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1 Introduction

The field of energy economics explores energy markets and the relationship between
the production, distribution, and consumption of energy resources. Within this
framework, research is concerned, for example, with the design of markets, prices,
and policy interventions and the associated effects on economies, societies, welfare,
and the environment.

In the last decade, governments worldwide have pledged to reduce the amount
of greenhouse gases emitted within their territories over the medium and long term
to mitigate anthropogenic climate change. Major greenhouse gas emitters like
China, the United States of America, and the European Union have set themselves
net-zero targets for their greenhouse gas or CO2 emissions. This means that
by the specified target dates, no more respective emissions are to be emitted in
these countries than are removed through carbon sinks. The goal of achieving
near-complete decarbonization necessitates a comprehensive transformation across
all sectors of energy generation, conversion, and consumption. Energy economic
research can play a central role in understanding this transformation and the
challenges it poses.

In energy end-use sectors, it is individual consumers of energy and energy de-
pendent services, in particular, who implement this transformation. The decisions
and actions consumers undertake while investing in, utilizing, and eventually
discarding a product or service play a pivotal role in driving the decarbonization
efforts within specific sectors. In the sectors such as heating or transport, con-
sumers make investment choices, such as selecting heating technologies or vehicles.
In the course of the decentralization of electricity generation, electricity consumers
are also engaging in investments in decentralized systems like photovoltaic (PV)
and storage systems. Apart from investment decisions, consumers also decide on
the utilization of their assets. Besides emissions, these decisions affect the energy
system as a whole: The flexibility of electricity procurement and the decisions
consumers make about when and where to consume electricity play a central role
in questions of the necessary grid and generation capacity expansion.

One approach to encourage desired consumer investment and decisions is the
utilization of economic incentives. Consumers can be incentivized, for example,
to lower their greenhouse gas emissions or to make decisions in a way that is
beneficial to the energy system by creating new or utilizing existing markets.
These incentives include tradable quotas or certificates, subsidies, as well as taxes,
fees, or other price signals (Coria & Sterner, 2011). The design of such policies
is a challenging task. Prior to implementation, conducting theoretical as well as

1



1 Introduction

quantitative analysis of the effects and effectiveness of price signals and economic
incentives requires an understanding of real-world consumer responses.

The individual chapters of this thesis, therefore, deal with concrete examples of
economic incentives and consumer response. While Chapter 2 is centered around
the theoretical analysis of different environmental policy options for investments
in zero emission backstop technologies under present bias, Chapter 3 and Chapter
4 provide empirical insights into real-world consumer response to price signals. In
Chapter 3, the impact of regionally differing electricity prices on PV investments is
investigated, and Chapter 4 analyzes the functional form and magnitude of short-
term electricity demand response at the wholesale level. Furthermore, Chapter
5 explores the implications of varying incentives in electric vehicle charging on
regional residual load curves. The four essays are self-contained and may be
read in any order. Each chapter is based on a paper to which all the authors
contributed equally:

1. Environmental policy instruments for investments in backstop technologies
under present bias - an application to the building sector. Joint work with
Amir Ashour Novirdoust and Philipp Theile, EWI Working Paper 23/05
(Arnold, Ashour Novirdoust, & Theile, 2023).

2. How prices guide investment decisions under net purchasing - An empirical
analysis on the impact of network tariffs on residential PV. Joint work
with Amelie Sitzmann and Samir Jeddi, initially presented as EWI Working
Paper 21/07 (Arnold et al., 2021) and subsequently published in Energy
Economics (Arnold et al., 2022). The chapter is based on the latter version.

3. On the functional form of short-term electricity demand response - insights
from high-price years. EWI Working Paper 23/06 (Arnold, 2023).

4. Diffusion of electric vehicles and their flexibility potential for smoothing
residual demand - A spatio-temporal analysis for Germany. Joint work with
Arne Lilienkamp and Nils Namockel, EWI Working Paper 23/04 (Arnold,
Lilienkamp, & Namockel, 2023).

The remainder of the introduction is divided into two sections: Section 1.1
provides an outline of the content of the four essays. Section 1.2 discusses the
methodological approaches of the essays, as well as limitations and potential areas
of further research.

2



1.1 Outline

1.1 Outline

1.1.1 Environmental policy instruments for investments in
backstop technologies under present bias - an application to
the building sector

Worldwide, policy instruments, including incentives like carbon pricing or sub-
sidies, are being discussed and implemented as ways to achieve greenhouse gas
emission reductions. If individuals exhibit present bias, Heutel (2015) has shown
that optimal policies targeting investments in the efficiency state of externality-
producing durable goods and their usage consist of two components, one aimed at
the externality and one aimed at the present bias. Chapter 2 generalizes Heutel’s
theoretical model by defining a larger technology set. This allows to represent
the dependence of fuel prices and emission intensities on technologies used in the
building sector and to include a zero emission backstop technology. First the effect
of this model generalization on Heutel’s main propositions is examined, assuming
still that the backstop technology is not optimal. Second, this examination is
extended to the case when the backstop technology is optimal. In a stylized
case study for a representative building in Germany, magnitudes of the present
bias effect on investment and utilization decisions on heating systems, emissions,
policies, and deadweight loss are estimated. The chapter shows that as long as
social costs of carbon and the corresponding CO2 price are not high enough to
make the backstop technology optimal, Heutel’s proposition holds that optimal
policies must consist of two components. Contrary to Heutel’s proposition, if the
social costs of carbon and the CO2 price are high enough, a single instrument
can address both the externality and present bias. While the level of this single
instrument, i.e., a tax or subsidy, depends on the level of present bias, the chapter
finds that there exists a tax-subsidy combination that is optimal regardless of the
level of present bias.

1.1.2 How prices guide investment decisions under net
purchasing - An empirical analysis on the impact of
network tariffs on residential PV

Within the regulation of net purchasing, investment incentives for residential
PV depend on the remuneration for grid feed-in and the consumption costs that
households can save by self-consumption. Network tariffs constitute a substantial
part of these consumption costs. Chapter 3 uses postcode-level data for Germany
between 2009 and 2017 and exploits the regional heterogeneity of network tariffs to
investigate whether they encourage to invest in PV installations and evaluate how
the nonlinear tariff structure impacts residential PV adoption. The results show
that network tariffs do impact PV adoption. The effect has increased in recent
years when self-consumption has become financially more attractive, and the
results confirm the expectation that PV investments are driven by the volumetric
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tariff. Policy reforms that alter the share between the price components are, thus,
likely to affect residential PV adoption. Further, with self-consumption becoming
a key incentive, price signals can effectively support the coordination of electricity
demand and supply in Germany.

1.1.3 On the functional form of short-term electricity demand
response - insights from high-price years

Demand response is crucial for balancing supply and demand in the presence
of intermittent electricity generation. In 2021/2022, wholesale power prices
in Germany have been dramatically higher than ever before, which offers the
opportunity to investigate the demand response in high-price situations. Chapter
4, thus, discusses the applicability of the two common functional forms of demand
response under these circumstances, namely linear and log-log. Using a two-stage
least squares approach, the short-term own-price elasticity of electricity demand
in Germany is estimated for the period from 2015 to 2022. The day-ahead
forecast of wind power generation serves as an instrumental variable for the
day-ahead price. The analysis shows that for low prices, the linear assumption
tends to yield similar average elasticities to the constant elasticity obtained from
the log-log specification. However, estimators based on linear functions exhibit
significant variations depending on whether low or high prices are considered.
This discrepancy arises from the observation that remaining demand at high prices
tends to have limited flexibility. In contrast, the log-log approach provides smaller
differences between estimates based on low and high prices. The exponential
nature of the log-log function captures the decrease in absolute demand response
at high prices, resulting in more consistent estimations across the price range.

1.1.4 Diffusion of electric vehicles and their flexibility potential
for smoothing residual demand - A spatio-temporal analysis
for Germany

The transformation of the energy system causes increasing stress on distribution
grid components. However, flexible electric vehicle (EV) charging, if incentivized
adequately, can help mitigate this impact by reducing peaks in loads and feed-in.
To understand the potential of EV charging flexibility for reducing peaks on
regional and national levels, Chapter 5 estimates regional residual demand time
series for Germany for the years 2019, 2030 and 2045. The chapter focuses on
modelling private EV diffusion via sigmoid functions and deriving driving and
charging profiles based on micro mobility data. Further, two deployment schemes
for EV flexibility are distinguished: (1) all EVs contribute to flattening the national
residual load curve; (2) local EVs contribute to flattening regional residual load
curves. The chapter finds that the residual load curves change structurally as
positive and negative peaks in residual demand increase over the years on the
regional and national levels. Although the absolute flexibility potential of EV
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home charging increases with the number of vehicles, its marginal utility to
reduce load peaks declines. Especially in load-dominated regions, the national
deployment of flexibility can result in higher regional demand peaks compared
to a scenario without charging flexibility. The two approaches of flexibility
activation can be contradictory in their effects: While regional incentivization is
less efficient in reaching the smoothing in the national residual demand curve,
national incentivization can even lead to increased strain on the local level.

1.2 Methodology, Limitations and Further Research

Each chapter of this thesis discusses a particular aspect in energy economic
research. Therefore, tailored to the distinct research question of each chapter,
suitable and differing methodological approaches are applied.

Chapter 2 deals with environmental policy instruments for investments in
durable goods, assuming consumers are present biased. For this purpose, an
analytical model for investment decisions from Heutel (2015) is generalized to
represent a larger technology set and allow for the existence of zero emission
backstop technologies. In a stylized case study for a representative building
in Germany, magnitudes of the present bias effect on investment and heating
decisions, emissions, policies, and deadweight loss are numerically estimated.

In order to determine the welfare-optimal decisions of households, the "long-
run criterion" is utilized. Applying this criterion is based on the paternalistic
assumption that the household’s choices, due to present bias, might not align with
their welfare optimization. This premise is central to the validity of the results
but certainly open to critical examination. Moreover, applying the "long-run
criterion" as a welfare measure constitutes only one of several alternative welfare
criteria applicable in the case of time-inconsistent discounting. Testing the validity
of the chapter’s findings using alternative criteria is a potential avenue for future
research. Similarly, discussing the effect of heterogeneous households or varying
ages of heating systems on policy forms another promising research trajectory.

In Chapter 3, postcode-level data for Germany from 2009 to 2017 is utilized
to exploit the regional heterogeneity of network tariffs to investigate whether they
encourage investment in PV installations. To this end, a Poisson quasi-maximum
likelihood estimator (PQMLE) with fixed effects is applied.

The fixed effects approach allows the capture of unobserved heterogeneity across
both temporal and regional dimensions. The approach, thus, absorbs a substantial
portion of the variance inherent within the model. While the within-variance
of the central explanatory variable, the network tariffs, remains large enough
to show statistically significant effects after controlling for the fixed effects, the
within-variance of the covariates does not. Consequently, the model can not be
applied to analyze the effect of covariates such as income, housetype, age, or
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number of buildings on PV investments. To conduct such analyses, alternative
model frameworks are necessary, introducing further research opportunities.

Chapter 4, akin to Chapter 3, carries out an empirical investigation. Here, the
short-term own-price elasticity of electricity demand in Germany is estimated for
the period of 2015-2022, employing a two-stage least squares (2SLS) methodology.

By utilizing aggregated electricity demand data and wholesale-level day-ahead
electricity prices, the estimated price responses encapsulate the cumulative reaction
of all consumers, inclusive of those who exhibit inelastic behavior. Additionally,
the chosen estimation model estimates not only the demand response to the
price in a specific hour but also implicitly includes intertemporal cross-price
elasticities with the preceding and subsequent hour. This potential influence of
autocorrelation on estimation results, thus, emerges as a critical consideration
and presents a path for further research.

Throughout the analysis, the applicability of the two most commonly used
functional forms of demand response, namely linear and log-log, is discussed and
investigated. Subsequent research could introduce other functional forms, such
as piece-wise linear models, or delve into quantile regression models to further
investigate demand response’s dependence on price levels.

In Chapter 5, the analysis aims at understanding the potential of EV charging
flexibility for reducing peaks on regional and national levels. To this end, regional
residual demand time series for Germany in 2019, 2030, and 2045 are estimated.
The regional diffusion of electric vehicles is estimated using sigmoid functions,
while charging patterns are derived from micro mobility data. Subsequently,
two distinct EV charging behaviors are translated into optimization problems,
enabling a comparative analysis of the resultant residual demand time series.

The estimation of developments far into the future is naturally subject to great
uncertainty. Assumptions regarding electricity demand, for example, stem from
a study that assumes the achievement of the climate and technology targets set
by the German government (dena, 2021), while electricity generation projections
are derived directly from the government’s targets. Hence, this study presents a
specific vision of the future against which the results should be contextualized.
Furthermore, the optimization of household charging assumes perfect foresight
and information. Consequently, the results stand as an upper bound, depicting
the effects of the charging strategies under perfect execution.

While the effects of flexibility deployment on regional and national residual
load curves are estimated, concrete grid expansion and electricity generation
costs remain unquantified. Moreover, while the chapter deals with the effects of
different charging behaviors, it does not delve into the specific policy schemes that
could facilitate implementation. Thus, possibilities for further research persist.
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Beyond this discussion, the respective chapters provide comprehensive descriptions
of the methodological approaches and limitations.
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2 Environmental policy instruments for
investments in backstop technologies under
present bias - an application to the building
sector

2.1 Introduction

2.1.1 Background and motivation

Governments of many countries have set themselves climate targets, i.e., emission
reduction targets. These targets no longer aim at a mere partial reduction of
greenhouse gas (GHG) emissions but rather at a reduction of GHG emissions to
zero or close to zero. More than 70 countries pledged to reach net-zero emissions,
including the countries of the European Union, China, and the USA (United
Nations, 2023). Investments must be stimulated and carried out beyond efficiency
improvements to achieve these climate neutrality goals. Therefore, in all sectors
investments in zero emission technologies, i.e., backstop technologies, must be
made.

An example is the residential building sector: Global GHG emissions from
building operations, i.e., heating and hot water provision, have increased in recent
years. In 2021 global direct CO2 emissions from building operations accounted
for around 8 % of global energy-related CO2 emissions (IEA, 2022). In the
residential building sector, decarbonization needs to be carried out by private
households investing in new technologies (e.g., heating systems and refurbishment)
and choosing their indoor temperature level. In this paper, the analysis is applied
to the residential building sector, although the results are generalizable.

The prominent policy from classic economics to reach the first-best outcome in
the presence of an environmental externality (i.e., the emitted emissions) is to
introduce a price on said externality (i.e., a carbon or CO2 price), internalizing
the externality into the decision-making rationale of the households, like the
Pigouvian tax (Pigou, 1920). Empirical literature suggests that individuals
do not always behave according to classic rational choice theory. Behavioral
issues, such as time-inconsistent discounting (e.g., present bias), could prevent
individuals from investing optimally in time. Heutel (2015) has shown that if
consumers experience present bias, a Pigouvian tax does not lead to welfare
optimal investment decisions for externality-producing durable goods. Instead,
the optimal policy mix consists of an instrument to correct the externality and
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another one aiming at the present bias, constituting an internality. Besides
carbon taxation or pricing, these instruments can include subsidies, taxes based
on efficiency, or mandates.

In his analysis, Heutel (2015) assumes that consumers can invest in technolo-
gies with different efficiencies. Sheer improvement of efficiencies in externality-
producing durable goods, however, cannot reduce externalities to zero. Thus,
by assumption, no backstop technology exists. In his analysis, the author finds
that there exists a welfare-optimal amount of externalities (i.e., GHG emissions)
resulting from the Pigouvian tax rate, representing the monetary damage of
the externality and the utility drawn from the externality-producing good. In
contrast, in many countries, climate neutrality is the declared political target.
The implicit assumption is thus, that the damage from GHG emissions is higher
than corresponding abatement costs, and correspondingly, the optimal amount of
GHG emissions is zero. Put differently, the policy maker is interested in target-
consistent CO2 pricing and policy measures rather than taxing the externality at
the rate of social costs of carbon (Aldy et al., 2021).

Building on the work of Heutel (2015), this raises the following questions.
First: How can Heutel’s model be generalized to account for the existence of
zero emission backstop technologies with finite costs? Second: What does this
generalization imply for the main propositions of the model? Third: What are
optimal policies under present bias for externality-producing durable goods if the
optimal investment decision is the investment in the backstop technology?

We generalize the analytical model of Heutel (2015) for investments in externality-
producing durable goods under present bias by allowing for a greater technology
space. In the generalized model, the investment may be accompanied by the
substitution of the fuel used, for example, in the case of heating investments,
switching from a gas heating system to an electric heat pump. The integration of
fuel substitution into the investment decision allows us to depict the existence of
a zero emissions backstop technology.

We first examine the effect of the model generalization on Heutel’s main
propositions, assuming still that there is a welfare-optimal inner solution, i.e.,
that the backstop technology is not optimal. We then discuss the implications of
the situation when the investment in the backstop technology is optimal. This
may be the case if the assumed damage of the externality is high enough so
that the backstop technology is welfare-optimal, or due to politically set climate
neutrality targets. In a stylized case study for a representative building of the
German building sector, we assume a politically set climate neutrality target. We
numerically estimate real-world magnitudes of the present bias effect on heating-
related investment and utilization decisions, emissions, policies, and associated
deadweight loss.

In our analysis, we show that as long as social damage of carbon and the
corresponding CO2 price is not high enough to make the backstop technology
optimal, households in the optimum will still emit CO2. In this case, Heutels
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propositions hold that to reach the social optimum, we need two policy instruments,
one to address the internality and a second one to address the externality, that
will still be present. Contrary to Heutel’s propositions, if the social costs of carbon
and the corresponding CO2 price are high enough, a mark-up on the CO2 price
can also induce the social optimum. Therefore, present bias can be addressed
by a tax or another single instrument when aiming at climate neutrality in the
presence of a zero-emission backstop technology. In numerical simulations for a
representative household in Germany and under the assumption of continuous
investment choices, we quantify the target-consistent CO2 price without present
bias at τneut = 192e /tCO2. Applying τneut in the case of present bias leads to a
welfare loss. In the case of a present-biased household, a higher CO2 tax exists
that reaches the target (in our exemplary building and an assumed present bias
of β=0.7: 235e /tCO2 including an internality-mark-up of 43e /tCO2). While
the optimal tax rate and subsidy depend on the level of present bias, we find that
there exists an optimal tax-subsidy combination that is optimal regardless of the
level of present bias.

2.1.2 Related literature and contribution

Ever since (Strotz, 1955) introduced the idea of time-inconsistent discounting with
his theory of commitment, it has been recognized that consumers may deviate from
the assumption of exponential, thus time-consistent, discounting.1 In line with
time-inconsistent discounting, Laibson (1997) coined the concept of present bias,
i.e., agents’ preference for immediate benefits over advantages in future periods
beyond exponential discounting.2 To represent this behavior, the literature has
introduced and applied models of quasi-hyperbolic discounting (Laibson, 1997;
O’Donoghue & Rabin, 1999; Phelps & Pollak, 1968).

One metric for policy evaluation is welfare. Assuming time-inconsistent pref-
erences implies that preferences change over time, complicating welfare analysis.
Economists provide several welfare criteria to overcome this complication. The
two most prominent criteria are the Pareto criterion, i.e., considering each period’s
perspective in overall utility, and the long-run criterion, i.e., evaluating the "true"
utility from a long-run perspective (O’Donoghue & Rabin, 2015). O’Donoghue
and Rabin (1999) argue that the Pareto criterion is a too strong assumption when
applied to intertemporal choice. O’Donoghue and Rabin (2015) claim that both
approaches, as well as other thinkable welfare criteria, frequently yield the same

1Frederick et al. (2002) includes a critical review of the history and models of time discounting
including time-consistent utility discounting models as well as time preferences and (quasi-)
hyperbolic discounting models.

2See the reviews Frederick et al. (2002) and DellaVigna (2009) for empirical estimates for
present bias in various circumstances and Imai et al. (2021) and Cheung et al. (2021) for
recent meta studies of papers reporting present bias estimates.
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conclusions but argue for the usage of the long-run criterion.3 As Heutel (2015)
utilizes the long-run criterion in his model, we will also apply it.

Applying the long-run criterion deviates from standard social welfare analysis,
relying on revealed preferences as information about the consumer’s true utility.
The paternalistic assumption that the consumer’s choices do not optimize her
welfare is as critical as it is controversial. Saint-Paul (2011) argues that taxes
levied for inducing a particular behavior might only lead to consumers paying
higher prices instead of changing behavior, reducing overall welfare. According to
Whitman (2006), the justifications of policy interventions for addressing internali-
ties are based on the idea of Pigouvian taxation, ignoring Coase’s theorem (Coase,
1960). The theorem states that externalities can be resolved by negotiation be-
tween individual parties when transaction costs are low. Since internalities consist
of choices within the individual, Whitman (2006) argues that Coase’s theorem
is better suited for dealing with internalities. The information required to find
the least costly option addressing the damage from time-inconsistent discounting
is only available to the individual. Moreover, Krusell et al. (2002) argues that
to tackle consumers’ time-inconsistent preferences, only an intervention by a
time-consistent social planner is welfare enhancing.

We apply our analysis to the case of households’ heating system investment
decisions. The empirical literature regarding behavioral biases in energy effi-
ciency decision-making is limited (Gillingham et al., 2009). Schleich et al. (2019)
investigated the role of present bias and other behavioral aspects in adopting
energy-efficient technologies within different countries in the European Union.
They provide evidence for the significance of present bias in reducing investments
in energy-efficient appliances and building retrofitting. Werthschulte and Löschel
(2021) find that present bias increases power consumption. Therefore, as house-
holds undervalue energy costs, price-based policies might fail to reduce household
energy consumption. Furthermore, in the specific case of investment in household
appliances in India, Fuerst and Singh (2018) find that present bias becomes more
significant the larger the purchase object investigated. This finding is relevant to
our work, as heating system replacement represents a particularly large investment
decision for households. Overall, there is not yet a comprehensive empirical view
on the effect of present bias on heating system investments. We account for this
lack of estimates by considering a range of present bias factors in our numerical
simulation.

This paper focuses on the consequence of present bias in agents’ decision-
making on policies for decarbonization. The model from Heutel (2015) constitutes
the basis of our analysis. A detailed description of the model for analyzing
optimal policy instruments for externality-producing durable goods under present
bias can be found in Section 2.2.1. Heutel (2015) considers a technology space
with efficiency and investment costs as dimensions. We expand this space by

3Kang (2015) shows that improvements in the Pareto criterion are also welfare-improving from
the long-run perspective.

12



2.2 Analytical model

allowing technologies to differ in emission intensity and fuel price. As we will see,
this generalization enables us to discuss the subject of climate neutral backstop
technologies. Since Heutel (2015), recent work has deepened the understanding of
present bias in economic policy design and welfare analysis (Bar-Gill & Hayashi,
2021; Drugeon & Wigniolle, 2021; Kang, 2022; Kotsogiannis & Schwager, 2022;
Lades et al., 2021). Bar-Gill and Hayashi (2021) discuss the investment decisions
for durable goods by present-biased agents. In contrast to our work, they focus
on the effect of purchase financing. They find countervailing effects of present
bias on the valuing of the benefits of an investment and the costs of financing said
investment and derive recommendations for credit regulation. Since they discuss
general durable goods, they do not consider the emission externalities from using
energy technologies. Lades et al. (2021) examine investments from present-biased
households in energy efficiency technologies. They illustrate particularly how
administrative burden can reduce these investments. Similar to our work, they
apply a theoretical model and a simulation with exemplary building data. As we
will see, our key point of departure from Heutel (2015) and Lades et al. (2021) is
that we consider policies reaching climate neutrality combined with the availability
of a backstop technology.

While there is literature on policies in the context of present bias, to the best
of our knowledge, there is no literature addressing the subject of policies for
externality-producing durable goods aiming at climate neutrality. In the present
work, we aim to close this gap by (i) generalizing the model from Heutel to more
complex technologies also differing in emission intensity and fuel price to be able
to account for zero emission backstop technologies, (ii) analyzing the consequences
of the existence of an optimal backstop technology, and (iii) illustrating the
consequence of such policies in the residential building sector numerically.

2.2 Analytical model

In this section, we first describe the representative agent model for investments in
externality-producing durable goods under present-bias from Heutel (2015). Then
we generalize the model and apply it to the building sector. By defining a larger
technology set, we are able to represent technologies running on different fuels
and thus zero emission backstop technologies. Based on the generalized model,
we discuss two different cases: First, the case that the backstop technology is not
optimal. Second, the case that the backstop technology is the optimal technology
choice.

2.2.1 A representative agent model for investments in
externality-producing durable goods under present-bias

Heutel (2015) describes the investment and operation problem for externality-
producing durable goods under present bias in a representative agent model. We
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present the model based on nomenclature for residential heating. The investment
decision is made in the initial period (t = 0) and the good lasts T periods. In
each period after the investment (t = 1 through t = T ), the household decides on
the operating intensity of the good: the generated heat or indoor temperature.

The model is defined by the household’s problem and the social planner’s
problem. In the household’s problem, future utility and costs are discounted
using quasi-hyperbolic discounting. Quasi-hyperbolic discounting is a method
for modeling the behavior of households who experience present bias, i.e., prefer
immediate payoffs and undervalue future costs and payoffs.4 To this end, two
discount factors are introduced. δ is called the "long-run" discount factor, and β
represents the "present bias". If a household experiences present bias, then β < 1.

The present-biased household perspective is contrasted with the social planner’s
problem. Present bias is a behavioral anomaly that a social planner does not
experience due to fully rational behavior. One way to solve the social planner’s
optimization problem is to directly apply the long-run criterion while disregarding
the household’s present bias, i.e., setting β = 1. The approach assumes that the
household’s utility maximization deviates from optimal welfare even from the
household’s perspective. Thus, the household "makes a mistake" and does not
optimize its "true utility".5

In the initial period, the household chooses the heating system’s ratio of fuel
input and generated heat, the so-called effort coefficient fph (fuel per heat),
representing the investment decision for the durable good. In the subsequent
periods, the heat generated in each period ht(t) is chosen, which translates into
indoor temperature. U(ht), where U ′ > 0 and U ′′ < 0, describes the utility from
generated heat in monetary terms. The costs per kWh of fuel are calculated as
the sum of the time-dependent fuel cost (pt) and a tax per kWh of fuel (τt). This
fuel tax, hereinafter referred to as carbon tax, is intended to put a price on the
GHG emissions. When choosing a level of fph, the household faces investment
costs of c(fph). It is assumed that c′ < 0, meaning that less efficient goods
(heating systems) are less expensive, and c′′ > 0. The household’s problem is thus
described in Equation (2.1):

max
fph,{ht}T

t=1

−c(fph) + β ·

[
T∑

t=1

δt ·
[
U(ht)− [pt + τt] · fph · ht

]]
(2.1)

4Technically speaking, present-biased households discount utility and costs in the near future
at a higher implicit discount rate than in the distant future (Laibson, 1997).

