP policy but partially/fully capture properties
P2 and P3. We then introduce in §5 policies based on information relaxation and duality (Andersen

and Broadie 2004, Haugh and Kogan 2004, Brown et al. 2010) satisfying properties P1, P2, and P3.

4. Forecast-based rolling power purchase policies

The traditional use of long-tenure CPPAs in practice can be viewed as a special case of a procure-
ment heuristic that employs a single CPPA. This CPPA is renewed in a rolling fashion (WBCSD
2018) by solving a deterministic model derived from MDP (6) by only allowing CPPAs of a single
type to be signed just-in-time to meet and sustain the RPPT, replacing uncertain quantities by fore-
casts, and limiting these forecasts to the tenure of the CPPA type, that is, they may not extend to
the end of the planning horizon. This heuristic, dubbed the forecast-based block heuristic (FBH), is
parameterized by a fixed m € M and works as follows. 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. If at
year ¢ contract m is not available, that is, a; ,, = 0, then the RPPT in i+ 1 is fulfilled by unbundled
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RECs and the CPPA procurement decision is postponed to year i+1. The optimal CPPA capacity is

71
Zim = argmin Z v Z 7 ( — Ei[Pivie]) Ei[nivi,e] 2im + Z Y Ei[Pi14)Disi e
zim€Zi(ai) =1 =0
+ Ei[Ri 1] max {aDiy — Ei[ni11]2im, 0} |- (7)

Compared to the optimal policy of MDP (6), FBH has low timing flexibility and no CPPA
variety because new CPPAs are signed only when the incumbent contract expires and it uses
a single CPPA type. We introduce a rolling-planning approach that extends FBH in terms of
timing flexibility and CPPA variety. This approach, dubbed portfolio forecast-based reoptimization
heuristic (PFRH), solves at each stage a model obtained by replacing random quantities in MDP
(6) by their respective forecasts, i.e., expected values. In the case of contract availability, given the
binary nature of this variable, we assign 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, is defined as a; jm = 1, if E;[a;,m] > 0.5, and @; j,» = 0 otherwise. Consider the

following version of the cost function (4) with expectations replacing random quantities:

LimT-1 T-1
P @i wiz) = Y DT 2 A Ko = Bl P ) Bilnigialzim + Y 7 il Pt Diy
meM =1 t=0 t=0
+ 'YAEi[Ri-i-l] max {OéDZ' — Ei[ni]xi,OaO}l{ieIS}- (8)

We omit the expression for ¢PEl as it is a simplification of the terminal cost (5). At stage i and

state (z;,w;) € X; x W;, PFRH solves

Hllle Z 7A lc?ET yJ,IEi[ wjl, z )—l—’yﬁ 1= DET(?JI 1,Ei[w1—1]) (9a)

Yizi JETL;

sty = x;, (9b)
yi+1 = fi(yj,2), VjeL, (9¢)
ijXj, VjEIiU{I—l}, (9(1)
zj € Zj(ai,j), Vel (96)

This math program computes decisions z; € Z; and includes auxiliary variables y; to track the
endogenous MDP state. Its objective (9a) is the sum of discounted procurement costs. Constraint
(9b) initializes the stage ¢ state to the current state x;. Constraints (9c) ensure the feasibility of
state transitions. Constraints (9d)—(9e) restrict decision variables to their respective feasible sets.

Although solving (9) at stage ¢ and state (x;,w;) provides the PFRH procurement decisions

{zj’?‘, J € Z;}, we only implement z corresponding to the current stage. Implementing this decision
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results in a transition to a new inventory of power x;41 = fi(x;, 2). Once new information w;;q
becomes available at stage i + 1, we recompute the expectations of uncertain quantities and solve
an analogue of math program (9) formulated using these updated expectations at state (241, w;+1)

51 We repeat this procedure until we reach stage I — 1.

to obtain z

We also consider a variant of PFRH that can only sign a single CPPA type. We refer to
this approach as FRH, which has full timing flexibility but no CPPA variety, and is thus more
flexible than FBH but less flexible than PFRH. The computational burden of using the FBH,
FRH, and PFRH policies is tied to the difficulty of solving the deterministic form of our MDP or
a simplification thereof, which is a favorable algorithmic property, especially in the presence of the
non-convexities discussed in §3. Note that both (7) and (9) are mixed integer programs that can
be solved using off-the-shelf commercial optimization software. Conceptually, by replacing random
quantities by their respective forecasts in our setting, FBH, FRH, and PFRH do not capture the
impact of the future evolution of uncertainty on the current procurement decision. It is apriori
unclear how this factor affects the policy performance of these forecast-based rolling planning
approaches. In addition, the optimal objective of the PFRH math program does not provide a
lower bound on the optimal policy cost whereas deterministic (convex/fluid) approximations in
other applications are known to provide such an optimistic bound (see, e.g., Gallego and Van Ryzin
1997). We show in Online Supplement D that such a lower bounding property is not true for even

a “convexified” version of the PFRH math program.

5. Information-relaxation based reoptimization heuristic

We propose a procurement policy based on the information relaxation and duality framework (An-
dersen and Broadie 2004, Haugh and Kogan 2004, Brown et al. 2010) that addresses the shortcom-
ings of forecast-based heuristics discussed at the end of §4. We describe the dual bound in §5.1 and

then present in §5.2 the reoptimization scheme used to define the new policy.
5.1 Dual bound

Information relaxation and duality is a useful framework to obtain dual bounds on the optimal pol-
icy cost of intractable MDPs and is applicable to MDP (6) as well. In its most commonly used form,
a dual bound is estimated in Monte Carlo simulation by solving a deterministic variant of MDP (6)
endowed with full information about future uncertainty and costs adjusted for this knowledge us-
ing a dual penalty. Let g; (:cl-, Wi, zi) and g7 _1 (:1:1,1, Wf,l) denote respectively the stage i < I — 1
and stage I — 1 dual penalty function, where W; := (w;,j =i...,I,t € T) is a vector of realized

stochastic factors for each stage from i to I and interval t € T. If E;[g; (a?j, W, zj)] > 0 holds for
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jeZ;and Er_1[qr—1 (:1:1,1, Wl,l)] > 0, then the dual penalty function is feasible. Given knowl-

edge of W, define the following hindsight cost function (we omit the analogous definition for C}le)

Lim T—1 T-1
Ao, Wiszi) = D0 D0 DAY (Kim = Pisrd) isiziom + O, 7' PieDig
meM =1 t=0 t=0
+ VAR max {OéDi — ni$i,070}1{ieIS}’ (10)

and consider the following deterministic optimization problem
V% (24 W;) = min Z S [CﬁR(yj, Wj,z) — q; (yj,WjaZj)]

oy [C}lil(ylfh Wi 1) — a1 (yra, WI’I)] Ha

(11a)
sty = ay, (11b)
yi+1 = fi(y,2), VjeL, (11c)
yj e Xj, YieI,u{l -1}, (11d)
zj € Zi(aj), VjeT,. (11e)

Constraints (11b)—(11d) are identical to constraints (9b)—(9d) in the math program solved by
PFRH. Constraints (11e) differ from (9e) 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 §4. The objective
(11a) can be obtained by modifying the PFRH objective (9a) by subtracting dual penalty terms and
replacing the forecasted uncertainty with the elements of ;. The expectation E;[Vi® (z;; W;)] taken
with respect to the random variable W;|w; defines a dual bound on the value function V;(z;, w;),
that is the optimal policy value starting from stage ¢ and state (z;, w;).

The quality of the dual bound depends on the choice of the dual penalty function in math
program (11). Choosing this function to be zero, i.e., ¢;(+,,-) = 0, results in the dual bound being
equivalent to the well-known perfect information bound, which can be weak. Brown et al. (2010)
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:

qr-1 (xffla W[?l) = C}}El(flfjfl, W[—l) - ijl(t'li[fl, WI*l)? (123)
qi (i, Wi, i) = va{Vie1 (i@, 2i), wivr) = Ei[Visa (filwi, 20), winn) ]}
+ c,IR (yz‘, Wi, Zi) — G (yh Wi, Zz) (12b)

The term C%R’ (yi, Wi, zl) — ¢ (yi, wy, zl) is atypical in the definition of an ideal penalty but needed

here since our MDP cost function (4) includes expectations over future exogenous states; hence it
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differs from its hindsight counterpart (10). Since the exact value function in (12b) is not available,
value function approximations can be used instead or simpler dual penalties that do not rely on such
approximations can be constructed (see, e.g., Brown and Smith 2014, Secomandi 2015, Nadarajah
and Secomandi 2018). We take the latter approach and define the dual penalty function as

Li,m T-1

g, Wi, zi) i= D0 D7 D44 [/BzP(Ei[PiH,t] — Piie) + B (Bilnivie] — 77i+l,t)]2i,m
meM [=1 t=0

Lim
+ >0 D0 BB Ri] = Riyi)zim, (13)

meM [=1
where (8, BR, B) are stage- and factor-dependent weights. In (13), the information gained when
taking a decision is approximated by spreads between the value taken by the uncertainty in future
periods (i + [,t) and its expectation computed at period (i,0). These spreads are multiplied by
the CPPA purchase decisions. The dual penalty (13) is linear in z;, does not depend on z;, and is
feasible because the expectation of E;[P;1; ] — P;+1+ equals zero (analogously for the other factors).
In addition to its simple form, linear penalties ensure that the math program (11) falls into the same

complexity class as the deterministic version of MDP (6) and the math program (9) solved by PFRH.
5.2 Decisions

Traditionally, an operating policy is computed independent of the dual bound computation de-
scribed above (see, e.g., Desai et al. 2012 and the related discussion in §1.1). We now 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 stage i (the de-
cision resulting from solving (11) is anticipative as it relies on future information on the sample
path ;). Since the dual bound E;[V'®(x;; W;)] involves solving the math program (11) over mul-
tiple realizations of the random variable W;|w;, we also have a distribution of optimal solutions of
this math program. This decision distribution encodes information from the evolution of future
prices and supply uncertainties. We focus on stage i decisions obtained during the dual estimation
process and represent them via a random decision z;(W;) that is a function of the random vari-
able W;|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;(WW;) to a vector of RMI. Proposition 5.1 establishes some

useful properties of a decision measure with respect to optimality and feasibility.

