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ABSTRACT

UNDERSTANDING THE OPERATIONAL IMPACT OF STORAGE AND RENEWABLES ON
THE ELECTRICITY PROVISION OF THE FUTURE

Christian Kaps

Serguei Netessine

Electricity grids as well as oil and gas supply chains are masterpieces of engineering, prime examples
of second-to-second supply-demand matching, and the backbones that power modern economies.
Yet, they also emit 72% of greenhouse gas emissions globally, cause geopolitical issues and leave
billions of humans unserved. To address these issues, the industry is rapidly evolving: over $9.5
trillion were invested in the power sector since 2010 and new technologies like EVs, energy storage,
or green hydrogen challenge the status quo. Add to this the ever-changing policy landscape, the
need for rapid decarbonization, and vocal, but heterogeneous customer interests and one reaches a

business model landscape that is in rapid flux.

In this dissertation, I study those evolving energy markets to help us understand how to best
integrate new technologies and customer choices to ensure a future with greener power for more

people on this planet.

In the first chapter When Should the O [=gkid Sun Shine at Night? Optimum Renewable Generation
and Energy Storage Investments, I model how solar power and energy storage technologies can help
off-grid locations, like islands or remote villages, to partially replace fossil fuel generation which can

help reduce emissions, lower electricity costs, and increase access to electricity.

In the second chapter Privately-Owned Battery Storage - Re-Shaping The Way We Do Electricity, I
develop a structural model to explain why residential households invest in their own battery storage
next to buying solar panels and how they utilize electricity. I estimate those preferences and utilities
using a proprietary, big-data-set of German households and then study how private-owned battery

storage impacts household behavior, grid-load and make policy recommendations.



In the third chapter Quality-Adjusted Power. Where to Optimally Locate Wind Turbines, I develop a
metric to quickly compare different locations for wind-power development that consider the natural
resource quality, the distance to load centers, transmission constraints, and the timing between local

wind-power generation and electricity demand in the market.
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CHAPTER 1

When the Wind of Change Blows, Build Batteries? Optimum Renewable Generation and

Energy Storage Investments

1.1. Introduction

About 1.5 billion people worldwide live without connection to modern electricity grids and usually
rely on diesel or gasoline generators for their electricity needs, which not only generate dirty energy
but are also very expensive to operate (Lam et al., 2019). This problem is quite common in devel-
oping countries but is also present in the developed world - whether one looks at islands in Europe
or remote villages in the Americas, o -grid power is typically provided through burning fossil fuels,
with the same drawbacks of cost and pollution everywhere. While solar has become the cheapest
source of electricity in most parts of the world (Lazard, 2020), and may seemingly constitute an
ideal solution to replace fossil fuel generators in such settings, the sun does not always shine and
electricity demand cannot be backlogged. Hence, shifting o -grid energy provision toward renewable

generation inevitably means nding ways to match demand with an intermittent supply.

The solution could be the storage of excess generation, to be used at a later time when needed.
This is not a new idea: Pumped hydro systems have been utilized in mature energy grids since
the late 19" century. However, they are prohibitively expensive for smaller, o -grid applications,
they require locations with speci ¢ geographic qualities that are rather uncommon, and even then,
they only provide a small fraction of the total demand in energy. Thankfully, four concurrent
developments in recent years have made multi-hour storage for o -grid applications sought after,

technically feasible, and potentially pro table.

The rst trend is the ever-decreasing cost of fossil-free technologies, with wind generation costs
down 40% and photovoltaic prices down by 70-80%, compared to 2009 (IRENA, 2017), rendering

renewables increasingly competitive and making the problem of intermittency increasingly pressing.

Second, the cost of non pumped-hydro energy storage has also been decreasing steadily over the



past several years. And as technology matures and the cost-benet ratio improves, more people
will take advantage of energy storage solutions. A recent examples of this is an island in American

Samoa replacing oil imports with a combination of solar and storagé,

The third development is political in nature, with many national and regional governments enacting
regulation that requires minimum renewable energy generation ratios in future decades. The island
nation of the Maldives aims for 70% renewables by 2030 (World Bank, 2020) and the European
Union targets 40% by 2030 (EU Commission, 2021). Using a di erent metric, India, home to the
world's largest o -grid population, aims for 450GW of renewable generation by 2030 (Frangoul,

2021).

The last element, which compounds the previous three, is that carbon emissions are under scrutiny
in international treaties, such as the Paris and Katowice climate accords (EU Commission, 2015),
and further environmental regulations are investigated by economic scholars and (hon)governmental

institutions (Nordhaus, 1994; World Bank, 2017).

Taken together, these trends make the provision of renewable-based o -grid energy and storage not
only politically desirable, but also economically attainable, while potentially o ering simultaneously
both lower long-term costs and sustainability. Thus, managing the operational aspect of supplying

customers with renewable electricity, especially with intermittent generation, is of utmost relevance.

In this paper, we propose a two-stage, stylized model to study the capacity investment decision in
storage and renewable generation. In the rst stage, a utility provider decides on a combination of
renewable generation and storage capacity to serve demand, while we assume that fossil-powered
generators already exist as the current generating technology, and can be used as a backup. In the
second stage, generation and storage utilization happen over the lifetime of the investment. This
model is novel and unique in the literature as it approaches storage di erently than traditional
time series and computational approaches (Salas and Powell, 2018; Cruise et al., 2019). Our anal-

ysis 0 ers insights on the strategic relation between generation and storage investment decisions.

https://www.nationalgeographic.com/science/article/tau-american-samoa-solar-power-microgrid-tesla-solarcity



Speci cally, we nd that the rm's investment decisions are strategic complements when renewable
generation or storage capacities are low, but interestingly, turn into strategic substitutes when gen-
eration capacity becomes large. This nding challenges the notion that such investment decisions

always support each other.

Some researchers (Diouf and Pode, 2015; Kittner et al., 2017) and policy makers (Tsiropoulos I.,
2018) suggest that lithium batteries, with their high e ciency and market penetration, may be the
future technology of choice. By contrast, we nd that technologies such as thermal, that are less
e cient but cheaper than lithium batteries, stand to gain the upper hand. Furthermore, we derive
a simple heuristic that can be used to determine which storage technology within a given portfolio

can turn a prot in the broadest set of market conditions, and thus is likely to be adopted rst.

Since in a model that keeps track of the energy stored across all periods henceforth referred to as
tracking" model the rm's capacity investments solutions are analytically intractable, we employ

two simplifying assumptions and develop two corresponding simpli ed models for which analytical
characterization is possible. In the rst of those models, called full-discharge model, we assume that
all the energy stored during the day is discharged within the following 24 hours. In the second model,
called partial-discharge model, we assume that energy stored in a period is lost if it is not used by
the end of the following period. Thanks to either of these assumptions, th& periods of the model
under study, which are temporally linked by the stored energy carryover in the tracking model, can
be disjoint into T temporally-independent periods (or pairs of periods) with important implications
for tractability. In particular, when the cost of fossil fuel backup energy is lower than a given
threshold, we are able to derive closed-form solutions for the rm's capacity investment decisions.
Beyond this threshold, the solution to our models provide bounds for the optimal storage decision
in the tracking” model. Furthermore, we show via simulation that one of our approximations - the
partial-discharge model constitutes a reasonable proxy for both generation and storage investment

decisions across a fairly wide range of realistic problem parameters.

Our model also helps sketch high-level trends regarding the role of storage in the coming years. As

storage technologies gradually become cheaper, we nd that investment in renewable storage will



not happen gradually; rather, there will be a no-investment period, followed by a period of rapid
adoption. However, the need for fossil/nuclear energy will likely remain in the medium-to-long term,

due to the need of complementing renewables with some amount of non-intermittent generation.

Lastly, we investigate the case in which the back-up generator is downsized following the installation
of solar capacity, and therefore cannot ful Il all of demand by itself. In this case, it is optimal for
the rm to employ a policy where the generator is run preemptively to ensure that the charge at
the end of each period does not fall below a threshold level. Numerical simulation leads to further
insights on emissions and renewable investments. For example, reducing backup capacity by as
much as 30-40% often leads to no decrease in emissions and may even increase them the smaller
size of the backup generator increases the risk of not meeting all future demand and induces the

rm to run it more often (see Section 1.5.4 for a full discussion).

To summarize, our paper develops a model to jointly determine solar generation and storage for o -
grid use cases in the presence of a backup generator, and uses it to (i) solve for the optimal investment
decisions and/or derive bounds thereof; (ii) characterize the strategic interaction between generation
and storage investments; (iii) derive a simple and e ective heuristic to compare di erent storage
technologies; (iv) uncover the consequences of curbing fossil generation on renewable investments,
costs, and most importantly emissions; and (v) obtain high-level insights on the role of storage over
the coming decades. Overall, our results provide both theoretical and practical insights for policy

makers, utilities, and technology startups operating in this space.
1.2. Literature Review

Given the broad relevance of renewable energy and storage, our paper is at the intersection of
multiple research streams. At its core, the investment decision deals with the intricacies of ca-
pacity management under uncertainty, an area for which Van Mieghem (2003) provides an ex-
cellent review. This stream includes the classic decision of long-term investment, facing market
variability (Arrow, 2017), but also how decisions change when dierent options of ful lling de-
mand are available (Shumsky and Zhang, 2009), and how nancing impacts such capacity choice

(Boyabatl and Toktay, 2011). Wang et al. (2013) point out that such investment decisions are in-



creasingly common as many industries are changing production and distribution practices to become

more sustainable.

Thematically, this paper relies on energy research that includes work by Kok et al. (2020a) and
Wu and Kapuscinski (2013) on the role of renewable intermittency for electricity systems; the impact
of emission cost on pro tability and technology choice (Drake et al., 2016); the optimal design of
feed-in-tari s (Alizamir et al., 2016); the e ect of net-metered energy on a utility's pro tability
(Sunar and Swaminathan, 2018); the capacity e ects of di erent renewable ownership structures
(Agrawal et al., 2019) and energy storage policies (Wu et al., 2012). Additionally, there is a broad
eld of research on the technical feasibility of renewable grids, from comparing di erent types of
storage (Dunn et al., 2011) over cost-minimal combinations of technologies to achieve high renewable
penetration (Budischak et al., 2013), to the long-term impact of large-scale wind energy deployment
(Miller and Keith, 2018). Beyond this literature, storage investment has also been studied by various

papers in economics (Neetzow et al., 2018).

Most papers in the eld approach the inherent complexity of storage investment like Jiang et al.
(2014), who employ large-scale models and e cient algorithms to optimize over large parameter
spaces in order to establish lower bounds on algorithmic solutions. Similarly, Kim and Powell
(2011) use parametric models to derive optimal energy commitment conditions in the electricity
market. However, it is di cult to extract high-level managerial insights from such computer-guided
analyses, given that there are: multiple charge/discharge periods, at least one source of stochasticity,
and one must also keep track of the inventory" of the storage unit, i.e., the charge. Even if
solutions are obtainable in closed form in these papers, they typically do not easily lend themselves

to interpretations, and make it di cult to develop intuition.

Alternatively, A aki and Netessine (2017a) employ a higher level of abstraction and aim to derive

generalizable, strategic investment insights for renewables using a Newsvendor approach. They
conclude that, in the presence of renewable intermittency, an increasing renewable generation share
might even increase carbon emissions due to carbon-intensive backup plants. Analogously, Kok et al.

(2020a) use a Newsvendor-style model to solve a capacity investment problem between conventional



and renewable energy sources. They nd that exible, conventional sources and renewables are

complements. We use a similarly stylized approach in the context of o -grid energy storage.

To the best of our knowledge, there are currently no papers that consider the strategic role of
storage investments. While there are some operational papers on storage in the context of renewable
energy, they have a di erent scope. Qi et al. (2015) look at the combination of grid-interconnection
and storage to improve dispatchability of an individual wind farm. They are able to show the
existence of lower and upper bounds for storage sizes, but focus more on the grid and deployment
aspect than the storage itself, and do not investigate the impact of storage on the overall market.
Zhou et al. (2019) study a similar scenario and derive heuristics for storage decisions, obtained from
an MDP model. Yang and Nehorai (2014) provide an intricate Lagrangian optimization approach
to reduce the complexity of planning generation and storage investments for micro-grids, but only
obtain numerical results without generating analytical insights. Luo et al. (2015) calculate the
optimal battery capacity in a similar wind-park setting, but the paper is simulation-based and
focuses on using storage to bridge the gap between actual and forecasted renewable generation.
Schill and Kemfert (2011) focus on the e ect of pumped hydro in the German oligopoly market.
They nd that pumped hydro does not a ect a participant's market power and its storage capacity

is generally underutilized. Strategic investment analysis was not a part of the paper. Lastly,
Song et al. (2012) discuss storage on an individual project level, with emphasis on the state-of-
charge of a battery, but they do not consider an entire energy market, backup costs, or the existence
of alternative generation technologies. Avci et al. (2014) analyze storage capacity in the context of
an electric vehicle charging station focusing not on the combined or total charge but on the optimal
number of replacement batteries for a recharge station. The authors employ a repair model to

capture the recharging process, as is typical in the spare-parts literature (Muckstadt, 2004).

This paper, therefore, expands the existing operations literature on energy storage by presenting
a way to jointly model energy storage and intermittent renewable generation capacity investment,

while considering backup capacity, charging/discharging e ciency, and emission prices.



1.3. Model

We aim to capture the strategic trade-o between intermittent renewables combined with storage on
one hand, and fossil fuel backup on the other. Operationally, this means making a decision between
two technologies: a cheaper and less predictable (renewable) technology and a more expensive, yet
always available alternative. Storage can then be thought of as a costly means of reducing the

variability of the former option.
1.3.1. Model Setup

We formulate the problem as a 2-stage, 2-variable newsvendor-like model (but with uncertainty in
supply rather than demand). In stage one, the utility makes joint capacity decisions on renewable
generation and energy storage. In stage two, demand and generation are realized oVeistochas-

tically identical periods: demand is met by employing the capacities from stage one, while supply
shortages are met through fossil fuel backup. Figure 1.1 provides a graphical illustration of the

model elements and their relation to each other.