5Alternative welfare criteria in the case of time-inconsistent discounting include the Paretian
approach (e.g. Bhattacharya and Lakdawalla (2004)), or the "dictatorship of the present"
approach discussed in Gruber and Köszegi (2004) or Laibson (1997), which prioritizes the
preferences of the current self over the preferences of all future selves. Analogous to the
approach in Heutel’s basic model and following the arguments of O’Donoghue and Rabin
(1999), we apply the long-run criterion.
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The social planner’s problem is characterized by including the externality of
fuel consumption. The external damage from fuel consumption, i.e., damage from
GHG emissions, depends on ht, the kWh of fuel used in each period t, times
fph, the fuel used for producing the heat. The damage is denoted as d(ht · fph),
where d(0) = 0, d′ > 0 and d′′ = 0. The corresponding social planner’s problem,
using the long-run criterion for discounting and including external damages, is
described in Equation (2.2):

max
fph,{ht}T

t=1

−c(fph) +

T∑
t=1

δt · [U(ht)− pt · fph · ht − d(ht · fph)] (2.2)

2.2.2 Model generalization

In the model described in the previous section, consumers invest in one technology
and can decide on its efficiency. By assumption, no backstop technology exists
because efficiency improvements cannot reduce externalities to zero, and fuel cost
differences between technologies used are neglected. We extend the technology
set by allowing technologies running on different fuels. Therefore the investment
decision affects fuel costs and GHG emissions per unit of generated heat. This
enables us to analyze how optimal investment decisions depend on fuel cost
ratios and to include a zero emission backstop technology. An example for a
zero emission backstop technology in the building sector would be the switch to
renewably generated heat from solar thermal energy or to electric heating powered
by renewably generated electricity.

By allowing technologies to vary in fuel price and emission intensity (down to
zero), we extend the technology set and generalize the model. In this generalized
model, the fuel price pt(fph) and the CO2 factor of the heating system epf(fph)
are represented as functions of the effort coefficient fph.6 The functional form
of pt(fph) is ambiguous: it is conceivable that the change to a more efficient
heating system, e.g., from a gas boiler to an electric heat pump, is accompanied
by decreasing fuel prices, in e per kWhfuel, but also that the fuel price increases,
if, for example, electricity is more expensive than gas. We incorporate a back-
stop technology with finite costs fphBS by assuming that the emission function
epf(fph) equals zero for all fph <= fphBS , and epf ′ > 0 for fph >= fphBS .
This means that when investing in the reduction of fph, epf(fph) decreases
linearly until the backstop technology fphBS is reached, where emission intensity
is zero. Further investments in reducing fph cannot further reduce the emission
intensity.

6We model the choice of fph, the investment costs, the change in fuel price, and CO2 factor as
continuous. This serves the theoretical tractability of the model.
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The household’s problem, including quasi-hyperbolic discounting as defined in
Section 2.2.1, is thus described as follows:

max
fph,{ht}T

t=1

−c(fph) + β ·

[
T∑

t=1

δt ·
[
U(ht)− [pt(fph) + epf(fph) · τt] · fph · ht

]]
(2.3)

The household’s problem differs from Heutel (2015), since the investment
decision fph depends on pt and the newly introduced CO2 factor epf . This yields
first-order conditions for fph and each ht. Assume that there exists a unique
interior solution.7 The solutions to the household’s problem are called fph∗ and
h∗t .

− c′(fph∗)

− β ·
T∑

t=1

δt · h∗
t · [pt(fph∗) + epf(fph∗) · τt]

− β ·
T∑

t=1

δt · h∗
t ·

[
[p′t(fph

∗) + epf ′(fph∗) · τt] · fph∗
]
= 0

(2.4)

U ′(h∗
t )− [pt(fph

∗) + epf(fph∗)τt] · fph∗ = 0,∀t (2.5)

In Equation 2.4, considering the negative sign, the first term −c′(fph∗) is
positive. The term represents the benefit of a marginal increase in fph. Since
c′ > 0, it is cheaper to choose a system with higher fph and hence, lower efficiency.
Similar to Heutel (2015), the first sum represents the discounted cost of a marginal
increase in fph due to the decrease in efficiency: the utility in each future period
decreases as heating costs increase. The second sum adds the changes in fuel
prices p′t(fph) and changes in emission costs epf ′(fph) · τt. While epf ′

t is positive,
p′t can be positive or negative, depending on the constellation of fuel prices.8 If
both p′t(fph) = 0 and epf ′(fph) = 0, the third summand equals zero. In this case,
neither the fuel price nor the emission intensity of the heating system depend on
the investment decision, obtaining Heutels application with limited technology
set. Equation 2.5 sets equal the marginal increase in utility of an additional kWh
of heat with the marginal increase in costs for each period t.

The social planner’s problem uses the long-run criterion and omits the term
β. The external damage d depends on the GHG emissions emitted, which are
calculated as the product of the emission intensity, the system efficiency, and the
provided heat: d(epf(fph) · fph · ht), where d(0) = 0, d′ > 0 and d′′ = 0.

7It is assumed that lim
ht→0

U ′(ht) = ∞ to ensure a unique interior solution.
8We will discuss the implications of this relationship under Proposition 2.
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The social planner’s problem is:

max
fph,{ht}T

t=1

−c(fph) +

[
T∑

t=1

δt ·
[
U(ht)− [pt(fph) · fph · ht]− d(epf(fph) · fph · ht)

]]
(2.6)

The solutions to the social planner’s problem are fphopt and hoptt . The first-order
conditions of the social planner’s problem are:

− c′(fphopt)

−
T∑

t=1

δt · hopt
t ·

[
pt(fph

opt) + epf(fphopt) · d′(epf(fphopt) · fphopt · hopt
t )

]
−

T∑
t=1

δt · hopt
t ·

[
[p′t(fph

opt) + epf ′(fphopt) · d′(epf(fphopt) · fphopt · hopt
t )] · fphopt

]
= 0

(2.7)

U ′(hopt
t )− [pt(fph

opt) + epf(fphopt) · d′(epf(fphopt) · fphopt · hopt
t )] · fphopt = 0,∀t

(2.8)

2.2.3 Analysis

Optimal inner solution

First, we analyze the case that there is a welfare-optimal inner solution, i.e.,
that the backstop technology is not optimal and fphopt > fphBS . This is the
case when the assumed external damage from GHG emissions is smaller than
necessary for the backstop technology to be welfare-optimal. Thus, there exists a
welfare-optimal quantity of GHG emissions that is greater than zero. The optimal
solution is therefore found in the non-zero linear part of the emission intensity
function epf(fph).

From the first-order conditions of the household and the social planner, it
follows that if β = 1, the household chooses the first-best outcome if
τt = d′(epf(fphopt) · fphopt · hoptt ) ∀t. This is the Pigouvian tax rate, called τpigt ,
which internalizes fossil fuel usage’s external damage.

As in Heutel (2015), the following holds for the adapted model:

Proposition 1.
Let β < 1: No set of emissions tax τt for all tϵ[1, ..., T ] exists that leads to the
first-best outcome fphopt and hoptt .9

9The proof is presented in Appendix 2.6.1.
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2 Environmental policy instruments for investments in backstop technologies under present bias

If the Pigouvian tax rate is applied, Heutel (2015) obtains that too little is
invested and the good is underutilized compared to the optimum of the social
planner. In our case, when looking at heating investments, the question of whether
too much or too little is invested due to present bias depends on how fuel and
emission costs are affected by the investment decision, leading to Proposition 2:

Proposition 2.
Let β < 1: If τt = τpigt for all t ∈ [1, ..., T ] and∑T

t=1 δ
t · h∗t ·

[
[pt(fph

∗) + epf(fph∗) · τt] + [p′t(fph
∗) + epf ′(fph∗) · τt] · fph∗

]
≥ 0

then fph∗ > fphopt and h∗t < hoptt for all t ∈ [1, ..., T ].10

Proposition 2 states that present-biased households under-invest in the invest-
ment period and heat less than optimal in the subsequent periods, as long as the
change in discounted future costs for a marginal increase in fph (marginally less
efficient heating system) is greater or equal to zero. The scenario occurs if p′ >= 0,
meaning that the price for heating increases for less efficient heating systems.
Then, the optimal solution is found as the trade-off between fph decreasing
investment costs on the one side and the marginal increase in future heating costs
consisting of the effects of the decreased efficiency, increasing emission costs, and
increasing fuel costs on the other side. In the other scenario, in which p′ < 0, the
described relationship only continues to hold as long as the emission tax and lower
efficiency offset the decrease in fuel costs for a marginal increase in fph. If this
does not hold, i.e., p′t << 0, a marginal increase in fph leads to lower investment
costs and a decrease in future costs. In such a case, it would be optimal to invest
as little as possible, thus fph → ∞.

In the case of present bias, no set of CO2 tax rates produces the first-best
outcome regarding investments, fuel usage, and GHG emissions. A second-best
policy solely based on CO2 tax rates must consist of higher tax rates than the
Pigouvian tax rate. The tax must address the usage of the heating system while
also unfolding high incentives in the investment period, compensating for the
present bias. A tax that incentivizes efficient investment despite present bias
cannot be optimal because the tax is too high in subsequent periods to incentivize
optimal heating use, given the optimal efficiency level, the utility of heating, and
GHG emission damage. A second policy instrument has to be introduced to
achieve the first-best result. In Heutel (2015), the author discusses a tax on the
goods effort coefficient in the starting period and a fuel effort coefficient standard.
In the case of the building sector, there is another policy measure often applied
by the regulator: A subsidy on capital expenditures. We define this subsidy as
a monetary benefit σ that is scaled with 1

fphmin−fphmax
· fph + 1

1− fphmin
fphmax

. The

subsidy thus decreases linearly in fph. The household gets the full value of the
subsidy if the household chooses fphmin and no subsidy if the household chooses
fphmax:
10The proof is presented in Appendix 2.6.1.
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Proposition 3.
Let β < 1: The first best is achieved by setting τt = τpig in each period t > 0 and
setting a technology subsidy in the form of ( 1

fphmin−fphmax
· fph+ 1

1− fphmin
fphmax

) · σ

with σ = (fphmin−fphmax)·(β−1)·
∑T

t=1 δ
t ·hoptt ·

[
[pt(fph

opt)+epf(fphopt)·τpigt ]

+ [p′t(fph
opt) + epf ′(fphopt) · τpigt ] · fphopt

]
.11

Since the household is present-biased, in the investment period, the household
only considers a share of β of the future discounted benefits from decreasing fph.
The subsidy is therefore composed of the benefit from investing in lower fph,
expressed in the sum, times (β − 1), offsetting the present bias in the investment
period. In contrast to the fuel economy tax in Heutel (2015), our model’s subsidy
depends not only on hoptt but also on fphopt. The intuition behind this is that due
to the fuel switch when investing, fphopt is relevant for determining the marginal
benefit from an increase in fph as it defines fuel and emission costs in the optimal
case. This means that for the optimal design of the subsidy, it is crucial to know
how the optimal investment changes the fuel and emission costs. Besides the level
of fuel and emission costs at fphopt, also their slopes at this point determine the
optimal subsidy. In contrast to Heutel (2015), marginal changes in investment
affect the fuel price and the emission intensity. Therefore, the subsidy accounts for
the marginal variable cost changes, composed of fuel price and emission intensity,
induced by investment decisions under present bias. The term can both increase
or decrease the optimal subsidy, as the fuel price can have a positive or negative
slope in fphopt.

Optimal backstop technology

In the model so far, we assumed that there exists a welfare optimal amount of
GHG emissions that relates to the Pigouvian tax rate, internalizing the external
emission damage. It was not optimal to invest in the backstop technology. In
contrast, in the current political debate around the decarbonization of the building
sector, the declared target is climate neutrality. The implicit assumption is thus,
that the damage from GHG emissions is higher then corresponding abatement
costs, and correspondingly, the optimal amount of GHG emissions is zero: fph is
optimal if epf is zero. The same applies to a situation where the zero emission
backstop technology is optimal due to sufficiently high assumed external emission
damage. In the following, we discuss the case that fphopt = fphBS .

For the case without present bias, i.e., β = 1, there exists a set of tax rates τneut

that is defined as the set of lowest tax rates, which achieves climate neutrality,
which is thus the target-consistent set of CO2 prices. As discussed before, this set

11The proof is presented in Appendix 2.6.1.
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2 Environmental policy instruments for investments in backstop technologies under present bias

of tax rates is insufficient to reach climate neutrality in the case of present bias,
as it only addresses the externality.

In contrast to Proposition 1, if the backstop technology is the optimal investment
choice, a set of emission taxes τt > τneut can be used to address both the externality
and the internality. This is the case because of the added property of the emission
function: We can choose taxes high enough for optimal investment, which induces
climate neutrality. But since epf(fphopt) = epf(fphBS) = 0, the taxes do not
influence the heating decision of households anymore. That means that any set of
taxes high enough to induce investments in climate neutral heating technologies
would be optimal since it does not affect heating decisions in the subsequent
periods, as the heating decision becomes independent of the tax. This finding
is, in principle, unaffected by the presence of present bias. Present bias only
increases the minimum level of the taxes, inducing investments in climate neutral
heating technologies.

Following that logic, the optimal investment decision can be derived from a set
of taxes or a subsidy alone, a combination of both, or a command-and-control
policy, i.e., a ban on new investments in conventional technologies. In our stylized
model framework, except for the distributional effects of subsidies, there is no
difference between those policies regarding the household’s welfare, investment,
or heating.12

2.3 Numerical simulation

In the numerical case study, we estimate real-world magnitudes of the present bias
effect on under-investment, under-consumption of thermal energy, over-emissions,
and associated deadweight loss. We obtain optimal single instrument magnitudes
of CO2 prices and subsidies representing the internality-mark-ups. Lastly, we
show how present bias differentially affects CO2 prices and subsidies and therefore
numerically obtain optimal policy mixes.

2.3.1 Case study set-up

Metric for evaluation of sub-optimal policies

We numerically investigate the effects of present bias under policy measures aimed
at reaching the politically set emission target with the help of a two-step procedure.
First, excluding present bias internalities, we determine the minimal target-
consistent carbon tax rate inducing investments suitable for climate neutrality

12See Section 2.4 for a discussion of the distributional effects of different policies.
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2.3 Numerical simulation

goals, i.e., in the climate neutral backstop technology.13 In the reference case,
this carbon tax rate τneut is 192e /tCO2.14 Second, we use this carbon tax rate
as the implied damage to evaluate social welfare and deadweight loss.

Building and system characteristics

The functional form and parametrization of the utility of heating determine the
household’s choices. Mertesacker (2021) develops a utility function for domestic
heating accounting for the properties of the technical heating system and building
envelope. He estimates the utility’s parameters within a German case study. We
utilize this function and its estimated parameters. Equation (2.9) shows the utility
function of our household U(Tt) depending on the ideal indoor temperature T t of
21 °C and chosen indoor temperature Tt. The utility function thus reflects the
willingness to pay for the heating temperature. γ expresses the marginal utility
of indoor temperature. We also refer to γ as valuation factor since it expresses
the valuation of a specific household for indoor temperature.

U(Tt) = −γ · (T t − Tt)
2 (2.9)

We specify the utility function for the case study by defining an example household
by its estimated marginal utility of indoor temperature γ, and an ideal indoor
temperature. The characteristics and estimates of the corresponding marginal
utility from indoor temperature stem from the median household in Mertesacker
(2021). For this household, we obtain a γ of 25e /∆T 2.15 Figure 2.1 shows the
resulting utility function and variations for the exemplary household.

The heat demand in the case study, associated with the indoor temperature
choice, is based on a representative building from Diefenbach et al. (2015) and
IWU (2016).16

To evaluate a continuous investment choice of households, we estimate functions
for investment costs, CO2 emissions, and fuel prices based on real data (BAFA,
2021; Danish Energy Agency, 2021; Pickert et al., 2022). The heating technologies
include oil and gas condensing boilers with and without solar thermal support
and an air-source heat pump. As in the theoretical model, the functions are
formulated concerning the heating technology’s energy intensity level fph. We
assume a system lifetime and an assessment period of 20 years. Table 2.1 shows the

13In our numerical simulation, we define the backstop technology with finite cost as an air-
to-water heat pump. This applies under the assumption of continuously climate neutral
electricity generation or based on political determinations that anticipate long-term decar-
bonization of power generation.

14In the numerical simulation, for simplicity, we assume constant fuel prices over time and
utilize the same CO2 tax rate in each year of the heating system lifetime.

15The underlying assumption of the household characteristics, the marginal utility estimates,
and the computation of the valuation factor is described in Appendix 2.6.2.

16In Appendix 2.6.2, the computation of the heat demand and the underlying assumptions is
described in detail.
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Figure 2.1: Utility Functions of indoor temperature for varying valuation factors

resulting technology functions.17 It should be noted that fuel prices incorporate
consumer taxes, including value-added tax, as well as electricity and gas taxes.
Additionally, electricity prices include the costs of emission certificates derived
from the European Emission Trading System. When interpreting the numerical
results, one should keep in mind that these intricacies introduce distortions in
optimal policy instruments and deadweight loss.

Unit Function

Investment costs e c(fph) = 14, 100e−1.019·fph

CO2 emissions kg/kWh epf(fph) = −0.110 + 0.358 · fph
Fuel price e /kWh p(fph) = 0.394− 0.331 · fph

Table 2.1: Estimated continuous functions of investment costs, CO2 emissions, and
variable costs.

2.3.2 Results

Continuous model

From the negative gradient of the fuel price in Table 2.1 follows that p′(fph) < 0.
Considering Proposition 2 from Section 2.2, p′(fph) < 0 means that a CO2 price
(or a subsidy) has to at least offset the decrease of the heating system’s variable
fuel price induced by increasing fph. For such a CO2 price, present bias leads to
under-investment and, consequently, under-consumption of thermal energy. The
numerical results replicate this finding on the relationship between present bias,

17Appendix 2.6.2 presents the underlying data and the computation of the technology functions.
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2.3 Numerical simulation

investment, and consumption choices as illustrated in Figure 2.2. In case of no
present bias, β = 1.0, there is no investment up to a CO2 price of 137e /tCO2.
The chosen indoor temperature at this price is 17.8°C. With an increasing CO2
price, the investments in lower fph increase. As heating costs decrease, the
indoor temperature increases, which is commonly referred to as the rebound
effect. At a CO2 price of 192e /tCO2, the household invests in climate neutral
heating technology and reaches the corresponding indoor temperature of 18.2°C.
As described in Section 2.3.1, we interpret this carbon tax rate τneut as the implied
emission damage to evaluate social welfare and consequently deadweight loss. In
the presence of present bias, the household invests less and chooses a lower indoor
temperature.
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Figure 2.2: The chosen fph and indoor temperature levels depending on the CO2 price
for present biases of 1.0, 0.9, 0.8, and 0.7.

Figure 2.3 shows that the total CO2 emissions over the 20 years of heating
system lifetime follow the household’s investment and consumption choices. As
discussed in Section 2.2.3, the investment in lower fph impacts emissions more
than decreasing indoor temperature. In case of β = 0.7, emissions decrease from
81 tCO2 to 75 tCO2 for a CO2 price increase from 0e /tCO2 to 157e /tCO2,
due to the decrease in temperature. The emission decline turns more significant
once the investments in lower fph start at 158e /tCO2. At an emission price of
235e /tCO2, the household invests in the climate neutral technology so that total
CO2 emissions are 0.

The deadweight loss over the heating system’s lifetime of 20 years is illustrated
in Figure 2.3. It is based on the two-step procedure described in Section 2.3.1 and
follows the chosen fph level. Without a CO2 price, the household invests in the
option with the highest fph, leading to a deadweight loss above 3,000e due to the
emissions. With an increasing CO2 price, the indoor temperature first decreases
slighty and with it consequently the emissions. Once the household invests in
lower fph, the deadweight loss decreases convexly. Without present bias, the
carbon tax rate τneut of 192e /tCO2 is sufficient to incentivize investment in the
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Figure 2.3: Total emissions and deadweight loss over the heating system’s lifetime of 20
years depending on the CO2 price for present biases of 1.0, 0.9, 0.8, and 0.7.

climate neutral technology. As Proposition 2 in Section 2.2.3 suggests, present
bias leads to a deadweight loss caused by under-investment and, consequently,
under-consumption. For β = 0.9, β = 0.8 and β = 0.7 the deadweight loss at
τneut is 58e , 252e , and 613e , respectively. The loss results from the present bias
internality as the τneut addresses the emission externality. In Section 2.2.3, we
argue that under a climate neutrality regime, a mark-up on top of the CO2 price
which addresses the externality can address the internality and reach the climate
neutral technology. The required mark-ups in the case study for β = 0.9, β = 0.8
and β = 0.7 are 11e /tCO2, 25e /tCO2, and 43e /tCO2, respectively.

According to Proposition 3 in Section 2.2.3, a subsidy is an alternative to a
mark-up on the carbon tax. If the subsidy is high enough to induce investments
in heat pumps, no CO2 price is needed since subsequent heating does not emit
CO2. If the mark-up is high enough to induce investments in climate neutral
heat pumps, no subsidy is needed. Consequently, a negative relationship exists
between the two policies. All policy combinations that lead to the social optimum
are illustrated in Figure 2.4. The function’s slope describing the relationship
between policies depends on the level of present bias and is lower for a high
present bias. The slope differences originate from the differing times at which
subsidies and CO2 prices affect the household. Present bias hinders households
from fully considering the CO2 price in their optimal choice problem. Subsidies
take effect directly at the time of the investment. The higher the level of present
bias, the more the CO2 price must increase to reduce the required subsidy.

At a CO2 price of 89e /t and a subsidy of 8,000e , there is an intersection of the
functions for the different levels of present biases. Thus, at this combination of
CO2 price and subsidy, the required policy for the social optimum is independent
of the level of present bias. The policy combination’s CO2 price creates parity
between the variable costs of all technology options. In other words, the variable
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Figure 2.4: Combinations of CO2 price and subsidy that lead to the social optimum for
present biases of 1.0, 0.9, 0.8, and 0.7.

costs become independent of the chosen fph. We identify this intersection in
Proposition 2 in Section 2.2.3 by stating that present bias leads to under-investment
and, consequently, under-consumption as long as total future discounted heating
costs, including fuel and emission costs, for a marginal increase in fph are greater
or equal to zero. If this is not the case, i.e., less efficient heating systems have
lower future heating costs, present bias will lead to over-investment. At the
intersection between both cases, when future discounted heating costs are equal
for all fph, the investment costs determine the investment choice. As present
bias affects the household’s weighting between marginal changes in investment
costs and marginal changes in total future discounted costs, it does not affect
the household’s decision for equal future discounted costs. 89e /t is the CO2
price, which offsets the differences in the fuel costs. In this case, the subsidy
must compensate households for the difference in investment costs between CO2-
emitting and climate neutral technologies. This subsidy is 8,000e . As a result,
the policy mix at the intersection of the functions is optimal, independent of the
level of present bias.18

The utility function of households is a critical assumption. As shown in
Appendix 2.6.2, we identify different valuation levels for indoor temperature.
Figure 2.5 shows the fph level and chosen indoor temperature over CO2 price
for three different valuation factors given a present-bias of β = 0.8. A higher
valuation factor implies a lower necessary CO2 price to incentivize investments

18The values of the optimal policy mix depend on the assumptions fed into the model, like fuel
prices, heating efficiencies, and the utility function.
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Figure 2.5: The chosen fph and indoor temperature levels depending on the CO2 price
for valuation factors of 15e /∆T 2, 25e /∆T 2, and 35e /∆T 2.

in fph. In the case of a low valuation factor, the household reacts first with
decreasing indoor temperature, as this yields lower utility loss compared to the
additional costs of investing, as is shown in the right part of Figure 2.5. As soon
as investments in more efficient technologies are profitable, efficiency increases,
and the household increases the indoor temperature until the installation of the
climate neutral backstop technology.
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Figure 2.6: Total emissions and the deadweight loss over the heating system’s lifetime
of 20 years depending on the CO2 price for valuation factors of 15e /∆T 2,
25e /∆T 2, and 35e /∆T 2 and a present bias of 0.8.

The CO2 emissions and deadweight losses over the heating system’s lifetime
of 20 years illustrated in Figure 2.6 show a slight decline until the start of
investments in lower fph followed by a convex decline until the investment into
the climate neutral technology. Before investments in more efficient technologies
start, the deadweight loss is the highest for the high valuation factor since the
under-consumption of indoor temperature weighs the most. The same logic also
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2.3 Numerical simulation

applies to why households with a high valuation factor start investing in more
efficient heating systems at lower CO2 prices than households with lower valuation
factors. As a higher level of investments decreases the deadweight loss not only
through increased efficiency but also through reduced fuel costs, they exhibit
a quadratic effect on the deadweight loss. Thus, the decline in welfare is less
significant for lower valuation households, which still react by decreasing indoor
temperature.

Discrete model

So far, the presented theoretical and numerical results assume continuous technol-
ogy options so that all fph levels are feasible between the climate neutral and the
least efficient option. In reality, there is only a limited set of heating technologies.
Figure 2.7 illustrates the household’s investment and consumption choices, given
a discrete technology set, including an oil condensing boiler, a gas condensing
boiler, both boiler combined with solar thermal, and an air-to-water heat pump.
We define the set of technologies as the available fph levels from Section 2.3.1 and
choose the cost and emission levels according to the functions from the continuous
model (see Appendix 2.6.2).
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Figure 2.7: The chosen fph and indoor temperature levels in case of discrete technology
options depending on the CO2 price for present biases of 1.0, 0.9, 0.8, and
0.7.

For each present bias level, there are four break-even CO2 prices that lead
to a technology switch. In case of no present bias, i.e., β = 1.0, the household
invests in the highest fph of 1.09, i.e., the oil condensing boiler, until a CO2
price of 139e /tCO2. For higher prices, the household chooses a fph of 1.02,
i.e., the gas condensing boiler. The break-even points for investing in the oil
condensing boiler combined with solar thermal and the gas condensing boiler
combined with solar thermal are at 145e /tCO2 and 150e /tCO2 respectively. At
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a CO2 price of 170e /tCO2, the household invests in the heat pump. Thus, in
the discrete case 170e /tCO2 is the carbon tax rate τneut that induces investment
in the climate neutral technology. The τneut is lower in the discrete case than
in the continuous case because the CO2 price only has to create a break-even
between the gas condensing boiler with solar thermal and the heat pump, and not
between an infinitesimal less efficient heating technology and the climate neutral
backstop technology. Analogously to the continuous case, present bias leads to
under-investment and under-consumption.
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Figure 2.8: The total emissions and deadweight loss over the heating system’s lifetime of
20 years in case of discrete technology options depending on the CO2 price
for present biases of 1.0, 0.9, 0.8, and 0.7.