Proposition 5.1. The decision H;(zi(W;)) is guaranteed to be feasible, that is H;(z;(W;)) € Zi(a;),

if any of the following conditions hold:
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1. Zi(a;) is convex and Hi(z(W;)) := E;|z(W;)].

2. Hi(zi(W3)) = Zi and Zjpm = z;m(W™) for all m € M, where W™ is a realization of the

()

random variable W;|w.

Moreover, if the decision H;(z;(W;)) satisfies one of the conditions above and we use the ideal dual

penalty (12) in math program (11), then H;(z;(W;)) is an optimal solution to MDP (6).

Examples of H; that satisfy conditions (1) and (2) of Proposition 5.1 are H;(z;(W;)) = E;[z:(W;)]
and H;(zi(W;)) = M[z;(W;)|w;], respectively, where M denotes the component-wise median of a
multivariate distribution (Lopuhaa and Rousseeuw 1991), that is, the standard univariate median
applied to each dimension of the distribution (in our case, each contract type m € M). This def-
inition of median leads to a feasible decision in our application since there are no constraints on
the action space Z;(a;) that tie different contracts in M. It is important to note the feasibility
of H;(z;(W;)) under condition (2) holds even when Z;(a;) is non-convex. Thus, in our application
the median decision measure is more robust in terms of feasibility than the mean decision mea-
sure since the latter measure satisfies only condition (1). More broadly, the decision H;(z;(W;)) is
impacted by the unfolding of uncertainty because it is a function of the distribution of z;(W;) — a
favorable property shared by the MDP optimal policy but not by heuristics in §4 that employ fore-
casts. The optimality of H;(z;(W;)) under an ideal dual penalty shows that the information about
future uncertainty encoded in the action distribution can be useful.

To compute a dual bound and decision at stage ¢ and state (z;, w;), we generate H Monte Carlo
sample paths of uncertainty {w;-l’t, (jyt,h) e {i, ..., I} xT x{1,..., H}} which provide a discrete ap-
proximation T/T/Z|wZ of the random variable W;|w;. Based on this approximation, we estimate both a
dual bound Ethl VIR (2;; W) /H and a decision H;(z;(W;)), which requires the solution of H math
programs of the type (11). We apply the aforementioned decision to move to an endogenous state
Tiv1 = fila, HZ(zZ(Wz))) Then we observe the stage i + 1 uncertainty w;,1 and repeat the same
process at state (z;+1,w;+1) and keep moving forward in time until we reach the terminal stage.
We call the resulting approach the portfolio information-relaxation based reoptimization heuristic

(PIRH) and the policy computed in the process using decision measures as the PIRH policy.

6. Numerical study

In §6.1 and §6.2, respectively, we describe our realistic instances and explain the computational

setup. In §§6.3-6.6, we present our results and discuss related managerial insights.
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6.1 Procurement instances

Table 1 summarizes the parameter values of our baseline MDP instance. We use a 40 year plan-
ning horizon (I) and a 5 year reach period (IR) to attain a stochastic RPPT that is 90% (a).
Within each year, there are 12 monthly inner-stages (7'). The set of contracts M and the mini-
mum/maximum quantities are consistent with the CPPA portfolio of Google (Google 2017). The
corresponding availability factors p,, are chosen based on Wiser and Bolinger (2017) and Baker
McKenzie (2015): 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. We use a constant monthly power demand D; ; throughout
the horizon which corresponds to the consumption of two large data centers. The annual risk-free
rate is set to 3.1% and corresponds to the average 10-year United States treasury rate in November

2018 (Bloomberg 2018), which implies a discount factor v, equal to 0.97.

Table 1: Parameters defining the baseline CPPA instance.

Name Value Unit Name Value Unit Name Value Unit
I 40 years Diy 5-10*(Vi,t€Z x T) MWh/month 2z 20(¥Yme M) MW
I? 5 years M {5,10,15,20,25} years ZPax 400 (Vm e M) MW
T 12 months D {0.3,0.4,0.5,0.5,0.4} - Ya 0.97 -
@ 90% - p —0.2(Vi,teZ xT) - TA 0.93 -

We designed a realistic model to obtain CPPA strike prices. A renewable power generator
typically sets a strike price to recoup its project investment and maintenance costs as well as a
return on investment. We chose the generator’s discount factor (r,) so that the return on investment
is roughly twice the risk-free interest rate. In addition, historical data and models from NREL
show that the CPPA strike price is affected by several factors including the expected quantity of
power produced as a fraction of installed capacity (i.e., capacity factor), tax credits, improvements
in technology, the contract duration, and the expected power price over the tenor of the contract
(NREL 2010, DOE 2016, Wiser and Bolinger 2017). We develop a model that accounts for these
factors based on a net present value (NPV) calculation consistent with software from NREL (NREL
2017). For instance, we account for a production tax credit (PTC) per MWh that is granted to
CPPAs signed in the first five years of the planning horizon. We relegate details of the strike price
model to Online Supplement E.

We consider stochastic processes for the power price, REC price, and power supply. We consider
monthly power prices, which can be seen as the firm purchasing power from the utility at a variable

retail rate that tracks the average wholesale price (see, e.g., the CPPA signed by Amazon in RMI
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2016)5. We model the power price using a mean-reverting stochastic process with seasonality and
jumps (Lucia and Schwartz 2002, Weron 2014). The monthly power supply is also modeled using a
mean-reverting process but without jumps (Loukatou et al. 2018). Power price and power supply
share instantaneous correlation pp,,, equal to a constant p of —0.2 for all stages based on the study
by Woo et al. (2011). We employ a Jacobi diffusion process to forecast yearly REC prices following
Zeng et al. (2015) and assume zero correlation between REC price and power supply as discussed in
§2. We employ a maximum likelihood estimation process to calibrate the power price, REC price,
and power supply models using real data from PJM, New Jersey, and EIA, respectively. Availability
of CPPA m € M follows a Bernoulli random variable, where p,, € [0, 1] denotes the probability that
this contract is available. Online Supplement F contains details of these models and the calibration.

Table 2 summarizes six instance sets S1-S6, with 34 instances in total, obtained by perturbing
the parameters of our baseline instance (distinguished by a superscript B). These instances allow

us to analyze the behavior of procurement policies as market parameters change.

Table 2: Extended instance sets with the baseline-instance parameter superscripted by B.

Set Modified parameter Values

S1  Renewable energy target « {0,0.1,...,0.98,1}

S2  CPPA availability change p,, for all me M {-0.2, —0.1, 0B, +0.1, +0.2, +0.3}
S3  Long-term mean of power price {20, 25, 30, 39.7%} USD/MWh

S4  Long-term mean of RECs price {5, 9.48, 15, 20} USD/MWh

S5  Generator annual discount factor 7, {0.9, 0.91, 0.92, 0.93B, 0.94, 0.95}
S6  Power price and supply correlation p {—1,-0.66,—0.33, 0, 0.33, 0.66, 1}

6.2 Computational setup

Our computational study is setup to shed light on how to structure effective procurement strategies
to meet an RPPT. To this end, we evaluate the procurement heuristics of §§4-5 (i.e., FBH, FRH,
PFRH, and PIRH) as well as estimate cost components via Monte Carlo simulation. We denote
by FBH,, and FRH,, the specifications of these heuristics that use CPPA m from set M. We
implemented PIRH using linear dual penalties defined as in (13) with weights (37, 8}, 87) =
(0.3,0,0) for each i € Z, i.e. that include power price spreads alone, and ¢;_1(+,-) = 0. We found
that this dual-penalty specification led to near-optimal procurement policies and lower bounds.
All algorithms were programmed using C++ with GUROBI 8.1 as the math programming solver.