Figure 1.1: Model Diagram

Demand Structure. When modeling storage, the need to consider at least two periods to allow
for charging and discharging to occur is inherent. Each of th& periods in the model represents a
24-hour cycle that is further subdivided into two sub-periods, day and night, each lasting 12 hours.
This night/day distinction captures the main source of variation in electricity consumption, aligns

with the solar generation pro le, and simultaneously provides structure to the storage decisions.

7



During the day sub-period, deterministic demandDy occurs, which is followed by the night, in
which deterministic demand D occurs. While this is a simpli cation of real demand patterns, the
most important factor governing storage usability is not the absolute level of supply or demand,
but the di erence between the two, which allows for charging and discharging. We focus on this
mismatch by assuming two deterministic demands and variable solar generation, motivated by the
fact that in practice variability in supply is much higher than variability in demand. Alternative
day/night split lengths can also be accommodated by adding another parameter to the model and

adapting the demand accordingly.

Generation Technology. We assume solar generation in this model as it is the cheapest genera-
tion source in expectation and in many o -grid use-cases the only feasible renewable solution due to
geographical/physical restrictions. In addition, solar panels are more modular than wind turbines,

the other frequently-built renewable technology, and can therefore be sized according to the specic

needs of the use-case.

Generation during the day is uncertain and is a function of installed generation capacityQ, while

it does not depend on previous period generation or demand. Speci cally, we assume for simplicity
that daily generation is distributed uniformly Q  U[0; Q]. Generation from solar panels at night

is naturally 0. This dichotomous nature is the core source of the aforementioned di erence between
supply and demand, and the reason why we focus on two 12-hour sub-periods for the strategic
investment case. Since solar generation will always be lower than energy demand during the night,
if any storage charge is to be accumulated for subsequent discharge, the storage unit must be
charged by generating more electricity than is demanded, during the day. The unit costsg are
linear, average per-period costs of generation capacity. They are obtained by splitting the unit
capacity cost across thel days of the assumed investment life-time. We assume that, as is the case
in reality, 2co < g. That is, in expectation (given the uniform distribution of generation) solar is
cheaper than the backup technology, as otherwise one would never invest in any solar. Marginal
generation costs are 0. Potential renewable subsidies can be priced into the model by calculating

the expected subsidies over the lifetime and adjusting the unit costs accordingly.



Storage Technology. Let K be the size of the storage, measured in energy - which is power over
time (e.g., MWh) - it can discharge. The storage exhibits cycle eciencyO<e 1, wherel e
units of energy are lost in each charging/discharging cycle. This e ciency is a core metric for storage
technologies, as a perfect system would not lose any energy in the charging/discharging process and
return 100% of the originally stored energy. But among other things, secondary reactions in a battery
and mechanical losses in thermal systems lead to energy dissipation in real-world installations. Next
to unit cost, this factor is of utmost importance when choosing a storage solution, and ranges from
20% to almost 100% in practice, depending on technology and scale (Koohi-Fayegh and Rosen,
2020). Unit costsck are linear in MWh and are distributed equally across allT periods. Note that,
since we measure storage in discharge-able units, we have to adjust the unit cost@s=eto account

for the fact that less e cient storage technologies need more capacity to be able to discharge the

same amount of energy.

Brief discussion.  Given the fast-paced nature of the energy storage industry, we built the model
to capture virtually any type of technology. Advancements in storage technology mostly revolve
around three key performance features: unit cost, cycle-e ciency, and number of discharge cycles.
Cost and e ciency are directly captured through parameters in the model, while discharge life cycles
are indirectly captured by splitting the investment cost over the respective humber of days/periods

that correspond to the anticipated lifetime.

Backup Technology. The backup capacity is assumed to already exist, typically in the form of
a diesel or gasoline generator that traditionally represents the main source of electricity generation
in many o -grid scenarios. As this backup burns fossil fuel, we assume a marginal generation cost
of g per unit of energy while the generator has the ability to quickly respond to changes in demand.
We assume this technology to be able to generate enough electricity to satisfy demand and to be

always available (this will be relaxed in Sections 1.3.3 and 1.5.4).

Application. This model is applicable to every energy market where solar generation is possible,

and generation costs by conventional generators can be estimated For example, the model can

2To discharge 100 units, a 50% e cient technology needs a capacity of 200
3A bene't of using this model is that all parameters can be easily derived from historic knowledge of demand
patterns (average electricity consumption) and publicly available sources (technology and cost parameters)



be applied to any o -grid location islands using diesel-generators to ful Il inhabitants' electricity
needs, remote mines burning gas to power operations, villages and small towns in under-developed
countries, etc. The reason is that such o -grid locations exhibit known, constant backup costs as
they typically have only one type of generator as backup, no merit ordering, and no capacity or
energy auctions. As a consequence, the value of solar is easy to compute and equal to the cost of the
backup generation it replaces. Lam et al. (2019) estimate that globally 20-30 million of such o -grid
sites exist - millions of locations that represent the use-cases we model and that could bene t from

the insights we develop.

REIDS, a Singapore-based project, focuses on exactly the energy transition we describe by providing
it for islands around Asia and Oceania (Choo, 2017). Their business model centers on electrifying or
repowering o -grid islands with renewable micro-grids that only rely on diesel-generators as a last
resort. In a similar vein, the European Union spearheaded the TILOS project on the eponymous
Greek island, where it tests the integration of renewable energy and a natrium-based battery solution

(Kaldellis and Za rakis, 2020).
1.3.2. Objective Functions

The setup we are considering is that of a utility rm simultaneously investing in generation and
storage. In Section 1.3.2 we present a model, henceforth referred to iacking model that keeps
track of the energy stored over time as a function of realized generation. This model is useful
to tie together the various elements of the model, and derive some structural properties, but is
in general too complex to be solved analytically. For this reason, in Sections 1.3.2 and 1.3.2 we
introduce two simpli ed versions of the tracking model that are easier to study and provide useful
approximations to the investment decisions from the tracking (time-series) model. The quality of

these approximations will be numerically investigated in Section 1.5.
The Tracking Model.

We begin by describing the charging and discharging process. Lef denote the energy stored at

the end of periodt (and hence the charge at beginning of period + 1). We can compute storage
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at the end of time t using the following expression

h + +
x¢= min x 1+e&q Dw)* (Dw @) ;K DL ; (1.1)

where (a)* = max[0;a]. During the day, there are two possible scenarios: either generatiorgy( 2
[0; Q]) is su cient to meet daily demand, ¢ Dy and unused energy in the amount ofgg Dpy)*
is charged into storage for later use, allowingg(q@ Dy )" of discharge, or generation is insu cient
to meet daily demand, ¢¢ < D , and energy in the amount of(Dy )" is discharged to serve
unmet demand. During the night, D of energy is discharged to serve nightly demand. The formula

ensures that the storage charge is never negative or higher than storage capacky.

The objective function that the rm wants to maximize can be written as the sum of cost-savings
from solar and storage across thél periods, minus the capacity cost. Since fossil generation is
always available but costly, the economic benet of each unit of renewable generation, which has
zero marginal cost, is equal to the cosig of the fossil backup it replaces. Cost-savings are thus
simply equal to the total demand that can be ful lled, by direct generation or through storage,
multiplied by g. To avoid confusion between cost-savings and capacity cost, we will subsequently
refer to cost-savings as revenue as they capture the economic bene t that is derived from investing
in solar and storage capacity. Equation 1.2 captures all revenues earned during the day across the
T periods.

hxt [

gE min[x; 1+ ;D] : (1.2)
t=1

The rst term in the minimum in Equation 1.2 is the total renewable energy that is available either
through generation g in that sub-period or by discharging storagex; 1. The second termDy is
the demand during the day, which is the maximum amount of energy to be ful lled during the day

sub-period.
At night there is no generation, so any replacement of the backup occurs by discharging stored

11



energy, as captured in Equation 1.3 below.

hy h . ii
gE min x; 1+eq Du)" (DO q)" KDL (1.3)
t=1

That is, the rm can ful Il demand equal to the minimum of the charge at the end of the day and
the nightly demand D . Note that, as with the de nition for x;, the charge cannot be negative or

exceed storage capacitK .

Lastly, the rm has to pay cq for the solar generation capacityQ and ck =e for the storage unit
capacity K each period (total cost divided by all periods), which leaves us with the following

objective function for the tracking model:

hxt
TR(Q;K)=g E min[g; Dul+min[x; 1;(Dn )" 1+
ht:1 . (1.4)
min x 1te@ Dw)' (Ow @' KDL TEK ToQ;

wherex; 1 is de ned as per Equation 1.1.

The objective function of the tracking model is intractable and no closed-form solution for the
investment decisions(Q+r; K+g) can be derived. The main source of complexity comes from adja-
cent periods being linked to each other through the energy carryover termg;. There is, in other
words, a positive probability that a unit of charge from period one (or any other period) would get

discharged in any subsequent period up to the last one.

Despite not having closed form results for the tracking model, we can still obtain several insights
from it by indirectly leveraging some of its properties. We present these insights in the following

subsections.

Strategic Complements or Substitutes? In this subsection, we aim to understand if there
is a strategy relation between generation and storage capacity. In other words, we study whether

investing in either capacity a ects the value of investing in the other (see Appendix A.1).

12



Theorem 1.  Strategic Interaction between Investment Decisions

In the tracking model, renewable generation and energy storage are:

" Strategic complements at lower levels of capacity investment. Formall@ tr=@Q@K ¥ if

Q<Q,, Or K<D , whereQ,, = ¢(D2=e+2DyD_ + D)=2co;

"~ Strategic substitutes at higher levels of generation capacity, when storage exceeds nightly de-

mand. Formally, 9 Q" st. @ 1rR=@Q@K ©; 8K >D ; Q>Q".

At low levels, capacities in the tracking model are strategic complements because for storage to be
pro table, it must occur frequently enough that generation outstrips demand otherwise the storage
does not get charged often, and thus cannot justify its cost. An increase in generation therefore
leads to an increase in storage because the higher odds of observing excess generation means that

a larger battery is needed to store it - we have strategic complementarity.

However, at high-enough levels of generation, we have strategic substitutability. The reason being
that for storage to be pro table, it is not su cient that generation outstrips demand frequently
which ensures that the storage gets charged often but at the same time it is also important

that demand outstrips generationfrequently, otherwise stored energy is rarely put to use as

it happens when generation is very high. For example, imagine a scenario in which renewable
generation capacity is thousands of times higher than demand: there would (nearly) always be
more energy generated than demanded, removing any need for storage beyond that of covering

nightly demand.

For more details and the strategic investment results for the simpli ed models, we direct the inter-

ested reader to Appendix A.1 (particularly Equations A.6 and A.8).

Comparing Storage Technologies. Even with the rapid advances in storage technologies over
the last years, storage of renewable energy is not yet a pro table investment in all scenarios. How-
ever, current trends in many parts of the world (e.g., emission targets issued by governments,

increasing calls for a carbon tax) signal that energy storage will likely become a sizeable market in
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the near future. This means that the storage technologies that exist, or are being developed today,
will soon compete for the storage market of tomorrow. Hence, a question of interest is: Which of
these technologies is likely to be adopted rst? It would thus be useful to establish a criterion that,
for any given set of non-Pareto dominated technologies i.e., a set where no technology is both
cheaper and more e cient than another could determine which technology can turn a prot in

the broadest set of market conditions, and is thus more likely to be adopted rst. To this end, we

rst formalize the above discussion and then present our result.

De nition 1.  Storage technology A(e*;cy) is preferred to storage technology Be®;c) if and
only if A B where |, f(co;DH;DL;0) : KTR(CQ;DH;DL;g;é;ciK) > (Og is the set of non-
storage parameters for which the rm nds it optimal to invest in strictly positive storage capacity

under storage technology 2 f A;Bg.

In order to investigate conditions that render one technology preferable over another under De nition
1, we employ a result from the full-discharge model, which we will introduce subsequently and which
is equivalent to the tracking model for the parameter space we consider (Theorems 3 and 4). The

next lemma (see Appendix A.4 for derivation) will prove useful.
Lemma 1. Storage Profitablity

" The optimal storage investment is positive if and only if the backup cost is higher than the

q__
thresholdgo = cq + ck =€+ 4 +2cqek =e Formally Kyp > 0; 0 g >go;

~

The thresholdgy is strictly increasing in the ratio -, for any Dy, D, and cq.

Interestingly, the lemma shows that the backup cost threshold below which storage becomes prof-
itable, go, depends on storage technology parameterg and e only through their ratio, % We call

such ratio the storage-cost-to-e ciency ratio. We have the following result:
Theorem 2. Comparison of Storage Technologies

a) Storage technology(e®;cy ) is preferred to (€®;cR) if and only if ¢ =e* < cf =€®;
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b) A given storage technologye®; ¢z ) can pro tably be invested in i ¢ =€ <g P 2Co0.

Theorem 2 provides a necessary and su cient condition for one storage technology to be preferred
over another (point a): a lower cost-to-e ciency ratio % renders a technology preferred to other
technologies with a higher ratio. Moreover, this ratio can also be employed to determine whether
a given technology is altogether pro table (point b). Overall, the results in Theorem 2 highlight
that it is the storage-cost-to-e ciency ratio that governs the suitability of a given technology as a
pro table investment, and that such ratio can be a simple yet quite e ective criterion to rank-order

technologies from most to least-preferred, in the sense of De nition 1.

We now move from these structural properties to the second objective of our work the development
of simple, tractable solutions for the optimal capacity investments into solar and storage. To this
end, we develop two simpli ed models in the next subsections that approximate the prot and the
investment decisions of the tracking model and allow for closed-form investment results. These
models will be henceforth referred to as thefull- and partial-discharge models. We examine the

quality of these approximations numerically in Section 1.5.
The Full-Discharge Model.

The full-discharge model rests on Assumption 1.

Assumption 1. In the full-discharge model, all the energy stored in a period is pro tably discharged

by the end of the period.