The total CO2 emissions over the heating system’s lifetime of 20 years in Figure
2.8 mirror the step function of fph. There is a nearly linear decrease in CO2
emissions following the household’s temperature decreases and a more significant
step whenever the CO2 price causes a switch between two heating technologies.
At the carbon tax rate τneut , there are zero CO2 emissions in case of no present
bias. The under-investment, due to present bias, leads to CO2 emissions increases.
These increases are for present biases of β = 0.9, β = 0.8, and β = 0.7, 49tCO2,
49tCO2, and 54tCO2. This step is significantly higher than in the continuous case
as the next available technology is a gas condensing boiler with solar thermal
compared to a technology with infinitesimal higher emission intensity. A mark-up
on the CO2 price can address the internality and incentivize investment in the
heat pump as stated in Section 2.2.3. For β = 0.9, β = 0.8, and β = 0.7, the
mark-up is 10e /tCO2, 21e /tCO2, and 36e /tCO2, respectively. Following the
two-step procedure described in Section 2.3.1, the implied damage from CO2
emissions τneut is lower than in the continuous case, naturally resulting in a lower
total level of deadweight loss. The deadweight loss due to present bias from
under-investment and under-consumption is 101e for a present bias of β = 0.7.
The household chooses the oil condensing boiler with solar thermal instead of a
heat pump. For present biases of β = 0.9 and β = 0.8 the household chooses a
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gas condensing boiler with solar thermal, which leads to neglectable deadweight
loss since τneut is defined as the necessarily implied damage to break-even between
the two heating technologies.

2.4 Discussion

In our stylized model, we find that single-instrument policies can be welfare optimal
and target-consistent even if the household is present biased. We implicitly assume
that all households, their valuation factors, and their level of present bias are
homogeneous. Accounting for household heterogeneity, however, implications of
policy instruments can differ, especially in distributional effects.

According to our analysis, the lower the valuation for heat, the higher the CO2
price must be to induce investment in the zero-emission backstop technology.
Assuming the policymaker introduces a CO2 price sufficient for incentivizing
investment into the zero-emission backstop technology for a household with
an average valuation factor, low-valuation households would not invest in the
climate neutral technology. Instead, they would pay the CO2 price and heat less,
while high-valuation households invest in the zero-emission backstop technology.
Similarly, if instead of a CO2 price, the policymaker sets a target-consistent subsidy
for average households, low-valuation households will not invest sufficiently. For
households with higher valuations, however, the subsidy is not only sufficient but
too high: they receive more money from the state than would have been necessary
to stimulate the investment. The empirical literature suggests that high-income
households have a higher valuation for thermal energy than low-income households
(Cayla et al., 2011; Mertesacker, 2021). This would imply that a single, uniform
subsidy, which aims to reach households with low valuation factors as well, favors
high-income households.

Households also show heterogeneity with respect to their level of present bias.
Assume the policymaker sets a CO2 price that is target-consistent for households
with average present bias. As shown in Section 2.3.2, households with stronger
present bias (β < β̄) would underinvest and pay the CO2 price in future periods,
heating less than optimal. Literature estimations of the correlation between
income and the present bias level range between no correlation and a negative
correlation, suggesting that low-income households experience higher levels of
present bias (Can & Erdem, 2013; Filippini et al., 2021; Meier & Sprenger, 2010).
We show in Section 2.3.2 that an optimal policy combination of a CO2 price and
subsidy exists that can account for different (unknown) levels of present bias.

Further real-world issues that our stylized model does not consider are invest-
ment distortions, hindering households from investing. Possible distortions and,
thus, obstacles to investment include budget constraints, lack of access to capital,
technological or regional circumstances, or split incentives between landlords and
tenants. In cases where households cannot invest, otherwise target-consistent CO2
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prices may lead to high costs. Subsidies can help to overcome budget constraints
and lack of access to capital. Suppose a subsidy is introduced as a single instru-
ment. In that case, there is no price signal to at least partially internalize the
externalities of households that cannot invest and whose heating is still associated
with GHG externalities.

The policy instruments also differ regardless of households’ heterogeneity. In
the case of a singular implementation of a CO2 price or bans on GHG emitting
technologies, the households bear the full costs. With (supplementary) subsidies,
by contrast, the state pays (part of) the costs. The latter may make sense from a
social justice point of view or to increase acceptance among the population.

Given the heterogeneity of households and their potential investment constraints,
as well as the possible desirability of distributing costs between households and
the state, there are arguments in favor of combining taxes (or bans) with subsidies.
By distinguishing the effects of policies on investment and utilization decisions,
our analysis can support a nuanced discussion of appropriate policy mixes.

2.5 Conclusion

The present paper examines the impact of present bias on optimal environmental
policies aimed at achieving climate neutrality. The study generalizes Heutel’s
model for policy design for externality-producing durable goods when internalities
are present. Besides increasing efficiency, investments in a new heating system
may substitute the fuel used. Accounting for this substitution adds the dimensions
of fuel price and emission intensity to our technology space. The generalization
allows us to include a backstop technology with finite cost and analyze policy
choices that reach climate neutrality.

This work contributes to the scientific literature in three ways. First, we
generalize Heutel’s model by allowing technologies to differ in fuel price and
emission intensity. Second, we introduce a model framework for developing
target-consistent environmental policies given a backstop technology. It can
serve as one element within a toolbox for welfare analysis given political targets
beyond externality pricing. Third, we apply the model framework to the case of
decarbonization in the German heating sector of private households under present
bias and derive numerical magnitudes of the present bias effects.

We find that contrary to Heutel’s propositions, one instrument can be sufficient
to address both externality and internality. Still, a combination of subsidies and
taxes can be advantageous as we show that there exists a tax-subsidy combination
that is optimal regardless of the present bias level. This finding can be applied to
comparable investment decisions in externality (GHG emission) producing durable
goods, such as private mobility investments. The existence of the optimal policy
mix is particularly relevant because the level of present bias is private information
unknown to the policymaker and heterogenous among households. Policymakers

30



2.5 Conclusion

could avoid distributional effects by utilizing the present bias agnostic optimal
policy mix. There are further arguments supporting policy mixes that fall short in
our stylized model, including heterogeneity in the valuation of heating, investment
distortions, and the costs’ distribution between households and the state.

Based on our analysis, there remains room for further research. In contrast to
our greenfield analysis with constant prices, in reality, households already own
heating systems, and the heating system stock’s age structure is heterogeneous.
Therefore, households are faced not only with the question of which technology
to invest in but also whether it is worth investing in a new heating system
early on before the existing one breaks down. This raises questions about the
timing of policy instruments, e.g., concerning the interdependencies of price
paths of CO2 taxes or fuel prices over time. Here, as well, the question arises as
to what constitutes target-consistent policy instruments. The issue could prove
complicated, as it is difficult to determine under which circumstances early heating
systems replacement is required to achieve climate targets. Further, we discussed
the role of household heterogeneity in our findings qualitatively. Households differ
in their level of present bias, their current heating systems, and their financial
capabilities. A more detailed examination of these properties could, in addition
to theoretical analyses, e.g., concerning optimal policy mixes across households,
also quantify effects at the level of the entire German building stock.
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2.6 Appendix

2.6.1 Proofs

Proof 1:

Proposition:
There does not exist any set of emission tax rates τt for all t ∈ [1, ..., T ] that leads
to the first-best outcome fphopt and hoptt .

Proof analogous to Heutel (2015):
Suppose the contradiction: there exists a set of tax rates τ optβt that lead to
m∗

t = mopt
t for all t > 0 and gpm∗ = gpmopt. The first-order condition for

choice of mt in period t is U ′(m∗
t ) = [pt(fph

∗) + epf(fph∗) · τ optβt ] · fph∗ or
U ′(mopt

t ) = [pt(fph
opt)+ epf(fphopt) · τ optβt ] · fphopt. Since U ′′ is strictly negative

the only optimal solution, when β = 1, is τ optβt = τpigt . When β < 1, the optimal
solution does not change, since the planner does not consider the quasi-hyperbolic
discount factor, but first order conditions of the consumer change. Thus, it does
not equal the planner’s solution.

Proof 2:

Proposition:
If τt = τpigt for all t ∈ [1, ..., T ] and∑T

t=1 δ
t ·h∗t ·

[
[pt(fph

∗)+ epf(fph∗) · τt]+ [p′t(fph
∗)+ epf ′(fph∗) · τt] · fph∗

]
then

fph∗ > fphopt and h∗t < hoptt for all t ∈ [1, ..., T ].

Proof analogous to Heutel (2015):
Note that the consumer’s choice of fph∗ is given by her first-order condition; call
this equation F:

F = −c′(fph∗)

− β ·
T∑

t=1

δt · h∗
t ·

[
[pt(fph

∗) + epf(fph∗) · τt] + [p′t(fph
∗) + epf ′(fph∗) · τt] · fph∗

]
(2.10)

The implicit function theorem can be used to show how fph∗ varies with β:

dfph∗

dβ
=

−dF/dβ

dF/dfph
=∑T

t=1 δ
t · h∗

t ·
[
[pt(fph

∗) + epf(fph∗) · τt] + [p′t(fph
∗) + epf ′(fph∗) · τt] · fph∗

]
dF/dfph

(2.11)
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The denominator is negative from the second-order condition of the consumer’s
optimization problem. The numerator is positive (or zero) if

T∑
t=1

δt · h∗
t ·

[
[pt(fph

∗) + epf(fph∗) · τt] + [p′t(fph
∗) + epf ′(fph∗) · τt] · fph∗

]
≥ 0

(2.12)
If the numerator is positive, then dfph∗/dβ < 0. Since when β = 1 fph∗ = fphopt,
it follows that in the case of β < 1 fph∗ > fphopt.

The consumer’s choice of h∗t in each period is a function of the total price of
one kWh of heating, [pt(fph) + epf(fph) · τt] · fph, from the first-order condition
U ′(h∗t ) = [pt(fph) + epf(fph) · τt] · fph. Since U ′′ < 0, dh∗t /dfph < 0. When
fph = fphopt, h∗t = hoptt . But when β < 1, fph∗ > fphopt, so h∗t < hoptt for each
period t>0 (and vice versa).

Proof 3:

Proposition:
Let β < 1: The first best is achieved by setting τt = τpig in each period t > 0 and
setting a technology subsidy in the form of ( 1

fphmin−fphmax
· fph+ 1

1− fphmin
fphmax

) · σ

with σ = (fphmin−fphmax)·(β−1)·
∑T

t=1 δ
t ·hoptt ·

[
[pt(fph

opt)+epf(fphopt)·τpigt ]

+ [p′t(fph
opt) + epf ′(fphopt) · τpigt ] · fphopt

]
.

Proof:
The subsidy is defined as a monetary benefit σ that is scaled with

1
fphmin−fphmax

· fph+ 1

1− fphmin
fphmax

. The consumer’s problem is:

max
fph,{ht}T

t=1

−c(fph) + (
1

fphmin − fphmax
· fph+

1

1− fphmin

fphmax

) · σ

+ β ·

[
T∑

t=1

δt ·
[
U(ht)− [pt(fph) + epf(fph) · τpigt ] · fph · ht

]] (2.13)

Subject to
U ′(ht)− [pt(fph) + epf(fph) · τpigt ] · fph = 0,∀t (2.14)

Consider this problem’s Lagrangian, where the constraint from the period t choice
of h∗t has a multiplier λt. The first-order condition with respect to ht is:

β · δt
[
U ′(h∗

t )− [pt(fph
∗) + epf(fph∗) · τpigt ] · fph∗

]
+ λt · U ′′(h∗

t ) = 0 (2.15)

The term in brackets is zero from the first-order condition from the static choice
of ht, Since U ′′ is strictly negative, λt = 0 for all t > 0. Then, the first-order
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condition for fph is:

− c′(fph∗) +
1

fphmin − fphmax
· σ

− β ·

[
T∑

t=1

δt · h∗
t ·

[
[pt(fph

∗) + epf(fph∗) · τpigt ]

+ [p′t(fph
∗) + epf ′(fph∗) · τpigt ] · fph∗

]]
= 0

(2.16)

With the value of σ as given, this first-order condition can be written as:

− c′(fph∗)

−
T∑

t=1

δt ·

[
β · h∗

t ·
[
[pt(fph

∗) + epf(fph∗) · τpigt ] + [p′t(fph
∗) + epf ′(fph∗) · τpigt ] · fph∗

]
+ (1− β) · hopt

t ·
[
[pt(fph

opt) + epf(fphopt) · τpigt ]

+ [p′t(fph
opt) + epf ′(fphopt) · τpigt ] · fphopt

]]
= 0

(2.17)

When fph∗ = fphopt, then h∗t = hoptt for all t > 0 since τt = τpigt . Plugging
fph∗ = fphopt and h∗t = hoptt in Equation 2.17 makes it equal to the social
planner’s first-order condition. So fphopt and hoptt solve the consumer’s problem,
and by the second-order condition this is a unique solution.

2.6.2 Numerical simulation

Household’s heating valuation

Mertesacker (2021) provides a utility function and estimates of its parameters for
a case study on energy consumers in Germany. The utility function from Equation
(2.9) includes a household’s indoor temperature valuation factor γ. γ is obtained
by multiplying household characteristics x as binary vector and the estimated
coefficient for each characteristic δ. We specify the utility function for the case
study by defining an example household by its characteristics x and corresponding
estimated marginal utility of indoor temperature δ. The characteristics and
estimates of the corresponding marginal utility from indoor temperature stem
from Mertesacker (2021) as listed in Table 2.2. For the case study in this paper,
we construct three sample households covering the potential spread of valuations
as shown in Table 2.2. The base household has a valuation of 25e /∆T 2, while
the minimum obtained value is 13e /∆T 2 and the maximum 38e /∆T 2. For
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simplicity, we utilize valuations of 15e /∆T 2, 25e /∆T 2, and 35e /∆T 2 in the
valuation sensitivity.

δ x
Parameter Coefficent Base Min Max

Constant 12,256 1 1 1
Age 30-39 1.262 0 0 0

40-49 0.094 1 1 0
50-59 3.918 0 0 0
≥ 60 4.811 0 0 1

# adults 2 3.014 1 1 0
3 6.654 0 0 1
≥ 4 3.850 0 0 0

# children 1 -0.368 0 1 0
≥ 2 2.964 1 0 1

Is employed -2.234 1 1 0
Has Abitur 3.271 1 0 1
Is owner -0.033 1 1 0
Income < 1,500e 2.329 0 0 1

≥ 3,500 e 0.320 0 1 0
Dwelling size Small: < 1st tercile -1.103 0 1 0

Large: > 2nd tercile 5.322 1 0 1

Valuation βx in e /∆T 2 25 13 38

Table 2.2: Estimates of a household’s characteristic’s effect on marginal utility from
indoor temperature from Mertesacker (2021).

Building’s heat demand

The heat demand for the representative building used in the numerical case study
is based on the building "SFH 1" from the building stock model of Diefenbach
et al. (2015) and IWU (2016)19. The building definition in Diefenbach et al.
(2015) is part of a model for the German building stock of the year 2009 via
six representative average buildings. In this model "SFH 1" represents the
most common average building in Germany. It is a single-family home with
147.1 m2 of floor area. Based on the calculations implemented in IWU (2016),
the specific heat demand of the household (including domestic water supply,
storage and distribution losses) for the ideal room temperature of 21°C is set
to 224 kWh/m2. This value includes an assumed reduction factor of 0.86 which
corrects for the heated area and the reduction of temperatures during the night.
Using the calculation methods and definitions from IWU (2016), the heat demand
is determined for different temperature levels. Theoretical calculation methods for

19Specified with the code DE.National.2009.002.01
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determining heat demand tend to overpredict the real heat demand (Loga et al.,
2012; Mertesacker, 2021). To account for this we assume an adaptation factor of
0.8 for our representative building, based on Loga et al. (2012) and IWU (2016).
The choice of this factor is consistent with the results of Mertesacker (2021), who
estimates lower adaptation factors, but does not take into account domestic hot
water generation. The heat demand in our model h [kWh] is then approximated
as a linear function, depending on the chosen temperature T [°C]:

h = 0.8 · 147.1m2 · (11.61 kWh

m2 ·◦ C
· T − 19.85

kWh

m2
) (2.18)

Heating technologies

Within the case study, we utilize stylized continuous functions of investment costs,
CO2 emissions, and fuel prices depending on the chosen fph-level. These functions
are based on technical and economic heating system parameters from Danish
Energy Agency (2021), emission intensities from BAFA (2021), and fuel price
trajectories from Pickert et al. (2022). Danish Energy Agency (2021) provides
data on real heating systems including reference capacities, efficiencies, and cost
components as shown in Table 2.3. We combine the solar thermal system with
both an oil boiler and a gas boiler to obtain in total five investment options
for the household in the case study. fph is the reciprocal of the efficiency. The
efficiency of the combined heating system of a boiler and solar thermal results
from the assumption that the solar thermal accounts for 20% of heat demand
(BDEW, 2020). The investment costs of for each technology are obtained by
scaling the equipment costs from Table 2.3 to the uniform heating system size of
12.5 kW for the conventional technologies and 6.25 kW for the heat pump and
adding the corresponding installation costs. Figure 2.9 illustrates the resulting
investment costs depending on fph, both for the discrete heating systems and a
fitted exponential function.

The fuel data in Table 2.4 contains the CO2-intensites from BAFA (2021) and
the average fuel prices over the next 20 years from Pickert et al. (2022). Note
that the fuel prices are final consumption prices accounting for grid fees and other
levies. Accounting for the efficiencies of the heating systems, Figure 2.9 shows
the resulting discrete emission intensities and fuel prices in dependence of fph as
well as fitted linear functions.
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Heating technology Capacity Efficiency Equipment costs Installation costs
kWth e e

Oil boiler 20 0.92 4260 1300

Gas boiler 14 0.98 2702 1158

Air-to-Water 7 3.15 6780 3830
heatpump

Solar thermal 4,2 2872 1228

Table 2.3: Technical and economic properties of oil boiler, gas boiler, air-to-water heat-
pump, and solar thermal systems (Danish Energy Agency, 2021).

Fuel Fuel price CO2-intensity
e /kWh kgCO2/kWh

Oil 0.0738 0.266
Gas 0.0743 0.201
Electricity 0.3142 0

Table 2.4: Energy prices based on Pickert et al. (2022) and CO2-intensities based on
BAFA (2021).
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Figure 2.9: Investment costs, CO2 emissions, and fuel prices for different heating tech-
nologies, including gas and oil condensing boiler, gas and oil boiler combined
with a solar thermal system respectively, and an air-source heat pump. Both
the discrete technologies as well as fitted functions are displayed.
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3 How prices guide investment decisions under
net purchasing - An empirical analysis on the
impact of network tariffs on residential PV

3.1 Introduction

Solar photovoltaic (PV) is generally expected to have a substantial share in the
future electricity generation mix around the globe (IEA, 2020). In Germany,
residential PV systems already count for around 1.2 million installations in 2020
(Bundesnetzagentur, 2021b). These PV systems are typically installed by individ-
ual households and, thus, distributed decentrally. To limit network expansion and
reduce congestion costs, an efficient coordination of these investments is essential.
Recent findings suggest that economic factors are among the main drivers for
PV adoption in the residential sector (e.g. Jacksohn et al., 2019). In principle,
households can use the self-generated PV electricity to either feed it into the grid
or replace electricity consumption from the grid. The profitability of these options
depends on the regulatory framework. In Germany, a net purchasing system is
in place for residential PV installations, which is also the predominant metering
scheme in Europe (Gautier et al., 2018). That is, grid feed-in and grid consump-
tion are metered separately and billed at two different prices. The remuneration of
grid feed-in is based on the feed-in tariff, which is the main subsidy for residential
PV in Germany, granted under the Renewable Energy Sources Act (EEG.). The
value of self-consumption depends on the consumption costs, which households
can reduce for each kilowatt-hour (kWh) of grid consumption substituted with
self-generated PV electricity.

Higher tariffs for grid consumption increase the consumption costs of the house-
hold and raise the incentive for self-consumption and residential PV installations.
This relationship is unambiguous under net metering, where grid feed-in and grid
consumption are billed at the same price (c.f. Gautier & Jacqmin, 2020). Under
net purchasing, the same rationale should apply, although the incentive structure
also depends on the remuneration for grid feed-in. In particular, the effect should
increase the more profitable self-consumption is compared to the revenue from
grid feed-in (c.f. Jägemann et al., 2013).

Additionally, tariffs follow a nonlinear pricing schedule. The investment decision
should be incentivized only by the volumetric price rather than the fixed price
component or an average price calculated from both. Empirical findings suggest
that consumers confuse nonlinear price schedules, which contrasts with the the-
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oretical expectation (Ito, 2014). Such an effect would raise concerns regarding
the effect of regulatory changes in electricity price components on residential PV
installations. In Germany, for example, reform proposals for the network tariff
system plan to shift network costs from predominantly volumetric network tariffs
to a more substantial share of fixed network tariffs. Other proposals aim for a
change in the EEG-levy that is currently paid exclusively on a volumetric basis.
Knowing whether and how consumers respond to the different price components
is crucial to assess the consequences of such policy reforms on PV adoption.

We empirically investigate whether and how price signals impact the adoption
of residential PV installations in Germany. More specifically, we analyze the
impact of network tariffs on PV adoption and exploit the fact that network
tariffs are a considerable part of retail tariffs and the decisive driver for their
regional variation. The heterogeneity of network tariffs allows us to identify
the impact of price signals on a high regional resolution. In contrast, the other
components of the retail tariff depend on markets and regulations that are equal
across Germany. We use a panel data set of PV installations, network tariffs, and
socioeconomic covariates on postcode level covering the years of 2009-2017 and
apply a Poisson quasi-maximum likelihood estimator (PQMLE) with fixed effects
to capture unobserved heterogeneity across regions and time.

We find evidence that network tariffs significantly impact PV investments across
Germany. An increase in network tariffs by one within standard deviation (0.34
eurocent per kWh) is estimated to increase PV installations by 2 %, all else
equal. This effect has grown, supporting the hypothesis that the incentive for
self-consumption has increased over time. Furthermore, it is indeed the volumetric
network tariff that impacts PV adoption rather than the average price. Our results
provide valuable insights into the driving forces of residential PV adoption in
Germany, which allows evaluating upcoming policy reforms regarding the regional
allocation of PV installations and the structure of electricity prices.

The paper is organized as follows. Section 3.2 provides an overview of the
empirical literature on residential PV adoption. Section 3.3 outlines the policy
framework and the economic rationale for investment in residential PV installations
in Germany. Section 3.4 introduces the empirical strategy while Section 3.5
presents our panel data set. Our results are shown and discussed in Section 3.6
and we discuss our findings and conclude in Section 3.7.

3.2 Literature review

Our analysis contributes to two streams of the literature: first, the drivers of
residential PV expansion, and second, the impact of nonlinear tariff structures on
investment decisions in the residential energy sector.
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The main drivers for residential PV investments can be classified by socio- and
techno-economic factors, behavioral factors, and economic factors.20 The first and
most extensively researched category are socioeconomic factors such as education,
per capita income, environmental awareness, and techno-economic factors, such
as solar irradiance and specific house characteristics. Schaffer and Brun (2015)
conduct a comprehensive analysis on the drivers for adopting residential PV in
Germany between 1991 and 2012. They find strong effects for solar irradiance,
house density, home-ownership, and per capita income, while the environmental
awareness hardly affects PV investments.21 Subsequent studies, for example,
Dharshing (2017), Baginski and Weber (2019), Jacksohn et al. (2019) and Gutsche
et al. (2020), generally confirm these findings: environmental awareness has only
little explanatory power, while the other socio- and techno-economic factors are
important drivers of residential PV adoption in Germany.

Second, behavioral factors, such as myopia, inertia, or peer effects, are also
likely to drive PV adoption in the residential sector. For example, regarding peer
effects, i.e., the impact of previously installed PV in a surrounding area on the
current investment decision of an individual household, findings in the empirical
literature are mixed. In their seminal work, Bollinger and Gillingham (2012)
examine peer effects on residential PV expansion in the US and find a significant
impact. Rode and Weber (2016) conduct a similar analysis for Germany and
confirm the impact of imitative adoption behavior. Though Baginski and Weber
(2019) also find regional dependencies in their analysis, social imitation does not
seem to be the main driver of the regional spillover effects. Similarly, Rode and
Müller (2020) find that the impact of previously installed PV on current adoption
decreases over time and might be mistaken with the regional concentration of
craft skills or solar initiatives.

The third category contains literature on the influence of economic factors,
i.e., expected costs and revenues of the PV installation.22 We observe a growing
research interest regarding the economic factors due to two simultaneous develop-
ments. First, Palm (2020) suggests that in the first stage of the diffusion process,
early adopters have fewer concerns for costs or concrete financial benefits. In
contrast, in the later stages, the economic factors become more decisive. Hence,
the impact of socioeconomic and behavioral factors on PV investments should
decrease over time as these factors become less pivotal during the diffusion process
of new technologies. Second, in the early years of PV expansion in Germany, a
PV installation has been financially attractive mainly due to the feed-in tariffs
granted as a subsidy for PV deployment. Ossenbrink (2017), and Germeshausen

20Comprehensive reviews on the adoption of building-scale renewable energy systems in European
countries can be found in, for example, Heiskanen and Matschoss (2017) and Selvakkumaran
and Ahlgren (2019). In this literature review, we mainly focus on analyses for Germany to
derive a better understanding of the empirical case for the reader. However, most findings of
the literature also apply to other regions.

21Balta-Ozkan et al. (2015) find similar factors for the UK.
22Intuitively, cost and revenues also depend on techno-economic factors, like irradiance. However,

we think of economic factors as monetary metrics.
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(2018) analyze the impact of feed-in tariffs in Germany and, in particular, the
impact of (changes in) the policy framework on PV adoption. Jacksohn et al.
(2019) analyze the impact of the costs of PV panels and revenues from feed-in
tariffs in Germany from 2008 to 2015 on the individual household level. They
find that these economic factors mainly drive the investment decisions in PV
installations and solar thermal facilities. Also in other countries, economic factors
impact households’ PV investment decisions. As for the case of feed-in tariffs
in Germany, governmental pricing policies play a substantial role for the PV
adoption in many countries. Best et al. (2019) quantify the impact of Australia’s
spatially-differentiated small-scale renewable energy scheme on residential PV
investments using postcode-level data. Their results indicate that postcodes re-
ceiving a higher subsidy factor have significantly more residential PV investments,
after controlling for solar exposure and spatial patterns in the data. Similarly,
De Groote et al. (2016) find that local policies have a significant impact on PV
adoption in Flanders. Focusing on the residential PV adaption in California, e.g.,
Hughes and Podolefsky (2015), show a significant regional effect of upfront rebates
on PV investments, exploiting variation in rebate rates across electric utilities
over time. Similarly, Crago and Chernyakhovskiy (2017) show that rebates have
the biggest impact among financial incentives on residential PV adoptions in the
Northeast. They further indicate positive impacts of electricity prices.23 With the
increasing attraction of self-consumption, the economic rationale of residential
PV installations is further influenced by the costs for electricity consumption and,
therefore, not only by the feed-in tariff but also by the retail tariff. Klein and
Deissenroth (2017) show that the overall German residential PV expansion is
impacted by the anticipation of profitability, including both feed-in and retail
tariffs in their analysis. Sahari (2019) analyzes the choice of heating systems in
Finland. She finds a significant impact of electricity prices on long-term technology
choices. Further and closest to our analysis, Gautier and Jacqmin (2020) analyze
the impact of volumetric network tariffs on PV investments under a net metering
system in Wallonia. They find a positive and significant effect of network tariffs
on PV installations. In a similar vein, de Freitas (2020) analyzes PV investments
in Brazil. Both regions currently apply net metering systems, where grid feed-in
and self-consumption are both valued at the retail tariff. Therefore, higher retail
tariffs should encourage higher PV investments. In a net purchasing system, the
incentive is two-fold and depends on the remuneration for grid feed-in, which is
determined separately (see Section 3.3).