We estimated the value of the procurement policies (i.e., expected discounted total costs over

the planning horizon) and the PIRH lower bound using 1000 Monte Carlo sample paths (i.e., H

50ur MDP and methods can be used at finer time scales at the expense of higher computational cost.
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equals 1000), as this choice resulted in standard errors of lower/upper bound estimates of 0.36%
on average and at most 0.53%. We followed an analogous approach to obtain low standard errors
when estimating other quantities. The PIRH 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 (11) on 30 inner sample paths

and then applied a decision measure to back out a non-anticipative control.
6.3 Managing the cost of renewable power certification

The company’s cash flow function (4) is the sum of two components: (i) the term ZtT:_OI VP +D;
captures the cost of purchasing power from the short-term market and (ii) the remaining terms
corresponding to the expected cost of “certifying” this power as being renewable through CPPAs
and/or unbundled RECs. We refer to the latter component as the certification cost, which simpli-
fies as follows for a setting with 1 MWh of power demand in each hour, an RPPT of 100%, and a
1 MW CPPA of length m € M entered at stage i:

Li,m T-1
ug= 2 o [ Z’Yt <szEz [7i-+1,] —Ei[Piv1 4] Ei[mi1,6] —Cov(Pirt, 77i+l,t)) +E[Rivi41(TH=ni1)] |-
-1 Li=o

The certification cost terms inside the summation explicitly capture the covariance between power
price and supply, where Cov(P;11¢,Mi+1t) = pop,, 0y, Specifically, when p takes positive and
negative values, respectively, the certification cost decreases and increases relative to the case with
zero correlation because of the covariance term. The remaining term related to short-term REC
purchases replaces the 1 MWh of demand by its implied annual demand of TTH MWh. To be able
to compare certification costs across CPPAs of different tenures, we annuitize v, which amounts
to converting the total cash flow into a sequence of equal discounted monthly payments and then
dividing this discounted cost by H (i.e., the hours per month) to obtain a 1 MWh cost. Henceforth,
we denote by u”" the annuitized unit cost (with an abuse of notation) and by u3T the certification
cost per unit when using no CPPAs and only short-term REC purchases.

Figure 2(a) displays the impact that the signing year i has on a 20-year CPPA, that is u?°, for p €

{—1,0,1}, as well as the behavior of uZ»ST with year ¢, which is not affected by correlation. The cost
ST

u?1 varies only marginally with stage i while u2° displays a significant jump at year 5 followed by
a decrease over time. The former jump in certification cost stems from the PTC expiring five years
into the planning horizon. On our baseline instance, entering into a 20-year CPPA at year 5 (i.e.,
u2%) rather than year 4 (i.e., u3°) translates into an annual expected increase in expenditure of about

2 mln. USD. This cost increase makes certifying power to be renewable using a 20-year CPPA more
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Figure 2: Expected certification cost for 1 MWh of power.
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expensive than procuring RECs from the short-term market (i.e., u2® > u$T). The decrease in u
after year 5 is the result of improving technology and efficiency which brings down the CPPA strike
price. Despite the significant impact of subsidies on the cost of CPPAs, the use of such agreements
can substantially decrease the cost of certifying power to be renewable for most stages in the plan-
ning horizon and all three correlation levels compared to buying RECs from the short-term market.

As expected from our analysis in §2, the values of u?o in Figure 2(a) for p equal to 1 and —1
is smaller than and greater than, respectively, this value for zero correlation. Next, we assess the
certification cost change due to the correlation between power price and supply. Figure 2(b) displays
the average annuitized certification cost » ;.7 ui"/|Z| for CPPA m as a function of p. The averaging
here smooths the impact of the signing year ¢ and allows us to focus on the covariance effect. Varying
p from +1 to —1 significantly increases the average certification cost by about 6% for all contracts.

This finding suggests that companies need to account for the impact of power price and supply

correlations; otherwise, their cost estimates for certifying power to meet an RPPT could be biased.
6.4 Shape risk and RPPT settlement time scale

MDP (6) has two time scales defined by inner-stages and stages. The time interval separating inner-
stages depends on how often short-term power prices change, as this affects when power supplied
by the CPPA is matched with power demand. Indeed the firm can negotiate with a utility on index
pricing and the frequency of price changes but this is not under its direct control. In contrast, the
company directly controls the time scale at which the RPPT is met. We assume that this time
scale coincides with the decision stages but this need not be the case.

Using the block heuristic FBH,,,, we explore in Figure 3(a) how the procurement cost in the
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baseline instance varies with the RPPT settlement time scale. Reducing this time scale from yearly
to monthly causes the expected procurement cost to increase by 3.5%, 4.4%, and 3.2%, respectively,
for 15-year, 20-year, and 25-year CPPAs. To understand such procurement cost increases, consider
a 1 MW CPPA that delivers power in year 10. This CPPA delivers different amounts of power each
month due to a seasonal component and a random component, both embedded in our stochastic
model for power supply. Figure 3(b) shows the average delivery profile of this contract with the
RPPT depicted using the dotted line. Under annual RPPT settlements, the average CPPA is
sufficient to meet the target since months with supply shortfalls are balanced by ones with excess
supply. Instead, if the RPPT is met every six months, then the supply from the CPPA is enough
to fulfill the target in months 1-6 but 0.12 MWh of unbundled RECs are needed in months 712,
which results in higher procurement cost. Similarly, when using a monthly RPPT commitment,

0.2 MWh of unbundled RECs need to be purchased in months 7, 8, and 9.

Figure 3: Effect of different contract lengths and RPPT settlements on FBH,,, procurement.
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Intuitively, when using a shorter RPPT settlement, the shape of supply more heavily impacts
the exposure of a firm to the volatile short-term REC price. Indeed, when using a CPPA, supply
uncertainty already exposes a firm to volatile power prices (see discussion in §2). What we show
above is that this shape risk arising from volatile power prices is further exacerbated by exposure to
volatile REC prices in the presence of an RPPT. Fortunately, shape risk due to REC prices can be

mitigated by using less frequent RPPT settlements, which motivates an annual RPPT time scale.
6.5 Value of flexibility in rolling power purchases and portfolio optimization

Rolling power purchase strategies discussed in §4 differ based on their timing flexibility and CPPA
variety. We begin by investigating the value of timing flexibility in single-CPPA policies of FBH,,
and FRH,, (i.e., the value of their respective policies when using CPPA type m € M). Recall
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that the former policy has less timing flexibility and less forecast information than the latter one.
Table 3 reports their performance on the baseline instance as well as their average performance
over the instance sets S1-S6. The performance of the policy that executes short-term power and
REC purchases alone is also reported as a benchmark. Optimality gaps are computed with respect

to the PIRH dual bound.

Table 3: Procurement costs in mln. USD and optimality gaps (in parenthesis) for FBH,,, FRH,,,
and short-term policies.

Instance m=25 m = 10 m =15 m = 20 m = 25 Short-term

FBH,, 648.2 (14.9%) 637.3 (13.0%) 627.4 (11.2%) 620.3 (10.0%) 625.0 (10.8%)| 652.9
FRH,, 638.6 (13.2%) 624.5 (10.7%) 607.8 (7.8%) 591.6 (4.9%) 582.7 (3.3%) | (15.7%)

FBH,, 621.6 (11.2%) 614.1 (9.9%) 606.7 (8.6%) 601.0 (7.6%) 602.1 (7.8%) | 626.4
FRH,, 613.0 (9.7%) 601.8 (7.7%) 590.5 (5.7%) 579.9 (3.8%) 574.5 (2.9%) | (12.1%)

FRH,,, results in a lower procurement cost than FBH,,, under each contract in set M and these
policies for longer tenure CPPAs significantly improve on the short-term policy. The difference
between FRH and FBH increases with the contract length and can be up to 42.3 mln. USD on
the baseline instance when using 25-year CPPAs. Further investigation showed that the average
number of years between signing two consecutive CPPAs for FRHy5 was roughly 12 years while
FBHys5 has a much longer average interval equal to 26 years. Moreover, the minimum, average, and
maximum capacity of CPPAs (in MW) signed by FRHg5 are 22.2, 114.6, and 185.1, respectively,
while analogous values for FBHo5 are 182.6, 187.9, and 193.2. These statistics show that FRHg5 uses
its additional timing flexibility to sign CPPAs more often and with less capacity compared to FBHas,
which results in significant cost reduction. It is also encouraging that FRHyy and FRHg5; have low
optimality gaps (between 3% and 5%). However, in the absence of long-term CPPAs spanning 20 to
25 years, using a shorter tenure CPPA instead can lead to a substantial increase in procurement cost.