Under this assumption, each unit of stored energy is discharged and earns revenue equagteegard-
less of whether there was enough demand to be served. An important implication of this assumption
is that the full-discharge model does not require tracking of stored energy from one period to the
next. This approach removes the interdependence between subsequent periods, meaning that we

can solve the rm's problem as if the rm had to serve only one period (or, more appropriately, T
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identical periods). The objective function of the full-discharge model becomes:

h i
F(QK)= T gE min[a;Dul+minfe(@ Du)" ;K] 2K cQ:  (L5)

For the above objective function, all partial derivatives and the Hessian can be signed (see Appendix

A.3) leading to the following result on the optimal investment decisions.
Theorem 3. Optimal Decisions under the Full-discharge Model

Under the full-discharge model, the objective function is globally concave over its domain. The
optimal investment choices are given by:

S " S #
Q. =D (1 ee (1 ee _
FEPHY Yo +oo)eg @ exg Ack +coleg & @

Krg=max Dyet+Dpn(ge k)

We discuss the results from Theorem 3 after Theorem 4, which relates the full-discharge capacities

to that of the tracking model.

Theorem 4. Comparison Between Full-discharge and Tracking Models

If g go, the backup cost is too low for the rm to invest in any storage. In that case, the

full-discharge model's investment decisions from Theorem 3, and the pro t, coincide with the

tracking model's. Formally, if g do, K = K;g =0, Qr = Qg, and = ;g, Wheregg
is given by: r
CK 2CQCk
= + —+ + ——
%=C* 4 CZQ o

If g0 < g O, the rm's storage investment is positive and the full-discharge model's

investment decisions and prot coincide with the tracking model's. Formally,(Qg;Kg) =

(QrriKyr)and = g, if go<g 0o, Wheregr is given by:

(em+1) pcQ(ZcK(em(m+2)+1)+ Co(em+1)?)+ cgem+ cq + ck em(m +2) + cx
O = ;

elem(m+2)+1)
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wherem = Dy =D, :

" If g > g, storage investment is strictly positive, larger than what is needed to meet nightly
demand, and the full-discharge model's storage investment decisions and prot are strictly

higher than the tracking model's. Formally,K. > D ; K > K;gz, and > g, if

g9>0F.

Theorem 4 contains three elements. First, it establishes the existence of a backup cost threshodg,
below which investing in storage is not pro table. Such a threshold increases in storage cost as
well as in generation costty, and decreases in storage e ciencye. In this parameter space, the full-
discharge model's investment decisions are exact, that is, they match the tracking model (Appendix
A.4). Second, if the backup costs are betweenp and gr, storage investment is positive and the
full-discharge model's investment decisions coincide with the tracking model. Third, if the backup
cost is beyond the thresholdgg, it is optimal for the rm to build at least enough storage capacity
to serve all nightly demand; the full-discharge model then is no longer an exact approximation of
the tracking model. In this regime, the full-discharge model is still useful, as its investment decisions

constitute an upper boundto the tracking model's optimal investment decisions.

With this context established, we return to insights previously obtained in Theorem 3 regarding the
drivers of generation and storage investments. The optimal generation investment is proportional
to daily demand, decreasing in solar cost, and has non-linear relationships with e ciency as well
as storage cost. The optimal storage investment also scales with daily demand and is higher when
the di erence betweenck and g is low enough relative to the storage technology's e ciencye,

as this roughly measures the relative cost of serving demand with stored renewables versus fossil
backup capacity. If this di erence (ge ck) is insu cient, optimal storage capacity is zero. Further
note that the storage capacity is a ected by the same radical expression as generation this is the

indirect impact of solar on storage.

In combination, Theorem 3 shows that a rm may nd it optimal to serve demand with renewable

generation without investing in storage, but that storage deployment cannot be optimal in the
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absence of renewable generation.
The Partial-Discharge Model.

When g > gg, the full-discharge model does not provide an exact solution to the tracking model but
rather an upper bound to the investment decisions of the rm. Thus, in this section, we develop a
second model that can supply additional information regarding optimal investment when the backup

cost g is higher than ge.
The patrtial-discharge model rests on the following two assumptions.

Assumption 2. In the partial-discharge model, energy charged in period expires (i.e., is lost

forever) if not used by the end of period + 1.

Assumption 3. In the partial-discharge model, demand is met by employing the most recently-

generated energy rst.

Note that Assumption 3 entails a LIFO use of energy, meaning that the rm serves demand in a
period using energy generated in that period if available, then energy stored in that period if any,
and then energy stored in the previous period in this order of priority. Note also that the need

to specify a priority order in the use of energy arises because of Assumption 2 when energy does

not expire, there is no need to treat the energy stored at di erent times di erently.

The use of a LIFO rule for energy consumption, whereby energy that expires at the end of the
period is given the lowest priority, may appear sub-optimal, and in fact, it is: Using older energy
rst would indeed be preferable pro t-wise, yet our assumption doesthe opposite The advantage

of such an approach is not to proxy prot as much as possible, but to make the problem more

tractable, as we are about to explain.

Under Assumptions 2 and 3, revenues in periotl are a function of storage at the end of period 1,
xP | (which is important for the accuracy of the partial-discharge model), but arenot a function of
storage at the end of periodt 2, x{ ,; nor are they a function of storage in any previous periods.

This ensures that revenues in a period are only a function of events occurring in that period and
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the previous period. This is in stark contrast with the tracking model, where revenues in a period
are a function of events occurring in that periodand all previous periods Because of this feature,

as we are going to show, our assumptions greatly simplify the objective function.

More speci cally, Assumption 2 preventsx{ , from directly a ecting revenues in periodt, because
such energy expires at the end of period 1. However, x{" , may still a ect revenues in period t
indirectly, i.e., it may a ect x{ ;, which in turn a ects revenues in periodt. This can happen in two
ways. First, some demand in period 1 may be served using{ , instead of the energy generated
inperiodt 1, ¢ 1, and this alone rendersx?” ; a function of x{ ,. Alternatively, xF , may occupy
storage capacity and prevent energy generated in excess during the day, in peribd 1, to be stored

in the battery, which again a ects x{ ;.

Assumption 3 breaks the indirect dependency betweer{ , and x{ ; because the use ok{ , has
the lowest priority: It is used to meet demand in periodt 1 only if g 1 is not su cient, and is

kept in storage only if this does not prevent newly-generated energy to also be stored when needed.

Together, Assumptions 2 and 3 imply that the energy available at the beginning of period, x{ ,,
is given by:
+
x{ 1= minfe(d 1 Dn)*;K] DL ; (1.6)
which is notably not a function of x{" , or energy stored in any previous period. In particular,

this means that revenues in any period can be computed in expectation by simply knowing the

probability distribution of solar generation ¢ and ¢ 1.*

To further improve tractability, we modify the revenue terms that capture the energy generated
in a period, and discharged in the following period by replacing it with a weakly lower term (see

Equation B.3 in Appendix B.1). The resulting objective function of the partial-discharge model can

“We ignore start-up e ects (i.e., storage in the very rst period would be empty), since they have negligible impact
on the overall revenues given that the expected life of a solar panel is 30 years more than 10,000 days.
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thus be written as:
h
pP(Q;K)=T gE min[g;Dy]+min[e(qq Dn)*;DL]+ @)
i 1.7
min[(eq eDy Dy)";K Dg;(eDn + DL eg+1)"] %K cQQ ;
where the term multiplied by T is the prot earned in a period, i.e., the cost-saved from solar and

storage serving demand.

Theorem 5 characterizes the optimal investment decisions for the rm, under the assumption that
storage capacity is not excessively higher than demand <eD y + 2Dy . This condition is made
for tractability, always holds for e = 1, and is con rmed in all of our numerically-simulated scenarios

(see Appendix A.5 for more details).
Theorem 5. Optimal Decisions under the Partial-discharge Model
Under the partial-discharge model:

" ifgr g op, the border solution is optimal, i.e.,Qp = Q,,, and K = K,

S

Qpor =

g(DE=e+2DH D_+ DE')
2 ; Kbor= DL’
CQ

" if g >gp, the interior solution is optimal, i.e., Qp = Q;; and K, = K;,;,

g P— % p——
Qu = d+ d?+c3+° d  d?+c3
S !
2
King = DL + % Qe 4D + Dye)2 4e(D_ + Dye)Q+ e(éch;eg)Q ;

wheregp is de ned as

ck + ckem(2+ m)+2co(l+ em)2 2_
2cqe(1+ em)2(L+ em(2+ m))

o =

20



wherem = Dy =D_ and c and d are de ned in Appendix A.5, Equations A.22 and A.23.

Theorem 5 characterizes the optimal decisions of the rm under the partial-discharge model. When
g is moderately low (= g gp), the rm builds only enough storage capacity to ful Il nightly
demand. Wheng > gp, the rm builds more storage capacity than that, potentially allowing excess

solar energy during one period to ful Il unmet demand during the next period.

The next theorem compares the investment decisions obtained from the partial-discharge model

with those of the tracking model.
Theorem 6. Comparison Between Partial-discharge and Tracking Model

a) The optimal prot under the tracking model, |y, is always bounded below by its equivalent

in the partial-discharge model, , TR’

b) The optimal storage capacity investment under the tracking model for a given value of gen-
eration, K1r(Q), is always bounded below by its equivalent in the partial-discharge model,
Kp(Q) K7r(Q). Whenge g op, the optimal storage capacity investment under the
tracking model, K 1, is always bounded below by its equivalent in the partial-discharge model,

The partial-discharge model always underestimates the marginal value of storage compared to the
tracking model. For this reason, the partial-discharge model's storage investment decision provides
a lower-boundto the investment decision of the tracking model. This bound holds analytically for
g ¢ gp and it holds numerically® in all other cases, but is elusive to prove fog > gp because
of the interplay between the two decision variables. The reason for the lower-bounding is that both
assumptions underlying the partial-discharge model reduce the value of stored energy, which has a
lower duration (Assumption 2) and is employed sub-optimally (Assumption 3), leading the rm to
build less storage capacity compared to the tracking model. The decision on generation capacity

obtained from the partial-discharge model is, instead, not always lower than the one obtained from

5See Section 1.5.1 for details
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the tracking model. We provide a more detailed analysis of this in Section 1.5.

Remark. Taken together, the full- and partial-discharge models provide important information
that can be employed to make investment decisions. At lower backup costs, the full-discharge model
is exact, while for higher backup costs, the full-discharge and partial-discharge models respectively
provide an upper bound and a lower bound for rm prot and storage investment in the tracking

model. We test the accuracy of our two models in Section 1.5.1.
1.3.3. Strategic Usage of Capacity-Limited Backup Generator

So far, we always assumed that the backup generator has su cient capacity to ful Il all demand.
However, it is conceivable that there exist o -grid use-cases in which the back-up generation is
performed by several combined generators. In those cases, once the solar and storage investment
has been made, it may be desirable to retire some of the former back-up generators, and use the

remaining capacity strategically.

We study this problem for the tracking model by employing a dynamic programming setup for which
we introduce the following notation: Let G denote the backup g@nerator capacity in each sub-period
for which we assumeG min(Dy ;D). Running said generator incurs costg per unit of energy,
but not ful lling demand incurs cost g . We assume > 1=e so that running the generator in
combination with storage is at least pro table if meeting demand is guaranteed (i.e. charge storage
with the generator during the day to serve demand at night). We thus have to make two decisions
each day - how much to run the generator during the dayGy; and how much to run it during the
night G.;. The state of the model consists of the charge at the beginning of the period; 1 and
the amount of solar generation in the periodg. Together we have the two-dimensional state per
period s; = (X; 1;¢) with time-invariant state space S =[0;K] [0;Q]. For this setting, we take

renewable generation and storage capacity as given.

The objective in the capacity-limited generator scenario is to trade o the cost of running the

generator against not meeting demand. LetUy; and U;; denote the unmet demand during the day
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and the night. The per-period costc( ) and unmet demands are shown in Equation 1.8.

C(Xt 1,0 GHt; GLt) =9(Ght + Grt) + 9 (Unt + Upe):

Ut =(Dn Gut Xt 1 )75
h iy
Ut = DL G min X 1+ €Gut Du+a)" (Du Gue a)" ;K

(1.8)

Clearly, the unmet demands are decreasing in storage charge, generation and the back-up decision
guantities Gpt; Gt . Also, given the e ciency loss of the storage solutions, running the generator
during the day to ful Il demand at night costs g=eper unit of nightly demand met, making it more
expensive than regular back-up operations to meet demand. Crucially, the storage termxy is what

links the state variables and decisions from one period to the next, as we show in Equation 1.9.

h h L
x¢=min min - Xy 1+ &g+ Gyt Dp)T (D ¢ Guy)' ;K +
L (1.9)
G D) (DL Gu)' K:

The terms in the rst minimum account for the storage charge at the end of the day sub-period,
while the outer minimum tracks the charge from the end of the day sub-period to the end of the
night sub-period. We show in Appendix 7 that because all periods are linked through storage,
rather than looking at the two generator decisionsGy; ; G ¢ Sseparately for every period, it su ces
to consider what the charge at the end of the perio; is supposed to be. We can thus denote the
optimal action in each period as the target chargex;. Conceptually this works, because once the
starting charge x; 1 and the solar generation realizationg are known, there is no more uncertainty

in period t8. Our action space isX =[0;K] [0;K] and is state- and time-invariant.

Because the periods are linked in this fashion - like an extended version of the tracking model - we

can denote the optimal, multi-period cost fromt to T with v, (') using the recursion equation shown

SWe will at times write X:(X: 1;0;Gnt ;G ) to indicate that the action in period t is dependent on the storage
charge at the beginning of the period x; 1 and the generation realization ¢ and the generator decisions.
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in Equation 1.10.

h i
Ve(Xt 15G) = (Xt 1;0; Xt(Ght; Git; )+ E Verr (Xt; Ge1)
n h io
Ve (Xt 1;G) = rxniznx c(Xt 1,0 Xt(Ght:GLts )+ E Ve (Xt Ge1) (1.10)

s.t. (1.9);

where the expectation is taken w.r.t. the random generation realization. The total cost starting
from t until the end of the lifetime is equal to the cost in this period c( ) plus the expectation over

generation realizations of the next period's cost-functionv; (Xt; G+1)-

Theorem 7. Optimal Policy In The Capacitated Generator Setting

In the o -grid setting with a capacitated generator:

" There exists a unique, optimal policy that is a threshold policy that aims to end a period with

an optimal storage chargex; .
" The optimal policy is:
(x{ x¢ (DL G)* +

e
Gu, (G 1p(x{f x; DL+G)";

Ght, Gur  1x

where 1p ; 1x ;xf and Gy; are de ned as follows:

8 8
L Elifx;’ X; (DL G)) >eGut; L 2eif Xy X (DL G)) 2 (0;€Ght) ™ Xt 1>X¢;
D » S ' X > .
* 0 otherwise. - 1 otherwise.

x;, min[(x; 1+ea+G Du)" (Du a G)")*';KI;

Ght » min((K  x¢ 1 ea Du)" +(Dy a)") =e;Q:
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~ The optimal end-of-period-chargex; can be lower bounded in closed form (see Equation A.66

in Appendix A.7).