Moreover, we extend the analysis of price signals by examining how the nonlinear
tariff structure influences investment decisions. In his seminal work, Ito (2014)
analyzes the price perception of consumers in US electricity markets. His results
suggest that consumers are short-sighted in their response to electricity prices by
deciding on their electricity bill of the past rather than current tariffs or future
expectations. Further, Ito (2014) examines the impact of nonlinear multi-tier

23See Ossenbrink (2017), for a comparison of the impact of feed-in tariff designs and their
interplay with retail electricity prices between Germany and California.
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tariffs on electricity consumption, and Shaffer (2020) conducts a similar analysis for
British Colombia. The authors analyze whether consumers respond to nonlinear
tariffs in the way microeconomic theory suggests, i.e., whether they respond to
the marginal price rather than the fixed or an average price. Both find that
consumers respond to average rather than marginal prices, which contrasts with
the theoretical expectation. However, a further analysis by Ito and Zhang (2020)
for heating usage in China finds that consumers do indeed respond to the marginal
price in the context of a simpler tariff form, i.e., a two-part tariff.

To the best of our knowledge, we are the first to empirically analyze the impact
of price signals on PV adoption in a net purchasing system. We use the regional
variation in network tariffs in Germany to investigate whether and how prices
impact PV investments. We examine whether the incentives for self-consumption
have become more relevant in recent years and conduct the first empirical study
that analyzes how the price components of a nonlinear tariff impact residential
PV adoption.

3.3 Residential PV in Germany: policy framework and
investment incentives

PV installations enable individual households to generate their own electricity so
that they no longer participate in the market only as consumers.24 To illustrate
the economic rationale behind residential PV adoption in Germany, we derive the
microeconomic foundation of the investment incentives for an individual household.
The regulatory framework in Germany is a net purchasing system. In contrast to
a net metering system, where one single price for electricity consumption from the
grid (imports) and grid feed-in (exports) exists, these two options are measured
separately (c.f. Gautier et al., 2018).

The PV installation offers two options for the household how the self-generated
electricity (qPV ) can be used:

qPV = qtogrid + qself (3.1)

The household can feed the electricity into the grid (qtogrid) or use it for self-
consumption (qself ), i.e., substitute electricity consumption that is otherwise
imported from the grid (dtotal).25 We structure the economic incentives by

24As households with PV installations both produce and consume electricity, the term prosumer
has also been established. Prosumers are of general interest in recent literature, seeking to
understand their decision-making and how regulatory policies impact them in more detail,
(e.g. Gautier et al., 2018).

25To fully reflect the potential temporal discrepancy of PV generation and the household’s
electricity consumption, an (hourly) time index could be introduced (see e.g. Ossenbrink
(2017) for a more detailed representation). However, for simplicity and without loss of
generality, we refrain from this issue in the following representation.
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3 How prices guide investment decisions under net purchasing

analyzing the net present value (NPV )26 of the PV installation in Equation
(3.2):

NPV = −CI +

T∑
t=0

R(qtogrid)− C(dtotal − qself )− cOM

(1 + r)t
(3.2)

One-time costs occur due to the initial investment CI . Once the PV system is
installed, continuous costs for operation and maintenance cOM incur and the PV
installation offers the opportunity to generate revenue by selling electricity to
the grid (R(qtogrid)) and to reduce electricity costs by self-consuming electricity
from the PV installation (C(dtotal − qself )). By assumption, costs and revenues
are constant over time, but discounted on a yearly basis t at an interest rate r.
We briefly describe the institutional and regulatory framework in Germany and
discuss the incentives for PV investments over the years.

3.3.1 Regulatory framework for residential PV in Germany

The grid feed-in of a residential PV installation is regulated under the EEG, and
residential PV owners receive a feed-in tariff, paid for each kilowatt-hour (kWh)
of electricity fed into the grid. The feed-in tariff varies depending on the date,
size, and type (roof-top or ground-mount) of the installation.

Feed-in tariffs are determined administratively by the government, and the level
and the categorization are regularly adjusted for new installations. Residential PV
installations with 10 kW or smaller have always been eligible to receive the highest
possible feed-in tariff. In contrast, larger installations have been subject to some
changes in the definition of their support categories over the years. Adjustments of
the level of feed-in tariffs are mainly based on the development of PV investment
costs which has led to a declining trend over the past years (see Figure 3.1). While
the feed-in tariff was about 43 ct/kWh in 2009, this has been reduced to about
12 ct/kWh by 2017. In addition to the feed-in tariff, from 2009 until 2012, the
EEG granted an additional remuneration for self-consumption. Although this
remuneration was lower than the feed-in tariff, e.g., 25 ct/kWh compared to a
feed-in tariff of 43 ct/kWh in 2009, households benefited from self-consumption on
top of the savings from reduced electricity consumption costs (Bundesnetzagentur,
2021a).

26We focus on the economic rationale in terms of cash flows and do not consider the utility
function of the household. One can think of factors that increase the utility beyond the
financial aspects, e.g. environmental preferences, and those that have a negative impact, e.g.
behavioral biases like inertia or myopia.
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Figure 3.1: The development of feed-in tariffs for PV installations < 10 kW and average
retail tariffs for households in Germany between 2009 and 2017. Own illus-
tration based on data from Bundesnetzagentur (2021a) and BDEW (2021).

3.3.2 Retail electricity tariffs and the incentive for
self-consumption

The value of self-consumption depends on the consumption costs that can be
reduced for each kWh of grid consumption substituted with self-generated PV
electricity. PV owners can profit from self-consumption because the household’s
electricity bill in Germany mainly depends on the actual consumption. The retail
tariff for grid consumption is nonlinear and consists of a volumetric and a fixed
price component, i.e., it constitutes a two-part tariff.

The volumetric price per kWh typically predominates, whereas the fixed compo-
nent, i.e., the basic price for being served and connected to the network, accounts
for a smaller proportion of total retail costs. Furthermore, the retail tariff in
Germany comprises of three elements: procurement and sales costs of the retailing
firm, network tariffs, and administratively determined taxes, charges, and levies.
The latter include, for example, the tax on electricity, the EEG-levy, and the
concession fee. In 2017, for instance, these three elements split up into 19 %
procurement and sales costs, 26 % network tariffs, and 55 % taxes, charges, and
levies (BDEW, 2021). Households do not have to pay the volumetric parts of the
network tariff and all taxes, charges, and levies for self-consumption.27 Following
the theory on nonlinear pricing, the fixed price component of the retail tariff
should not affect the economic rationale to invest in PV installations. These

27Though there were changes regarding the EEG-levy for self-consumption in 2012, residential
PV installations with 10 kW or less have always been exempted.
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3 How prices guide investment decisions under net purchasing

costs always have to be paid unless the household becomes fully independent
and, thus, disconnected from the grid. The volumetric tariff describes the op-
portunity to purchase electricity from the grid and thus, represents the value of
self-consumption.

Furthermore, and in contrast to the feed-in tariff that applies equally for all
households across Germany, retail prices vary regionally. While wholesale market
prices and taxes, charges, and levies are the same across Germany, the network
tariff is the only cost component that systematically differs on a regional level.28

In particular for residential consumers connected to the low-voltage network,
network tariffs are increasingly diverging.29 The regional variation of distribution
network tariffs in Germany is due to the allocation mechanism, a so-called vertical
mechanism, by which network operators allocate the network costs to network
users (c.f. Jeddi & Sitzmann, 2019). In Germany, the network costs are refinanced
by electricity consumers. The allocation is based on the principle that costs
incurred in a particular network area are borne by consumers connected to the
respective network. Network operators calculate the network tariffs on an annual
basis, based on their individual, regulated revenue cap. In practice, this regulatory
procedure means that network costs of the current year are decoupled from this
year’s network tariffs and rather passed on to the network tariffs in later years.

3.3.3 The economic rationale for investments in PV installations

The profitability of a PV investment hinges on the the value of self-consumption,
the feed-in tariff and the interaction of both options. On the one hand, substituting
electricity from the grid reduces electricity costs. On the other hand, each kWh
used for self-consumption cannot be fed into the grid, i.e., the PV owner does not
receive the feed-in tariff. Therefore, it is not only the absolute level of prices and
tariffs compared to the PV installation costs that is decisive, but also the relation
of the feed-in tariff to the retail electricity price. We apply the regulatory setting in
Germany to Equation (3.2). The expected revenue consists of the subsidization of
grid feed-in via feed-in tariffs (pfit), self-consumption via a reduction of electricity
consumption costs valued at the volumetric tariff (pretail), plus, if applicable, the
additional subsidy for self-consumption (pself ):

NPV = −CI +

T∑
t=0

qtogrid · pfit − [(dtotal − qself ) · pretail + qself · pself − cOM ]

(1 + r)t
(3.3)

Equation (3.3) shows that as soon as the volumetric retail tariff (pretail) rises
above the feed-in tariff (pfit), self-consumption becomes financially more profitable
compared to grid feed-in.

28The concession fee can also vary depending on the network area. However, the magnitude is
legally fixed, so that the differences are minor compared to the variation in network tariffs.

29See e.g. Hinz et al. (2018) and Schlesewsky and Winter (2018) for further investigations.
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The feed-in tariff has been continuously decreasing to accommodate the declining
costs of PV installations and technological developments. Contrarily, the average
retail tariff across Germany has been increasing in most years. Both developments
are depicted in Figure 3.1 for the period between 2009 and 2017. Since 2012, the
average retail tariff is higher than the feed-in tariff by a constantly increasing
margin. Therefore, we expect the investment incentives for residential PV adoption
to be increasingly affected by the incentive for self-consumption rather than the
feed-in tariff. If this holds, the impact of price signals should have become more
relevant since 2012. The abolition of the explicit subsidy for self-consumption in
2012 should have further strengthened the influence of the implicit incentive of
the retail tariff.

However, one should keep in mind that self-consumption is attractive only if the
household can use the electricity when the sun shines or if a storage opportunity
exists. Installation numbers of batteries in households only recently begin to
increase as storage is still relatively costly (Figgener et al., 2021). If storage
opportunities become economically attractive, the incentive for self-consumption
might increase in the upcoming years. Thus, it could become interesting to
distinguish between PV systems with and without battery storage.30

In principle, the economic incentives of PV adoption apply equally to all
households. The feed-in tariff does not vary regionally across Germany, and thus,
all else equal, it should have a similar impact on the investment decision. In
contrast, network tariffs of the distribution grid vary throughout Germany and
over time. Therefore, the implicit investment incentive from self-consumption can
differ between regions. As summarized in Section 3.3.2, network tariffs are the
only price component, which varies substantially between regions, and, therefore,
are the main driver for regional retail price variation in Germany. Our empirical
strategy takes advantage of this heterogeneity to investigate the impact of price
signals on PV investments in Germany.

3.4 Empirical strategy

Our objective is to identify whether network tariffs influence investments in PV
installations. Therefore, we set up our analysis on postcode-specific panel data
for Germany and exploit the regional variance of network tariffs across Germany.
Our dependent variable, the number of new PV installations (Yi,t) per postcode
(i) and year (t), is a count variable, i.e., it follows a non-negative distribution and
can only take on integer values. Given the characteristic of the dependent variable
and the panel data structure, we employ a Poisson quasi-maximum likelihood
estimator with multiple fixed effects (PQMLE) (c.f. Wooldridge, 2010). The

30Due to the low number of installed batteries and data availability, we refrain from including
batteries in this analysis. Predictive simulations for the development of combined PV and
storage systems in Germany can be found, for example, in Kaschub et al. (2016), Fett et al.
(2021) and Günther et al. (2021).
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consistency of the estimator neither requires that our dependent variable follows
a Poisson distribution nor any additional assumptions concerning the distribution
of our dependent variable. As part of the estimation procedure, we calculate
robust standard errors. By clustering the standard errors at a regional level, we
accommodate for arbitrary correlation across clusters. The choice of the PQMLE
approach as our preferred estimation method is in line with recent research by
Gautier and Jacqmin (2020) and de Freitas (2020), who apply it in a similar
setting.

The formulation of our preferred estimation model is as follows:

Yi,t = exp(β · tariffi,t−1 + γ ·Xi,t + ϕt + µi + θi · t) · ϵi,t (3.4)

where tariffi,t−1 is our primary explanatory variable, Xi,t is a vector of postcode-
specific covariates, ϕt are year-specific fixed effects, µi are postcode-specific fixed
effects and θi are postcode-specific time trends. ϵi,t is an error term.

In our preferred model specification, we lag our primary explanatory variable
by one year. Although fully rational households should form an expectation
about future electricity costs, in practice, it may be reasonable to assume that
households are rather short-sighted and base their expectation on the currently
observed electricity costs (c.f. de Groote & Verboven, 2019; Ito, 2014). In Germany,
households pay their electricity bill annually and ex-post, which results in a time
lag of one year between the temporal validity of the network tariff and the cost
realization. In addition, some time passes between the investment decision and the
actual PV installation, e.g., due to administrative reasons. Therefore, we assume
that households are more likely to respond to the previous year’s tariff than the
current one and use the network tariff lagged by one year as our explanatory
variable.31 We check the robustness of our assumption against the current network
tariff tariffi,t in Section 3.6 and for tariffs further in the past, i.e., tariffi,t−2 and
tariffi,t−3, in Appendix 3.8.2.

An advantageous effect of using the time lag is that it helps us to alleviate the
strict exogeneity assumption of our primary explanatory variable. The endogeneity
concerns arise because, in recent years, network tariffs increase mainly due to
network expansion costs which in turn are due to the integration of renewable
energy sources, including residential PV installations (c.f. Just & Wetzel, 2020).
However, PV adoption in the current year does not affect the network tariffs of
the previous year. Therefore, based on our choice of lagged network tariffs as our
explanatory variable and because network tariffs reflect historical network costs,
we suggest that reverse causality is not a concern in our setting.

31Our assumption is supported, for example, by an empirical analysis regarding electricity
consumption behavior by Bushnell and Mansur (2005), who find that households respond
more strongly to recent past electricity bills than to new retail tariff price information, even
when the new tariff has already been announced. Also, Gautier and Jacqmin (2020) find the
assumption of using a lagged network tariff to be justified in their analysis on the effect of
network tariffs on PV installations under a net metering scheme in Wallonia.
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We further include a vector of covariates to control for observable heterogeneity
of postcode areas. This vector contains the average income and age of the
population, the share of detached and semi-detached houses in the building stock,
and the number of residential buildings.

The fixed effects approach takes advantage of the panel data structure of our
data and allows us to control for unobserved heterogeneity. By applying multiple
fixed effects, we can isolate and identify the impact of our primary explanatory
variable on the dependent variable based on the within-postcode variance in our
data. A random effects model would not be consistent as we expect a correlation
between the individual effects and the independent variables.32 By including
year-specific fixed effects, we control for overall developments over time. Examples
are declining prices for solar modules, overall trends in electricity demand33 or
national policy changes, in particular changes in feed-in tariffs. Another aspect
covered by these effects is the development of retail price components that do
not vary across Germany, such as the EEG-levy or wholesale electricity prices.
Postcode-specific fixed effects account for factors that regionally differ between
postcode areas but are constant over time, e.g., socioeconomic aspects and solar
irradiance.34 Postcode-specific time trends control for any linear postcode-specific
development over time that is not addressed by the nationwide year-specific
fixed effects. Examples of such trends include local demographic change or local
economic growth.

In addition to the PQMLE, other commonly used models in count data applica-
tions are, for example, negative binomial regression models or OLS models with a
logarithmized dependent variable. We include these models as robustness checks
for our main findings.

To analyze the effect of the nonlinear pricing schedule, we apply the encom-
passing approach by Davidson and MacKinnon (1993), which can be used to
identify a preferable model specification for non-nested models. We specify the
encompassing model as an augmented model of (3.4) and include both alternative
explanatory variables, i.e., the volumetric tariff (tariffi,t−1) and the average tariff
(∅-tariffi,t−1):

Yi,t = exp(β · tariffi,t−1 + δ ·∅-tariffi,t−1 + γ ·Xi,t + ϕt + µi + θi · t) · ϵi,t (3.5)

32A Hausman test rejects the null hypothesis that there is no significant correlation at the
significance level of 1 %, which supports the choice of a fixed effects approach.

33In Germany, the overall electricity demand has decreased over the past years, which is covered
by the year-specific fixed effects. If spatial heterogeneity in demand exists, this is covered by
the postcode-specific fixed effects. We do not expect substantial variation in both dimensions,
as we see no indication that energy efficiency gains should vary significantly across regions
over time.

34Generally, solar irradiance is a decisive variable influencing residential PV investments.
However, we assume that households do not account for the (relatively small) solar irradiance
variation over time. Instead, we expect that households consider it as a spatial component,
such as whether one lives in a generally sunnier region. Therefore, we do not include solar
irradiance as a covariate in our model, as it is reflected in the postcode-specific fixed effects.
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We want to test our hypothesis that the volumetric tariff impacts PV investments
rather than the average tariff. Hence, we expect that as long as the model accounts
for the volumetric tariff, the coefficient of the average tariff δ is statistically
insignificant, i.e., not influencing the number of PV installations, and we can
check this hypothesis with a standard F-test (c.f. Greene, 2003).

3.5 Data

For our analysis, we use a unique panel data set at the German postcode level.
The panel data set covers 8,148 postcodes (PLZ) for 2009-2017, a total of 73,329
observations. For our dependent variable we rely on data from the Marktstamm-
datenregister (MaStR) (Bundesnetzagentur, 2021b). For each unit, the MaStR
documents the energy carrier, the installed capacity, the postcode, the installation
date, and various additional information. In this paper, we focus on PV installa-
tions with a size up to 10 kW as this is the typical size installed on residential
buildings. Our data consists of 708,555 PV installations commissioned between
2009 and 2017. By aggregating the number of new PV installations per year and
postcode, we receive our dependent variable (# of PV).

Furthermore, we use detailed data on annual network tariffs on postcode level
from ene’t, a German data provider for the electricity industry (ene’t, 2021).
The data contains information on the annual fixed component of network tariffs
(fixed_tariff, in Euro/year) and the volumetric component (tariff, in ct/kWh).
For our investigation of price perception, we use both components to calculate
an average tariff (∅-tariff in ct/kWh) by assuming a reference load profile of
3,500 kWh annual consumption. Figure 3.2 illustrates the regional distribution
of the volumetric network tariff and the number of PV installations per 1000
residential buildings for the year 2017. The maps show regional heterogeneity for
both variables. The volumetric tariffs are highest in north-east and south-west
Germany, driven by the high wind penetration, especially in the north. PV
installations per 1000 buildings concentrate in the southern regions, which is
in line with the general expectations, as these regions show the highest solar
irradiance. Note that the fixed effects of our estimation approach capture this
persistent difference between regions. The spatial heterogeneity of the variables
differs over time, shown in further illustrations of the temporal variation of our
data in Appendix 3.8.1.

To analyze whether network tariffs had a greater impact on the number of PV
installations after 2012, we define two binary dummy variables: One that takes
on the value 1 for all years before 2012 (d<2012), and one that takes on the value
1 otherwise (d≥2012).

We further control for the heterogeneity of postcode areas by including socioeco-
nomic drivers of PV expansion that have been identified in the literature described
in Section 3.2. We use yearly and postcode-specific data for these socioeconomic
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(i) (ii)

Figure 3.2: Regional resolution of (i) the volumetric network tariff and (ii) # of PV per
1000 residential buildings, both for the year 2017.

Table 3.1: Descriptive statistics, 2009-2017 (N = 73,329)

Variable Mean Median SD Min Max Source

Dependent variable
# of PV 9.66 6 11.57 0 184 MaStR

Independent variables
tariff (ct/kWh) 5.29 5.08 1.04 2.38 9.90 ene’t
fixed_tariff (Euro/year) 21.56 18.00 17.72 0 95.00 ene’t
∅-tariff (ct/kWh) 5.90 5.65 1.24 2.67 11.55 ene’t
income (log of) 9.95 9.95 0.19 9.30 11.01 RWI
housetype (% of 1- and

2-family homes) 58.32 63.64 20.69 0.30 100 RWI

age 43.74 43.58 2.35 35.11 58.48 RWI
buildings (log of) 7.40 7.46 0.92 0.69 9.80 RWI

covariates from RWI-GEO-GRID, a data set from the Leibniz Institute for Eco-
nomic Research (RWI) (RWI & Microm, 2020). First, we consider the average
purchasing power of households per capita (income, in Euro/year). We expect a
positive impact of the purchasing power of households on PV expansion as the
investment costs of the installation are more likely to be afforded by more affluent
people. The variable age denotes the average age of inhabitants in a specific
postcode area. One would assume that a younger population is more aware of
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the possibility to invest in PV, thus leading to a negative influence of average age
on our dependent variable. For the number of residential buildings (buildings),
which is closely correlated with the number of inhabitants, we would expect a
positive effect on our dependent variable as more buildings in a postcode mean
more opportunities for PV investments. Further, we include the share of detached
and semi-detached houses in the building stock (housetype, in %). Detached and
semi-detached houses are well suited for residential PV installations, for example,
due to the unity of electricity consumer and investor. Therefore, we would expect
a positive impact of the housetype on our dependent variable. Another factor that
could have an influence on PV investments but is not included in our analysis is
environmental awareness. Election results, i.e. the proportion of green voters, are
usually taken into account as a measure of environmental awareness. There is no
continuous annual data for this, so the approach conflicts with the panel-based
fixed-effects approach of our model. Moreover, the existing literature shows that
environmental awareness has little to no effect on PV investment (see Section
3.2).

3.6 Results

We estimate the impact of network tariffs on residential PV installations in
Germany within our preferred model specification, described in Section 3.4.
Further, we analyze whether the incentives for self-consumption have become
more relevant in recent years compared to the early years of PV adoption and
how the nonlinear pricing schedule affects PV adoption. Using additional model
specifications, we also check the robustness of our results.

We present our main results regarding the impact of network tariffs on PV
adoption in Table 3.2. Regression (1) shows our preferred model specification
(c.f. Equation 3.4), which estimates the impact of lagged network tariffs on the
number of new PV installations, controlling for socioeconomic covariates. Our
estimation suggests that network tariffs have a positive and significant impact
on the number of PV installations. All else equal, an increase of one within
standard deviation (0.34 eurocent per kWh) in network tariffs is estimated to
increase the number of PV installations by 2 %.35 The magnitude of this effect is
in line with the findings of Gautier and Jacqmin (2020) for PV investments in
Wallonia. The results further confirm the findings of Frondel et al. (2019), who
show that households in Germany are aware of yearly price variations and change
their electricity consumption respectively. Furthermore, the impact of the other
covariates in our model is not statistically different from zero. The fixed effects

35Within standard deviation refers to the variation of the network tariffs that is not accounted
for by the applied fixed effects. The model results show an increase by 5.8 % for one cent
per kWh increase in network tariffs. However, we cannot make reliable statements about
the effect of a shift of that magnitude, because the within standard deviation of network
tariffs in the model is significantly lower than one cent per kWh. We include a more detailed
discussion in Appendix 3.8.3.
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absorb their impact due to their relatively low within-variance, which is depicted
in Appendix 3.8.3.

Table 3.2: Main results

Model: (1) (2) (3) (4)
Dependent Variable: # of PV # of PV # of PV # of PV

tarifft−1 0.0578∗∗∗ 0.0914∗∗∗

(0.0061) (0.0208)
d<2012 × tarifft−1 0.0112

(0.0083)
d≥2012 × tarifft−1 0.0707∗∗∗

(0.0064)
∅-tarifft−1 0.0577∗∗∗ -0.0386∗

(0.0066) (0.0224)
income (log of) -0.0334 0.0230 -0.0374 -0.0332

(0.1497) (0.1488) (0.1502) (0.1495)
housetype 0.0041 0.0050 0.0037 0.0042

(0.0042) (0.0042) (0.0042) (0.0042)
age 0.0168 0.0184 0.0160 0.0171

(0.0136) (0.0136) (0.0137) (0.0136)
buildings (log of) -0.1225 -0.1363 -0.0988 -0.1287

(0.1688) (0.1688) (0.1687) (0.1689)

Fit statistics
observations 64,531 64,531 64,531 64,531
AIC 330,230 330,094 330,271 330,225
BIC 476,772 476,644 476,812 476,776
Log-Likelihood -148,967 -148,898 -148,987 -148,963

Robust standard errors clustered at the postcode level.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

We further examine whether the incentives for self-consumption have become
more relevant in recent years compared to the early years of PV adoption. There-
fore, we analyze how the change in the economics of PV investments from 2012
onward has affected the impact of network tariffs on PV installations in Germany
(c.f. Section 3.3). We include an interaction term between our binary dummy
variables (d<2012 and d≥2012) and the network tariff in regression (2). This esti-
mation allows us to compare the effect of network tariffs before and after 2012.
The results suggest that network tariffs did not significantly impact PV adoption
before 2012, while they do afterward. We estimate that, since 2012, an increase
in network tariffs of one standard deviation (0.34 eurocent per kWh) increases PV
installations by 2.4 %. A Chow test confirms the difference between the estimates
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of the two time-subsets, revealing significance at the 1 % level. Hence, we can
confirm our hypothesis that self-consumption has gained importance since 2012
when rising retail tariffs started to exceed declining feed-in tariffs.