Motivated by the above finding, we assess the value of signing multiple CPPA types, that
is, the benefit of maintaining portfolios of CPPAs with different tenures. Table 4 reports the
performance of PFRH, PIRH with mean and median decision measures, and a PIRH variant with
zero dual penalty, labeled PIRH-0. The PFRH optimality gaps are worse than the ones for FRHos
(see Table 3). This worsening of procurement cost cannot occur if a CPPA portfolio is optimized
(for instance using MDP (6)), which suggests that PFRH is not effective at structuring dynamic
portfolios. The results in Table 4 corresponding to PIRH show this to certainly be the case.
Specifically, the PIRH optimality gap when using a median decision measure is 2% and 1.6% on the
baseline instance and on the other instances sets, respectively, which is a significant improvement

over FRHo5. This finding shows that portfolios constructed by PIRH can reduce procurement costs
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Table 4: Procurement costs and optimality gaps for PFRH, PIRH-0, and PIRH policies.

PIRH-0 PIRH
Instance PFRH mean median mean median
Baseline Procurement cost (mln. USD) ~ 590.9 589.0  597.0 576.0 575.2
~______ Optimality gap - 48%  44%  58%  21%  20%
31-S6 Procurement cost (mln. USD)  577.6 584.8 584.2 568.7 567.4
Optimality gap 3.4% 4.7%  4.6% 1.8% 1.6%

relative to a rolling planning approach such as PFRH.

Next, we provide some insight into the superior performance of PIRH compared to PFRH. The
conceptual advantage of PIRH highlighted in §5.2 is that the action distribution it uses to extract
a non-anticipative decision encodes information about the impact of future uncertainty on the
current decision. In contrast, PFRH does not have such information as it uses a forecast. A natural
question is when the information encoded in the PIRH action distribution is useful to improve on
PFRH. An answer to this question can be gleaned from the optimality gaps of PIRH-0 in Table 4,
which are worse than PFRH and PIRH. Specifically, if the quality of the dual penalty is poor, as
in PIRH-0, then relying on an action distribution can be worse than using a forecast. On the other
hand, it is encouraging that the simple linear dual penalties that we use in PIRH are sufficient to
make decision measures improve upon the PFRH decisions as well as lead to near optimal decisions
and a dual bound. On our instances, there is significant value in maintaining CPPA portfolios and
PIRH provides an effective methodology to compute and update such portfolios.

The performance differences between PIRH and PFRH also translate to contracting differences
in their respective procurement policies. Table 5 reports the contract diversity, which we represent
using the mean and maximum numbers of distinct CPPAs in the policy’s portfolio over the stages
in the planning horizon. Since each of these statistics depends on the sample path of uncertainty
in the policy simulation, we report their respective averages over the sample paths. The table
also contains the fraction of sample paths (as a percentage) that use CPPAs of a particular tenure

under PFRH and PIRH. Both approaches have comparable average contract diversities but PIRH

Table 5: Contract diversity and usage of PFRH and PIRH policies on the baseline instance.

Contract diversity Percentage of sample paths using a CPPA tenure

Mean Max 5 10 15 20 25
PFRH 1.89 2.42 6% 15% 43% 80% 96%
PIRH 184 3.10 36% 18% 38% 81% 98%
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has a larger maximum. Their policies use CPPAs of all tenures with PIRH using 5-year CPPAs
significantly more often than PFRH, possibly because shorter term CPPAs avoid locking in an
unfavorable strike price for a long time horizon.

The benefits of the PIRH policy comes with a higher computational burden than FRH,, and
PFRH. At a given stage and state, the time taken to compute a decision using FRH,,, PFRH,
and PIRH are 0.01, 0.04, and 1.9 seconds, respectively. Most of this time for PIRH goes towards
solving the dual optimization models on sample paths and the time required to extract the non-
anticipative decision was negligible. Estimating the value of a policy, i.e., applying it over the entire
planning horizon using 1000 Monte Carlo simulations, took 2 and 9 minutes respectively for FRH,,
and PFRH, and 9 hours for FIRH. Estimating the value of the PIRH policy is more expensive than
PFRH because the former policy solves at each stage math programs for each of the inner sample
paths (which is 30 in our simulation) whereas the latter policy solves a single math program. The
solution of PIRH math programs in the inner samples can be parallelized to substantially reduce

this overhead. Finally, estimating the PIRH lower bound took about 1 minute on average.
6.6 Current and future relevance of CPPAs

The results in Tables 3 and 4 show that the PIRH procurement policy reduces expected cost on the
baseline instance by 13.5% compared to the short-term policy, which translates to 78 mln. USD.
Therefore, entering into CPPAs appears highly beneficial for a firm in an environment resembling
our baseline instance. Since regulatory and market conditions evolve, we consider below the impact
of some of these changes on the benefits of a CPPA.

Support schemes have spurred the increase in renewable energy generation but these schemes
are being gradually phased out in several countries. We investigate if removing the PTC” would
significantly affect how corporations meet an RPPT. Figure 4 displays the evolution of an “average”
CPPA portfolio over the procurement horizon under the PIRH policy with and without a PTC,
where the averaging occurs over the CPPA portfolios associated with the sample paths used in our
policy simulation. For our baseline instance, which has a PTC expiring in year five, Figure 4(a)
shows that power is purchased aggressively in the first five years via CPPAs to meet the RPPT
due to lower strike prices. The PTC expiration results in the strike price of CPPAs to jump in year
six, causing new CPPAs to become less desirable for a few years before the strike price decreases
again due to improvement in technology — a feature captured by our strike price model (see Online

Supplement E). This strike price trend is supported in Figure 4(a) by the decrease in CPPA power

"The presence of a PTC results in additional revenue to the generator and thus a lower strike price. See our strike
price model in Online Supplement E for details.
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Figure 4: Average PIRH renewable portfolio composition with and without a PTC.
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delivery from year 6 for some years and the subsequent increase in the CPPA power supply. With
no PTC, procurement via CPPAs is more subdued at the beginning, with significant short-term
REC purchases used to meet the RPPT as seen in Figure 4(b). The increase in the use of CPPAs in
later years is driven by the decrease in the strike price due to technology improvements captured via
a learning rate in our strike price model. The average contribution of CPPAs towards the RPPT in
our baseline instance decreases from 93% with a PTC to 79% without a PTC. Moreover, the total
procurement cost increases from 575.2 to 627.0 mln. USD when the PTC is removed, which equals a
9% increase. Thus, the presence of a PTC directly affects the use of CPPAs in the short- to medium-
term but, regardless of a PTC, CPPAs are competitive procurement instruments in the long term.
Other important market trends pertain to power and REC prices, and CPPA availability. Mar-
ket outlooks suggest that long-term power prices will decrease due to increasing penetration of
renewable energy (Mills et al. 2017). Figure 5(a) shows the impact of reducing our calibrated long-
term mean power price of 38 USD/MWh to 20 USD/MWh on the short-term and PIRH policy costs.
As expected, the procurement costs of both policies decrease as the long-term mean power price
drops. When the long-term mean power price falls below 25 USD/MWHh, the performance of both
policies become comparable. Since such a price drop is substantial, our results suggest that CPPAs
will likely continue to play an important role in corporate procurement for several years to come.
In contrast to the power price, the average REC price can increase or decrease in the long-term
due to regulatory changes (EPA 2018). Figure 5(b) is analogous to Figure 5(a) but considers in-
creasing and decreasing the calibrated long-term mean of the REC price of 9.4 USD/MWh to 20 and
5 USD/MWh, respectively. When the long-term mean of the REC price increases, the procurement
costs of the short-term policy is affected substantially while PIRH is stable across instances. This

robustness to REC price variability is due to PIRH purchasing a considerable amount of CPPAs
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Figure 5: Procurement costs in mln. USD for the short-term policy (dashed line), PIRH (continuous
line), and FRHys (dotted line).
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even when the REC prices are low, which insulates its procurement policy to REC price increases.

Finally, Figure 5(c) shows how procurement costs of the short-term, FRHss, and PIRH policies
change when varying the availability p,, of each contract m € M from its base value to a value from
—20% to +30%. We included FRHa5 in the comparison as it was the best single-contract policy we
tested. Indeed, contract availability has no impact on the short-term policy. In contrast, but as in-
tuitively expected, the cost of the single-contract-type heuristic FRHss changes quite substantially
as availability drops. Interestingly, we find that contract availability does not have a severe impact
on the PIRH cost — the procurement cost increases by only 2% when decreasing contract availabil-
ity from +30% to —20% relative to the baseline, which is a 50% availability cut for each contract
type. This suggests that: (i) portfolios containing multiple CPPAs and optimized dynamically are
rather stable under contract availability changes, and (ii) there is some level of substitutability be-

tween different subsets of CPPAs.

7. Conclusion

Motivated by the global trend in corporate energy procurement, we investigated the problem of
meeting an RPPT using CPPAs in the presence of supply and price uncertainties. We analyzed a
simplified model with a single CPPA and showed that it exposes a firm to price uncertainty as a re-
sult of volatile supply from the renewable energy generator. Nevertheless, signing a CPPA decreases
procurement costs for companies with aggressive RPPTs when the correlations between power/REC
prices and supply are not too negative, which is currently true in power markets. To inform the
construction of a dynamic CPPA portfolio to meet and sustain an RPPT, as done in practice, we
formulate an MDP, which is intractable. We design three forecast-based heuristics and a novel
information-relaxation based technique with policies that approximate features of the idealized

MDP policy. The latter technique also provides a dual bound for benchmarking policies. Through
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an extensive computational study on realistic procurement instances, we shed light on the cost of
renewable power certification, the risks arising from supply uncertainty, the value of dynamic CPPA

portfolios, and the effectiveness of our information-relaxation heuristic for constructing them.
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A. Proofs

Proof of Proposition 2.1. The derivative of the expected cost with respect to z is PAP(K,©) —
E|Ranl(nz < aD)], which is a non-decreasing function of z since PAP(K, ©) is a constant and
E[Ran1(nz < aD)] weakly decreases in z. Thus, the expected cost is a convex function of z and a
comparison of slopes suffices to characterize the optimal procureme nt quantity.