The intuition for the optimal policy is that generating and storing a unit of charge has a constant
cost, g=e and decreasing marginal returns, thus making it optimal to target the end-of-period

storage for which the bene t equals the cost.

In Section 1.5.4 we leverage results from Theorem 7 to provide important insights on the use of a

downsized generator and its impact on emissions and renewable investments.
1.4. Data

After studying the theoretical properties of our model in the previous section, we now use empirical
data from di erently-sized islands around the world to complement our analytical ndings. We
chose islands as the studied scenario in this paper because they are o -grid use-cases, are found
in most countries, and are clearly geographically isolated from any interconnection or neighbour-
ing generation. We use the real-life data to calibrate our model to i) analyze the quality of the
approximation of our full- and partial-discharge models (Section 1.5.1); ii) derive insights on how
changes in technology and policy may impact storage and generation capacity investments over the
coming years (Sections 1.5.2, 1.5.3, and Appendix B.6); iii) numerically investigate the emission and
investment impact of reducing the capacity of the generator (Section 1.5.4). We begin by describing

our data.

Market Data. As islands typically do not have full- edged utilities, obtaining reliable power
data for them is notoriously di cult. We gathered our energy demand and price data from di erent
partners that work with these communities. For La Palma (PAL), we obtained the data from La
Palma Renovablea EU-backed NGO pursuing the energy transition on the island. For Astypalaia
(AST), the time series were kindly shared by Nikos Mamassis who had previously researched the
stochasticity of the island's natural resources (Klousakou et al., 2018). For Weno (WEN), the data
came from an energy consultancy that was tasked by the state of Micronesia to map a trajectory
for future power generation in the country. These islands are characterized by di erent population

sizes and varied ratios of day-to-night demands see Table 1.1. The backup cost is rather high
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in all cases as it is driven by the ine cient generation based on imported oil (but governments
typically heavily subsidize electricity prices for consumers). For carbon-emissions, we use data from
the Spanish Register of Emissions and Pollutant Sources for La Palma's power plant (for lack of
better data, we assume pollution intensity to be the same for all other islands' generators). The data
has 10-minute or hourly granularity and consists of time series varying in duration, from several
days to a few years.

Table 1.1: Historic Energy Demand and Price Data from Islands

Unit La Palma Astypalaia Weno

Demand Day Dy) KWh 407,800 7,600 22,900
Demand Night (D) Kwh 327,100 9,600 14,400
Demand Ratio (m = Dy=D.) Numeral 1.25 0.79 1.59
Population #People 85,000 1,400 14,400
Backup Cost () $/MWh 229 200 205
Backup CO2 tons/MWh 0.72 0.72 0.72

Demands are averages across all observations (day sub-period from 8am-8pm in La Palma, 7am-
7pm in Astypalaia and 6am-6pm in Weno) and the backup costs are the average generation costs.

Storage and Renewable Data. For storage technology, we will consider two options. Lithium-

ion batteries will be the high cost - high e ciency technology we analyze. One alternative to

batteries is thermal energy storage - systems in which energy is stored as heat in various conductive

materials ranging from sand over concrete or salt to oils. Typically, these storage solutions have

lower levels of e ciency than batteries but they are also less expensive to build. We obtained
Table 1.2: Storage Technology and Renewable Generation Data

Battery Thermal

$/MWh 330,000 100,000 Solar
Lifetime in days 5,475 10,950 $IMW 1,560,000
$/MWh / day 60 9 Lifetime in days 10,950
E ciency 90% 45% $/MWh/day 11.9

t CO2/MWh in Production 150 80 Capacity Factor (r) 25%

t CO2/MWh / day 0.030 0.005

parameter estimates for the storage technologies from the proprietary research of Kraftblock, a
German energy storage start-up. We validated this data against publicly available sources, such as

Fu et al. (2018) and reports of contemporary storage installations, as well as Larcher and Tarascon
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(2015) for storage manufacturing emissions. The solar generation assumptions contain the upfront
investment costs and maintenance costs and are in line with the high end of photovoltaic costs in
Lazard's Levelized Cost of Energy Analysis as the equipment has to be imported by ship (Lazard,
2020). To make the two technologies under study comparable, we adjust the cost for the expected

lifetime of the technology. Table 1.2 summarizes storage and renewable generation data.
1.5. Numerical Analysis
1.5.1. On the Quality of the Partial- and Full-discharge Approximations

We begin our numerical analysis with an evaluation of the full- and partial-discharge models devel-
oped in Section 1.3.2. We want to understand how good of an approximation each of these models
provides, relative to the tracking model, whose solution is obtained through a computer simulatior.
For all three models, generation patterns are drawn across 10,950 day/night periods (30 years). We
benchmark the models across 372 di erent sets of parameters, for di erent markets and storage
technologies, and varying storage cost, generation cost and backup cost from 50% to 200% of their
current values as well as demand ratios from 100% to 200%.

Table 1.3: Percentage Deviation of Partial- and Full-discharge Model Prot and Capacities Com-
pared to the Tracking Model

Prot Generation Storage
n =372 Deviation Thermal Battery Thermal Battery Thermal Battery
average -4% 0% 1% 2% -27% -3%
Partial-Discharge Median -4% 0% 1% 2% -28% -2%
largest (magn.) -6% -2% -8% -1% -35% -24%
average 38% 38% 86% 42% 18% 196%
Full-Discharge median 39% 51% 81% 44% 10% 206%
largest (magn.) 49% 70% 172% 104% 133% 277%

Table 1.3 summarizes the model deviations across all 372 benchmark cases broken down by stor-
age technology, and reports the average, median, and largest deviation (in magnitude) for each.

Deviations for both simpli ed models are calculated relative to the tracking model.

The most important nding is that pro t wise, the partial-discharge model is very accurate, and only

"We investigate the capacities of the simulation and both models for storage capacities K 2 [0;2D,=e+ Dy ]
(upper limit equals max discharge in the partial-discharge model) and generation capacities Q 2 [0;4Dy +4 D =€)].
For each set of parameters we run the simulation in an evenly-spaced 100x100 grid between these parameters and
select the one with the highest pro t.
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a few percentage points o relative to the tracking model (worst-case deviations are only -6% and
-2% for Thermal and Battery technologies, respectively). The full-discharge model is not nearly as
good, with average deviations around 40-50%. This suggests that the full-discharge model, despite
being exact for a certain range of game parameters (as per Theorem 3), becomes fairly imprecise

outside of that range.

The accuracy of the partial-discharge model carries over from pro t to generation, with average and

median deviations from the tracking model on the order of 1% to 2%, and worst-case deviation of
-8% and -1% for Thermal and Battery technologies, respectively. Gaps increase slightly for storage
decisions, with average and median around -30% for Thermal and -2% to -3% for Battery, but even

the worst-case deviations are within -35% and -24% respectively.

Overall, our numerical analyses con rm how well the the partial-discharge model approximates the
tracking model across the wide range of parameters considered. These observations also con rm
that the partial- and full-discharge models provide a lower and upper bound, respectively, for the
tracking model's storage capacity investment, as discussed in Theorems 4 and 6. For a more detailed

discussion of the model's approximations, please see Appendix B.5.
1.5.2. Improving Storage Technologies

In this section, we employ our partial-discharge model to characterize the optimal storage invest-
ment decision under changing technology. One driver of increasing storage penetration is technology
improvement that is, lower capacity cost or higher e ciency. We compared hundreds of hypothet-

ical storage technology combinations of e ciency (30% to 100% in 1% increments) and unit costs
($1 to $65 in $1 increments) for La Palma with and without subsidies (results for AST and WEN are
similar to PAL). For each of these hypothetical technologies, we calculated the pro t-maximizing
capacity investment. Figure 1.2 plots isocurves for the optimal storage investment as a function of
capacity cost and e ciency, while also marking where lithium batteries and thermal technologies are

positioned® Importantly, these isocurves plot storage capacity in the amount that can be charged

8As discussed in Section 1.3.1, these two parameters are enough to capture the key features of any storage
technology.
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(K=e), rather than the amount that can be discharged, which highlights the investment dynamics

as e ciency changes. Three observations are worth noting from these plots.

(a) PAL (b) SUB

Figure 1.2: Storage Capacity Investment for Hypothetical Technologies in La Palma (with and
without subsidies)

The rst observation pertains to the the complex dynamics of how storage capacity changes as
technology improves. Initially, as technology improves (moving from the top-left toward the bottom-
right of the plot in Figure 1.2a) capacity stays equal to zero; the rm does not invest in any storage
(the white area above the 0-storage line). As technology further improves and the O-storage isocurve
is crossed, storage becomes pro table. From this point onward, storage grows rapidly in response to
small improvements in technology (isocurves are increasingly close to each other) until it reaches the
capacity to fully cover nightly demand. From this level onward, storage capacity dynamics change.
In particular, a decrease in cost has no consequences on storage (isocurves are vertical in the plot)
until the cost drops below a certain threshold, which makes it pro table to build enough storage
to carry energy into the following day. From this point onward, lower costs do increase storage,
while higher e ciency has a dual e ect: On the one hand, more e ciency makes storage attractive,
resulting in more capacity investment, and on the other, more e ciency means that less storage
capacity is needed to ful ll the same amount of demand, resulting in less capacity. The net e ect
of those two drivers can go both ways as evidenced by the di erent slopes of the isocurves to the

right of their vertical parts.
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The second observation pertains to the 0-storage isocurve, which identi es all technologies (com-
binations of capacity cost and e ciency) that would make a rm break-even when investing in a
small amount of storage. This isocurve closely matches a line equation of the forfi§- = constant,
providing empirical support to the nding in Theorem 2 that comparing technologies based on their
storage-cost-to-e ciency ratio constitutes a simple yet powerful way to determine which one can

more easily turn a prot (and is thus likely to be adopted rst).

The third observation pertains to the usefulness of identifying the O-storage isocurve. Consider,
for example, a storage company developing a new technology aimed at markets like the subsidized
island case depicted in Figure 1.2b. Suppose, for illustrative purposes, that the company had, so far,
developed a hypothetical storage technology with a cost of $40 per MWh per day and 60% e ciency.
Based on Figure 1.2b, the company could easily realize that further e orts to boost e ciency alone
would never lead to investment, no matter how large the improvement. The company would then

conclude that achieving a lower unit cost should become the priority.

To illustrate the last point in more detail, we plot the 0-storage isocurves for all three islands,
and two hypothetical islands in Figure 1.3. The two hypothetical islands are: (i) an island with
the subsidized electricity rate (SUB) that end customers on the islands pay (after accounting for a
75% subsidy), which is closer to backup costs in major grids and therefore allows some high-level
insights for (o -grid) scenarios with cheaper, non-renewable options as well; and (ii) a hypothetical

island with solar generation cost at 25% of current values. Two dynamics are worth mentioning
in Figure 1.3. First, one can view these 0-storage isocurves as technology e ciency frontiers for

each island. Given a market with its back-up and renewable costs, only storage technologies below
the frontier are in the investment consideration set - storage technologies above the frontier are
dominated by the choice to not invest in storage. Second, this graph shows how removing the back-
up cost subsidies in La Palma would be equal to reducing technology costs by 83% graphically,
the subsidy removal is equivalent to shifting the grey (lowest) line of the subsidized island up to the
green (second highest) line of La Palma, thereby increasing the space below the line - i.e. the space
of pro table technologies. In comparison, a four-fold reduction in solar costs would only shift the

frontier upwards by 24% (equivalent to shifting the green line up to the purple line). This quanti es
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Figure 1.3. Storage Technology E ciency Frontier for the Three islands and two Hypothetical
Scenarios

the magnitude of di erence that policy changes can make in investment outcomes, relative to the

incremental technological progress.
1.5.3. Carbon Prices and their Impact on the Adoption of Storage Technologies

In the next two sections, we use the partial-discharge model to derive high-level insights on practically-
relevant issues that surround the use of renewables. The following strategic insights are to be taken
as characterizations of rst-order e ects rather than precise estimates of future developments. As
evidenced in Theorems 4 and 5, the backup energy cogthas a signi cant e ect on capacity invest-
ments. So far, the numerical value forg used in our analysis is based on the average generation cost
on the studied islands. However, an increasing number of intergovernmental organizations, federal
regulators, and local administrations are vowing to impose or increase some form of carbon taxes, in
order to reduce carbon emissions and curb global warming. It is therefore of interest to understand
the impact of increased carbon prices (e.g., through a direct tax) on optimal renewable genera-
tion and storage capacities since these directly a ect emission savings. To this end, we calculate

which carbon tax levels would be required to reach enough storage capacity a) for nightly demand

& R AR P LN B RN e demanda(fdaRiish NGV AIgEBON BiGedahprReMNaheiR
U Deprbiny bR 1RBISPEES AraRe: sl daMiRiag S Reize o hackiCartSreqliil iBMUKiYRNe

the same relative capacities di er vastly.
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Table 1.4: Carbon Price to Reach Storage Capacity to Cover demand for a Certain Time Period
($/ton of CO2)

Market Technology >12h >24h >36h

PAL Thermal $0 $0 >$200
AST Thermal $0 $0 >$200
WEN Thermal $0 $7 >$200
SUB Thermal $61 >3$200 >3$200
PAL Battery $0 >$200 >$200
AST Battery $0 >$200 >$200
WEN Battery $0 >$200 >$200
SUB Battery $123 >%$200 >$200

Consider, for example, the level of carbon prices needed for 12 hours of storage to be pro table, for
di erent markets. For unsubsidized islands no carbon prices are needed, while for the subsidized

island, carbon prices are substantial.