We further examine how the different price components of nonlinear tariffs
impact PV installations. We make use of the volumetric and the fixed component
of network tariffs and test the theoretical expectation that PV adoption should
only be affected by the volumetric tariffs. In a first step, we estimate the impact
of average instead of the volumetric tariffs in regression (3). This estimation yields
similar results compared to our preferred model specification with the volumetric
tariffs in regression (1). In a second step, we jointly test the two alternatives in
the encompassing model (c.f. Equation 3.5). In regression (4), we include both the
volumetric (tarifft−1) and the average tariff (∅-tarifft−1). The coefficient of the
volumetric tariff is still positive and statistically significant, while the average tariff
does not have a statistically significant impact on the number of PV installations.
Thus, the encompassing test confirms the theoretical expectation that volumetric
tariffs drive PV investments. The results indicate that consumers differentiate
between the price components of the two-part tariff, which contributes to the
empirical evidence on consumers’ perception of nonlinear pricing. Consumers may
understand the taxonomy of the two-part tariff and base their investment decision
on the volumetric rather than an average tariff. However, given the aggregate
nature of our data, this finding should be complemented by further analysis of
microeconomic data.

In Table 3.3, we provide several robustness checks regarding our model specifi-
cation and our estimation strategy. In regression (5), we check our assumption
that PV adoption is impacted by the lagged network tariff rather than the con-
temporary one by using the contemporary tariff (tarifft) as our explanatory
variable instead of the lagged network tariff (tarifft−1). The results indicate
a positive effect of the current network tariff on PV adoption. However, the
coefficient is smaller compared to the impact of the lagged network tariff in regres-
sion (1). Moreover, in regression (5), the values of the two information criteria,
AIC and BIC, increase while the value of the log-likelihood decreases compared
to regression (1), implying that the explanatory power of our preferred model
specification is higher. This finding supports our assumption that households
respond to their electricity bill rather than current tariffs and, thus, may have a
rather short-sighted perception of prices.36

We aggregate our data to the next higher regional level (NUTS-3) in regres-
sion (6) to check whether our results remain valid at a higher regional aggregation.
The estimation suggests that, even under a higher regional aggregation, network
tariffs positively and significantly impact PV investments, supporting the results
derived from postcode-level data.37 In regression (7), we estimate our preferred
model specification without the postcode-specific time trends. We observe that
36An additional robustness check on tariffs further in the past can be found in Appendix 3.8.2.
37In Appendix 3.8.2 we further analyze whether the impact of network tariffs may differ between

regions and include a regression on state-specific effects of network tariffs on PV investments.
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Table 3.3: Robustness checks

Model: (5) (6) (7) (8) (9) (10)
Dependent: # of PV # of PV # of PV log(# of # of PV # of PV
Variable: PV+1) >300 kW

tarifft 0.0351∗∗∗

(0.0056)
tarifft−1 0.0725∗∗∗ 0.0540∗∗∗ 0.0478∗∗∗ 0.0550∗∗∗ -0.0468

(0.0153) (0.0047) (0.0056) (0.0045) (0.0520)
income (log of) -0.1770 -1.320∗∗ 0.6786∗∗∗ -0.0810 0.7198∗∗∗ 0.6676

(0.1468) (0.5806) (0.1241) (0.1462) (0.1140) (1.2350)
housetype 0.0152∗∗∗ 0.0286∗∗ 0.0017 0.0051 0.0027 -0.0690∗

(0.0038) (0.0144) (0.0030) (0.0036) (0.0028) (0.0342)
age -0.0043 0.0547 -0.0997∗∗∗ 0.0153 -0.1025∗∗∗ 0.2476∗

(0.0131) (0.0571) (0.0076) (0.0116) (0.0070) (0.1202)
buildings -0.1371 -0.5982 0.1874 0.0796 0.2362∗ -0.8075
(log of) (0.1543) (0.5511) (0.1379) (0.1386) (0.1285) (1.3720)

Fixed effects
PLZ Yes+slope Yes Yes+slope Yes Yes+slope
year Yes Yes Yes Yes Yes Yes
NUTS-3 Yes+slope

Distribution PQMLE PQMLE PQMLE OLS Neg.Bin. PQMLE

Fit statistics
observations 72,672 3,192 64,531 65,179 64,531 27,595
AIC 375,142 32,949 338,674 91,389 330,167 42,126
BIC 523,758 37,864 411,999 239,563 403,492 98,980
Log-Likelihood -171,406 -15,664 -161,257 -29,384 -157,003 -14,151

Robust standard errors clustered at the regional level.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

the positive and significant impact of network tariffs persists. Further, as expected,
income has a significantly positive and age a significantly negative impact on the
number of new PV installations. Hence, in our preferred model specification, the
postcode-specific time trends do indeed capture the assumed postcode-specific
demographic change and local economic growth.

To further check the robustness of our results, we apply alternative estimation
strategies to determine the impact of network tariffs on the number of PV
installations. First, regression (8) assumes a linear relationship, using an OLS
regression. To accommodate for the non-negative nature of our count data, we take
the log of the dependent variable to which we add one unit due to the presence of
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zero outcomes. Second, we estimate a negative binomial regression (9). Negative
binomial regressions make stronger assumptions regarding the distribution of the
dependent variable, which do not fully hold for our data. However, the results
can provide a robustness check. Overall, both results confirm the finding of
our preferred model specification, that higher network tariffs lead to more PV
installations.

Finally, we perform another robustness check of our hypothesis by replacing
the dependent variable with a sample of PV systems that should not be affected
by network tariffs. Regression (10) shows the results of such a placebo test. The
dependent variable is defined as the number of PV installations larger than 300 kW.
PV systems with this size can be assumed to be commercial systems, i.e., installed
on non-residential buildings or ground-mounted. Although non-residential network
users are also required to pay network tariffs, self-consumption should generally
not be the driving factor for PV investments in these cases. Rather, investment
decisions should be motivated by potential revenues from the sale of electricity.
Therefore, we expect network tariffs not to affect investment decisions for PV
installations larger than 300 kW. The regression results confirm this hypothesis,
as they do not show a significant impact of network tariffs on PV installations
larger than 300 kW.

3.7 Conclusion

Within a net purchasing system, investment incentives for residential PV arise
from feed-in tariffs and the value of self-consumption. With the latter becoming
the dominant economic driver, network tariffs, which constitute a substantial part
of the consumption costs, are expected to gain importance. By exploiting the
regional heterogeneity of network tariffs, we investigate whether network tariffs
encourage to invest in PV systems using a unique panel data set at the German
postcode level over the period 2009-2017. We further evaluate how the nonlinear
tariff structure impacts residential PV adoption.

We use a Poisson quasi-maximum likelihood estimator with conditional fixed
effects and provide additional robustness checks for various distributional assump-
tions and the regional aggregation level. All else equal, an increase in network
tariffs by one standard deviation (0.34 eurocent per kWh) is estimated to increase
PV installations by 2 %. Thus, our results indicate that network tariffs impact PV
adoption across Germany. We find evidence that the impact of network tariffs has
increased over time, supporting our expectation that the economic incentives for
self-consumption have become more important in recent years. Furthermore, our
analysis of the different price components indicates that the volumetric network
tariff drives PV adoption rather than the average price.

For policymakers, our results provide essential insights for upcoming reforms
of electricity price components. Our results suggest that households do react to
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price signals and that prices effectively guide investments. The current incentive
for self-consumption is a side effect of the retail tariff design in Germany. Due
to taxes, levies and the network tariff design, retail tariffs contain various price
components that are not necessarily aligned and, thus, may distort the investment
decision of the household in a way that is economically inefficient. If the retail
tariff is higher than economically efficient, the incentives for PV investments
are distorted. For instance, a feedback effect, as discussed in Jägemann et al.
(2013), arises when rising retail tariffs lead to rising residential PV expansion
and rising PV expansion, in turn, leads to increasing retail tariffs. Therefore,
from an economic point of view, it is essential to create price signals in the least
distorting way. In Germany, reform proposals are currently considered for the
network tariff system and include a shift from predominantly volumetric network
tariffs to a more substantial fixed network tariff. Other proposals aim for a
change in the EEG-levy that is currently paid exclusively on a volumetric basis.
Consequently, these reforms influence not only household consumption behavior
but also investment incentives for PV installations.

The regional variation of price signals may explain at least part of the present
heterogeneity of PV installations in Germany. However, as we use fixed effects to
control for unobserved heterogeneity between regions, our analysis is limited in
this regard. Further analyses could examine the impact of economic factors on
the regional heterogeneity across Germany in more detail. Furthermore, declining
costs for storage technologies, such as batteries, will further strengthen the case
for self-consumption in the residential sector. Therefore, future empirical research
could investigate the incentives that drive households to invest in combined PV
and storage systems. In a similar vein and in the light of currently increasing
adoption rates of electric vehicles and electric heating systems in the residential
sector, future empirical analyses could shed light on the impact of price signals on
these technologies. Finally, our analysis focuses on the influence of price signals
on the initial decision to invest in a PV installation. Another promising field
would be to supplement our results with empirical studies on consumption profiles
to provide insights into the short-term price sensitivity of households with PV
installations.

57



3 How prices guide investment decisions under net purchasing

3.8 Appendix

3.8.1 Further data statistics

Figure 3.3 illustrates the variation of the volumetric network tariffs, the fixed
network tariff and the number of PV installations between the years 2009 and
2017.

(i)

(ii)

(iii)

Figure 3.3: Temporal variation of (a) the volumetric network tariffs, (b) the fixed network
tariff, and (c) the number of PV installations
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As shown in Figure 3.3 (a) and (b) network tariffs have risen steadily over
the period under consideration. In particular, the median fixed tariff more than
doubled between 2009 and 2017. In addition, one can see that for both the
volumetric and fixed tariff the regional dispersion in the 25th to 75th percentile
across postcode areas has increased substantially, while the regional dispersion of
the number of PV installations has tended to decrease (see Figure 3.3 (c)).

3.8.2 Further robustness checks

With the following robustness checks in Table 3.4, we additionally check our
assumption that households respond to the previous years’ tariffs, i.e., tariffi,t−1,
by including tariffs further in the past. We test a regression with tariffi,t−2 and
one alternative with tariffi,t−3 instead of tariffi,t−1.

Table 3.4: Further robustness checks: time lags

Model: (11) (12) (13)
Dependent Variable: # of PV # of PV # of PV

tarifft−1 0.0231∗∗

(0.0086)
tarifft−2 0.0245∗∗∗ -0.0107

(0.0071) (0.0091)
tarifft−3 -0.0050 -0.0031

(0.0081) (0.0082)
income (log of) -0.1004 -0.4194 -0.4253

(0.2140) (0.3182) (0.3184)
housetype -0.0014 0.0034 0.0038

(0.0047) (0.0054) (0.0054)
age 0.0366∗ 0.0331 0.0336∗

(0.0155) (0.0170) (0.0171)
buildings (log of) -0.0403 0.01267 0.1075

(0.1839) (0.2178) (0.2186)

Fit statistics
observations 56,269 48,084 48,083
AIC 282,959.3 235,622.8 235,605.7
BIC 426,858.3 376,482.9 376,483
Log-Likelihood -125,380.6 -101,769.4 -101,758.9

Robust standard errors clustered at the postcode level.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

The results show that the impact of the lagged network tariffs tariffi,t−2 and
tariffi,t−3 decreases compared to the impact of tariffi,t−1. An encompassing test
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further supports this finding. The coefficient of tariffi,t−1 is the only significant
variable, at least at a 5 percent level, compared to tariffi,t−2 and tariffi,t−3. Hence,
the results further support our assumption.

Table 3.5: Further robustness check: regional results

Model: (14)
Dependent Variable: # of PV

BW × tarifft−1 0.1652∗∗∗ (0.0197)
BY × tarifft−1 0.0290∗∗∗ (0.0085)
BE × tarifft−1 -0.1352 (0.0929)
BB × tarifft−1 0.0559∗ (0.0232)
HB × tarifft−1 0.2740∗∗ (0.0872)
HH × tarifft−1 0.0659 (0.1405)
HE × tarifft−1 -0.0058 (0.0238)
MV × tarifft−1 0.0869∗ (0.0368)
NI × tarifft−1 0.0607∗∗ (0.0192)
NW × tarifft−1 0.0570∗∗ (0.0198)
RP × tarifft−1 -0.0678∗∗ (0.0255)
SL × tarifft−1 -0.0508 (0.0624)
SN × tarifft−1 0.1360∗∗∗ (0.0257)
ST × tarifft−1 0.0678∗ (0.0300)
SH × tarifft−1 0.1550∗∗∗ (0.0309)
TH × tarifft−1 0.2682∗∗∗ (0.0432)
income (log of) -0.0273 (0.1487)
housetype 0.0044 (0.0043)
age 0.0158 (0.0136)
buildings (log of) -0.1350 (0.1685)

Fit statistics
observations 64,531
AIC 329,958
BIC 476,636
Log-Likelihood -148,816

Robust standard errors clustered at the postcode level.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

In another model variation (14, Table 3.5), we include an interaction term
between binary dummy variables for the 16 German states and the network tariff.
This estimation allows us to compare the regional effect of network tariffs on PV
investments. The model specification is based on the assumption that while the
effect of the network tariffs differs between states, the effects of the covariates
and time-specific fixed effects do not. The results suggest that network tariffs
significantly impact PV investments in a selection of states (BW, BY, SN, SH,
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TH), with the highest effect being in HB and the lowest in BY. An explanation for
the different sizes of the effect could be differences in awareness for PV investments
in different states. A reason why we cannot identify a significant effect for most
states could be the low within-variance of network tariffs in the respective state.
Because of the low within-variance of the state-specific tariffs and because the
results depend on the assumptions made about the effects of the covariates and
the annual fixed effects, the results should be treated with caution. Therefore,
we interpret the results as indicative of the existence of regional differences in
the effect of network tariffs on PV investments. However, a detailed analysis of
these differences is outside the scope of this paper and remains subject to future
research.

3.8.3 Within-variance of the covariates in our sample

Using a fixed effects approach, we exploit the within-region variation of our
explanatory variables to identify their impact on our dependent variable. By
including time fixed effects, we control for overall developments over time. While
this allows us to isolate the effects under investigation, i.e., the effect of network
tariffs on PV investments, it prevents us from making statements about the
influence of covariates that have little or no within-region variation after controlling
for time fixed effects. By regressing the explanatory variables on our fixed effects,
we calculate the variation in these variables used to estimate the coefficients in
our fixed effects model. The standard deviations of these residuals, calculated
for the preferred specification of our model (1) and the specification without the
postcode-specific slope (7), are shown in Table 3.6. The given values may aid in
interpreting and classifying the estimated treatment effects of the explanatory
variables. For a detailed analysis on the interpretation of fixed effects, refer to
Mummolo and Peterson (2018).

Table 3.6: Within standard deviation

Model: (1) (7)

tarifft−1 (ct/kWh) 0.34 0.49
income (log of) 0.02 0.03
housetype (%) 0.63 0.96
age 0.18 0.43
buildings (log of) 0.02 0.02
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4 On the functional form of short-term
electricity demand response - insights from
high-price years in Germany

4.1 Introduction

In traditional, centralized power systems, demand is matched by supply from
conventional and dispatchable electricity generation units. In this system, the
potential of demand reacting flexibly to prices at short notice has played a
subordinate role. With the increase in intermittent generation and the declining
capacity of dispatchable power plants, understanding the short-term own-price
elasticity of electricity demand becomes increasingly important in understanding
market realities. Demand response becomes more relevant in the high-frequency
matching of supply and demand as supply from intermittent generating units
fluctuates.

Obtaining accurate estimates of short-term own-price elasticities of electricity
demand is, therefore, important in planning the future electricity system. As-
sumptions on how electricity demand reacts to prices in peak load situations
influence the extent of future capacity needs. Assumed short-term elasticities
thus influence the design of capacity mechanisms such as capacity markets or
payments.

In addition, reliable information about the demand response in the electricity
market can improve operational decisions, e.g. in grid operation or the dispatch
of generation units.

Both in the case of medium and long-term planning decisions and the case
of short-term operational decisions, elasticity information is incorporated into
quantitative models. Various models, e.g. electricity market models, price forecast
models, infrastructure models or general-equilibrium models, exist in academia
and the industry that inform policy and business decisions. All these models
require precise information on price elasticities.

The level of short-run own-price elasticities of electricity demand38 is of particu-
lar interest in high-price situations. In the last two years, prices in Germany have
been drastically higher and more volatile than historically. The corresponding

38Since the present paper deals with own-price elasticities, for simplicity, "price elasticity" or
"elasticity" is used synonymously with "own-price elasticity of electricity demand" in the
remainder of the paper.
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availability of new observations on demand response offers the opportunity to
update estimates of demand elasticity, with a specific focus on situations character-
ized by high prices. Furthermore, this provides a chance to explore the functional
relationship between demand response and price levels. By incorporating these
new observations, a more refined understanding of how demand responds to
varying price levels can be attained. So far, there are no estimates of short-term
elasticities that include data from these high-price years or any other information
concerning comparably high prices.

Demand responses are commonly characterized using either linear or exponen-
tial price-demand relationships. The latter is modeled by applying the natural
logarithm to both variables and implies a constant elasticity (log-log specifica-
tion). While the disparities between these two approaches are likely small at
lower price levels, the question arises as to their compatibility with the observed
wide-ranging price dispersion. Since the shape of the demand curve is unknown
ex-ante, this research aims to address the superiority of one assumption over the
other, drawing upon theoretical expectations derived from the electricity market
under consideration and the available data. In the course of this, this study will
explore the extent to which estimates of demand elasticities, considering the newly
available data on high prices, differ from existing estimates.

Consequently, the present study firstly discusses the two distinct functional
forms of demand-price response against the background of the German electricity
market. Based on the insights gained from this examination, hypotheses are
formulated for the empirical study. Subsequently, short-term own-price elasticities
are estimated using data spanning the years 2015-2022 in the German wholesale
electricity market, employing both functional forms. Recognizing the endogeneity
issue between demand and prices, a two-stage least squares approach (2SLS)
is employed, utilizing the day-ahead forecast of wind power generation as an
instrumental variable for day-ahead electricity prices. Particular attention is paid
to whether the short-term elasticity changed in 2021 and 2022 when consumers
faced higher prices. To facilitate this examination, the analysis is divided into
two distinct periods: the "low-price years" 2015-2020 and the "high-price years"
2021-2022.

Three hypotheses are put forward and then empirically confirmed: Firstly, in
low-price years, the assumption of a linear relationship between demand and price
yields similar average elasticities as the assumption of constant elasticities. This
similarity, however, is not clear-cut and does not hold in high-price years. Secondly,
when assuming a linear relationship between price and demand, the estimates for
the demand response to a price increase of 1 EUR/MWh differ significantly between
high- and low-price years (–34.3 MW/(EUR/MWh) vs –109.4 MW/(EUR/MWh)).
The discrepancy arises, as the linear specification cannot account for decreasing
absolute demand flexibility with increasing prices. Lastly, under the log-log
specification, which assumes a constant elasticity, estimates are much closer
together (–5.3% vs –4.2%). The exponential nature of the log-log function
accounts for the decline in absolute demand response (per price change of 1

64



4.2 Literature review and contribution

EUR/MWh) at high prices, resulting in more consistent estimations across the
price range.

The paper is organized as follows. Section 4.2 provides an overview of the
empirical literature on short-term (hourly) price elasticity estimation and the
contribution of the paper at hand. Section 4.3 outlines basics of the German
wholesale electricity market. Further, the Section introduces the two assumptions
for the functional form of the demand function, discusses their properties and
formulates hypotheses for the empirical study. Section 4.4 introduces the empirical
strategy, drawing on the findings from Section 4.3, while Section 4.5 presents the
data set utilized. The empirical results are shown and discussed in Section 4.6
before the paper concludes with Section 4.7.

4.2 Literature review and contribution

There is a wide range of literature on empirical estimation of price elasticities
in the energy and electricity sectors. A general distinction is made between
self-elasticity or own-price elasticity, i.e. the elasticity of demand to changes in
the price of the good itself, and cross-price elasticities, i.e. the response of demand
for one good to changes in the price of another good (in the case of electricity, for
example, the price of electricity at other points in time (e.g. Filippini (2011)) or
the price of natural gas (e.g. Woo et al. (2018) or Gautam and Paudel (2018)).
Most papers, like the one at hand, deal with own-price elasticities. For readers
who are interested in existing elasticity estimates, papers with comprehensive
summaries of elasticity estimates and estimation methods have been published
(Andruszkiewicz et al., 2019; Boogen et al., 2017; Ciarreta et al., 2023). In addition,
explicit meta-studies have been conducted to review the state of research (Espey
& Espey, 2004; Labandeira et al., 2017).

This paper seeks to estimate short-term price elasticities. Here, "short-term"
refers to the hourly price reactions of consumers. The estimation and analysis
of demand reactions in an hourly resolution (sometimes also called "real-time"
elasticities (Lijesen, 2007)) constitutes a much smaller strand of literature. In this
context, a distinction can be made between papers whose analyses are based on
individual consumer consumption data and those that draw on aggregated data.

Taylor et al. (2005), Wolak (2011), Cosmo et al. (2014), and Fabra et al. (2021)
use individual measurement data to examine the hourly demand response of
individual consumers to various dynamic, time-of-use, or real-time pricing tariffs
in different countries. These studies can be used, for example, to assess the
impact and reactions of customers to the introduction of new price regulations.
In contrast, there are studies that do not focus on individual consumers but
on the overall demand response at the system level. As in the present paper,
the goal is not to find out how pricing or taxation schemes affect individual
consumers but rather to determine what demand reactions are caused by prices at
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the national level in the status quo. The first paper addressing this question for
the Netherlands, based on data for the year 2003, is Lijesen (2007). He utilizes the
lagged electricity price as instrumental variable to account for the simultaneity
issue between price and demand. He estimates the price elasticity based on a
linear specification of the demand curve to be –0.0013 and based on a logarithmic
form to be –0.0043 . These values are very low and imply an almost completely
inelastic demand in the short run. Hirth et al. (2023), however, argue that the
exogeneity assumption for the use of lagged prices as an instrumental variable,
given the strong serial correlation and intertemporal interrelations, is unlikely to
hold.

For Germany, three papers estimate hourly price elasticities of electricity
demand. The first is Bönte et al. (2015). The paper uses ask prices from the
EPEX SPOT power exchange for 2010-2014 to estimate a short-term elasticity
of –0.43 . This approach fundamentally differs from the one used in the present
paper, as I utilize day-ahead prices and data on the realized aggregated demand.
In contrast to the realized aggregated demand, the demand curves of the power
exchange do not include the entirety of demand. However, they do include power
traded over several markets and financial stages (Hirth et al., 2023) as well as
prior internal matching of supply and demand of the market participants (Knaut
& Paulus, 2016) (see Section 4.3.1).

The two papers that are methodologically closest to the one at hand are Knaut
and Paulus (2016) and Hirth et al. (2023). Both papers use wind power generation
as instrumental variable to estimate the hourly price elasticity of electricity demand
in Germany. Knaut and Paulus (2016) estimate the elasticity, based on data for
2015, to be between –0.02 and –0.13 , depending on the time of day. They assume
a linear demand curve. Hirth et al. (2023) use data from 2015-2019 to estimate
the average elasticity at –0.051 , assuming a linear price-demand relationship. The
results are thus consistent with those of Knaut and Paulus (2016). The paper
further includes regression models assuming a log-linear relationship39 as well as
non-parametric models and various sensitivities and robustness checks.

The present work adds to the literature in two ways. First, no previous work
includes data from 2021 and 2022, the years in which prices were significantly
higher than historically. The observations from recent years provide an opportunity
to gain a better understanding of the demand response at high prices. Therefore,
the analysis focuses on the two most commonly assumed functional forms of the
demand curve: linear and log-log. While Lijesen (2007) uses both variants but
does not discuss the differences in estimates, Bönte et al. (2015) uses only the
log-log variant, Knaut and Paulus (2016) only the linear approximation, and Hirth
et al. (2023) the linear, a log-linear, and non-parametric forms, but not the usual
log-log variant. Given the wide dispersion of prices in recent years the implicit

39Log-linear here means that the dependent variable (demand) was logarithmized, but not the
explanatory variables. Alternatively, this procedure is also referred to as semi-log or log-level,
while confusingly log-linear can also refer to models in which the explanatory variables are
also logarithmized (here refered to as log-log).
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differences between the approaches could become more pronounced. Therefore,
a well-founded discussion of the differences, implications and validity of both
assumptions under current circumstances is needed.

4.3 Background

To support the interpretation of the applied method and results, this Section
defines the estimated elasticities and explains the basics of the German wholesale
electricity market and the demand response to be measured. Subsequently, the
two applied assumptions for the functional form of the demand function are
introduced, their properties are discussed, and hypotheses are formulated for the
empirical study.

4.3.1 Short-term elasticity and wholesale prices

Price elasticity can be defined for different time scales. Long-run elasticity usually
refers to demand adjustments over several years and thus include adjustments of
the capital stock. Short-run elasticity is often defined as adjustments within one
year (Labandeira et al., 2017). In the present analysis, short-term refers to an even
shorter time scale: the demand response on an hourly basis. Sometimes this is also
referred to as real-time elasticity (Hirth et al., 2023; Lijesen, 2007). Own-price
elasticity of demand, the kind of elasticity covered in this paper, denotes the
relative change in demand for a relative change in price for the product. As
elasticities are not necessarily constant for all price-demand combinations, the
own-price elasticity of demand (ϵ) can be calculated based on the absolute changes
at a specific combination of price and demand using Equation 4.1.

ϵ =
%∆demand

%∆price
=

∆demand

∆price
· price

demand
(4.1)

In order to estimate the elasticity according to Equation 4.1, one needs informa-
tion on price and demand. For the price, I rely on the hourly day-ahead prices from
the German wholesale electricity market (EPEX SPOT). Via an auction, supply
and demand are traded daily at noon for each hour of the following day. Not all
electricity volumes are procured on the power exchange. Alternatively, there is
the option of bilateral trading or own-generation of required electricity quantities.
Nevertheless, the day-ahead prices can be seen as relevant benchmarks for the
other procurement options, as they form the opportunity costs for consumers and
producers. Two aspects have to be considered further to interpret the estimated
short-term price elasticities when using wholesale day-ahead prices. First, not
all consumers are exposed to the hourly variation of electricity exchange prices.
Residential electricity customers, for example, usually purchase their electricity
at a fixed price per kWh from their electricity supplier. Other consumers acquire
their electricity demand directly, such as energy-intensive industries. These are
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exposed to electricity price variations. Accordingly, the estimated demand re-
sponse measures the demand response of these electricity consumers only. Second,
electricity consumers are confronted with other price components besides the
wholesale electricity price, such as taxes and surcharges, as well as regulatory
incentives. Accordingly, the elasticity estimates are dependent on the existing
regulatory background.

For the demand I utilize data on the hourly realized aggregated electricity
demand in Germany. As described, while not all of the realized demand is traded
at the day-ahead market, the day-ahead price is still a valid benchmark for the
procurement cost of the entire demand. However, it should be emphasized that
after the day-ahead prices are set, there is still continuous intraday trading that
can affect realized demand. The estimate cannot reflect corresponding dynamics,
e.g. triggered by unexpected events such as power plant outages (Lijesen, 2007).