We first consider the conditions for z*(a, K,©) = 0. Since 7; is a random variable with support
on the interval [0, H], the random variable 7 has support on the interval [0,2H]. This implies that
there exists a small enough value for z, denoted Zz, such that for 0 < z < Z we have PAP(K, Q) —
E[Ranl(nz < aD)] = PAP(K,0) — E[R2n]. Therefore, if PAP(K, ©) — E[Ran] > 0, which is the
same as PRS(K, 0) < 0, then z*(a, K, ©) equals 0. Instead, if PRS(K, ©) > 0 holds, then there is
a o > y*(K,0) = 0 such that PAP(K,0) — E[Ranl(n < y*(K,0))] = 0 since E[Ranl(n < y)] is
an increasing function of y that is bounded below by 0 for y = 0 and upper bounded by E[Ran] for
y equal to 2H. This implies that z*(a, K,0) = aD/y*(K,0). We pick the smallest such y*(K, ©)
in defining the optimal procurement quantity.

We can write PAP(K, ©) as follows

PAP(K,0) = KE[] — Y. E[n:P)]

1€{1,2}

= KE[n] — Z (E[m]E[F] + Cov(F;, mi))
1€{1,2}

= KE[n] - Z (E[n:]E[F] + pPi,niUUiUPi) :
ie{1,2}

It is apparent from this rewriting that PAP(K, ©) is a decreasing function of each pp, ,,, if oy, > 0
and op, > 0. In addition, E[Ron1(n < y)] does not depend on pp, ,,,. It follows that y*(pp, »,) is
non-increasing in pp, n, and z*(pp, ,,,) is weakly increasing in this parameter.

(ii) From our rewriting of PAP(K, ©) in part (i) above, it is clear that this quantity is non-
decreasing in op, when pp, ,, < 0. Since E[Ran1(n < y)] does not depend on op,, y*(op,, pp, ;) is
non-decreasing in op,, which implies that 2*(op,, pp, ;) weakly increases in this parameter. O

Proof of Proposition 2.2. (i) If PRS(K,©) < 0, by Proposition 2.1, we have z*(«, K, 0) = 0 and
C*(a, K, ©) = Ylieq1,9) DiE[P]+aE[R:] D, which is linear a function of a. Instead, if PRS(K, ©) >
0, then z*(a, K,0) = aD/y*(K, ©), where y*(K, ©) does not depend on «a. In this case,

C*(a, K,0) = Y. DiE[P]+ (aD/y*(K,0)) | KE[n] = ), E[P]+E[Rao(y*(K,0) —n)4] |,
ie{1,2} ie{1,2}

which is again a linear function of a.
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(ii) The expected cost can be written as follows

E[C(z,w;a, K,0)] = KE[n]z + Y (D:E[P] — E[n;Pi]2) + E[Ra(aD — 1z) ],

i€{1,2}

= KE[n]z+ ). (D:E[P] - E[n]E[P]z — Cov(mi, P)2) + E[Ry(aD — z) 4]
1€{1,2}

= KE[nlz+ Y, (DiE[P] = E[n]E[P]z — pp,y0y,0p2) + E[Ra(aD —nz)4].
ie{1,2}

This shows that expected cost function weakly decreases in pp, ,, for any z. In particular, consider
correlations p}gi n; and p?;i ;; Such that p}ji > p%i y; for all i € {1,2}. Then we have

C*(p}pl,nl) = Z;E}E[C(z7w;p7171,P17p7172,P2)]
= E[C(z*(pill,Pl ’ 0%27132), w; p%ll,Pl ’ p7172,P2)]
(p'}]LPl ) p'}]g,Pg)? w; pg]l,Pl ) p7272,P2)]

> E[C(z*
: ~ .2 2
> minE[C(z, w; py, pys Py, )]

2 2
= C*(pTIhPﬂpm,Pz)'

(iii) Similarly, for negative (positive) pp, ,, for all i € {1,2}, the expected cost function weakly
increases (decreases) with op, for each z and thus by analogous reasoning to part (i), it follows that

the optimal cost increases (decreases) with op,. O

Proof of Proposition 2.5. (i) If z*(0, = 0) = 0 then PRS(K, 0, = 0) < 0. Otherwise, PRS(K, 0, =
0) = E[Rrnl(n < )] — PAP(K,0, = 0) > 0 and 0 < y*(K,0, = 0) < oo, implying that
2*(K, 0, = 0) > 0. Therefore, we can write

PRS(K, 0, = o) = E[Ran] — PAP(K, 0, = 0)

= E[RZ]E[H] + PRonOR Ty — KE[”] + Z (E[WZ]E[-PZ] + pPi,mUmUPi)
ie{1,2}

= PRS(K, 0y = 0) + pRynORy0n + Z PP;niOn; I P;
i€{1,2}

S PRynORyOn + Z PP;mi0n; 0P,
1€{1,2}

<0,

where the first and second inequalities follows from PRS(K, 0, = 0) < 0 and negative correlations,
respectively. Therefore, 2*(0,, = o) = 0 by Part (i) of Proposition 2.1.

(i) If 2%(oyy = 0) > 0 then PRS(K,0, = 0) > 0 and y*(K,0, = 0) = E[n]. Suppose
LRV (aD/E[n]) = PRS(K, 0, = o). In this case, we have

PAP(K, 0 = o) — E[Ranl(n < E[n])] = PAP(K, 0y = o) — E[Ran] + E[Ranl(n > E[n])]
= —PRS(K, 0, = o) + E[Ranl(n > E[n])]
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where the first equality employs the relationship E[Ran] = E[Renl(n < E[n])] + E[R2nl(n >
E[n])], the second equality using the definition of PRS(K, 0, = a), and the inequality from
LRV(aD/E[n]) = PRS(K, 0, = o) which is equivalent to E[Ranl(n > E[n])] = PRS(K, 0, = o).
Therefore, y*(K,o0, = o) = E[n| = y*(K, 0, = 0), which implies that z*(o,, = o) < 2*(0,, = 0)
Using analogous reasoning it is easy to verify that z*(o,, = o) = 2*(0y, = 0) if LRV(aD/E[n]) <
PRS(K, 0, = o). O

Proof of Proposition 2.4. The difference C*(0, = o) — C*(0,, = 0)
=C(z"(K,op=0);0p =0)— C*(0, =0)

> C(2"(K,0p =0);0py =0) — C(z"(K,0p = 0);0, = 0)
= C(aD/y*(K,onp = 0);0,5 = 0) — C(aD/y*(K,0p = 0);0, = 0)

aD aD
= PP; n:i O Z*— +E| Ry (aD —77*)
ze{21:2} mTm? (K,op=0) y*(K,op=0))
aD
—E[R2] | D — E[n]——7———
] [n]y*(K,% —).
aD aD
ze{21:2} oI y* (K, oy = 0) y*(K,op=0)) .
— E[Ry] (aD E[n ] K P )
n =
aD
= E D—-E Eln|—————
2 PP;n;9n; 0 P; *(K o —O') ( [RQ]O[ [R2] [n]y*(K70n :O_)
1€{1,2}
aD aD
— _ —E|R D—-E[p|l———m—
pRanRQUy*(K,O'n _ O_)>Jr [ 2] <04 [n]y*(K’ oy = O_)>Jr
aD aD
> - PR TuIP S e 5y~ PRanOR ol(y*(K,on =0) ZE[n])
= 0.

The first inequality follows from 2*(K, 0, = o) being a feasible solution to C'(z; o), = 0), the second
inequality is a consequence of applying Jensen’s inequality, the third inequality follows from noticing
that E[Ro](aD — E[n]aD/y*(K,0, = 0)) = 0 when y*(K, 0,, = o) = E[n], and the last inequality
follows from the assumption on negative correlations. ]

Proof of Proposition 3.1. Consider the Bellman recursion associated with MDP (6):

Vici(er—1,wr—1) = cra(zr—1,wr—1), Y(xr—1,wr—1) € Xr-1 x Wr_q,

Vi(wi,w;) = min {Ci(fUi,wi,Zi) + VB[ Vi (fi(l‘i,zi),wz‘ﬂ)]}

zieZi (al)

V(i,zi,w;) € {0,...,1 —2} x X; x W.