Similarly, consider the level of carbon prices needed for 24 hours of storage to be pro table, for
di erent technologies. Thermal storage needs zero or very-low carbon prices in unsubsidized islands,

while battery storage is still not pro table even when carbon prices are as high as $200.

These ndings point to the fact that it is very important for regulators to consider the implications of
carbon pricing or storage subsidies with respect to their idiosyncratic market/technology situation,

as these are by no means one-size- ts-all tools.

Another related question is when the technologies will become cheap enough (at current improve-
ment rates) to serve a high share of demand by renewable generation and storage. We investigate
this question in Appendix B.6 and nd that i) at the subsidized electricity prices of the islands, 70%
renewables could be achieved in around ve years; ii) without the fossil-fuel subsidies 80% renewable
generation would be pro table today; and iii) reaching e.g. 95% renewable share is decades away
as replacing back-up capacity becomes increasingly expensive as the renewable share increases. For

more details, please see Appendix B.6.
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1.5.4. Strategic Usage of Capacity-Limited Backup Generator - Optimal Policy and Carbon Emis-

sions

We start the numerical analysis of the capacitated generator problem by analyzing the policy thresh-
old x; and the lower bound for which we have an analytical solution. Two parameter choices that
have to be made for this scenario are the size of the backup generator capaci® as well as the
factor that captures how costly it is to fail to meet demand, compared with running the generator
9. In Figure 1.4 we plot the value for the optimal generator policy threshold, which we obtained
numerically, for increasing levels of , and compare it with our analytical lower-bound from The-
orem 7. For this gure, we have assumeds = 0:5Dy (the gure is qualitatively similar for other

values ofG).

Figure 1.4: Capacitated Generator Policy Thresholds and Bounds for Battery and Thermal Storage

Intuitively, the threshold is increasing in . If  was exactly equal to one, not meeting demand
would incur as much cost as running the generator, so it would be sub-optimal to use the generators
to achieve a "bu er" charge in order to increase the odds of meeting future demand. However, as
becomes larger, so does;, and running the generator to create at least some bu er charge becomes
cheaper than potentially not serving demand. As it can be observed in Figure 1.4, the analytical

lower-bound is overly-conservative for thermal when is in the range 3-6, but it rapidly catches up

®Technically, x, is not stationary, but in practice it is the same for all periods (as the solar randomness is i.i.d.)
except until a few days before terminal period T. In those nal periods, X; is lower as the future value E[v (Xt; G+1 )]
is lower when carrying x; through to the terminal period becomes more likely. For all calculations in this section, we
use and report the averagex; over 10,950 periods (i.e. 30 years).
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for higher s. For batteries, it is remarkably close to the optimal generator threshold regardless of
the value of . Baik et al. (2020) estimate US customers' willingness to pay for electricity during an
outage at around $2 per kwh, which equals an of 15 when assuming an average electricity price
of 13 cents per KWh, suggesting a narrow gap between our lower-bound and the optimal generator

threshold for realistic values of .

Having assessed the quality of the analytical lower-bound for the optimal threshold policy, in the rest
of this subsection we aim to understand how the decision to reduce the backup generator capacity
a ects emission savings, costs, and capacity investments. Figure 1.5 shows the impact of curtailing
generator capacity on emissions, total costs, solar capacity and generation capacity using Weno's
demands and Thermal technology. We compare the case in which the generator is run strategically
(in the sense of Theorem 7) to minimize total cost, including cost of unmet demand, (Figure 1.5,
panel a) with the case in which the generator is used myopically, i.e., to simply serve unmet demand
without creating a bu er charge (Figure 1.5, panel b). Note that the two cases are identical when
generator capacity is either abundant (there is no point in running the generator preemptively) or

zero. Note also that emissions are (trivially) minimized in the latter case (far right in the graphs).

(a) Strategic Generator Use (b) Myopic Generator Use

Figure 1.5: Comparing Outcomes for Di erent Generator Capacities Under Strategic and Myopic
Use

We want to highlight six observations from Figure 1.5 (the e ects that we are about to discuss
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persist across all simulations we have run, unless otherwise speci ed). First, as one would expect,
a comparison of panels (a) and (b) shows that a strategic use of the backup generator leads to
lower cost (red line) and higher emissions (black line) compared to a myopic use. This is because
the strategic use of the backup generator aims to minimize costs, and its preemptive use (as per

Theorem 7) leads to it being used more often compared to a myopic (i.e. passive) use.

Second, even accounting for the above consideration, emission reductions under the strategic use
(black line, panel a) are surprisingly low for a wide range of generator capacity. For example,
reducing generator capacity by 40% has basicallyio impact on emissions Moreover, a smaller
(30%) reduction in generator capacity may actuallyincrease emissions. The reason is that a smaller
generator is less able to meet unexpected energy shortages, increasing the risk of future unmet
demand and thus the need to stock energy preemptively in the sense of Theorem 7. The overall
e ect, as shown in Figure 1.5, is that the strategic use of the generator causes emissions to increase
(when capacity goes from 90% to 70%) due to its higher usage outweighing its more limited capacity,
and may even lead to higher emissions compared to a full-sized generator, since the latter is used

only when needed.

Third, the way of operating a backup generator a ects not just the absolute magnitude of emission
levels, but alsowhen backup capacity reductions reduce emissions levels (shape of the black line).
For example, under the strategic use of generator (panel a), more than half of the reduction in
emissions are achieved by reducing backup generator capacity from 25% down to zero (i.e., no backup
generator). That is, substantial reductions in emissions are obtained only with very substantial
reductions in backup capacity. By contrast, in the myopic case (panel b), most of the emission
savings are obtained by cutting backup capacity in half, while reducing it from 25% of demand to

zero has nearly no e ect on emissions.

Fourth, as the capacity of the back-up generator is further reduced, the optimal storage capacity
increases a lot faster, and farther, than solar capacity. For example, getting rid of the generator
altogether causes approximately a doubling in storage capacity and only a 15% increase in solar

capacity (regardless of how the generator is used). The exact e ect sizes di er by market, technology
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and , but the general trend persists - additional storage, not additional solar is the capacity

investment of choice when facing a limited back-up generator.

Fifth, the cost increase associated with a reduction in backup generator capacity, even a size-able
one, is not unreasonably high e.g., in our simulations the cost increase remains below 25-30% for
thermal as shown in Figure 1.5, but goes up to 45-50% for batteries. Thus, achieving a substantial
reduction in emissions at a somewhat reasonable increase in cost is possible, provided that the
reduction in backup capacity is replaced by an appropriate increase in storage (and to some extent

generation) capacity.

Lastly, if we look at investment decisions as a function of generation capacity, we observe that
storage capacity is remarkably similar in the strategic vs myopic use of the generator. By contrast,
solar capacity is higher in the myopic case. This is because a myopic use of a downsized backup
generator renders the rm more vulnerable to unexpected energy shortages, and thus prompts the

rm to install more solar generation in the rst place (yellow line).

Practical Takeaway. In principle, a moderate downsize of backup capacity could seem like a good

rst step to achieve lower emissions while maintaining sound operations, especially since capacity
tends to exhibit decreasing marginal returns. Instead, we nd that a moderate downsize of backup
capacity (30-40%) has near-zero impact on emissions, and in some cases may even increase emissions
and costs. If a meaningful decrease in emissions is to be achieved, the recommended course of
action is a strong reduction in backup capacity, accompanied by a substantial increase in storage
capacity and a modest increase in generation capacity, in order to preserve good service levels and

keep overall costs in check.
1.6. Discussion

Our paper provides the rst tractable methodological approach in the operations literature to study
large-scale storage capacity investment that is used to shift intermittent solar electricity across
time, especially between night and day, for o -grid applications. Our results yield several practical
takeaways. We show how an investor can use information on demand, cost, and technology to decide

on the optimal level of fossil-free generation and storage. We nd that these capacity investments are
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strategic complements at lower capacity levels, but interestingly, they turn into strategic substitutes
when renewable generation increases. We then develop two simple models, the full- and partial-
discharge, which provide upper and lower bounds for pro t and optimal storage investment decisions,
with the former yielding exact solutions when the backup cost is low enough, and the latter yielding
a pretty good approximation in all other cases. We also establish a simple condition based on the
storage-cost-to-e ciency ratio to determine which of the two storage technologies can more easily
turn a prot, and is thus likely to be adopted sooner - an approach that can be used by rms to

support strategic technology decisions.

Our models also help us derive insights on the role of storage in the coming years. As storage
technologies become gradually cheaper, we nd that investments in o -grid renewable storage will
not happen gradually; rather, there will be a zero-investment period, followed by a period of rapid
adoption, followed again by a slower period. Despite the sudden increase in the short-to-medium
term, we nd that the need for non-intermittent fossil energy (e.g., on islands) will likely remain

in the long-term, due to the need of complementing solar power with some amount of exible,
non-intermittent generation. Lastly, our analytical and numerical results show how an o -grid
community interested in reducing its emissions can reduce fossil backup capacity and adjust its

renewable investment decisions to maintain high service levels and keep costs in check.

However, it must be noted that these ndings are based on a stylized model, which tries to identify
the over-arching dynamics driving renewable investment choices, but cannot necessarily replicate
them in detail. Although designed to provide quick estimates on optimal capacities, the models pre-
sented in this paper simplify the demand and generation dynamics observed in practice. Additional
layers of complexity could be added by considering stochastic demand and/or costs, higher gran-
ularity to compute supply-demand mismatch, consumption changes among electricity customers
over time, as well as constraints on location choices or other geographic limitations. Likewise, the
engineering and design challenges for storage installations are glanced over as we treat them as
a modular investment with known capabilities. These limitations simultaneously present ample

opportunities for future research. Understanding how existing fossil generation and social factors
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impact the adoption of storage capacity, where to locate said investments, and how to size the
individual modular components of the combined storage system are all relevant, challenging, and

open questions.
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CHAPTER 2

Privately-Owned Battery Storage - Reshaping the Way We Do Electricity

2.1. Introduction

In the early 2000s, homeowners rst started installing solar panels on their roofs to produce their
own electricity and sell excess generation back to the grid. However, at that time, such an in-
vestment was only pro table in countries with high subsidies and favorable net-metering regulation
(Klein and Deissenroth, 2017). Since then, solar panel prices have come down 85%, and to date,
over 70GW of residential capacity has been installed globally (Lazard, 2020; IEA, 2020a). More
recently, some homeowners have started installing batteries to store the previously mentioned excess
generation and to consume it at a later point in time. According to Longson (2021), these so-called
behind-the-meter battery investments totalled 4.4 GWh in 2020 alone. While storage is not yet a
pro table investment for most private consumers, lithium-ion costs continue to decrease year on
year, feed-in-tari s are declining globally, and utilities are adapting their business models to stop
decreasing revenues through behind-the-meter generation. It is thus a critical time to understand
under which circumstances homeowners should invest in a residential storage (RS) solution, and how

di erent grid provider pricing models, consumer behavior, and policy changes a ect this rationale.

The RS investment is driven by four factors: 1) technological progress, 2) changing consumer
preferences, 3) evolving electricity tari s, and 4) policy developments. Regarding technology, the
investment attractiveness of so-called photovoltaic (PV) power increases with every additional cost
reduction as the gap between grid-procured electricity cost (e.g., provided by the grid) and self-
generated energy widens. Second, lithium-ion batteries have matured to now be deployed at indus-
trial scale, which caused their cost to decline by 88% (BloombergNEF, 2020) in the last decade.
While electric vehicles are the largest use-case for lithium-ion batteries, grid-level batteries are a
rapidly growing market Will Frazier and Blair (2021) predict a 3,000-fold capacity increase in US
grid battery capacity from 2020 to 2050.

A second driver of RS investment is an increasing desire of consumers to not only reduce electricity
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cost, but to increase renewable consumption out of sustainability considerations, or improve energy
autarky 19 in the face of growing reliability concerns (Gold, 2021; Hoeven, 2021).

A third driver is the changing electricity pricing in many regions of the world. Behind-the-meter
solar generation may pose a triple threat to the utilities' bottom line (Darghouth et al., 2016;
Denholm et al., 2015). First, it decreases the total grid energy demand, as customers partially
ful ll their own electricity needs. Second, many utilities are forced to buy back any excess solar
generation from households and preferentially feed it into the grid. Third, with the increase in
intermittent solar generation, utilities' net demand (demand minus behind-the-meter generation)
becomes more variable, requiring a more responsive, and costlier plant portfolio. In response to
these changes, utilities have raised prices and even started charging tiered tari s with higher prices
in the evening, or tied prices to the spot market. In sum, solar-coupled batteries may help house-
holds to circumvent the increase in electricity bills.

Lastly, policymakers around the world have lowered or phased out feed-in benets, as unsubsi-
dized renewables have become cost-competitive technologies (IEA, 2020b). Other jurisdictions have
capped the amount of electricity a household may sell back to the grid in a given year, or have em-
ployed net-metering strategies that potentially lead to situations where some of a household's excess
generation cannot be pro tably used. A second policy trend is that most regulators in markets with
large-scale renewables focus heavily on the successful integration of said intermittent sources, par-
tially mandating some level of storage investments (CPUC, 2014; NDRC, 2019). Both the lower
subsidies for selling excess solar generation back to the grid and the direct storage mandates aid

the storage business case.

Taken together, these developments have caused a strong interest in residential energy storage,
particularly in markets with historically high electricity prices, such as Germany, where over 300,000
RS systems are installed (Colthorpe, 2021). However, when looking purely at the nancials of these
installations, almost all of them are unpro table investments. To study why these investments are

still made, we develop a structural model that combines a household's solar and storage investment

10For the purposes of this paper, we use the term autarky to refer to the self-su ciency of the household - i.e., its
independence from the grid
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choice with its observed demand pattern to estimate two types of parameters: the households' utility
for energy at di erent times throughout the day, and more importantly, the household's greenness
valuation - a term that we de ne as a non- nancial cost that the household incurs when purchasing
energy from the grid. This greenness valuation proxies the sustainability desire of the household to
preferentially utilize its own solar energy over the grid's electricity, which often has a large share of

fossil fuel generation.