As an alternative to using the day-ahead price and realized demand, it is also
conceivable to use the aggregated hourly demand curves based on ask bids at
the power exchange, e.g. EPEX SPOT, to estimate the price elasticities. Knaut
and Paulus (2016) argue, however, that this is not easily possible, as market
participants already match parts of their demand and supply internally before
submitting their bids, which distorts the observable demand curve in the market.
Furthermore, the observable demand curve on the wholesale market does not
correspond to the real demand curve because it only reflects the volumes traded
on the wholesale market and includes electricity that is traded over several market
and financial stages (Hirth et al., 2023).

4.3.2 Functional forms of demand-price response and hypotheses

The actual demand curve in the electricity market is not known ex ante. When esti-
mating elasticities, different functional forms of the demand-price relationship can
be assumed. Two central options are the linear price-demand relationship and the
exponential relationship described via constant elasticities (log-log specification).

In the literature, the linear approximation of the demand function according
to Equation 4.2 is applied for example in Fabra et al. (2021); Hirth et al. (2023);
Knaut and Paulus (2016); Lijesen (2007).

demand = b · price+ a (4.2)

When estimating the demand response based on the linear formulation, one
estimates the slope b of the demand-price curve. This slope is constant across all
price levels. The elasticity corresponding to Equation 4.1 then varies depending on
the point on the curve, since the absolute demand response ∆demand

∆price is constant,
but the price-demand combination price

demand is different at each point of the curve.
The elasticity is then lower for low and higher for high prices. The results of
this estimation are often communicated as average elasticity ϵ, calculated with
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Equation 4.3. This approach is convenient, but one must keep in mind that this
average elasticity value is only valid for a single point on the linear demand-price
curve (see Figure 4.1 (a)).

ϵ = b · price

demand
(4.3)

Alternatively, the demand function is often assumed to have a log-log functional
form according to Equation 4.4 (e.g. Bönte et al. (2015); Boogen et al. (2017);
Lijesen (2007)). This specification is based on the formation of the natural
logarithm for both the dependent and the explanatory variables. The assumed
relationship between demand and price is exponential. Confusingly, the term
log-linear is also used to describe this specification. However, since this can lead to
confusion with specifications in which only the dependent variable is logarithmized
(also called semi-log or log-level), I use the term log-log specification in this paper,
following Wooldridge (2013).

ln(demand) = c · ln(price) + d (4.4)

The parameter c, when estimated based on the assumption of a log-log demand
function, can then be directly interpreted as a constant price elasticity of demand
(see Figure 4.1 (a)). Using the approximation that log(1 + x) ≈ x for small x,
the parameter c expresses the percentage change in demand for a one percent
change in price, independent of the price level (Wooldridge, 2013). Thus, the
log-log functional form assumes that the absolute effect of a price change on
demand decreases with the price. Accordingly, the absolute demand response
(per price change of 1 EUR/MWh) differs between linear and log-log specification,
particularly at the edges of the curve, i.e. at very high prices.

(i) (ii)

Figure 4.1: Stylized demand-price functions: linear (i) and log-log (ii)

As previously discussed, not all electricity market participants are confronted
with the wholesale electricity price signal, resulting in a portion of demand that
is completely unresponsive to short-term price changes. Figure 4.2 presents a
highly stylized depiction of the composition of electricity demand during a specific
hour. The total demand is divided into segments based on the maximum price
that consumers are willing to pay before they curtail or shift their consumption.
The shaded segment (< d1) represents the perfectly inelastic portion of demand,
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4 On the functional form of short-term electricity demand response

such as the demand from household customers not exposed to price signals.
Additionally, there are demand segments comprising customers who can adjust
their consumption in response to wholesale market price signals (yellow areas).
The extent to which these customers reduce or shift their consumption depends on
their flexibility and opportunity costs. The figure illustrates this flexible demand
using six equally sized demand shares. Starting from the bottom, the first segment
represents industrial companies that only modify or shift their production at very
high electricity prices (p1). This is followed by increasingly flexible industrial and
service applications, ultimately leading to flexible consumers such as storage units
that curtail consumption even at relatively low prices. The size and number of
these segments, the extent of demand reduction at different price levels, and, thus,
the actual shape of the demand function are, in reality, unknown.

Function D1(p) serves as an illustrative linear demand function that captures
the demand behavior in the low price range (< p1). However, at high prices, the
linear demand function deviates significantly from the assumed demand structure.
Increasing the slope of the function may improve its representation of the low
demand response to high prices, but this improvement comes at the cost of
accurately depicting the demand response at low prices.

In contrast, Function D2(p) represents an exemplary log-log demand function.
It maintains similarity to the linear description in the low price range, effectively
capturing the demand structure. However, the model exhibits a good fit for
the price range characterized by predominantly inelastic demand, thanks to
its exponential characteristics that effectively capture the diminishing demand
response as prices increase.

Certainly, there are other possible functional forms for the demand curve, such
as piecewise linear functions, that can accurately represent these relationships.
However, for the purpose of this paper, I focus on the two central options presented.
In doing so, I aim to capture the fundamental characteristics of the demand
response to price changes without delving into the complexities introduced by
alternative functional forms.

Three hypotheses are derived from these observations, which will be substanti-
ated in the following through empirical estimation:

Hypothesis 1: At low prices, estimates based on both assumptions yield
similar results. The average elasticity based on the linear assumption will be
similar to the constant elasticity derived from the log-log description.

Hypothesis 2: The estimators based on linear functions will exhibit signifi-
cant differences depending on whether low or high prices are considered. This
discrepancy arises from the observation that demand at high prices tends to have
limited flexibility, leading to distinct estimations.

Hypothesis 3: Estimators using the log-log approach will demonstrate smaller
differences between estimates based on low and high prices. This is because
the exponential nature of the log-log function takes into account the decrease
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in absolute demand response (per price change of 1 EUR/MWh) at high prices,
leading to more consistent estimations across the price range.

Figure 4.2: Stylized demand structure.

4.4 Empirical strategy

The objective of the analysis is to estimate the short-term (i.e. hourly) response
of electricity demand in Germany to changes in electricity prices. Equation 4.5
shows the estimated relationship as a linear regression model.

Demandt = α0 + α1 · Pricet +α2 ·Xt + ϵt (4.5)

The variable Demandt represents the hourly realized electricity demand in Ger-
many, while the variable Pricet represents the deflated (real) hourly day-ahead
electricity price in the German electricity market. Xt denotes a vector of covari-
ates.

The interaction of demand and supply endogenously determines price and
realized demand. Due to this simultaneity, the explanatory variable Pricet is
endogenous: In a linear regression model (as shown in Equation 4.5), the Pricet
is correlated with the error term ϵt. An estimation of the response of demand to
changes in price using a common linear regression model is therefore biased.40

To handle the simultaneity issue, I apply a two-stage least squares (2SLS)
approach, using an instrumental variable (IV) for the endogenous explanatory
variable of the electricity price. As IV, I utilize the grid operators’ day-ahead
wind power generation forecast. Figure 4.3 illustrates the relationship between
the outcome Demandt, the central explanatory variable, or treatment, Pricet,
and the IV day-ahead forecast of wind power generation Windt.

40In Appendix 4.8.1, the main model results of this paper are compared to the results of an
OLS estimation to show magnitudes of bias.
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Figure 4.3: Instrumental variable estimation approach.

The chosen IV meets the three criteria central to an appropriate instrument
choice: The relevance and exogeneity criteria as well as the exclusion restriction
(indicated in Figure 4.3). First, Windt is relevant as an instrument for the
treatment variable Pricet as it is correlated with Pricet: electricity generation
from wind has, ceteris paribus, a negative effect on the price of electricity because
electricity from wind turbines is offered in the market at marginal costs close to
zero. As a result, more expensive forms of generation, such as coal or gas-fired
power plants, are priced out of the market equilibrium. In Section 4.6, it is
shown quantitatively that Windt has significant and high explanatory power for
Pricet. Since day-ahead prices are determined by auction at noon the day before
delivery, they are not driven by the realized wind generation but rather by the
market participants’ expectation of the wind generation of the following day. The
grid operators in Germany are obliged to publish a forecast for the wind power
generation of the following day.41 The forecast is transmitted daily at 6 pm.
Thus, it represents the best publicly available approximation of the generation
expectation at the time of price formation and is therefore used as IV.42.

As the second criterion, the IV must be exogenous with respect to the instru-
mented and explained variables. The wind power generation forecast is unaffected
by price and demand changes. It depends only on the installed capacity of the
wind turbines and the weather forecast for the delivery time.

Third, the exclusion restriction must apply to the IV. That is, the wind power
generation forecast does not affect electricity demand in any way other than
through the price of electricity. This should be true in principle, but there might
be correlations between wind power generation and electricity demand due to

41Art. 14 Par. 1 c) Commission Regulation (EU) No. 543/2013
42Alternatively, using the realized wind power generation as IV would also be possible (e.g.,

Hirth et al. (2023)) However, the actual wind power generation is unknown at the moment
of pricing. Also, data on actual generation includes curtailment, e.g. due to grid congestion.
However, using actual wind power generation as IV hardly changes the results of the present
analysis, as is shown in Appendix 4.8.2
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weather coincidences. For example, it is conceivable that periods of high wind
generation (i.e. in winter) coincide with periods of increased electricity demand
for heating applications. To isolate these weather correlations from the estimation,
dummies for months and hours of a day as well as heating and cooling degrees
are introduced in the estimation model.

As an alternative or addition to the selected IV, day-ahead wind generation
forecast, one could utilize the photovoltaic (PV) generation or the day-ahead PV
generation forecast as instruments. However, there are two reasons to assume
that the exclusion restriction of a valid IV is not met for PV generation (and the
forecast of it). First, small rooftop PV systems do not consistently provide hourly
metering data, so the grid operators’ data are partly based on estimates. Therefore,
measurement errors that correlate with prices are conceivable and would distort
the price-demand response estimation (Hirth et al., 2023). Second, Frondel et al.
(2022) show that there exists a so-called solar rebound effect, i.e. more electricity
is consumed when solar electricity is generated. A potential correlation between
PV generation and demand would violate the exclusion restriction. However, to
account for the potential correlation between solar generation and demand, the
day-ahead PV generation forecast is included in the model as a control variable.43

Equation 4.6 and 4.7 show the simultaneous equation model. Here a linear
relationship between Demandt and Pricet is assumed. As alternative model
specification logarithmized variables are utilized, following the discussion in
Section 4.3.2.

Pricet = γ0 + γ1 ·Windt + γ2 ·Ct + γ3 ·Dt + ϵt (4.6)

Demandt = β0 + β1 · Pricet + β2 ·Ct + β3 ·Dt + µt (4.7)

Due to the simultaneity of the two equations, the model is solved via the two-stage
least squares (2SLS) approach. In the first stage, Pricet is the response variable,
and the IV Windt is the primary explanatory variable. In the second stage,
Pricet is then replaced with the predicted values from the first stage to estimate
the causal effect of Pricet on Demandt. In both stages, there are further controls
included in the model. Ct is a vector of covariates, including the hourly day-
ahead forecast for PV generation, daily deflated gas, coal and European emission
allowances (EUA) prices, as well as hourly heating and cooling degrees. Dt is
a vector of dummy controls. Yearly dummies account for changes in generation
capacity over time, while monthly dummies correct for seasonal effects in demand
and prices. Dummies for the different days of the week and for the different hours
of a day control for varying demand structures over time.44 ϵt and µt are error
terms.

43As a sensitivity analysis, in Appendix 4.8.2, the estimations are run with the day-ahead PV
generation forecast as an additional instrument. The results differ only slightly from the
main result, with the estimators for the demand response being slightly lower.

44Appendix 4.8.3 shows the effect of adding each dummy control to the model
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For a precise understanding and interpretation of the model results, it is crucial
to acknowledge the presence of autocorrelation in variables within the model.
The selected estimation model does not only estimates the demand response to
the price in a specific hour but also implicitly includes intertemporal cross-price
elasticities with the preceding and subsequent hours (Hirth et al., 2023). This
implies that the effects of price fluctuations extend beyond a single hour, capturing
interdependencies across time. For instance, due to the possibility of load shifts,
the expectation of high prices in a particular hour may influence demand in
preceding and subsequent hours.

Following the discussion in Section 4.3.2, the model is further estimated with
logarithmized variables, namely as a log-log specification. For heating and cooling
degrees as well as PV generation, a constant of 1 is added beforehand, owing
to the presence of zero values. Since the natural logarithm of negative and zero
values is not defined, respective data points of negative prices are removed. This
eliminates 1.4% (909) of the data points under consideration. Thus, information
about demand response to negative prices is lost. However, this is not a problem
since the present analysis focuses on demand response when prices are high.

To account for the serial correlation in the data, heteroscedasticity and autocor-
relation (HAC) robust standard errors are calculated, for all model specifications.
Specifically, the standard errors are calculated using Newey-West kernel with
automatic bandwidth selection.45

4.5 Data

The basis of the analysis is an hourly data set for 2015-2022, with a total of
70,024 observations.46 To ensure that special effects of public holidays and bridge
days do not distort the estimation, corresponding data points and the period
between Christmas and New Year were removed from the data set, leaving 65,920
observations.

The hourly values of the dependent variable Demandt are taken from the Total
Load timeseries published by the European Network of Transmission System
Operators (ENTSO-E)(ENTSO-E, 2023).47 Figure 4.4 depicts the temporal
variation in German electricity demand in the dataset. Over the course of a
day demand is highest around 11:00 am and lowest at night at around 2:00 am.
Demand is lower at weekends than on weekdays and lowest on Sundays. The

45Estimates are carried out using ivregress from StataCorp (2021).
46The data set does not include the first 96 hours of 2015, as data on day-ahead electricity

prices is not available.
47All data from the ENTSO-E Transparency Platform used in this analysis is on country

level "Germany" and was downloaded on 28.02.2023. The latter is important as values
are regularly updated, especially on electricity demand. Information on the ENTSO-
E data can be found at https://transparency.entsoe.eu/content/static_content/
Static%20content/knowledge%20base/knowledge%20base.html
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4.5 Data

electricity demand also shows a seasonal trend, with demand being higher in
winter than in summer. When comparing the years, two years, 2020 and 2022,
stand out, in which the median electricity demand deviates downward from the
other years. For 2020, the effect of the Covid-19 pandemic can be assumed as
the cause; for 2022, the reason could be the energy crisis and the associated high
electricity prices.

Figure 4.4: Temporal variation in the variable Demandt, 2015-2022, from (ENTSO-E,
2023).

Hourly day-ahead wholesale electricity prices Pricet are taken from Day-ahead
prices timeseries of ENTSO-E (2023). These prices are the result of the German
day-ahead auction at the EPEX power exchange. The nominal prices from ENTSO-
E (2023) are deflated using the Consumer Price Index (CPI) from Statistisches
Bundesamt (Destatis) (2023) to the level of January 2015 in order to account for
the impact of inflation and accurately assess the demand response without the
confounding effects of rising prices over time.48 In Figure 4.5, the variance of
real prices over time is shown. With the exception of the annual figure, the price
distributions are characterized by a large number of positive outliers. These occur
due to the extremely high electricity prices in 2021 and 2022 compared to previous
years. Prices above 100 EUR/MWh occurred very rarely in the years 2015 to 2020,
which is evident in the annual figure. Due to this significant difference in price
levels and variance, the analysis performed is based on the split of the data set
into the low-price years (2015-2020) and high-price years (2021-2022). According
to the literature (e.g. Wolff and Feuerriegel (2017)), one would expect prices to be
higher in winter than summer, as demand increases and solar generation declines.
Based on the figure, this relationship can not be clearly demonstrated, due to
the extremely high prices in July to October 2022. Prices tend to be lower on

48For the same purpose, other price data (gas, coal and EUA prices) are also adjusted for
inflation using the CPI. Thus, with the exception of the literature results, all EUR values
presented reflect real values based on the reference point of January 2015. The central
results of the analysis remain unchanged even if nominal prices are used. However, the linear
estimates for the price variables are slightly lower in that case.
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weekends than during the week, and there are two price peaks during the day,
once at 8:00 am and once at 7:00 pm.

Figure 4.5: Temporal variation in the variable Pricet, 2015-2022, from (ENTSO-E, 2023).

As described in the methodological discussion in Section 4.4, the day-ahead wind
generation forecast of the grid operators Windt is used as IV for the endogenous
variable Pricet. Together with the forecast for solar generation, the forecast
values are available from ENTSO-E (2023) as the hourly time series Day-Ahead
generation Forecast Wind and Solar. The forecast of solar generation PVt is used
as a covariate in the model, as PV generation is potentially correlated with the
demand (see Section 4.4). For both variables, a negative effect on the electricity
price is to be expected. Figure 4.6 shows the time variation of the two variables.
Both variables show an increasing trend over the past years, corresponding to
the increase in generation capacities. However, due to the weather dependency,
this is subject to a wide dispersion. Both variables also show a strong seasonal
structure: While electricity generation from wind is particularly high in winter,
solar electricity generation is high in summer. The intra-day structure is much
more pronounced for solar electricity than wind generation: while no PV electricity
is generated at night, most electricity is generated at noon.

Besides the day-ahead PV generation forecast, several additional covariates are
used in the model. Further covariates that affect the supply side of electricity
pricing are fuel prices and prices for emission allowances, which determine the
marginal costs of conventional power plants. As they are not available on hourly
basis, they further do not qualify as IV in this setting. Since the marginal cost
of generating electricity in conventional power plants increases with the fuel and
certificate prices, a positive effect on the electricity price can be expected for
all three variables. For the coal price Coalt the daily prices for coal imports at
the Amsterdam-Rotterdam-Antwerp (ARA) trading point are utilized.49 As gas
price, the daily prices for natural gas at the reference trading point TTF are

49Coal (API2) CIF ARA (ARGUS-McCloskey).
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Figure 4.6: Temporal variation in the variables Windt (top) and PVt (bottom), 2015-
2022, from (ENTSO-E, 2023).

included.50 Daily prices for European Emission allowances (EUA) are taken from
ICAP (2023). Figure 4.7 shows the deflated fuel and certificate prices compared
to daily averages of the deflated day-ahead electricity price. The increase in prices
in 2021 and especially in 2022 is particularly noteworthy. As a result of the war in
Ukraine, gas prices in particular reached record levels. The electricity price follows
the development of the underlying fuel prices. The correlation is particularly
evident for the gas price.

Heating and cooling degrees are used as covariates on the demand side. The need
for heating or cooling implies correspondingly higher electricity demand. Therefore,
a positive correlation between electricity demand and heating or cooling degrees
can be expected. For the calculation of hourly heating degrees and cooling degrees
temperature data by region is taken from Copernicus Climate Change Service
(2020)51. By weighting the temperatures with the region specific population from
Eurostat (2023), I derive population weighted average temperatures for Germany.
Hourly heating and cooling degrees are then calculated based on a temperature
threshold of 15 °C.

50Dutch TTF Natural Gas Futures.
51Air temperature at an altitude of 2m for NUTS3 regions.
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Figure 4.7: Daily average electricity price, gas, coal and EUA price in 2015-2022.

Table 4.1 gives an overview over descriptive statistics of the used data.

Table 4.1: Descriptive statistics, 2015-2022 (N = 65,920)

Variable Mean Median SD Min Max Source

Demand (MW) 57348 57393 9963 33542 81077 ENTSO-E
Price (EUR/MWh, 01/2015) 61.84 37.44 75.64 -127.35 732.52 ENTSO-E
Wind (GW) 11.95 9.17 9.39 0.24 47.23 ENTSO-E
PV (GW) 4.88 0.21 7.48 0 37.78 ENTSO-E
Gas (EUR/MWh, 01/2015) 31.02 17.55 37.33 3.25 285.27 ICE Dutch TTF
Coal (EUR/MWh, 01/2015) 11.98 8.88 9.37 4.71 49.13 API2 CIF ARA
EUA (EUR/tCO2, 01/2015) 24.46 19.19 21.73 3.81 84.68 ICAP
HD (°C) 5.84 4.86 5.63 0 27.04 CDS
CD (°C) 1.43 0 2.98 0 20.75 CDS

4.6 Empirical results

I estimate the short-run elasticity of electricity demand for Germany using the
2SLS approach described in Section 4.4, both for the linear and the log-log model
specification. First, the results for the first stage are examined concerning the
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validity of the approach before the second-stage model results are discussed. I
distinguish between low-price and high-price years to investigate whether the
elasticities differ for the time periods and, thus, for the different price ranges. In
addition, further sensitivities are discussed.

4.6.1 First stage

Table 4.2 shows the results of the model in linear (1a) and log-log (1b) specification.
In both variants, the estimator for the instrumental variable Windt, i.e., the day-
ahead wind generation forecast, is significant. In the linear model, 1GW of
additional wind generation, ceteris paribus, leads to a price decrease of around
1.8EUR/MWh. Similarly, the second model results state that a one percent
increase in wind generation leads to a 0.31% decrease in price.52 The partial
R squared shows for both models that Windt explains a relevant part of the
variance of the price. In addition, the Montiel-Pflueger robust weak instrument
test was performed for both model specifications. The F-statistics of the tests at
5% confidence level are 11,151 and 8,110, respectively, which is well above the
critical value of the test of 37.42. Based on the test result and the significance at
the first stage, I conclude that Windt is indeed a strong instrument for Pricet.
The estimators of the other covariates have the expected signs and magnitudes.
PV power generation has a negative impact on the electricity price, similar in
magnitude to wind power generation. Fuel and certificate prices enter positively,
with the gas price having the largest effect on the price at 1.7 EUR/MWh. This
order of magnitude is also intuitively plausible if one assumes that an average
gas-fired power plant has an efficiency of about 50%. When gas-fired power plants
determine the price of electricity, an increase in the price of gas of 1 EUR leads to
an increase in the price of electricity of 2EUR. Since gas-fired power plants do
not determine the price at every hour, the estimated value is lower.

4.6.2 Second stage

Linear model results

Table 4.3 shows the second stage results for the linear specification. For Model (2a),
where data from all eight years under consideration was utilized, the estimator
for the linear demand response to price is –61.81 , i.e. when the price increases by
1 EUR/MWh, demand decreases by 61.81MW. In contrast, the data set used in
Model (3a) includes only the low-price years (2015-2020), and Model (4a) includes
only the high-price years (2021-2022). The estimation results differ significantly
from the results of the joint estimation. While the estimator for the low-price
years is significantly higher (–109.4 ), the estimator for the high-price years is lower
(–34.35 ). The intuition behind this result follows the explanations in Section 4.3.2.
52The within-variance of the price, after accounting for the dummy control variables, is shown

in Appendix 4.8.4.
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Table 4.2: First stage results

(1a) (1b)
linear log-log

Wind [GW] -1.765∗∗∗ [-1.80,-1.73] -0.314∗∗∗ [-0.32,-0.31]
PV [GW] -2.495∗∗∗ [-2.58,-2.41] -0.298∗∗∗ [-0.31,-0.29]
Gas [EUR/MWh] 1.707∗∗∗ [1.66,1.75] 0.537∗∗∗ [0.51,0.56]
Coal [EUR/MWh] 0.259∗∗ [0.10,0.41] 0.163∗∗∗ [0.13,0.20]
EUA [EUR/tCO2] 0.925∗∗∗ [0.84,1.01] 0.268∗∗∗ [0.24,0.30]
Heating degrees [°C] 0.555∗∗∗ [0.48,0.63] 0.079∗∗∗ [0.07,0.09]
Cooling degrees [°C] 1.341∗∗∗ [1.21,1.47] 0.061∗∗∗ [0.05,0.07]

Dummy variables
Hours Yes Yes
Weekdays Yes Yes
Months Yes Yes
Years Yes Yes

Fit statistics
Partial R2 Wind 0.215 0.187
Adjusted R2 0.869 0.684
Observations 65920 65011
95% confidence intervals in brackets. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001.
Coefficients of dummy variables can be found in Appendix 4.8.5.

In contrast to the linear relationship between price and demand assumed in the
model, the absolute demand response (per price change of 1 EUR/MWh)decreases
with the price level. At low prices, a price increase of 1 EUR is relatively large,
and consumers in the market are willing or able to not consume or postpone
their consumption at this price increase. In contrast, the same price increase in
years with high prices is relatively small. Consumers who buy electricity at the
price level of high price years have already exhausted their potential to reduce
consumption: demand can hardly be reduced any more, e.g. because the delivery
is contractually fixed. Demand at this price level is less flexible in absolute terms.
Calculating demand response as a linear model across all price levels ignores this
decrease in absolute flexibility as prices rise. Therefore, the joint Model (2a)
estimate forms a weighted average over the demand flexibility of different price
levels. The results, thus, confirm Hypothesis 2.

Figure 4.8 illustrates the difference between the estimators via linear demand
functions. The estimator of the linear model corresponds to the slope of the
function. In addition to the three estimated values from Table 4.3, the figure
includes linear estimators of the demand response from Hirth et al. (2023) (–79.6 )
and based on Knaut and Paulus (2016) (–99.1 ).53 The estimations from Models
(2a)-(4a) and their confidence intervals differ substantially. The estimate based

53In Knaut and Paulus (2016), the demand response is derived individually for the different
hours of the day. The values range from –42.1 at 10:00 am to –201.8 at 5:00 pm. For
comparability, I assume the non-weighted daily average of these values (–99.1 ).
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Table 4.3: Second stage results of the linear specification

(2a) (3a) (4a)
2015-2022 2015-2020 2021-2022

Price [EUR/MWh] -61.81∗∗∗ -109.4∗∗∗ -34.35∗∗∗
[-69.95,-53.66] [-123.75,-95.07] [-39.50,-29.21]

PV [GW] -204.0∗∗∗ -164.1∗∗∗ -211.8∗∗∗
[-231.02,-176.93] [-191.23,-137.00] [-248.38,-175.29]

Gas [EUR/MWh] 86.41∗∗∗ 226.5∗∗∗ 53.43∗∗∗
[65.83,106.98] [151.79,301.26] [39.21,67.65]

Coal [EUR/MWh] 61.79 76.99 83.41∗∗∗
[-3.53,127.12] [-77.66,231.64] [34.63,132.20]

EUA [EUR/tCO2] 150.8∗∗∗ 110.8∗∗ 140.0∗∗∗
[115.42,186.16] [37.22,184.30] [116.10,163.93]

Heating degrees [°C] 379.1∗∗∗ 351.3∗∗∗ 416.0∗∗∗
[337.44,420.73] [310.82,391.72] [357.24,474.71]

Cooling degrees [°C] 176.4∗∗∗ 144.0∗∗∗ 153.8∗∗∗
[140.67,212.10] [109.39,178.58] [81.72,225.81]

Dummy variables
Hours Yes Yes Yes
Weekdays Yes Yes Yes
Months Yes Yes Yes
Years Yes Yes Yes

Fit statistics
Adjusted R2 0.868 0.885 0.883
Observations 65920 49434 16486
95% confidence intervals in brackets. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001.
Standard errors are calculated as Newey-West HAC robust standard errors.
Coefficients of dummy variables can be found in Appendix 4.8.5.

on Knaut and Paulus (2016) aligns closely in magnitude with the estimate for the
low-price years. This similarity is not surprising, considering that the estimate
is derived from 2015 data, which corresponds to the low-price period. On the
other hand, the estimate from Hirth et al. (2023) is, in absolute terms, lower than
the estimate for the low-price year, despite being based on data from 2015-2019.
There are two main reasons for this disparity. Firstly, the estimate does not
include data from 2020, a year characterized by exceptionally low prices. Secondly,
the study does not account for inflation in the price data, which, in comparison to
my estimation, also leads to, in absolute terms, lower demand response estimates.