08S-3



At a given stage i € {0,..., 1 —2}, let C; := {(z4, zi)|zi € Xi, z; € Zi(a;)} denote the set of actions

and states at ¢, and also define
Gi(wi, wi, 2i) = ci(wi, wi, zi) + YaBi[Viea (f (i, 20), wig1)]-

To prove the convexity of MDP (6), we show first that Gr_o(x7_2, wr_9, 2z7—2) is jointly convex in
the state x7_5 and action z7_o, i.e. in set C;_o, at stage I — 2. For a given wj_o, we have:

Vio(xr 2,wr 2) = min {0172(90172, wr—2,21-2) + VaBr o [Vi—1(f(z1-2, 21-2), wr—1)] }
z21—2€Z1_9(ar—2

We know that Vi_o(z7_9,w;_2) and hence Ej_o [W_l(f(acf_g,z[_g),wj_l)] are finite quantities
since by assumption Vj_o(z7_2,ws_2) is bounded. Moreover, ¢;_o(x7_2,wr_2,27_2) is piece-wise
linear and convex in x7_9 from the definition in Equation (4). Similarly, the terminal value function
Vi—i(xr—1,wr—1) = cj—1(x7—1,wr_1) is convex in x;_y for a given wy_; based on the definition in
Equation (5). Thus, the continuation function y,E; o[Vi_1(f(z1_2,27-2),wr_1)] is convex in x1_o.
In addition, the set C;_s is convex since both X7_9 and Z;_5(as_2) are convex. As a consequence, for
a realization of wy_9, the function Gy_o(27—2,27-2,wr_2) is convex in the set C;_o. The convexity
of Vi_o(xr_2,wr_2) as a function of x;_o now follows from Proposition B-4 in Heyman and Sobel
(1982).

Suppose Vji1(-, wit1) is convex in z;+1. Following the same steps above, we can show that
Gi(x;,w;, z;) is convex in C; and consequently V;(-,w;) is convex in z;. Hence, the result follows
from mathematical induction. O

Proof of Proposition 5.1. We first prove the feasibility of H;(z;(W;)) under the two conditions
of Proposition 5.1.

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

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

Next, assuming H; satisfies one of these conditions, we establish its optimality when using ideal
dual penalties in math program (11). Specifically, we show that the decision at every sample path
W; is optimal. Our proof relies on the stochastic dynamic programming (SDP) reformulation of
(11) at stage i, which is

VIR (s Wish) = By (-1, Wiza) — qr—a (wr-1, Wiz1), Yaroi € Xi_q, (14a)
VM Wy) = min {Cﬁ‘R(ﬂﬁj?Wjazj) — a5 (5, W}, 2j)
szZj(aj
+’)/Avafl(fj($j,Zj))}, Vi e, ij e Aj. (14b)

At stage I — 1, it is true that for each x; 1 € X7 _1:
VIR (mr—1; Wish) = ey (@r—1, Wiz1) — qr—1 (zr-1, Wi—1) = er—1(zr—1, wr—1) = Vi—i(z1-1, wr—1).
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By backward induction, we assume that lefl (zj+1; Wjt1) in equation (11) equals V1 (2j41, wjy1)
in equation (6) and prove the equality for stage j. The following equation represents the stage-j
step of SDP (14) when the ideal dual penalty (12) is used:

VR (2;;W,) = min {Ci‘R(ﬁj’WjaZj) — Vg1 (f5(5, 27), wjs1) + 1B [Vier (5 (25, 25), wie1) ]

zj€Zj(a;)
VIR (s 2)) = g, Wi, 25) + (w5, w5, )}, Y € & (152)
= min {cj(xj,wj,zj) +"}/AEj[Vj+1 (fj(l’j,Zj),wj+1)]}, V.%'j € Xj. (15b)
zj€Zj(a;)
= V}'(l’j,wj), V.%'j € Xj, (150)

where (15b) follows from the induction hypothesis, and (15¢) from the definition of the SDP associ-
ated with MDP (6). The relation, VjIR(xj; W;) = Vj(xj,w;), thus holds at the generic stage j € Z;
for the principle of mathematical induction. The optimality of the action for every W; is immedi-
ate 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 (6). [

B. Non-convexity of the MDP value function

We show that the value function V;(-, w;) of MDP (6) is non-convex in the endogenous state z; by
using a simple counter-example with two stages (i.e., 0 and 1) and no intermediate inner-stages. A
CPPA can be entered at stage 0 with delivery during stage 1, and an RPPT of o = 0.8 has to be
fulfilled during stage 1. Any RPPT shortfall at the end of stage 1 can be procured via short-term
RECs at price Ry. We assume that the contract is available at stage 0 (i.e., ag = 1), the renewable
power supply during the contract delivery period is known and equal to n; = 1, and that minimum
and maximum procurement quantities are 2™ = 6 MW and 2™ = 10 MW, respectively. Thus, a
feasible action zy belongs to the action set Zyp(ag) = {0} u [6,10] = Ry. Moreover, we assume there
is no discounting, demand equals Dy = Dy = 10 MWh, power and REC prices have starting values
Py = Ry = 10 USD/MWHh and are martingales (i.e., E;[P;] = P; and E;[R;] = R; for j > i), and
the strike price Ky is equal to 11 USD/MWh. Proceeding backward, the terminal value function
(stage 1) is convex in the state x1 as it is equal to

Vi(z1,w1) = PiDy + Eq[Re|(aDy — ma1) +
=P D+ Rl(OéDl — $1)+,

which has the slope —R; for ;1 € [0,aD;], and is a constant (i.e., zero slope) equal to P;D; if
x1 = aDi. Instead, the stage 0 value function is given by

‘/0(560,’[1)0) = min {EO[(KO — Pl)]Zo + PyDg + Eo[PlDl + Rl(OéDl — X — Zo)+]}

20€20 (ao)

= min {(KO — P())Z() + PyDo + PoDy + Ro(Cle — X9 — Z0)+},

20€20 (ao)

08-5



which is non-convex in xg as illustrated in Figure 6. In particular, Figure 6(a) displays the value
function Vi(-,w1) as a function of z; given P, = Ry = 10, and Figure 6(b) shows Vj(-, wo) and z;
as functions of xy for wg, which is known. The value function Vj(-,wp) takes a constant value in
the interval that is roughly [2,7.5]. In this interval, it is indeed optimal to enter into a CPPA of
size 2™ = 6, even if this decision causes over-procurement, because the CPPA is cheaper than the
expected short-term option. Instead, when z¢ > 7.5, the optimal action jumps from 25 = Zmin — 6
to z5 = 0, i.e., it becomes optimal to rely only on the short-term option.

Figure 6: Stage 1 and stage 0 MDP value functions.
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C. Finiteness of the MDP value function

In this section we introduce two sets of sufficient conditions under which the MDP value function (6)
is finite, which is one of the assumptions needed in Proposition 3.1 to prove convexity of the value
function. Specifically, the first set of conditions refers to the power and REC price processes having
bounded support and is discussed in Proposition C.1. The second set of conditions is presented in
Proposition C.2 and is less strict, only requiring expectations of price processes to be finite.

Proposition C.1. If 2% < o for each m € M and prices P;; and R; have bounded support,
respectively, for all (i,t) € Z x T and for all i€ I v {1}, then |V;(-,-)| < w0 for each i€ T.

Proof of Proposition C.1. For each stage and interval (i,t) € Z x T, we know that the power
supply uncertainty have bounded support 7;; € [0, H], and that the same is true for P;; and R;
by assumption. Moreover, since z** < oo for each m € M, we have that Z;(a;) is a bounded
set at each stage i € Z. As a consequence, there exists N € Ry such that |¢;(z;,w;, 2;)] < N

for each (i,z;,w;,2z;) € {0,...,1 — 2} x X; x W; x Zi(a;) and |c—1(xr-1,wr—1)] < N for each
(xr-1,wr—1) € Xr—1 x Wr_1. It follows immediately that |V;(-,-)| < N(I —i+2) < N -I < o for
each i e 7. ]

Proposition C.2. If 2% < o for each m € M and price expectations are finite, i.e., E;[|P;|] <
0 and Ei[Rjt1] < o for each (i,j,t) € Z x {i,...,I —1} x T, then |Vi(-,-)| < o forieT.
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Proof of Proposition C.2. We start by showing that V;(z;,w;) < oo for i € Z. From the defini-
tion of MDP (6) at stage ¢, we know that for each policy m; € II;, we have

‘/l(wlawl) <E; [2 Vi_icj J 7w]7Zm( J Lw ))+’7/£ = ZCI 1($[ 1) Wi— 1)]
J€L;

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

curement decisions z; ,,, are always zero), we obtain the following inequalities:

T—1
Vixi, w;) < [Z ,),A ZE [ Z ~ P]tD]t + yaaRj41D; 1{]615}” (16a)

j=i t=0

-1 71
= Z S (Z V' DB [E5[Pj ]| + vaaDjljersi B[ Ej[ y+1]]> (16b)

where (16a) is obtained by accounting for the costs of short-term procurement and (16b) follows
by linearity of the expectation operator. Due to the law of iterated expectations, it holds that
Ei[E;[Pje]] = Ei[Pje] < Eil|Pjel] and Ei[E;[Rj11]] = Ei[Rj41]. The value function satisfying
Vi(z;, w;) < oo thus follows by our assumption on finite price expectations.