We utilize a proprietary, big-data-set of thousands of European households for which we observe PV
generation and demand in 15-minute granularity, as well as installed solar and storage capacities.
We estimate the average German household's greenness valuation to be 54 cents per kwWh, with a
median valuation of 29 cents. These valuations allow us to explain why the average household in the
data-set has 5.78kKWh of battery storage, despite such an investment being nancially sub-optimal.
If the households incur a non- nancial cost when utilizing the grid, then they should add storage

capacity beyond what would be optimal from a pure electricity cost-minimization perspective.

We pair these greenness valuation insights with a household-speci ¢ estimation of its utility derived
from electricity consumption in each hour of the day. This lets us show how households with storage
consume electricity di erently and are able to adjust their demand in a di erent way from regular
households. We show, for example, that a 10-cent increase in electricity prices would reduce the
amount of energy that households with storage would purchase from the grid by 43%, but would
increase the variability of said demand between days households rely more on their own generation
but may experience consecutive days of low solar output and high grid-dependency. Similarly, in a
possible future scenario with reduced technology costs, no subsidies, and moderately high electricity
prices, some level of storage investments would be optimal for 72% of households, irrespective of

their greenness valuation, making it vital to understand the behavior of such consumers.

Additionally, we leverage the heterogeneity of demand patterns in the data-set to explain that it's
not the magnitude of energy demand that impacts storage utilization, but rather the timing and
magnitude of excess generation (generation minus demand). In particular, households with lower

demand during the day and higher demand throughout the evening hours utilize their batteries the
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most. However, we also discover that the share of self-generated electricity between households with
moderate (4.8KWh) and large (12 KWh) batteries remains around 62% - partially due to variability
of solar irradiation and the inability to always maximally utilize the installed capacity, meaning

that becoming completely self-su cient is not a probable prospect for homeowners.

Lastly, we quantify the e ect of the solar and storage subsidies on carbon emissions for the available
German households to be 674 per ton of carbon saved, in big part driven by the low additionality

of the solar subsidies, but also dependent on the marginal plant that storage replaces.

In summary, our paper develops a structural model to describe the electricity consumption, and
storage-plus-solar investment behavior of residential households. We then apply the model to a
proprietary, big-data-set of German households to estimate individual consumption preferences and
greenness valuations. Combining these two elements, we are able to i) characterize the distribution
of the greenness valuation in the studied population, which allows us to explain why certain house-
holds invest in considerable storage capacity, despite those investments not being pro t-optimal,
ii) show how the availability of solar and storage technology enables individuals to become strate-
gic prosumers" and quantify the e ect this has on grid-demand and its variability when the grid
provider attempts to raise prices; iii) identify which electricity consumption patterns across the day
renders storage particularly useful, which helps clarify the variability in battery utilization between
households with similar installations and average demands; iv) quantify how (in)e cient the solar
and storage subsidies are at reducing carbon and nd them to compete in their e ect on storage
investments. Overall, our results provide both theoretical and practical insights to homeowners,

utilities, and policy-makers.
2.2. Literature Review

This paper combines big-data, structural modeling, and policy implications in the energy storage
space, which relate it to several streams of the (operations) literature, from investment decisions
and behavioral aspects to structural estimation work. The households' investments and consump-
tion decision under sustainability considerations that we study, closely relate to the empirical sus-

tainability literature that has gained a lot of traction in the last years. Recent examples include
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Buell and Kalkanci (2021) who show through eld experiments that customers are more likely to
purchase products from a company engaging in responsible practices focused on internal stakehold-
ers. In a similar vein, Dhanorkar et al. (2018) estimate how external in uences and audits induce
managers to implement environmental improvements in their businesses. They conclude that the
staggered combination of punitive in uences and supportive tactics will most likely trigger the
adoption of improvement projects to bene t their environmental impact of operations. For a more

detailed review of the eld's trajectory and trends, please refer to Atasu et al. (2020).

Within the broader sustainability literature, the speci ¢ eld of renewable energy and storage that

this paper belongs to, has seen a resurgence of research interests in the last years. The need to
decarbonize the grid coupled with the progression of technologies such as solar, wind, and storage
have created many avenues of ongoing exploration. One such avenue is the self-generated elec-
tricity featured in this paper, as part of a change in service provision through renewables that
has spurred research like Agrawal et al. (2022) who look at di erent ownership structures for solar
generation, and Sunar and Swaminathan (2021) who study the impact of net-metering policies for
solar producers on the prot of utilities. Beyond these two mentions, there is extensive literature

on electricity taris and energy policy studying the impact of decentralized solar (Babich et al.,
2020; Singh and Scheller-Wolf, 2022; Alizamir et al., 2016; Ritzenhofen and Spinler, 2016), as well
as renewables more generally (Agrawal and Yiicel, 2022; Fattahi et al., 2022; Eid et al., 2014). Ad-
ditionally, this work connects, for example, to several papers that study investments in renewables

in the face of intermittent generation and random demand, such as Hu et al. (2015) investigating
the e ect of data granularity for sizing solar plants, Kok et al. (2020b) studying the investment

in renewable and conventional generation under di erent pricing schemes, or A aki and Netessine

(2017b) focusing on the e ect of carbon taxes on the balance between wind and gas capacities.

Furthermore, the more nascent literature on energy storage operations is of particular relevance to
this paper. Kaps et al. (2023) and Peng et al. (2021) study the optimal investment in renewables
and storage in the presence of intermittency and exible generation, but both are modeling papers

that look at the problem from the perspective of a central decision maker. They nd storage
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and renewables to be strategic complements at low levels, and substitutes at high levels. They also
characterize when storage investment can be pro table. Additionally, Karaduman (2020) has looked
at the economics of grid-level storage that acts as a strategic participant in a wholesale market. The
author calibrates the model with Australian market data from 2016-2017 and concludes that storage
investment is not pro table for a private investor, but increases overall welfare. However, in the
absence of detailed data-sets on real-time storage operations, maost of this work is modeling-focused
with only empirical calibrations or individual examples. In contrast, our work uses several thousand,

real-life residential storage units to derive insights into the operational value of this technology.

Because individual households are the focal unit in this paper, our work builds on the vast body
of behavioral knowledge in the literature and is especially closely linked to papers that have used
structural estimation as a means to uncover latent parameters. A seminal paper in this eld is
Berry et al. (1995) in which the authors develop a random coe cient choice model of households'
(car) purchase decisions which they pair with product characteristics and then aggregate the obser-
vations to gain insights into the market equilibrium structure. In recent years, the availability of
big-data has advanced the structural estimation eld in many areas, to the point where individual
customers can be analyzed. Examples of this are Uppari et al. (2020) who use individual-level data
from light-bulb recharging stations in Rwanda to estimate consumers' inconvenience of travel and
suggest di erent policies to accommodate those preferences. Allon et al. (2022) use a structural
model to study customers' ratings of di erent versions and types of apps and use those insights
to suggest how app developers should operate their update cycles. Additionally, the multi-period
utility approach that Nevo et al. (2016) employs to derive population-level preferences for speed
and data limits of residential internet customers, is close to our setup. Other notable works in the

empirical structural realm are Tan and Staats (2020); Li et al. (2014); Olivares et al. (2008).

To the best of our knowledge, there are currently no papers that derive speci ¢ insights for residen-
tial storage ownership, sustainable behavior of individual households, and the market/grid impact
of such customers. However, there are a few papers that have studied related questions, such as

Li (2019) who develop a genetic algorithm to optimize the capacity of residential solar and storage
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calibrated on a 2015 Australian household data-set from the Smart-Grid, Smart-City project. In-
stead of estimating latent household preferences, the authors use the historic data to optimize their
capacity sizing algorithm. Khezri et al. (2020) use the same data-set to also derive a method to
determine optimal solar and battery capacities via a swarm-optimization technique. The authors
apply said algorithm to each household and estimate counterfactual optimal capacities, but do not
derive any consumption preference insights or greenness valuation. In contrast to these two papers,
we take the capacity decision by the household as given and optimal, and derive our behavioral in-
sights based on the combination of investment decisions, demand, and generation data. In a similar
spirit, Klein and Deissenroth (2017) develop a behavioral model of household solar panel adoption
based on the utility of such investments at the present moment compared to potential investments
at a future point in time. However, they have no granular data to t the model with, but rely on
simulation approaches to show that the historic solar adoption patterns across households may, in

part, be explained through behavioral aspects. They also do not study storage.

This paper thus expands on the existing literature by combining a novel, granular, big-data-set,
and a behavioral structural model to infer household electricity consumption preferences and the
household greenness valuation that catalyzes storage investments. We then use these estimates to
analyze how the behavior of residential consumers with self-generation and storage, impacts a grid

provider, and how it impacts the households' response to changes in the tari structure.
2.3. Data

We start by introducing the data-set itself and point out some core dynamics to familiarize the
reader with the information that will be utilized in the model later. The household consumption
and solar generation data have kindly been provided by Solarwatt! a German solar energy and
storage company, headquartered in Dresden, with almost 30 years of industry experience. The rm
has been manufacturing and installing solar panels for decades and in 2015 started incorporating
storage into its o ering. Today, Solarwatt o ers residential and commercial customers a combined

solar plus storage installation that is controlled by their proprietary software-hardware-combination

" https://solarwatt.com/
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called energy manager In this paper, we use the historical energy manager data from 2018-2020
for over 4,000 customers that use their products. Of the households in the data-set, 99% are from
Europe, and of those, the majority of households (80%) are from Germany. The data contains each
household's solar generation, energy consumption, and storage usage (if installed) in 15-minute
increments from the household's system installation date until December 31 2020. Based on the
installation date, we also know what federal storage subsidies were available to the household and
which feed-in subsidies the household received. The data-set also contains each household's installed
solar and storage capacity and we know which prices Solarwatt charged for the storage capacity.
We provide the descriptive statistics for the private German households in Table 2.1, which will be
used to derive most results in Section 2.5 (please see Appendix D.2 for the descriptive statistics for

all households).

Table 2.1: Data-Set Descriptive Statistics

_ Storage PV Power . Daily PV Daily Dem
n = 3,249 (kKWh) (kw) #Observations Gen (KWh) (KWh)
Min 0.00 0.10 10,029 0.05 0.39
Median 4.80 6.00 62,850 17.01 13.55
Average 5.69 6.30 64,468 18.83 16.44
Max 48.00 33.6 105,119 174.00 99.68
Std. Dev. 2.97 3.44 26,419 10.63 10.31

Some customers joined the platform as early as 2015, while others joined the platform during the
time period for which we observe data (2018-2020). We only consider households for which we
have at least 10,000 observations - over 3 months of data - to capture an informative amount of
consumption and generation variation. For the average household, we have about 2 years' worth
of data (64,468 - 15-minute interval observations), excluding missing or corrupt data that has been

deleted in the data cleaning proces$?

Figure 2.1(a) shows the combined demand and load pro le of the households in the data across the

observed horizon, while Figure 2.1(b) depicts the correlation between installed solar capacity and

2Whenever any data- eld, in any column, in any of the 96 intervals of a day for a household was missing, we
deleted the entire day from the data-set for that household. We did the same with the infrequent data blips we
encountered (typically caused by voltage spikes) - these voltage spikes result in demand or generation readings that
are several thousand times the average. For the median household, even with this very conservative approach, we
retain 97.9% of all observations
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storage capacity in the data. Storage capacity is plotted in discrete steps as Solarwatt's customers

purchase storage in battery modules that have a capacity of 2.4kWh each.

(@) (b)

Figure 2.1: Combined Generation, Demand and #Observations in data-set (a) as well as Correlation
Between Installed PV Capacity and Storage (b)

2.3.1. How Households Use Storage

To the best of our knowledge, this data-set is one of the rst that allows a granular analysis of
individual households with heterogeneous solar and storage installations. Thus, we employ it to
derive the insights summarized in Table 2.2 on the variability of electricity usage and grid interaction

of these households, strati ed by storage investment.

Table 2.2: Analysis of Average Household and Grid Interaction Strati ed by Storage Capacity

Storage Size (in Kwh) 0 2.4 4.8 7.2 9.6 12
# Households 252 103 1,807 636 285 126
Daily Demand (in KWh) 172 94 139 182 223 273
% Self-Generated 44% 58% 62% 63% 63% 61%
Solar Power (kwp) 6.8 4.3 5.5 69 7.7 105
Daily Feed-In (in Kwh) 141 7.7 92 112 116 17.0

Households without storage, are fairly similar to the average household based on demand and
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solar power. However, without storage, these households can only fulll 44% of their demand
themselves, despite producing, on average, 125% of their demand in solar power (0.44*17.2 KWh
own consumption + 14.1 KWh sold to the grid). Consequently, their feed-in is larger than most

households with storage at 14.1kWh per day.

In comparison, the relatively few households that opted only for a single storage modufe have
much smaller demands (9.4 kWh) and solar installations (4.3 KWp) than a typical household, which

allows even the small 2.4 KWh battery to increase their autarky to 58%.

For the households with two or more storage modules 4.8 KWh), demands, storage instal-
lations, and solar capacity seem to increase in a proportional manner. Interestingly though, the
share of demand that is self-generated stagnates beyond 4.8KWh at around 62%. Not even the
households with 12kWh of battery exceed that threshold. One reason for that is the aforementioned
corresponding increase in demand so that 12kWh for the average household that has such an in-
stallation only stores 10 hours worth of energy, while 12kwh would serve the smaller households in
the 2.4kWh bracket for almost three times as long. The second reason is that there is variability
in generation and demand pro les between days. Consecutive low-generation days that may occur
in the winter, decrease the share of self-generated electricity, while summer days with long hours of

sunshine increase it.