In all three model variants, the PV generation forecast enters negatively. A
potential explanation may be that small-scale PV generation volumes are partially
estimated by the transmission system operators (see Section 4.4). As a result, part
of the small-scale PV generation appears as a reduction in Demandt. Moreover,
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Note: For the illustration of the price-demand functions, an example intercept of 60,000 MW of
demand was assumed for a price of 0 EUR/MWh.

Figure 4.8: Linear demand functions based on estimation results from different models.
The shaded areas represent the 95%-confidence intervals of the estimators.

the negative sign indicates that this effect of measurement errors dominates a
potential solar rebound effect in demand.54

Log-log model results and average elasticities

As discussed in Section 4.3.2, the log-log specification is a formulation of the
demand function that considers that the absolute demand response (per price
change of 1 EUR/MWh) decreases with the price level. Models (2b)-(4b) are
based on logarithmized data for the variables. The estimator for the demand
response in Model (2b), i.e., using the entire data set, is –0.045 . This estimator
can be directly interpreted as a constant elasticity, i.e., for a price increase of 1 %,
demand decreases by –4.5%. The elasticities for the two subsets are –4.2% and
–5.3 %, respectively. The differences between elasticities for the low and high price
years and the entire data set are much smaller than for the linear formulation.
A look at the confidence intervals shows that these even overlap significantly. A
Chow test shows that the estimators of the Models (3b) and (4b) differ at the 5%
level but not at higher significance levels.

In the linear formulation, estimation results exhibit a strong dependence on
the subset of data considered, highlighting the sensitivity of the estimates to the
price range. In contrast, the estimators in the log-log specification demonstrate
less pronounced variations. Consequently, when comparing the two models that
cover the entire data set, (2a) and (2b), the log-log formulation (2b) provides a
better representation of the underlying relationships across the entire price range.
The empirical findings, thus, align with Hypothesis 2, as they indicate that the

54This is in line with findings in Hirth et al. (2023).
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log-log formulation captures the true relationships more effectively than the linear
specification when considering the entire data set.

Table 4.4: Second stage results of the log-log specification

(2b) (3b) (4b)
2015-2022 2015-2020 2021-2022

Price [EUR/MWh] (log) -0.0455∗∗∗ -0.0418∗∗∗ -0.0533∗∗∗
[-0.05,-0.04] [-0.05,-0.04] [-0.06,-0.04]

PV [GW] (log+1) -0.0240∗∗∗ -0.0212∗∗∗ -0.0288∗∗∗
[-0.03,-0.02] [-0.02,-0.02] [-0.03,-0.02]

Gas [EUR/MWh] (log) 0.0355∗∗∗ 0.0722∗∗∗ 0.0401∗∗
[0.02,0.05] [0.06,0.09] [0.02,0.06]

Coal [EUR/MWh] (log) 0.0006 -0.0061 0.0353∗
[-0.02,0.02] [-0.03,0.01] [0.01,0.06]

EUA [EUR/tCO2] (log) 0.0400∗∗∗ -0.0034 0.0805∗∗∗
[0.02,0.06] [-0.02,0.01] [0.05,0.11]

Heating degrees [°C] (log+1) 0.0279∗∗∗ 0.0244∗∗∗ 0.0314∗∗∗
[0.02,0.03] [0.02,0.03] [0.03,0.04]

Cooling degrees [°C] (log+1) 0.0225∗∗∗ 0.0207∗∗∗ 0.0241∗∗∗
[0.02,0.02] [0.02,0.02] [0.02,0.03]

Dummy variables
Hours Yes Yes Yes
Weekdays Yes Yes Yes
Months Yes Yes Yes
Years Yes Yes Yes

Adjusted R2 0.885 0.895 0.880
Observations 65011 48670 16341
95% confidence intervals in brackets. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001.
Standard errors are calculated as Newey-West HAC robust standard errors.
Coefficients of dummy variables can be found in Appendix 4.8.5.

Figure 4.9 shows the log-log demand functions based on the estimators from
Table 4.4. The figure also includes the average elasticities derived from the linear
models of Knaut and Paulus (2016) (–5.4%) and Hirth et al. (2023) (–5.1%) as
well as average elasticities obtained from the results of the linear formulation
(Table 4.3, Model (2a): –6.7%, Model (3a): –6.4%, Model (4a): –8.9%).55 It
is evident that the curves are much closer to each other compared to the linear
functions (Figure 4.8), particularly at higher price levels. The plotted confidence
intervals for models (2b)-(4b) overlap, further highlighting the consistency of the
log-log estimators. Moreover, the average elasticity estimates from Knaut and
Paulus (2016) and Hirth et al. (2023) fall within the range of values obtained
from the log-log specification.

The similarity between the average elasticities obtained through the linear for-
mulation in these studies and those derived from the log-log formulation supports

55The average elasticity is derived from the linear model specifications with Equation 4.3.
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Hypothesis 1. It suggests that, for low price ranges, the linear approximation of
the demand curve does not deviate too much from the log-log formulation. The
average elasticity based on the linear estimators of the models (2a) and (3a) are
somewhat higher, in absolute terms, than the corresponding constant elasticities
of the models (2b) and (3b). However, this contrasts with the average elasticity
estimated using the linear model specification for high prices (Model (4a)), which
is considerably higher, in absolute terms, than the constant elasticities determined
with the log-log specification. This much larger disparity arises because the
assumption of a linear demand response is invalid, particularly at higher price
levels.

Note: For the illustration of the price-demand functions, an example intercept of 60,000 MW of
demand was assumed for a price of 0 EUR/MWh.

Figure 4.9: Log-log demand functions based on estimation results from different models.
The shaded areas represent the 95%-confidence intervals of the estimators.

4.6.3 Further model specifications

A key aspect of the present analysis is the separation of the data into low-price and
high-price years. However, this separation is not perfectly unambiguous. As shown
in Figure 4.5, the price of electricity has increased steadily since the beginning of
2021. Alternative separation dates for the start of the high-price period are, for
example, after the first or second quarter of 2021. However, choosing a separation
date that differs from the one in the main specification does not drastically affect
the analysis results.56

In addition to the selected covariates, there may be other potentially beneficial
covariates to be added, particularly on the supply side. For example, the avail-
ability of hydroelectric or nuclear power generation in Germany and neighbouring
countries influences the electricity price, as does the available coal-fired power
56Appendix 4.8.6 contains the results for alternative separation dates. The results strengthen

the validity of statements based on the main model specifications.
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plant capacity. Including possible proxies for these influencing variables hardly
changes the results.57 That is because these effects are already absorbed by the
corresponding time dummy variables in the main model specification.

In similar price elasticity analyses, realized wind generation is used as the
instrumental variable for price instead of the day-ahead forecast (e.g., Hirth et
al., 2023). However, this alternative model specification does not greatly impact
the model results.58

In the primary model specifications, fuel and certificate prices are utilized as
covariates in both estimation stages. This approach aims to enhance the precision
of estimation in the first stage, in identifying the relationship between the forecast
of wind power generation and the electricity price. However, the potential for
endogeneity issues arises when incorporating these covariates in the second stage:
It is conceivable that electricity demand influences gas, coal, and EUA prices,
given the impact of electricity demand on the demand for these commodities. An
alternative model specification is employed to address this concern, wherein these
price data are omitted from both stages. Although this may reduce the precision
of estimation in the first stage, the estimation remains fundamentally valid as long
as the instrumental variable requirements are met, and a strong relationship exists
between the instrument and the variable being explained (Angrist & Pischke,
2008). The corresponding model results (Appendix 4.8.6) confirm the presented
results of the primary model specifications (Models 1 to 5). Even without the
price covariates, the wind energy forecast remains a strong instrument, and the
estimated demand responses exhibit only minimal changes. These results further
validate the analysis presented, indicating that any potential endogeneity concerns
arising from the price covariates have negligible impact on the main findings.

4.7 Conclusion

In a power system with a large share of intermittent generators, it is increasingly
important to understand how demand responds to price signals, especially when
prices are high. Electricity prices in 2021 and 2022 were higher than ever. This
offers the opportunity to better understand how demand responds under these
circumstances. Against this backdrop, this paper focuses on examining the short-
term (hourly) elasticity of electricity demand in Germany. By analyzing the new
observations of high prices, I aim to explore the functional relationship between
demand response and price levels across a broader range of price dispersion. I
analyze both linear and log-log demand-price relationships, exploring the dynamics
and complexities of demand response to varying price levels.

57Appendix 4.8.6 contains the results for model specifications, including covariates for the
availability of nuclear, hydro and coal-fired power generation.

58Appendix 4.8.2 contains the results for model specifications using wind electricity generation
as an instrument.
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To this end, I first examine the characteristics of the two functional forms of
the demand curve and establish three hypotheses for empirical analysis. I employ
a two-stage least squares (2SLS) approach to address the simultaneity between
demand and prices. The hourly demand response to hourly day-ahead prices
is determined using the day-ahead wind power generation forecast as an IV for
the price. I calculate separate models for the entire 2015-2022 period, as well as
subsets of the high- and low-price years.

In the linear model that includes all observation years, an increase in price
by 1EUR/MWh, all else equal, leads to a decrease in demand of about 62MW.
The estimate of the decrease in demand for the low-price years is higher (–109.4 )
and lower (–34.35 ) for the high-price years. The estimates for the different time
subsets in the log-log model are closer together. All else equal, the 1% increase
in price leads to a 4.5% decrease in demand when considering all observations,
4.2% for the low-price years, and 5.3% for the high-price years. Whereby the
confidence intervals of the individual estimators overlap.

The quantitative findings provide confirmation for the formulated hypotheses.
Consistent with Hypotheses 1 and 2, the results demonstrate that while a linear
relationship between demand and price can yield similar average elasticities to
the assumption of constant elasticities for low prices, this is no longer the case for
high-price years. The linear demand response decreases with the price. Therefore,
the linear estimators for the high-price and low-price years differ significantly,
and this also carries over to the average elasticity values derived from them.
In contrast, as anticipated by Hypothesis 3, the use of the log-log formulation
effectively captures the decrease in absolute demand response (per price change
of 1 EUR/MWh), making it a preferable approach when dealing with substantial
price spreads.

For researchers and policymakers, the results imply that using elasticities based
on the linear approximation of the demand curve should be critically questioned.
Possible applications for such elasticity estimates could be electricity market,
energy system or price forecasting models. In particular, if the application
purpose includes the occurrence of high prices, the decreasing linear demand
response to prices should be accounted for.

The estimated elasticity values can be used in further research, e.g. in electricity
and energy market models, to address diverse inquiries. In addition to the already
mentioned example of estimating necessary controllable capacities, this could also
include other questions of infrastructure planning, market design and operational
decisions in the electricity sector. It is worth noting that the potential influence
of autocorrelation on the estimation results should be duly considered, as the
estimators capture time-crossing effects of price movements on demand. This
presents an avenue for further investigation into isolating the individual effects and
quantifying their magnitude. This paper limits its consideration to two possible
assumptions for specifying the demand function, linear and log-log. The idea
behind this is that these two represent the most common specifications that are
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widely used. However, both can, of course, only be approximations of reality. In
further research, the use of piece-wise linear models or quantile regression models
would be conceivable to investigate the dependence of the demand response on
the price level in a more detailed way. Moreover, the present research is limited to
the investigation of short-term elasticities. Long-term elasticities and the extent
to which they have changed as a function of price levels would be a promising
topic for further research.
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4.8 Appendix

4.8.1 OLS estimation

Table 4.5 shows the results of the main models (2a) and (2b) compared to the
results of simple OLS estimations. The results of the OLS estimation are biased due
to the simultaneity issue between demand and price. Accordingly, the estimators
show non-intuitive results. Both OLS models have positive estimated demand
responses to a price increase. The results confirm that using an instrumental
variable or a comparable approach is necessary to obtain unbiased results.

Table 4.5: Comparison of main model results and results for OLS estimation.

linear log-log
(2a) (5a) (2b) (5b)
2SLS OLS 2SLS OLS

Price [EUR/MWh] -61.81∗∗∗ 16.14∗∗∗ -0.0455∗∗∗ 0.0134∗∗∗
Wind [GW] 133.87∗∗∗ 0.0184∗∗∗
PV [GW] -204.0∗∗∗ -9.533∗∗ -0.0240∗∗∗ -0.0065∗∗∗
Gas [EUR/MWh] 86.41∗∗∗ -46.66∗∗∗ 0.0355∗∗∗ 0.0039∗∗
Coal [EUR/MWh] 61.79 41.60∗∗∗ 0.0006 -0.0089∗∗∗
EUA [EUR/tCO2] 150.8∗∗∗ 78.66∗∗∗ 0.0400∗∗∗ 0.0243∗∗∗
Heating degrees [°C] 379.1∗∗∗ 335.8∗∗∗ 0.0279∗∗∗ 0.0233∗∗∗
Cooling degrees [°C] 176.4∗∗∗ 71.83∗∗∗ 0.0225∗∗∗ 0.0188∗∗∗

Dummy variables
Hours Yes Yes Yes Yes
Weekdays Yes Yes Yes Yes
Months Yes Yes Yes Yes
Years Yes Yes Yes Yes

Fit statistics
Adjusted R2 0.868 0.914 0.885 0.914
Observations 65920 65920 65011 65011
95% confidence intervals in brackets. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001.

4.8.2 Alternative IV specifications

Figure 4.10 shows the estimators and confidence intervals for the main model
specification and two sensitivities. Adding the day-ahead PV generation forecast
as IV does not fundamentally change the results. Compared to the main model
specification, the estimators of the price effect are slightly lower in all models. This
finding is consistent with Hirth et al. (2023). Using the actual wind generation
instead of the forecast hardly influences the model’s results.
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Figure 4.10: Estimators for the price effect on demand for the linear (left) and log-
log model specification (right). Results are shown for the main model
specification (Table 4.3 and Table 4.4) (blue), a model specification where
the day-ahead PV generation forecast was included as additional IV (red)
and a model specification where the actual wind generation was used instead
of the forecast. Whiskers indicate the 95% confidence interval.

4.8.3 Effect of dummy controls

Table 4.6 shows the main model results of the linear model specification for the
years 2015-2022 (2a) compared to the results of model specifications with less
dummy control variables (6)-(9). The model without dummy controls (6) does not
produce plausible results, e.g. the influence of PV generation on demand is strongly
positive due to temporal correlation. Adding dummy controls for the hour of a
day (7) can partially correct for this: the sign of the estimator becomes negative.
Model (8) further includes dummies for the day of the week. Since there are major
differences in the demand structure of weekends and weekdays, the Adjusted R
squared and, thus, the model’s fit increase significantly. Adding monthly dummies
to the adjustment for seasonal effects (8) reduces, in particular, the estimated
impact of weather effects (Heating and cooling degrees, PV generation). Finally,
the addition of the yearly dummies (main model (2a)) especially affects the
estimators of the impact of fuel and emission prices since the influence of changing
power plant capacities over time is captured in these dummies.
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Table 4.6: Comparison of main linear model results for the years 2015-2022 and results
of model specifications with less dummy control variables.

(6) (7) (8) (9) (2a)

Price [EUR/MWh] -123.5∗∗∗ -72.71∗∗∗ -73.08∗∗∗ -58.98∗∗∗ -61.81∗∗∗
PV [GW] 472.4∗∗∗ -307.3∗∗∗ -289.6∗∗∗ -212.1∗∗∗ -204.0∗∗∗
Gas [EUR/MWh] 228.5∗∗∗ 108.5∗∗∗ 103.8∗∗∗ 80.38∗∗∗ 86.41∗∗∗
Coal [EUR/MWh] -172.7∗∗∗ -2.982 10.84 22.47∗∗∗ 61.79∗∗∗
EUA [EUR/tCO2] 23.72∗∗∗ 25.12∗∗∗ 26.39∗∗∗ 15.66∗∗∗ 150.8∗∗∗
Heating degrees [°C] 715.9∗∗∗ 560.2∗∗∗ 567.6∗∗∗ 389.2∗∗∗ 379.1∗∗∗
Cooling degrees [°C] 296.5∗∗∗ 227.0∗∗∗ 222.7∗∗∗ 190.4∗∗∗ 176.4∗∗∗

Dummy variables
Hours No Yes Yes Yes Yes
Weekdays No No Yes Yes Yes
Months No No No Yes Yes
Years No No No No Yes

Fit statistics
Adjusted R2 0.505 0.836 0.861 0.868
Observations 65920 65920 65920 65920 65920
95% confidence intervals in brackets. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001.

4.8.4 Within-variance of the covariates

I exploit the within-variation of the explanatory variables after controlling for
time effects when estimating their impacts on the dependent variable. To this end,
I include time-related dummy controls in my model. I calculate the variation of
the covariates after controlling for time effects by regressing them on the control
dummies. Table 4.7 shows the standard deviations of the corresponding residuals,
calculated for the linear model specification (2a) and the log-log specification
(2b). The within-variation is still considerable after controlling for the time effects.
For example, the standard deviation of the main explanatory variable, Pricet, is
much bigger than the discussed treatments of 1 EUR/MWh. The listed values in
Table 4.7 may support the interpretation of the estimated treatment effects of
the explanatory variables (Mummolo & Peterson, 2018).

90



4.8 Appendix

Table 4.7: Within standard deviation of the variables

Model: (2a) (2b)

Price [EUR/MWh] 45.44 0.61
Wind [GW] 8.41 0.80
PV [GW] 3.88 0.45
Gas [EUR/MWh] 17.20 0.27
Coal [EUR/MWh] 3.58 0.20
EUA [EUR/tCO2] 4.55 0.15
Heating degrees [°C] 2.89 0.52
Cooling degrees [°C] 2.15 0.52

4.8.5 Estimators for dummy variables

Figure 4.11: Time dummies in the linear first stage (1a)

Figure 4.12: Time dummies in the log-log first stage (1b)

Figure 4.13: Time dummies in the linear second stage 2015-2022 (2a)
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Figure 4.14: Time dummies in the linear second stage 2015-2020 (3a)

Figure 4.15: Time dummies in the linear second stage 2021-2022 (4a)

Figure 4.16: Time dummies in the log-log second stage 2015-2022 (2b)

Figure 4.17: Time dummies in the log-log second stage 2015-2020 (3b)
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Figure 4.18: Time dummies in the log-log second stage 2021-2022 (4b)

4.8.6 Further estimation results

Models with alternative separation dates

Figure 4.19 shows the estimators and confidence intervals for the main model
specification and two alternative models with differing separation dates (X)
between the low price time period and high price time period: after the first
Quarter of 2021 (red) and after the first half of 2021 (green). The choice of
the separation date hardly changes the results. Since the choice of a later date
increases the price differences between the subsets, the linear estimates for the
subsets diverge even further. In comparison, the estimates for the subsets in the
log-log models move closer together. The results thus reinforce the validity of
statements made based on the main model specifications.

Figure 4.19: Estimators for the price effect on demand for the linear (left) and log-log
model specification (right), separately for low and high price time subsets.
Results are shown for the main model specification (Table 4.3 and Table
4.4) (blue) and two model specifications with differing separation dates (X)
between the low price time period and high price time period. Whiskers
indicate the 95% confidence interval.

Models with further supply-side covariates

Figure 4.20 shows the estimators and confidence intervals for the main model
specification and an alternative model specification that includes additional supply-
side covariates representing German and French available nuclear capacities and
German available hydro-power and coal-power capacities. As data on power
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plant capacities and availability are unavailable, I use proxies based on the hourly
generation data from ENTSO-E (2023). To approximate weekly/monthly available
capacities, I use the weekly/monthly generation maxima. I cannot use the hourly
or even daily values of generation directly as available capacities, as the generation
output of these plants reacts to electricity prices, which would lead to endogeneity
issues. I use the weekly maximum for nuclear and hydro generation, as the
electricity generation from these plants is less reactive to prices. To approximate
the development of available coal-power capacities in Germany, I use the monthly
maximum generation values. Including these supply-side covariates hardly changes
the results.

Figure 4.20: Estimators for the price effect on demand for the linear (left) and log-
log model specification (right). Results are shown for the main model
specification (Table 4.3 and Table 4.4) (blue), and a model specification
including additional supply-side covariates (red). Whiskers indicate the 95%
confidence interval.

Models without price covariates

Table 4.8 shows the estimators and confidence intervals for the first stage of model
specifications without the utilization of gas, coal and EUA prices as covariates.
The estimators for the influence of Windt on the Pricet are slightly higher than
in the main model specifications (Model 1a and 1b). The partial R squared still
shows for both models (linear and log-log) that Windt explains a relevant part of
the variance of the price. The F-statistics of the Montiel-Pflueger robust weak
instrument test at 5% confidence level are 9,254 and 7,924, respectively, which is
well above the critical value of the test of 37.42. Based on the test result and the
significance at the first stage, I conclude that also without the usage of the price
covariates Windt remains a strong instrument for Pricet.
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Table 4.8: First stage results of model specifications without price covariates

(10a) (10b)
linear log-log

Wind [GW] -1.978∗∗∗ [-2.02,-1.94] -0.319∗∗∗ [-0.33,-0.31]
PV [GW] -2.482∗∗∗ [-2.59,-2.37] -0.300∗∗∗ [-0.31,-0.29]
Heating degrees [°C] 0.978∗∗∗ [0.87,1.09] 0.0897∗∗∗ [0.08,0.10]
Cooling degrees [°C] 1.734∗∗∗ [1.54,1.93] 0.0669∗∗∗ [0.06,0.08]

Dummy variables
Hours Yes Yes
Weekdays Yes Yes
Months Yes Yes
Years Yes Yes

Fit statistics
Partial R2 Wind 0.132 0.174
Adjusted R2 0.702 0.643
Observations 65920 65011
95% confidence intervals in brackets. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001.

The Tables 4.9 and 4.10 show the estimators and confidence intervals for the
second stage of model specifications without the utilization of gas, coal and EUA
prices as covariates. The estimators of the Models 11 to 13 are of very similar
magnitudes to the estimators of the main model specifications (Model 3 to 5). The
results thus confirm the analysis results, suggesting that any potential endogeneity
issue resulting from the price covariates is inconsequential.
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Table 4.9: Second stage results of the linear specification without price covariates

(11a) (12a) (13a)
2015-2022 2015-2020 2021-2022

Price [EUR/MWh] -56.33∗∗∗ -109.1∗∗∗ -34.14∗∗∗
[-64.28,-48.39] [-124.00,-94.26] [-40.61,-27.68]

PV [GW] -188.7∗∗∗ -171.0∗∗∗ -212.8∗∗∗
[-216.16,-161.21] [-199.52,-142.52] [-256.20,-169.46]

Heating degrees [°C] 390.9∗∗∗ 362.9∗∗∗ 435.2∗∗∗
[339.34,442.53] [322.40,403.47] [334.82,535.60]

Cooling degrees [°C] 190.4∗∗∗ 149.5∗∗∗ 274.6∗∗∗
[144.50,236.33] [112.24,186.85] [179.26,369.97]

Dummy variables
Hours Yes Yes Yes
Weekdays Yes Yes Yes
Months Yes Yes Yes
Years Yes Yes Yes

Fit statistics
Adjusted R2 0.844 0.881 0.836
Observations 65920 49434 16486
95% confidence intervals in brackets. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001.
Standard errors are calculated as Newey-West HAC robust standard errors.

Table 4.10: Second stage results of the log-log specification without price covariates

(11b) (12b) (13b)
2015-2022 2015-2020 2021-2022

Price [EUR/MWh] (log) -0.0454∗∗∗ -0.0421∗∗∗ -0.0536∗∗∗
[-0.05,-0.04] [-0.05,-0.03] [-0.06,-0.04]

PV [GW] (log+1) -0.0243∗∗∗ -0.0218∗∗∗ -0.0286∗∗∗
[-0.03,-0.02] [-0.03,-0.02] [-0.03,-0.02]

Heating degrees [°C] (log+1) 0.0285∗∗∗ 0.0252∗∗∗ 0.0331∗∗∗
[0.02,0.03] [0.02,0.03] [0.02,0.04]

Cooling degrees [°C] (log+1) 0.0228∗∗∗ 0.0210∗∗∗ 0.0266∗∗∗
[0.02,0.03] [0.02,0.02] [0.02,0.03]

Dummy variables
Hours Yes Yes Yes
Weekdays Yes Yes Yes
Months Yes Yes Yes
Years Yes Yes Yes

Adjusted R2 0.880 0.890 0.853
Observations 65011 48670 16341
95% confidence intervals in brackets. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001.
Standard errors are calculated as Newey-West HAC robust standard errors.
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5 Diffusion of electric vehicles and their
flexibility potential for smoothing residual
demand - A spatio-temporal analysis for
Germany

5.1 Introduction

The energy transition towards a decarbonized future brings about fundamental
changes in the established power system, including increasing strain on distribution
grid components. First, the widespread implementation of decentralized renewable
energy systems, such as wind and photovoltaic (PV) systems, which are mostly
connected to the low and medium-voltage grid, increases the feed-in of electricity
into the distribution grid. Second, new demand applications emerge in the
distribution grid, e.g., charging electric vehicles (EV), increasing the load. Both
developments increase load and feed-in peaks on the national level as well as place
an additional burden on the technical components of local grids, such as low and
medium-voltage transformers, which were designed under different conditions and
may need to be replaced or expanded to accommodate the changes. The charging
of EVs can increase peak load and put a strain on existing distribution grid
equipment. However, the flexibility in EV charging offers a solution to mitigate
this impact. By charging during periods of high renewable energy generation,
load and feed-in peaks can be reduced, thus reducing the strain on the grid.

The availability and necessity of EV charging flexibility depend on various
regionally distinct factors, such as the share of the EV load in the total load,
the level and structure of the residual load59, the correlation between flexibility
potential and regional load or generation peaks, and the distribution of charging
to the different locations (at home, at work, or other places). Thus, to fully
comprehend the potential of EV charging flexibility in reducing peaks, a com-
prehensive regional analysis and quantification of the flexibility potential and its
effects are crucial.