Next we show that V;(x;,w;) > —oo. The cost function c¢j(x;,w;, z;) defined in (4) contains
terms of the form —Pj1;;n;41+ 2j,m which are generally negative (unless power prices are negative),
while the remaining cost components are positive. Thus, for each j € Z;, it holds that:

LjmT—1
Cj(xjawjazj) = — Z Z Z WAW +lt7]g+lt23m] (17a)
meM =1
Ljm T—1
== VaY Nyt 25m B [Py e] (17b)
meM =1 t=0
LjmT—1
>~ D0 20 v Mt Zm Byl Py ] (17¢)
meM =1 t=0
LjmT—1
Z - Z Z Yy et N E; [ Prerel], (17d)
meM [=1 t=0

where (17b) follows by linearity of the expectation operator, (17c) holds by bringing the absolute
values inside the summations and further inside the expectation operator, and (17d) follows by the
assumption on bounded action space by choosing N := max{z?* : m € M} < . Therefore, at a
given stage 7, it holds that

Vi(wi, w;) = Ez[ 2 o [ JZ: Z_: 1y e N ES[|P +lt|]“ (18)
= =

JEL; meM =1
== >4 %Vt’nﬂl,tNEz’[Ej[IPM,tI]]a (19)
JETL; meM [=1 t=0



where (19) follows by linearity of the expectation operator. Since E;[E;[|P;|]] = E;i[|Pj|] due
to the law of iterated expectations, V;(x;,w;) > —oo follows from our assumption on finite price
expectations. Therefore, it holds that |V;(-,)| < c0. O

D. Convex and fluid PFRH approximation

In this section, we show that a convex and fluid approximation of the PFRH math program does not
provide a lower (dual) bound to the optimal MDP cost, although this is the case with deterministic
approximations in other applications (Gallego and Van Ryzin 1997), which further bolsters the
need for information relaxations to define lower bounds in our procurement application. Below
we: (i) introduce a “convex-fluid” variant of the PFRH decision model, and (ii) construct a simple
counter-example where such a model does not provide a lower bound.

Recall that the stage-i PFRH decision model (9) relies on forecasts of the availability factors
defined by a; jm = 1, if Ei[a;m| > 0.5, and @; j,m = 0 otherwise, for ¢ < j and m € M. These
forecasts define the feasible action set Z;(a; ;) used in PFRH. To define the convex-fluid PFRH
approximation, we first convexify the action set Z;(a; ;) by dropping the minimum CPPA purchase
quantity 22 for each stage j = i and contract m € M. This operation results in a relaxation of
the original PFRH model (9) constraints. Second, we consider a fluid approximation with respect
to the contract availability factors a;;, which amounts to allowing decisions z; to vary in the set
Yj(a; ;) defined by

yj(ai,j) = {Zj S RL{\A‘ |Zj,m € [O, Ei[ajym] . Z;gax]’ VYm € M}

Finally, notice that the objective function (9a) of PFRH is inconsistent with the MDP objective
function as it replaces individual uncertain variables with their expected value whereas the MDP
uses the expected cost (4). Therefore, we use the latter expected cost as the objective. The resulting

convex-fluid PFRH approximation defined at stage ¢ thus solves:

Vizi, wi) = glizn 2 ey ws, )+ eroa (g, wis) (20a)
7 e,

sty = @y, (20Db)

Yi+1 = fi(yj. 25), V€L (20c)

ijXj, VjEIZ‘U{I—l}, (20d)

Zj € yj(am), Vj € Il (206)

The decision variables in the math program (20) coincide with those from the original PFRH model
(9), and constraints (20b)—(20d) are the same too. However, model (20) differs from (9) since the
former model uses a modified objective function (20a) and the convex-fluid action set (20e).
Despite the convex and fluid approximation introduced in (20), solving this model at stage ¢
does not provide in general a lower bound on the optimal MDP value function Vj(z;,w;). We
illustrate this by constructing a counter-example based on a three-stage model with no inner-stages
and with two CPPA procurement options: a “long-term” CPPA which can be signed at stage 0
and delivers power at stages 1 and 2, and a “short-term” CPPA that can be signed at stage 1 and
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delivers power at stage 2. The initial CPPA inventory is empty, i.e., g = 0. We consider a demand
of 10 MWh at each stage, an RPPT of 80% in years 1 and 2, and for simplicity assume a stage is
made of a single hour. We also consider deterministic and constant power and REC prices equal
to 20 and 10 USD/MWh, respectively, and a deterministic strike price of 22 USD/MWh at each
stage. There are two equally-likely supply scenarios for stage 1: 71 = 0.3 (low supply) and n; = 0.7
(high supply) and no further branching after stage 1, which means n2|n; = n1. The action space
is convex and equal to (2o, 1) € [0,50]? = R? (unit: MW?) and both CPPAs are always available,
i.e., all availability factors a; ,, are equal to 1.

Solving the convex-fluid approximation (20) in this setting results in an objective value of
%(mo, wp) = 453.3 USD and optimal decisions 2y = 26.67 MW and 2; = 0.00 MW. Solving the MDP
to optimality (which is easy in this simplified setting) gives instead the value Vj(zo,wp) = 450.3
USD. Since Vy(zg,wp) < Vo(xo,wo), then f/o(xo,wo) is not a lower bound on the optimal MDP
cost. The optimal MDP decisions are zj = 11.43 MW for stage 0 and 2] = 15.24 and z{ = 0.00
for stage 1, respectively, for the low and high supply scenario. In this example, the MDP optimal
solution indicates that it is preferable to enter a long-term CPPA with smaller capacity compared
to the decisions from (20), observe the supply scenario at stage 1, and then decide whether or not
to complement the on-hand CPPA with a second shorter CPPA. If supply is low, signing a second
CPPA is economical but if supply is high, it is optimal to rely on the CPPA already signed and
unbundled RECs. Intuitively, the flexibility to adapt decisions at a stage 7 to realizations of the
uncertainty at that stage allows the optimal MDP policy to better optimize costs compared to the
decisions in (20).

E. CPPA strike price

Consider a renewable power generator that begins installation at period (i, t = 0), i € Z. We as-
sume the generator needs one year to be operational, that is, production starts at (i+1, ¢ = 0). The
generator has an expected lifetime of LY years and incurs a cost of C’ZINV capturing the one-time in-
stallation and estimated maintenance costs associated with 1 MW of production capacity as well as
any applicable investment tax credit!. We assume that there is a production tax credit (PTC)? of
G; USD per MWh for the next LiG years and that future cash flows are discounted at each interval by
rate r € (0, 1], which can be chosen to also account for the generator’s target return on investment.
The associated annual discount rate is 7, = 77 € (0,1]. The production 7;; € [0, H] is stochas-
tic at each year [ over the generator lifetime and each interval t € 7. 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®

! An investment tax credit represents a one-time federal tax deduction equal to a pre-specified percentage of the
installation cost of a renewable power project.

2A production tax credit provides a per-megawatt-hour tax credit for power generation for a fixed number of
future years from the installation of a renewable power project.

3SAM 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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(SAM; NREL 2017). The NPV of 1 MW of installed capacity contracted via such a CPPA is

LY 7—1

LS p_
NPV, = 2 Z AT El[nHlt 2 Z el Mit1t) Gi — CINV
=1 t=0 =1 t=0

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

1 LE 71
K; = t CINV = rhr Bilnivia] Gi | - (21)
S St B[] =1 =0

Expression (21) captures the dependence of the strike price on generator vintage (i.e., the year that
production begins) by treating the production tax credit G;, investment cost CiINV, and capacity
factors 7, as time-dependent quantities. Currently, renewable power generators that started con-
struction before 2020 are eligible for productions tax credits for 10 years from the date the facility
starts production (DOE 2016) 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 factors in the “internal” regions of the
United States are significantly higher than those of coastal regions (Wiser and Bolinger 2017).

Next, we describe how the strike price K; in (21) 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 LY 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 (ACORE 2016). We thus define a risk-adjusted strike price K; ,, := K;-K;:, where K7 > 1
is a risk factor that inflates the strike price if m < L and equals 1 otherwise, that is, K =1 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 (Wiser and Bolinger 2017). To account for this effect, we lower bound the CPPA strike
price by the discounted average power price over the tenure of the contract, which is

1 m T—1
K = Z Z VA By [Piyry] -
Zl 1215 0 7A 1:1 t=0

Our final strike price expression is Kj; ,, := max {IA(Z-’m, sz}

The parameters defining the strike price model of our baseline CPPA instance are reported in
Table 6. Following NREL (2010), we use a functional form for C'l-INV that decreases over time by
a fixed percentage &; specifically, it evolves according to a learning model C’iINV = C(I]Nv(l — &)L,
We chose the initial cost (C3NV) based on 2015-2016 wind projects in the U.S. (EIA 2018) and the
learning rate £ = 1% based on the range of values in NREL (2010). Wind turbines are usually
designed to operate for 2025 years but many remain operational for a longer period of time (Ziegler
et al. 2018), thus we select the lifetime (L") to be 30 years also to account for improving technology.
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Table 6: Strike price model parameters in the baseline CPPA instance.