Yet these numbers only provide the households' perspective. The second involved party is the grid
provider.'* To gain a better understanding of how it is a ected by households' storage, we dive

into the intra-day dynamics. In Figure 2.2 we compare the sources of electricity across the day
between the average household (HH) without storage against the average household with a 4.8 KWh
battery. Interestingly, the households di er by their demand patterns, in a way that seems to be

aligned with their investment decisions - a point we examine in more detail in Section 2.5.3 (please
see Appendix D.1 for a model-free analysis of the demand patterns). In particular, the storage-

equipped households in Figure 2.2(a) have a more pronounced evening demand spike, 45% of which

Bwhich makes the price per KWh of storage fairly expensive because of the xed cost of the installation
4 We use the term grid provider to refer to any entity with which the household has a contractual relationship to
procure electricity from
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(a) Households with 4.8 kWh Storage (b) Households without Storage

Figure 2.2: Comparing the Hourly Load Pro le and Electricity Sources for Average Households

is covered by storage, leading to a much lower evening grid procurement than in the non-storage case
depicted in Figure 2.2(b). Simultaneously, for households without storage, demand spikes during
mid-day. On average, storage serves part of the demand in the late evening hours and then is almost

always empty.

Naturally, if one disaggregates these numbers further, one nds the load pro les of any individual
day to be more variable. This is important because the e ect of storage on net load di ers by storage
realization (see Section 2.5.3 for a more detailed discussion). Whether or not storage increases or
reduces the load variability also depends on the way that the storage is operated. For the households
in this data-set, storage is run myopically (i.e., charged and discharged whenever possible). There
are three reasons for that: i) there are very few households with time-of-use tari s, so strategic
discharge does not save more money, ii) there is no incentive (yet) by the grid provider to reduce
load variability, iii) customers seem to prefer seeing their (expensive) batteries be utilized whenever
possible. Anecdotally, when the company experimented with non-myopic charging policies, the
customers complained as they thought their devices were broken or mismanaged. With this summary

of usage patterns out of the way, we proceed to the main model.
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2.4. Model

In what follows, we introduce the structural model to describe and estimate customers' electricity
consumption utility as well as their individual valuation of greenness. This model will subsequently
allow us to run counter-factual experiments. For example, how households behave under di erent
tari structures or when facing cheaper technologies in the future. We start with a qualitative

description before formalizing the concepts.
2.4.1. Qualitative Description

We work with a two-stage model. In stage 1, the household chooses the optimal capacity investment
in solar and storage capacity while knowing its own consumption preferences. In stage 2, the
household consumes the utility-maximizing amount of electricity in each hour. We observe the
investment and consumption decisions, and using those, we will infer the utility function parameters
that best t the observed behavior. Before we introduce the household utility model formally, we
rst qualitatively lay out how to conceptualize this setup and introduce four elements in detail.

In our model, a household's utility is comprised of i) its consumption preferences for electricity,
i) the price it has to pay for energy from the grid, including the e ect of its greennessvaluation,

iii) the money it receives for feeding back electricity to the grid, and iv) the cost of the capacity

investments.

First, the household gains utility from the consumption of electricity, irrespective of the source
of said electricity (purchased from the grid, via owned solar panels, or discharged from storage).
Naturally, these consumption preferences may change throughout the day - i.e., on most days, a
household likely values (and uses) electricity more during breakfast or dinner than at 3 a.m. To
capture this, we allow the households' consumption preferences to vary hourly, with the goal to
uncover the distribution of utility preferences (across all days in the data-set) that a household
has for consuming electricity in each hour of the day. We make the structural assumption that
this utility is log-shaped in the amount of consumption plus one, so that zero usage results in zero
utility, and that positive consumption creates strictly increasing, but marginally decreasing utility.

The parameters we aim to identify are the base of the log, denoted by of each household of each
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hour h ( i) and a random utility multiplier that translates the log-term that measures utils into a

nancial value .

Second, each household has a valuation fgreennesswhich we denote byg and try to estimate.
This valuation captures several combined preferences of a household. The household may prefer
to utilize renewable electricity, so it would prefer utilizing its own solar generation over buying it
from the grid (which typically uses several fossil generation technologies). It is also conceivable that
the household prefers using its own generation over grid energy to feel autarkic. We combine those
preferences into the household's greenness factgr. When the household purchases electricity from
the grid, in addition to paying the price p;, the household also incurs the non- nancial disutility g;.
Naturally, households with a strong valuation of greenness may invest more in solar and storage to
try to avoid grid purchases. Simultaneously, it is possible for a household to have zero valuation
for greenness, in which case this parameter does not impact the utility. This parameter will be
instrumental in explaining why households invest in storage, despite it not being the optimal choice

from a purely nancial perspective.

Again, the price p; is paid for every unit of electricity procured from the grid, irrespective of
greenness valuation, and reduces the household's utility. Depending on the market and tari, an
electricity price may vary (e.g., hourly, peak/o -peak, etc.), but for the main version of this model

we assume that prices are stable across the day, though they may be adjusted infrequently.

Third, for each unit of excess solar generation sold back to the grid, the household receives
Conditional on the market, the regulation, the tari, etc., this remuneration can be a combination
of government subsidy, grid provider compensation, and wholesale price. In many markets, the rate
at which this so-calledfeed-in electricity is remunerated is stable, and in the German context, it is

constant for 20 years from the installation date of the solar panels, guaranteed by federal regulation.

Fourth, we assume that the households know their preferences as well as the electricity prices feed-
in remuneration, and costs for solar and storage. We also assume that the household knows the

sunshine distribution - i.e., it cannot forecast any individual day's solar generation, but on average
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knows how much electricity a solar panel can generate at their location. Based on this knowledge, we
assume that each household invests in solar generation and energy storage to maximize its expected
utility (over all days). That is, investing in less storage capacity during stage 1 would decrease
the expected utility in stage 2. Regarding solar, we assume that the marginal utility of generation
capacity is at least as large as its cost (weakly positive net e ect), as some households may have

wanted to invest in more capacity but didn't have su cient roof space to do so.
2.4.2. Observed Data and Parameters of Interest

We now introduce the model's elements formally and connect it to the data we observe. For each
householdi 2 |, we observe consumption/energy demandly; of each hourh 2 1;2;:::; 24 of each
dayt 2 T. We also observe solar generatio®@j,; = W; cfin: of a household in a given hour, which
is random. Although the installed solar capacity per householdV; is known and xed, its capacity
factor in a time period cfjy; is random as it is contingent on sunshine cfy,; Iis always zero at
night, but varies during the day. We denote the corresponding random variable®j, and cf;, and
their cdfs and pdfs with Fo;Fs and fo;f, respectively. We denote each households' vectors of
observations byd;; O;, and cf;. The households paidcy,; per unit of solar capacity - this cost varies

between households based on the installation date and the capacity.

Additionally, we observe the installed storage capacity (in KWh) of each household, denoted by
K, with unit cost ck,. Importantly, K; is a discrete parameter, as Solarwatt's customers purchase
storage in battery modules that have a capacity of 2.4kWh each. In addition to the storage modules,
if a household invests in storage, it needs to buy a unit that controls all the charging processes
each of those units can manage up to 5 modules e ectively a x-cost to installing storage. Let

lint 2 [0;Ki] denote the charge of this storage unit for household, in hour h, at day t, which we
de ne in more detail later. The storage technology has a round-trip e ciency of 0 <e 1, such
that for every unit of electricity charged, e units can be discharged. In principle, this formulation
allows one to utilize any possible technology, although in the context of this paper storage always

refers to lithium-ion batteries'® and both terms are used interchangeably. Throughout the paper,

15 At the time of writing, lithium-ion batteries typically have round-trip e ciencies between 85-95%
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we assume the same e ciency for all households, as technology has changed little over the last years
in that regard, but we allow for variation in per-unit storage costs as they are decreasing in time

and capacity.

We know the average electricity pice p; per kilowatt-hour (KWh) that a household has to pay as
well as the feed-in remuneration per KWhs; a household receives when it sells excess solar electricity
back to the grid. As most households in the data-set are on xed-price energy tari s, for which
prices change only every 6-18 months, the pricg; is e ectively constant for the hourly electricity
consumption decision horizon. The model can also accommodate hourly-varying prices, at the

expense of considerably increased computational burden.

In many places,s; is a direct function of the date on which the solar panels were rst connected to
the grid, which we observe. Oftentimes, Bbsidies are a big part of this total remuneration, which is
why we denote this parameter withs. This formulation applies to situations that we observe in our
data-set, where the government guarantees a constant feed-in subsidy over decades (e.g., 20 years
from the PV installation date in Germany (Grésche and Schréder, 2014)), but in principle, this
subsidy could also change across time - for instance, it could be coupled to the real-time wholesale

market price.

The parameters we aim to estimate in this paper are the shape of a household's utility function, of
consuming electricity, which we will capture with j, and j, for each household and hour we use

~ and 7 to indicate the 24-hour vector of these parameters for each household. It is also crucial
that we estimate a household's valuation forgreennessg, which we operationalize as an additional
cost of using grid-power (ine per kWh), as opposed to self-generated solar power. This represents
the preference of many consumers who don't want to utilize electricity from fossil-fuel or nuclear
sources, which often represent a substantial share of a grid's generation. Our model also captures
the possibility that a household is agnostic to the di erence between self-generated solar and the

mix of grid-generated electricity, and hence would observe g of zero.

In summary, we will usex; = (di; Oi; Ki; Wi; pi; Si; cw; ; Ck, €) as a short-hand for a household's entire
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observable data, and ; = (g; ~; 7i) as a short-hand for the latent parameters of interest.
2.4.3. Formal Model Introduction

To estimate the latent parameters of interest, we develop a model of a household's utility of con-
suming electricity for each hour of the day that consists of three parts® The rst term of the
utility function, as shown in Equation 2.1, captures the inherent bene t UB of utilizing electricity

(lighting, using appliances, etc.):

U = it log , (ding +1): (2.1)

In principle, any concave function could be used here, but in this paper we chose a log transform
that gives us two parameters to estimate for each hour. The log basa;, (i.e., the degree to which
marginal utility decreases), and the utility-shock i that translates the unit-less quantity of utility
into a monetary equivalent. We assume that for each household-hour pair, thej,; are i.i.d. log-
normally distributed with parameters LN ( in; in) (see Nevo et al. (2016) for a similar model to
capture the utility of daily broadband internet usage). This distribution captures the time-varying
random utility from consumption. A household may have some general preferences around energy
consumption at 7 a.m., but it likely varies slightly across days - which is why we observe di erent
demands during di erent periods. Note that this setup also allows utility preferences to vary within
the hours of a day because, presumably, the inherent utility from using electricity at 4 a.m. is
di erent from using electricity at 4 p.m. We use dijy; +1 inside the logarithm to ensure that zero

consumption entails zero utility and positive consumption entails positive utility.

Before we introduce the other two utility function parts, we want to be more explicit about how
storage temporally links successive consumption periods. In this context, it will occasionally be
useful to use alternative indexing for the periods. We use subscripgt 2 f 1;2;:::; 24T g to index the

chronological sequence of all hours in the modél. This notation allows easier di erentiation of

The utility function of a household depends on observables x; and latent variables i, which we omit in this
section for notational convenience, i.e., we write Uit (Xi; i) as Uint .
e.g.,n =25 is equivalent to h =1;t =2. Generally n is equivalentto h =1+ n mod24,t =1+ bn=24c
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all periods before and after a certain hour without the need to rely on dual-indexing for hour and
day. Taken together, we end up with the followingstorage balancecondition that holds between all

periods:

lint minlin 1t +(On 1t dn 10)";Kil (dn 1t Omn u)"=e” 8iitth 2 2;::;24 22)

min{lin 1+(Oin 1 din 1)";Ki] (din 1 O 1)*=e” 8i;n:

Iin

The storage charge at the beginning of a periodiy; equals the previous period's chargé., 1.t plus
any additional charge (O, 1t din 1t)™ minus any discharge,(di, 1t Oin 1t)* from last period,
while ensuring that the charge neither exceeds capaciti; nor drops below zero. Note that our
model only allows for either charging or discharging to occur in a given period (not both in the
same period), which is not a restrictive assumption given our su ciently granular observations.
Subsequently, we will useli, to denote the hourly distribution of storage charge realizations over
all possible generation vector<D;. Now that we have introduced how storage is operationalized, we

move on to parts two and three of the utility function.

The second termU* captures the utility of the remuneration that a household receives for selling

excess solar electricity back to the grid:

Uit = Si Eq (O dime  (Ki Ta)"]: (2.3)

O  dint captures the amount of excess generation produced by the solar panels afid; T[i,)
captures the amount of empty capacity in the battery. The expectation over all generation outcomes
O; captures the idea that the household only knows the distribution of generation, but does not
check the actual generation every hour. The expectation is multiplied by the feed-in subsidyg; that

a household receives for each unit of electricity sold back to the grid.

55



Lastly, the utility includes a term for ¢ ostly procurement U¢ of electricity from the grid:
Uf = (P + @) Egl(dne  On  The)']: (2.4)

The household incurs (expected) negative utility that is linear in the amount of electricity purchased
from the grid - i.e., not self-produced. However, grid purchases only occur if demand); is higher
than solar generationOj, and available chargeli, e combined. Crucially, this quantity is multiplied

by a sum of two terms, the electricity price, p;, and the greennessvaluation, g; of the household.

We assume this greenness valuation to be constant for each household, but one could also conceive
it as the average greenness valuation over the time frame for which we have observations. In the
base model, the electricity pricep;, is assumed to be constant across all hours as is the case in many
tari structures. A time-of-use (TOU) structure or other exible pricing structures could also be

accommodated in this model assuming one observed these prices.

Altogether, the utility in each period is the sum of those three parts. Following Hortagsu and Syverson
(2004), we implicitly use a coe cient of -1 for the nancial utility terms p; and s;, so the parameters
we estimate (i.e.,~ ~ and g) are expressed in the same unit of measurement of euros/cents.