Name  Value Unit Name Value Unit
I 30 years Ya 0.97 -
LiG 10 years T 0.93 -
G; 23 USD/MWh K 1.2 -
CNV 1.7-10° USD/MW K, 1.1 -

The duration of the production tax credit (L$) and its amount (G;) are based on United States
policy in 2016 (DOE 2016). Moreover, we assume the tax credit expires in 5 years, i.e., it is only
granted to renewable energy facilities commencing construction at stages ¢ < 5. The discount
factors v, and r, are set to 0.97 and 0.93, respectively, as explained in §6.1. We use a maximum
risk factor K i = 1.2, i.e. a 20% premium for the 5-year CPPAs, which decreases linearly as m is
increased until K _%5 =1.1.

F. 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 supply, and discuss their calibration using market data.

The evolution of electricity prices has been studied using various processes that capture features
such as seasonality (Lucia and Schwartz 2002), mean-reversion and long-term trends (Schwartz and
Smith 2000 and references therein), and jumps (Weron 2014, 2007, Cartea and Figueroa 2005, Seifert
and Uhrig-Homburg 2007, Escribano et al. 2011). To obtain a power price model that captures the
main features of short-term electricity prices, we construct a mean-reverting stochastic process with
jumps and seasonality. We use a continuous-time process for the power price {Ps, s € R4}, and then
consider in our decision model discrete-time values {P; +, (i,t) € Z x T}, which are the values taken
by this process at the beginning of month ¢ of year i (we do analogously for the stochastic processes
of REC price and power supply). Following Weron (2014), the power price model is written as:

In(Ps) = xs + g(s), (22a)

dxs = (vp = Kp xs)ds + op dWs + J(uy,0) dlI(N), (22b)
12

g(s) = go + Y. D~ (22¢)
k=1

Equation (22a) describes the log power price process as the sum of a stochastic component ys and
a deterministic component g(s). The stochastic component evolves according to (22b), where Kp
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(uy,07) and the jump frequency a Poisson distribution
II(A\) (Cartea and Figueroa 2005). The deterministic function g(s) in (22c) models the monthly
price seasonality by using a constant ¢, for each month k, and binary values Pf equal to one if
time s falls in month k& and zero otherwise.

We calibrated the parameters of model (22) using historical monthly power price data from the

Pennsylvania New Jersey Maryland Interconnection LLC (PJM) market during the period January
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2010—August 2017. Analyzing power prices, we found that the jump frequency 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 Weron (2014, 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(s)
directly from the data using linear regression, resulting in the coefficients {¢y, k = 0...,12} =
{3.519,0.163,0.163,0.078, —0.026, 0.003, 0.039,0.174,0.013,0.009, —0.037, —0.038,0.0}. Then, we
calibrated the mean reverting coefficients using maximum likelihood 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/MWHh which is the average power price observed in 2017. When plotting the sample
paths using the calibrated parameters, we noticed that the speed of mean reversion was too strong
and so we decreased it from Kp = 0.295 to p = 0.04 for our numerical study. We illustrate this
effect in Figures 7(a) and 7(b), which display 300 power price sample paths generated in Monte
Carlo simulation over 20 years using Kp = 0.295 and p = 0.04, respectively. Finally, to construct
the instance set S3, we varied the calibrated value for vp from 0 to —0.0105, —0.0178, and —0.0268
to obtain long-term mean power prices equal to 30, 25, and 20 USD/MWh, respectively.

Figure 7: 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
standards, which is one of the prominent support programs for renewable energy sources, the regu-
lator requires producers, distributors, and consumers to purchase RECs. To forecast the evolution
of REC prices, following Zeng et al. (2015), we use a Jacobi diffusion process to 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

drs = (vgp — Krrs)ds + URMdWS, (23a)
Ry =715 R. (23b)

In equation (23a), vg and Kg are the mean-reverting parameters, o is the volatility, and Wy is a
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standard Brownian motion. The process (23a) generates values 75 € |0, 1], which are then scaled in
the second equation (23b) by the threshold value R to ensure Rs belongs to the interval [0, R].

We chose an upper bound of R = 60 USD/MWHh that is representative of wind RECs (EPA
2018). 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
likelihood estimation method for Jacobi diffusion processes from Gouriéroux and Valéry (2004).
We obtained the parameter estimates Kr = 0.448, vp = 0.066, and o = 0.109 (p-values were
below 0.001). We set the initial value Ry = 10 USD/MWh, which is representative of the average
REC price in our time series. To construct the instance set S4, we changed the calibrated value
for vg from 0.066 to 0.0343, 0.105, and 0.141 to obtain long-term mean REC prices equal to 5, 15,
and 20 USD/MWHh, respectively.

We model monthly power supply using a mean reverting process with seasonality (Loukatou
et al. 2018), which is similar to the power price model (22) but without jumps, as shown below.

In(O;) = xs + 9(s), (24a)

dxs = (vn — Ky xs) ds + oy dW, (24b)
12

g(s) = ¢o + > dwilt, (24c)
k=1

ns = H -6, (24d)

The stochastic process defined in (24a)—(24c) models a capacity factor O5 € [0,1]. In (24d), the
output from this process is then multiplied by the number of hours H in an inner-stage to obtain
a power supply value in 75 € [0, H] (hours) consistent with our MDP (6).

We calibrated model (24) using historical capacity factors in the United States from January
2011 to June 2019 (EIA 2019). We proceeded essentially using the same steps we used to calibrate
the power price model (22). Specifically, we first estimated the seasonality function g(s) from
the data with a linear regression, which resulted in coefficients {¢p, & = 0...,12} = {-1.055,
0.014, 0.064, 0.089, 0.162, 0.041, —0.030, —0.289, —0.369, —0.254, —0.035, 0.067, 0}. We then used
maximum likelihood to estimate the remaining coefficients of the model, obtaining the estimates
IC, = 0.814, 0, = 0.0919 (both with p-value lower than 0.001), and v, = 0. We set ©¢ = 0.36,
which was the average capacity factor observed in our time series.

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.

G. Additional numerical results

In Figures 8-10 we compare the behavior of the different procurement policies on the extended
instance set S1-S6. Specifically, we consider the PIRH dual bound and the following policies:
Short-term, FBHyy, PFRH, and PIRH with median decision measure (henceforth PIRH).

In Figure 8(a), which refers to instance set S1, PIRH performs best on all the S1 instances with
average optimality gap of 1.4%, followed by PFRH with average optimality gap of 3.4%. The perfor-
mance of block and short-term heuristics is largely inferior to reoptimization methods (the average
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Figure 8: Procurement costs for the S1 and S2 instance sets.

(a) S1 instance set (b) S2 instance set

R S i S S 3

-e- Short-term
—+-FBHy

-o- PFRH
—<PIRH policy
-@-PIRH bound

Procurement cost (mln.USD)

0 0‘.2 0:4 0:6 0:8 1 -20 —iO O(B) +i0 +éO +50
RPPT level a CPPA availability change (%)

optimality gap is respectively 6.2% and 9.4%). Figure 8(b) refers to instance set S2. The relative
ranking of methods in these instances is the same as in set S1, with PIRH achieving the smallest
optimality gaps across instances (1.90% on average). However, contract availability impacts the
block policy more heavily than PFRH/PIRH. In fact, the FBHyy procurement cost increases by
more than 6% when decreasing contract availability from +30% to —20% relative to the baseline,
which corresponds to more than 36 mln. USD. In contrast, the maximum cost increase is less than
3% (16 mln. USD) under PFRH/PIRH that use dynamic portfolios containing multiple CPPAs.

Results for the S3 and S4 instance sets are displayed in Figures 9(a) and 9(b), respectively. The
relative performance of methods on these instance sets is largely consistent with our prior obser-
vations on the S1-S2 instances. Interestingly, the shortsighted objective function of block policies
(see the FBH model (7)) results in FBHy( entering into some CPPAs even under low power prices

as shown in left part of Figure 9(a), leading to larger procurement costs than the short-term policy.

Figure 9: Procurement costs for the S3 and S4 instance sets.
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Finally, results for the S5 and S6 instance sets are displayed in Figures 10(a) and 10(b), respec-
tively. The results in Figure 10(a) show that the procurement cost increases under all methods
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when the generator discount factor decreases (i.e., return on investment increases), except for the
short-term policy. Similar to instances S3, Figure 10(a) shows that FBHyg enters into CPPAs even
when the short-term policy is near optimal. The impact of correlation on procurement cost is visi-
ble in Figure 10(b). Varying p from +1 to —1 results in an cost increase of 2-3% across methods.

Figure 10: Procurement costs for the S5 and S6 instance sets.
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