Unt =Up + UR + Ul = it log o (ding + 1)+
2.5)

Si Eg,[(On  dine  (Ki )] (pi+g)Egl(dne O fne)'I:

We also de ne the analogous hourly and daily utility:

Uin = Uint ; Ui = Uin: (2.6)

P
The hourly utility Uy, = Ui is summing over all dayst, which di er in their realization of the
utility shock bp¢. The total household utility U; is the sum of utility across all hours of the day
an important summation when we consider the capacity investments in solar and storage as their

impact on utility naturally varies throughout the day.
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2.4.4. ldenti cation and Estimation of The Solar Plus Storage Model

In this section, we introduce the identi cation of the latent parameters in our model and start with
the hourly utility parameters. Conditional on having selected capacitiesK; and W;, and endowed

with parameters ;, a householdi optimizes its electricity consumption &

X
max = Ui(xi; i) = Uit (Xi5 i);
di h ot

. . 2.7
minllin 1t+(On 1t din 10)" ;K] (dn 1t Omn )" =€’ 8iitth 2 2;::;24 (2.7)

s.t. lint

lint min[lizar 1+(Oi2at 1 iz 1)";K] (dizar 1 Oizae 1)* =€’ 8ijt;h =1:

This translates into the identifying assumption of marginally optimal demand per period with which
we identify the ~ parameters. Formally, the rst-order conditions is:
Q4 _ iht
@ ih (int + 1)

P .
" @On dn  (Ki Th)* , @i+ g)(dne On The)" @ noparens Un'
O @ @] @ '

(xi; i)=0; 8i;h;t; where (xj; i)=

E

(2.8)

The household balances the marginally decreasing utility of consumptionin: =( i (dine + 1)) with

the shadow priceof electricity, which we denote by (x;; ;) - the expectation term in Equation 2.8.

We use the term shadow price to indicate that the expected cost of a unit of electricity di ers based
on the hour of the day, the charge distribution, and the expected future generation, but can be
calculated in expectation. The shadow price is a weighted sum of four possible cases, each of which

leads to a di erent price for utilizing electricity, which we distinguish in Equation 2.9.

57



P .
h @gon dm  (Ki F)* . @pi+ g)(dint Oin fihe)* N @ N-2atsher Un' _

g @ @t @
% if Oih >dine +(Ki  Tin)! Tns = K

(pi + g) if dine > Oin + T I fn+1 =0;

g if fh+1 2 (0;K) and minfjjj n+1jj = Kg< minfjjj n+1j =0g;

(pi + g) if fher 2 (0;K) and minfjjj n+1j = Kg> minfjjj n+1j =0g:

(2.9)

Case 1 occurs when the solar generation and charge are so high that all demand in the period can
be ful lled from solar, and storage can be fully charged. In that case, any excess generation is sold
to the grid, and the marginal consumption costss;. Case 2 occurs if demand is higher than what
the combined solar generation or charge can provide, in which case marginal consumption is met
through grid purchases, which costp; + gi. Interestingly, in Cases 1 and 2, marginal consumption
does not impact future utilities, as the charge in the beginning of the next period remains the
same (either fully charged or fully empty). Cases 3 and 4 are more complex as they capture inter-
temporal substitution of electricity sources. In both of these cases, the charge at the end of the
period is neither empty nor entirely full Ij 2 (0;K), so the cost of electricity depends on whether
the storage charge is rst fully charged or fully emptied in subsequent periods. We capture this
with the term minfjjj n+1jf = Kg<> minfjjj n+1j§ =0g. If the battery in the future

is rst fully charged, marginal consumption costs sj=e as it replaces excess energy being sold to
the grid in a future period, and incurs an e ciency loss e. If the battery is rst fully discharged,
marginal consumption costp; + g as the consumption now needs to be substituted through future

grid purchases.

With the knowledge of these four cases, the value of the shadow price is calculated based on the
probabilities of each of the four cases occurring across all observed generation and demand real-

izations. These probabilities are directly a ected by the idiosyncratic solar irradiation pattern of
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a household's location. Barring additional conditions, we can only estimate j, and j: up to
the ratio i =log( in) 8i;h. This is because both parameters only a ectUy; through the term
int 109 , (dint +1), and after taking the derivative of Ujn¢ w.r.t. din; they only jointly enter the con-

dition in Equation 2.8. For the rest of the paper, let ~ = 5 log(~), where denotes element-wise

division.

To estimate the greenness parameten;, we assume that the household invests in the utility-
maximizing capacity for solar and storage when accounting for the capacity cost. Formally, we

assume:

min g

s.t. Ui(Kisxis i) Ui(Ki  2:4)7; x5 ) +2:4ck, (K 2:4); 81

(2.10)
Ui(Kiixi; i) Ui(0;xi; i) + o Ki; 81;
@y g
@/ Cw; 8

The rst two conditions in Equation 2.10 state that we assumeg; to be the smallest value at which
the household's utility of the invested storage amountU; (K;; xi; i) is weakly larger than the utility

of having had one storage module fewer or no storage at all when accounting for the cost di erences.
Think of this condition as saying "ceteris paribus,' the household would not have been better o
choosing a di erent number of storage modules. Generally, larger storage capacities require larger
values of g to be optimal. For solar, in the third condition of Equation 2.10, we assume that
the marginal value of solar capacity is at least as large as its marginal cost, which allows for the
limitation that a household may have wanted to install more solar, but was prevented from doing
so (e.g., roof-space limitations, local regulation, permitting, etc.). One of these three assumptions
will be binding and will allow us to estimate g, for households with storage installations, the rst

condition is usually binding.

In Appendix C.1 we show that under a simplifying assumption, this model results in a unique solu-

tion of parameters for each household by leveraging the monotonicity of the utility function w.r.t the
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utility function and the cost terms. Numerically, the solutions are always unique, but the derivatives
become intractable. Furthermore, we discuss several alternative speci cations and extensions to the
presented model in Appendix C.2, and compare the resulting estimates. In particular, we show that
our results are robust to bootstrapping the generation data (Appendix C.2.1), di erent assumptions
about the time-value of money (Appendix C.2.2), and lastly that without the greenness parameter,

one cannot predict the observed storage investments (Appendix C.2.3).
2.5. Results
2.5.1. Structural Estimation Results

We now turn to the structural estimation and rst present the estimates of the latent parameters

in this section. We then use these insights for counterfactual analyses in subsequent sections. For a
model-free analysis of the data, please refer to Sections 2.3.1 and Appendix D.1. Using the utility
function from Equation 2.5 together with the conditions from Equation 2.10, we estimate the hourly
utility vector ~ and the greenness valuatiorg; for each household. In Figure 2.3, we plot the curve
containing the mean estimates for the households' inherent utility of consuming electricity in a given

hour. The shaded area is the 95% con dence interval of the mean estimates. We want to point out

Figure 2.3: Hour-wise Mean Indirect Utility of Consuming Electricity Across German Households

two things about the hourly consumption preferences: First, we see that while there is utility in
consuming electricity across all hours in the day, including at night, there are two valuation peaks,

a smaller one in the morning and a larger one in the evening. This is similar to the typical demand
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consumption pattern that one observes in the market aggregate. It is encouraging that we can
back out these behaviors from the data with our estimation and choice of utility model. Second,
we observe a slight decrease in indirect utility around noon, which is partially due to the fact that
people tend to be at home less during those hours, but also partially picking up on the fact that at
those times, solar generation is highest and consumption would be cheapest. Given that we assume
a constant valuation of greenness, the indirect utility is lower during high solar generation output

than at night, for the same demand.

The second parameter of interest is the greenness valuation. In Figure 2.4, we plot the histogram of
all German private households' non- nancial valuations of replacing grid-procured electricity with
their own generation. The vertical, orange line marks the average 2020 electricity price in Germany,

as a reference point.

Figure 2.4: Greenness Valuation Across Households (ie/kwWh)

First, we see a large range of valuations (winsorized ate¥kwWh), with most households having a
medium, but substantial greenness valuation, on the order of magnitude of the energy price. The
median greenness valuation is 0.29kWh, the mean is 0.54e /KWh, and the standard deviation
is 0.762/KWh, mainly driven by the high dispersion on the right tail. These estimates explain
the adoption of storage at a time when it is not nancially viable because of their substantial

non- nancial inclination to avoid grid purchases, the households invest in storage.
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Second, note that there are households with zero greenness valuation that only have solar, which is
pro table on its own, but there are almost no households with positive but very small valuations

this is because such low valuations do not make storage an optimal investment yet.

Third, this distribution can be used more generally to characterize the dispersion of sustainability
concerns in a population. While obtained in the particular context of German residential electricity
investments, knowledge of how such beliefs vary across potential customers may be very informative
for businesses in the sustainability space or for any company working on green" technologies that
will rst be adopted by people with such non- nancial values (e.g., electric vehicles in the early

2010s, or fuel cells, heat pumps, or carbon capture solutions in the near future).

Fourth, the average greenness valuation is relatively constant across all years, instead of declining
as storage becomes cheaper, which seems counter-intuitive. The average valuation for households
with installation dates between 2016 and 2019 is 45, 52, 60, and 55 cents respectively. However,
over the same time frame, the federal storage subsidy in Germany was reduced from 25% in 2016
to 0% in 2019, which kept the subsidy-adjusted price approximately stable. In turn, this prevents

us from seeing declining greenness valuations in the data-set.

Fifth, despite the fact that the greenness valuation is not clearly decreasing over time, we see a 37%
increase in the battery capacity that households invest in from 4.4kWh on average in 2016 to

6.1kWh in 2019. Solar capacity increases by 23% from 5.6kWp to 6.9KWp over the same time-frame,
potentially related to a decrease in feed-in-subsidies. We will inspect the e ect of subsidies in more

detail in Sections 2.5.3 and 2.5.5.
2.5.2. Storage Households' Response to Electricity Price Increases

In this section, we use the latent parameter estimates to show how households with storage change
their demand when electricity prices increase. We then compare our model predictions against
counterfactual demands based on long-term price elasticities. In Figure 2.5, we juxtapose the two
estimates if the electricity price were to increase to 38 cents for the group of households with 7.2kWh

storage.
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Figure 2.5: Counterfactual Demands for Households with 7.2kWh Storage and Electricity Price of
38c

The solid blue line in Figure 2.5 shows the counter-factual demand estimated through our model,
compared to the gray dashed line which depicts the original demand. On average, our model predicts
a 13% reduction of daily demand, compared to a 19% reduction that the price-elasticity (purple

dotted line) would predict.

Importantly, our model does not simply predict a constant reduction across all hours, but varies de-
mand reductions between 9% and 15% across the day, depending on the expected share of electricity
source at night, when electricity is predominantly procured from the grid, demand is relatively
more reduced than during the day, when demand is met largely through solar and thus less a ected
by the price increase. As a result, our model predicts demand in the early evening hours (where
storage is used) to be 12% higher than the elasticity approach. Hence our model, captures and in-
corporates the intra-hour di erences of consumption preferences and energy cost di erences through

solar and storage, which the traditional approach of price elasticity does not.

Note that a demand reduction of 13% by the household leads to a reduction of grid-procured

electricity by 23%, while solar and storage usage are stable.

Subsequently, we break down, for all households with storage, how the breakdown of electricity

sources changes as the grid price increases, and summarize the results in Table 2.3:
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Table 2.3: Electricity Sources, Daily Demand, and Feed-In Predictions under Di erent Counterfac-
tual Models

Observed ( p=0.28 e) 37.0% 20.0% 42.9% 16.4 10.2
- _ , Daily Demand Feed-In
Predictions for ( p=0.38 e) Solar Storage Grid (in KWh) (in KWh)
Our Model 384% 228% 38.7% 14.1 10.9
Demand Elasticity 39.2% 22.8% 37.4% 13.3 11.3

The increase in electricity prices has a dual e ect - it rst reduces the households' demand by 14%,
while also shifting more of the demand toward solar and storage. In combination, the 7% increase
in self-generation and the reduction in overall demand means that the grid provider sells 22% less

energy to households with storage when electricity prices increase by 10 cents.
2.5.3. Estimating Households' Capacity Investments in the Future

Beyond understanding how households with existing installations react to electricity price increases,
we want to study the choices of a general population of households for a likely future scenario. To
be representative of a general market, we assume no subsidies for this future scenario, solar and
storage technologies that are 20% and 35% cheaper than today, and an electricity price of 38 cents
per KWh.'® We use the generation and demand pro les from our data set to forecast the optimal
demand and capacity investment decisions for households, but assume zero greenness valuation.
This setup aims to represent the vast majority of households that have not yet invested in storage,

i.e., the left tail of the greenness distribution from Figure 2.4.

Importantly, almost three-quarters of households (72%) would choose to invest in some storage
with an average storage capacity of 4.7kwWh, a median of 4.8kWh, and a standard deviation of
3.8kWh. We limit solar capacities to be equal or less to what we observe, as often roof space, and

not pro tability, limits investment, otherwise capacities may be even higher.

Even with this cap, the mean household would have 6.3kWp of solar installed and be able to sell
9.6kwh back to the grid, while only procuring 5.8kWh from the grid, potentially leading to large-

scale solar curtailment during the day. Given that there are 16 million single-family homes in

8Many European countries in the summer of 2022 are facing electricity prices in excess of that
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Figure 2.6: Household Storage Installations for Future Scenario

Germany, applying these ndings would result in 101GW of residential solar installations - in line
with the government's ambitious target of 200GW of solar installations across the country by 2030

(SPD, 2021) for which many states mandate solar installations for newly constructed homes.

However, the previously stated average generation and feed-in values, conceal the considerable
variation between days. Despite the combined storage and solar investments, consecutive days with
little sunshine still require the grid to provide close to 100% of demand. In Figure 2.7(a), we plot
the combined grid demand by the households in the future scenario from above (blue line) and
compare them against the alternative where the same households buy all electricity from the grid
(gray line). For both scenarios, the shaded areas capture the variability of load between the"®

and 98" percentile 1°.

In this future scenario with an electricity price of 38 cents, if households don't make their own

solar/storage investments, the load variation across the year is sizeable, but at most, 80% between
the two extreme percentiles (the height of the grey-shaded area). However, given that households
can install solar and storage, the average grid-load in the investment case (the solid blue line) is
considerably lower than in the non-investment case, as households generate and store their own

energy.

19 At the 2nd/98th percentile, there are 7 days in the year with less/more demand
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