Two basic deployment strategies for deploying local EV charging flexibility can
be distinguished. On the one hand, flexibility can be used to flatten the national
residual load by reducing positive and negative peaks. That is, EV charging
flexibility is used to reduce load during peak load situations and to absorb excess
renewable generation during times of high generation. Such a deployment strategy

59The residual load is the difference between total load and generation by intermittent resources.
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aims to reduce system costs by not employing (or even investing in) expensive
generation technologies and fully utilizing generated renewable electricity. An
incentive scheme for such a deployment strategy would be the incentivization
of flexibility deployment based on the uniform pricing signals of the national
electricity market. Alternatively, flexibility can be dispatched to smooth the
regional residual demand. Such a deployment strategy aims to reduce the load
on regional distribution grid components. This approach would reduce costs for
the expansion of these grids.60 Incentive schemes for such a deployment strategy
would be, for example, quantity or price signals from distribution system operators
according to the expected grid status. The goals of the deployment strategies
may be partially opposed, and the question arises of how the two strategies affect
the respective objectives.

In this research paper, we therefore first examine the regional evolution of
residual load, load and feed-in peaks in Germany until 2045. Our analysis focuses
on the spatial and temporal diffusion of EV charging, considering regional sigmoid
transition pathways of EV adoption and regional and user-specific driving and
load profiles. Our analysis is based on NUTS 3 regional resolution level data.61

We then develop and implement a spatio-temporal optimization model for EV
load flexibility based on the analysis. This model aims to quantify the potential
of EV load flexibility of home charging in smoothing residual load time series
and reducing load and feed-in peaks. We compare two different deployment
scenarios: (1) using flexibility to flatten the national residual load time series,
which corresponds to the use of flexibility based on price signals from the national
electricity market, and (2) using flexibility on regional residual load and, thus,
reduce the strain on regional distribution grid components.

EV charging is considered a major source of demand flexibility, as shifting
charging operations can reduce peak loads and thus reduce the need for grid
expansion. While some sources also note this at the transmission grid level (Amann
et al., 2022; Gunkel et al., 2020), the impact of smart charging is predominantly
analyzed at the level of the local distribution grid (e.g. Flataker et al., 2022).
Powell et al. (2022) demonstrate that the flexibility of EV charging possesses
not just a significant temporal component but also a geographical one, reflecting
the propensity of EVs to move between locations over the course of a day. They
underscored the necessity for a comprehensive area-wide charging infrastructure
to facilitate daytime charging, which could utilize surplus PV generation and
avert the late afternoon peak load, as exemplified by workplace charging. Such
conditions have direct implications for power system requirements in terms of
storage and ramping needs or emissions.

60Agora Verkehrswende et al. (2019) quantifies the investment costs in the low and medium
voltage grid under the assumption of uncontrolled charging of EVs depending on the charging
capacity and the number of electric cars with e 23 to 72 billion between 2020-2030.

61The Nomenclature of Territorial Units for Statistics (NUTS) is a hierarchical system for
dividing European territory into territorial units. While, for example, NUTS 0 stands for
states, NUTS 3 corresponds to smaller units within states, such as districts.
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Given the residual load-smoothing potential of flexible end-uses, such as electric
vehicle charging, there seems to be a general recognition in the European Union
that local flexibility mechanisms are of significant interest for the operation of
future distribution networks (CEER, Council of European Energy Regulators,
2020). Regulators have begun to put in place the regulatory framework to
incentivize the provision of flexibility and its call-off by distribution system
operators, which they are required to do by Article 32 of Directive (2019/944)
as part of the clean energy package (Council of European Union & European
Parliament, 2019).

However, while there is an elaborated stream of research analyzing the provision
of regional flexibility from a market design perspective (Radecke et al., 2019;
Rebenaque et al., 2023), to our knowledge, there is no research addressing the
concrete added value of local flexibility use in contrast to centralized electricity
markets, neither for demand-side flexibility in general nor for EV charging in
particular. We attempt to fill this gap with a focus on the German power system
at the national and regional levels.

From a system perspective, there are several studies that shed light on the
transformation of the German energy and consumption sector until 2045 and
beyond (e.g. Burchardt et al., 2021; Consentec et al., 2021; dena, 2021; Kopernikus-
Projekt Ariadne, 2021; Prognos et al., 2020). The studies develop individual
scenarios for possible pathways to reduce greenhouse gas emissions and to diffuse
and use technologies, such as wind turbines, PV systems, or EVs, on the demand
and supply side. While the specific numbers on installed capacity and electric
vehicles differ, the emerging trends, a significant increase compared to today, are
the same (dena, 2022). However, the studies only marginally touch on the regional
perspective of the transition and the regional balance of supply and demand.

The regional matching of supply and demand for the German energy system
is addressed by Kockel et al. (2022) and Kühnbach et al. (2021). Kockel et
al. (2022) analyze the development of regional residual loads in Germany on a
spatio-temporal basis, related to an emission reduction of 95% by 2050 based on
dena (2018). They note significant potential for demand-side flexibility, but do
not specifically model or quantify it. Because the study only considers 2019, with
very low EV penetration, and 2050, with penetration near 100%, the EV load is
determined by a uniform distribution of regional demand based on regional vehicle
counts. However, this approach is not appropriate for modeling EV penetration
for the years in between, as it neglects regionally varying penetration rates. For
EV charging, the same profiles are used for each region, abstracting from regional
characteristics such as longer driving distances in rural areas compared to urban
areas.

Kühnbach et al. (2021) focuses primarily on regionalized demand and the
potential of demand response. In addition to analyzing regional supply and
demand balancing, they examine the residual load-smoothing potential of flexible
demand on a regional basis. They compare 2015 and 2030 and define indicators to
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measure supply-demand balance. They conclude that demand management is most
effective in regions that frequently alternate between demand and supply deficits.
However, the study lacks a comparison of regional results with a centralized
energy system, and as in Kockel et al. (2022), the chosen scenario does not fit
with Germany’s recent climate protection goals of climate neutrality by 2045
(Deutscher Bundestag, 2021).

To be compatible with current German climate targets, we develop a scenario
based on KN100 from dena (2021). In contrast to existing literature, our analysis
focuses on the consistent regional and temporal modeling of EV charging demand
and flexibility potentials. To this end, we model EV diffusion for 2019, 2030,
and 2045 by utilizing the Bass model (Bass, 1969) that has been applied to EV
diffusion in various countries in the literature (Becker et al., 2009; Song, 2013;
Won et al., 2009; Zhu et al., 2017). We derive the load and flexibility profiles
of EVs from the mobility patterns of the German Mobility Panel (MOP) (KIT -
Institut für Verkehrswesen, 2021).

We address two key questions: To what extent can electric vehicle home charging
flexibility reduce load and feed-in peaks at the national and regional levels? What
are the impacts of the two different deployment strategies on national and regional
residual demand curves, as well as load and feed-in peaks? Besides answering
these questions, this paper adds to the existing literature in multiple ways:

• Analysis of the spatio-temporal evolution of residual demand under a current
scenario for Germany’s energy transition pathway until 2045 with a focus
on EV diffusion and load.

• Introduction and application of a method for modeling target-consistent
regional and temporal diffusion of electric vehicles using sigmoid functions.

• Derivation of user- and region-specific driving, load and flexibility profiles
for electric vehicles in Germany until 2045.

• Development and implementation of a model for spatio-temporal deployment
of electric vehicle load flexibility under different objectives.

Concerning the development of future residual load, we find that positive and
negative peaks in residual load increase over the years on the regional level and
aggregated over Germany. The correlation between residual load and EV charging
profiles is high in 2019 but decreases until 2045. This implies that the marginal
utility of charging flexibility to reduce load peaks decreases over time, although
the flexibility potential in absolute terms is increasing with growing EV adoption.

We find that, especially in load- and PV-dominated regions, the nationally
incentivized activation of flexibility can result in drastically higher regional demand
peaks compared to a scenario without the use of charging flexibility. Our study
shows that the two scenarios of flexibility activation can be contradictory in their
effects: While the regional incentivization is less efficient in reducing peaks on
the national level, the national incentivization leads to increased strain on local
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level. Our findings provide valuable insights into the challenges faced by regional
grids and the development of strategies to harness EV flexibility to address these
challenges.

The paper is structured as follows: In a first step (Section 5.2), regionalized
diffusion curves for EV expansion from 2019 to 2045 and regionalized charging
profiles for different user types are developed. Then a scenario of electricity
demand development and renewable capacity expansion until 2045 is regionalized,
and corresponding demand and renewable generation time series are presented
(Section 5.3). In Section 5.4, a model for the regionalized optimization of EV
charging flexibility is developed. The results (Section 5.5) address the estimation
of residual demand time series for the years 2019, 2030, and 2045 on a regional
and national level as well as the potential and effects of EV charging flexibility
under two different deployment strategies. The paper concludes with a summary
of the findings and their implications for the transformation of the power system
and usage of EV charging flexibility.

5.2 Spatio-temporal expansion of private electric
vehicles

This chapter focuses on the projection of regional expansion paths of electric
vehicles and the development of a method to derive individual load and flexibility
profiles for each region. Section 5.2.1 describes the applied method to derive
regionalized transition pathways for electric vehicles. Each region reflects a
NUTS 3 district of Germany. In Section 5.2.2, we develop load profiles for
each region, distinguishing between different user types based on their charging
locations and times.

5.2.1 Regional diffusion of electric vehicles

In recent years, several studies (e.g. Burchardt et al., 2021; Consentec et al., 2021;
dena, 2021; Kopernikus-Projekt Ariadne, 2021; Prognos et al., 2020) presented
development pathways for the future energy system and the transition to e-
mobility in Germany. The "dena study - towards climate neutrality" projects 14
mil. electric vehicles in 2030 and 36 mil. in 2045 in its climate neutrality scenario
"KN100" (dena, 2021). Also, in the summer of 2022, the German Federal Ministry
for Economic Affairs and Climate Action announced that 15 mil. electric vehicles
should be achieved by 2030 (German Government, 2022). Despite these national
projections and targets, there is a lack of scenarios at the regional level. Regions
in Germany are very heterogeneous, and it can be assumed that the penetration
speeds with electric cars differ among them. Therefore, we aim at decomposing
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5 Diffusion of electric vehicles and their flexibility potential for smoothing residual demand

the national transition scenarios to the local level based on a NUTS 3 resolution,
which is, for Germany, equivalent to individual districts.

Forecasting methods for the regional diffusion of technologies can be primar-
ily categorized into agent-based, consumer choice, and diffusion rate and time-
series methods (Ayyadi & Maaroufi, 2018). While methods of the first kind are
simulation-based, simulating the interactions of agents and how these affect the
market, consumer choice models depend on assumptions of consumer decisions
about new technology according to certain characteristics (Kumar et al., 2022).
Methods of the third kind rely on time series and diffusion rates to study tech-
nology diffusion. Existing research utilizing the latter methods primarily focuses
on four models: Gompertz (Gompertz, 1825; Muraleedharakurup et al., 2010),
Logistic (Berger, 1981; Kumar et al., 2022), Bass, and Generalised Bass (Bass,
1969) diffusion models. The Bass diffusion model fits our problem well because it
can account for different speeds in the early and late stages of the diffusion, which
is not the case for other models (Bass, 1969; Pavlidou, 2010). It has also been
widely applied in the analysis of EV diffusion in other countries and for earlier
years (Becker et al., 2009; Song, 2013; Won et al., 2009; Zhu et al., 2017). The
Bass diffusion model and its transformation are written in Equations (5.1) and
(5.2) as a sigmoid function (Bass, 1969).

f(t)

1− F (t)
= p+ q

A(t)

m
= p+ qF (t) (5.1)

F (t) =
A(t)

m
=

∫ T

0

f(t)dt withF (0) = 0 (5.2)

The function f(t) describes the likelihood of a purchase at time t with p being
the probability of initial purchases at the start of the innovation (t = 0). p is
referred to as the coefficient for innovators, while q is the coefficient for imitators.
The two coefficients define the slope of the sigmoid function at the beginning and
at the end. The cumulative diffusion level at time t F (t) equals the cumulative
number of adopters A(t), which in our case reflects the number of EV owners
divided by the total market size m, the total number of cars.

The diffusion level F (t) in our approach is described as shown in Equation
(5.3).62 The parameter t0 is included in the function to take the beginning of
the diffusion into account and to move the diffusion curve in time. Further, we
introduce a scaling factor s. With the scaling factor, we ensure that the diffusion
curve meets the maximum penetration rate in 2045. While improving the fit of
the sigmoid function to the data points between 2019 and 2045, the scaling factor
increases the maximum relative market potential in 2050 above 100%. Since our

62The transformation steps are depicted in Appendix 5.7.1.
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analysis focuses on the years until 2045, this is not an issue.

F (t) = s · 1− e−(p+q)(t−t0)

1 + q
pe

−(p+q)(t−t0)
(5.3)

Fitting the curve

We derive our regional scenarios of electric vehicle diffusion by regional decompo-
sition of the national scenario "KN100" of dena (2021), adjusted by the target of
15 million electric vehicles until 2030 defined by the German government (German
Government, 2022). The development of regional scenarios using the Bass model
is done in a two-step process, visualized in Figure 5.1.

Figure 5.1: Development of regional Diffusion Curves

In the first step, the Bass function is fitted to the national scenario using
the non-linear least squares (NLLS) method according to Newville et al. (2016).
The left part of Figure 5.1 shows the rate of electric vehicles over time. The
blue dots represent the penetration rate in the different years based on historic
developments (until 2020) and the national scenario. The penetration rate of
42% in 2030 matches the number of 15 mil. electric vehicles, and a penetration
rate of 100% corresponds to 36 mil. electric vehicles. The parameter s, the
maximum relative market potential of electric vehicles, is also computed by the
fitting method. The computed values for the estimates are: ŝ = 1.096, p̂ = 0.203
and q̂ = 0.010.

While the derived national diffusion curve is fitted to the historic national
electric vehicle penetration, historic developments in the specific German regions
can drastically differ. In the start year t0=2020 (the last year regional data is
available), every region has its individual position on the curve. Some regions are
above the national average and some are below. Therefore, in a second step, we
individually shift the national diffusion curve along the time axis for each NUTS
3 region to achieve the specific penetration level, as it is visualized in the right
part of Figure 5.1. To calculate the regional EV diffusion levels in 2020 we use
historical data of the EV fleet from 2017 to 2020 on postcode level, provided
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5 Diffusion of electric vehicles and their flexibility potential for smoothing residual demand

by the Kraftfahrt-Bundesamt (KBA) in two data sets (Kraftfahrt-Bundesamt,
2018b, 2019b, 2020b, 2021b and Kraftfahrt-Bundesamt, 2018a, 2019a, 2020a,
2021a). TThe EV diffusion levels reached in t0=2020 for each NUTS 3 region
Fnuts3(t = t0) are calculated by dividing a region’s total EV fleet EV nuts3

t0 by the
ratio of the total region fleet Carsnuts3t0 to the total national fleet CarsDE

t0 times
the total German market size for EVs EV DE

2045.

Fnuts3(t = t0) =
EV nuts3

t0

EV nuts3
2045

(5.4)

with EV nuts3
2045 =

Carsnuts3t0

CarsDE
t0

· EV DE
2045 (5.5)

To create diffusion curves for each NUTS 3 region, the derived national diffusion
curve is moved along the time axis according to the time difference ∆t between t0
and the time t when the EV diffusion level for t0 of the respective NUTS 3 region
is reached on the national diffusion curves. Equation (5.6) describes the approach.
Here, the parameters ŝ, p̂ and q̂ reflect the estimates of the national diffusion
curve. The derivation of the formula, including ∆t, can be found in Appendix
5.7.2.

Fnuts3(t) = ŝ · 1− e−(p̂+q̂)(t−t0+∆t)

1 + q̂
p̂e

−(p̂+q̂)(t−t0+∆t)
(5.6)

To get the total number of electric vehicles in each NUTS 3 region, the diffusion
rates are multiplied by the total estimated market size of EVs for each NUTS
3 region. The latter is derived by multiplying the maximum estimated scenario
value for EVs (EV DE

2045) with the ratio of the total vehicle fleet of each NUTS 3
region in t0 to the total national fleet according to equation (5.7). To ensure that
the national target of EVs in a specific year is equal to the sum of all regional
numbers of EVs, a correction factor σt is used for scaling. The scaling factor
adjusts the diffusion curves in a single point.

EV nuts3
t = Fnuts3(t) · Carsnuts3t

CarsDE
t

· EV DE
2045 · σt (5.7)

The result of the modeled diffusion of EVs is presented in Figure 5.2 for the years
2030 and 2045. In terms of consistency with the following sections, the historic
distribution is visualized for the year 2019 instead of 2020. In the figure, the total
number of EVs in every NUTS 3 region is normalized by the size of each region.
In 2019, around 239 thous. electric vehicles do not lead to high penetration rates
per square kilometer. In 2030 mainly bigger cities such as Hamburg, Berlin and
Munich, as well as some areas in North-Rhine Westphalia, such as Dusseldorf,
do have a significant amount of electric vehicles per square kilometer. Later in
2045, the western part of Germany and the Rhine-Main region are highlighted in
red. Also, smaller regions, in terms of area but with a high population per square
kilometer, have a high relative amount of electric vehicles.

104



5.2 Spatio-temporal expansion of private electric vehicles

Figure 5.2: Number of electric vehicles in each NUTS 3 region for the years 2030 and
2045

5.2.2 User-specific load and flexibility profiles

The electricity demand of electric passenger vehicles is determined by their
underlying driving patterns. For Germany, there are two major panels surveying
the mobility behavior of households, Mobility in Germany (MiD) (infas et al., 2018)
and the German Mobility Panel (MOP) (KIT - Institut für Verkehrswesen, 2021).
While the MiD is updated every six years, the MOP has been updated annually
since 1994. It is a survey-based longitudinal study of the mobility behavior of the
German population. Besides household-specific information, it holds data on the
households’ individual trips, including timestamps, destinations, distances, and
modes of travel. The panel categorizes about 14 thousand surveyed households
according to ten settlement types, from small villages to metropolises. The dataset
and information on the regional settlement structure enable the assignment of
households and their respective mobility patterns to different regions. As a
common assumption, we assume that the mobility behavior of EVs does not
substantially differ from those of conventional passenger cars, and we assume the
mobility patterns of vehicles remain constant until 2045. The detailed analysis of
500 thousand individual trips and car-based mobility patterns allows for deriving
electric vehicles’ energy demand and load profiles and the resulting inherent
flexibility of their charging processes by user type, region, charging scenario, and
day type for the years 2019, 2030, and 2045.63

63A brief descriptive analysis of the mobility data is given in Appendix 5.7.3.
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Computation of regional differentiated load profiles

By projecting the historical mobility data on the years 2019, 2030, and 2045,
average load profiles per vehicle are calculated, which are later scaled by the
individual region’s total counts of EVs.

The load profiles are calculated for different settlement types, charging scenarios,
and day types (weekend and weekday) for each year considered. A total of six
settlement types are distinguished, ranging from rural communities to large cities.
The charging scenarios represent combinations of three potential charging locations
(at home, at work, at other locations). The combinatorial approach results in
seven scenarios, e.g., "charging at home and at work, but not at other locations".
In this way, a total of 252 profiles are distinguished.

Starting from single trips, consecutive trips within a day are stacked into trip
chains to derive the mobility patterns of individual cars in the form of binary
time series indicating the standing and driving intervals of the vehicles, including
their location. For the trips, the electricity demand is determined based on the
distance traveled and the assumed EV fleet’s average specific consumption of
0.21 kWh/km in 2019, 0.18 kWh/km in 2030, and 0.15 kWh/km in 2045 (dena,
2021). Assuming a charging power of 11 kW and an immediate start of charging
upon arrival at a charging location, the energy demand is translated into profiles.
Vehicles charge until the battery is full or a new trip begins. The average load
profiles per vehicle are generated by aggregating all profiles and dividing them by
the number of vehicles in the respective settlement type, charging scenario, and
day type. As an example, the resulting profiles for medium-sized cities for the
charging scenarios "charging at home" and "charging at home and work" for the
year 2030 are shown in Figure 5.3. When vehicles can only be charged at home, a
load peak is observed in the afternoon, while the load is more evenly distributed
throughout the day when charging at home and work is possible.

Figure 5.3: Selected load profiles for a medium-sized city in 2045

The final hourly load time series are composed of the standardized profiles and
scaled by the respective vehicle counts determined in Section 5.2.1 for each NUTS
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3 region. To this end, the regional settlement types are given by BBSR (2022).
The proportions of the seven charging scenarios are derived from data on vehicle
parking situations at home, distinguished by settlement type based on dena and
Prognos (2020)64. The scaled load profiles are then used in combination with the
results from Section 5.3 to calculate the regional residual load curves in Section
5.5.

Computation of regional differentiated flexibility profiles

To model the home charging flexibility, we derive the flexibility potentials of the
charging processes from the mobility patterns and the generated load profiles.
The time series of flexibility potential become an input for the flexibility model
(Section 5.4), which optimizes the load shifts for charging processes relative to the
determined load profiles. Generally, we distinguish between positive and negative
charging flexibility while focusing on uni-directional home charging only. Positive
flexibility can reduce the load of charging compared to the load profile generated
in the previous chapter. Thus, the positive flexibility potential in each hour is
equivalent to the determined load profile. Negative flexibility, in turn, means
load can potentially be increased in certain intervals. Therefore, the negative
flexibility potential is limited upwards by the maximum available capacity. It is
calculated as the difference between the generated load profile and the maximum
available capacity in each hour if the vehicle is home. For computational reasons,
the flexibility model does not model EVs individually, although this would ensure
consistency in terms of EV flexibility provision: Car A reduces the load in hour X
and increases the load in hour Y. Aggregating all flexibility profiles and centrally
optimizing the deployment without restrictions would again lead to inconsistencies
and, thus, overestimate the potential for smoothing the residual load: Car A
reduces the load in hour X and car B increases the load in hour Y. To address this,
we suggest a trade-off between an aggregated centralized, top-down approach and
a fully decentralized bottom-up approach using clusters. The mobility patterns
are divided into multiple clusters by clustering binary mobility patterns (at home,
not at home) using k-medoids to ensure consistency within smaller segments of
the observed trip chains. We then consider only the part of each trip chain’s
flexibility profile that is determined by each cluster centroid’s mobility pattern,
as conceptually shown in Figure 5.4.

In our analysis, we find eight clusters as a suitable segmentation for the observed
mobility patterns for weekdays and weekends. Figure 5.5 shows the resulting
eight clusters.

The resulting flexibility profiles for a medium-sized city and the year 2030
are shown in Figure 5.6. Since we only consider flexible charging at home, the
positive flexibility is higher when vehicles can only charge at home. In general, the
64The shares of the different charging scenarios are depicted in Appendix 5.7.4. We assume

equal proportions within the two subgroups of charging scenarios that involve either at least
partial home charging or no home charging.
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Figure 5.4: Concept for generating flexibility clusters

Figure 5.5: Flexibility clusters for weekdays

negative flexibility potential is much higher than the positive flexibility potential,
as charging is generally only carried out over short periods in relation to the idle
times of the vehicles.

The final flexibility time series for each NUTS 3 region are composed the same
way as the load profiles. We assume that all households charging at home are
willing to provide flexibility.
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Figure 5.6: Selected flexibility profiles for a medium-sized city in 2045

5.3 Regionalization of demand and supply

In order to examine the potential of using EV home charging flexibility for
smoothing national and regional residual demand, we derive regional time series
for electricity demand from the other consumption sectors in Section 5.3.1 and
electricity generation from renewable energy sources in Section 5.3.2. Both
sections focus on the spatial distribution to NUTS 3 regions first and then derive
corresponding profiles.

5.3.1 Electricity demand

Spatial distribution of annual demand

Consistent with the EV market development, we adopt the electricity demand
development of the remaining consumption sectors until 2045 from the "KN100"
scenario from dena (2021). Table 5.1 shows the assumed annual evolution of
demand by consumption sector and application.
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Table 5.1: Annual electricity demand by sector and application in TWh

Sector Application 2019 2030 2045

Households SLP1 residential 121 119 116
Heat residential 6 20 29
Light trucks 0 0 2

Small-scale Industries, SLP commercial 133 129 118
Trade and Services Heat commercial 9 21 28

Base load 4 5 6
Heavy trucks 0 1 2
Light trucks 0 2 11

Industry Heat commercial 4 9 12
SLP commercial 17 16 19
Base load 206 241 285
Heavy trucks 0 5 10
Light trucks 0 1 3

Rail transport 12 20 24
Conversion sector 8 8 8
Passenger cars2 1 34 58
Total 522 625 732

1 standard load profile
2 The allocation of the demand from EVs is discussed in Section 5.2. Values
deviate from dena (2021) due to updated government targets (15 mil. EVs in
2030).

The spatial allocation of the demand is done in two steps. In the first step,
distribution keys, matching the sector-specific demand to the federal states, are
derived based on data from Länderarbeitskreis Energiebilanzen (2022).65 In the
second step, sector-specific demand distribution keys to the regions within the
federal states are derived. These are based on regional characteristics, such as
residents, employees in the tertiary industry, income, and gross value added,
taken from VWG (2022a) (2022) and VWG (2022b) (2022). Table 5.2 shows the
weighting factors of these characteristics to allocate the demand of the individual
sectors from the federal states to regions. The weighting factors are chosen
similarly to Bundesnetzagentur (2020).

65A detailed discussion of the approach and the derived distribution keys are presented in
Appendix 5.7.5.
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Table 5.2: Annual electricity demand by sector and application in TWh

Sector Allocated by Weighting factor

Households, rail transport Residents 90%
Income 10%

Small-scale Industries, Employed in sector 20%
Trade and Services Gross value added in sector 80%
Industry, conversion Gross value added in sector 100%

Temporal distribution of regional demand

To derive the temporal distribution of demand, time series are determined for
the individual applications, which are used to distribute the spatially distributed
annual demand over the year. Four categories can be distinguished when creating
our regional demand time series: Standard load profiles, time series for mobility
applications, time series for heat generation, and applications for which we assume
a constant power consumption. The standard load profiles (SLP) for household
consumption ("H0") and commercial consumption ("G0") are taken from VDEW
(1999). The daily profiles are available separately by day of the week (Monday-
Friday, Saturday, Sunday/holidays) and by season (Summer, Winter, Transition)
and are matched to the calendar year 2015. The profiles for light and heavy
electric trucks are taken from ENTSO-E (2022b). The daily profiles are available,
separated by Monday-Friday and Saturday-Sunday, and are matched based on
this distinction to the calendar year 2015. Due to the temperature dependency
of the heat generation profiles, they are calculated for each region separately.
To calculate the profiles for households, we use the standardized profiles for
heat pump electricity consumption as a function of time of day and outdoor
temperature from SWM (2022) as well as regional temperature data for 2015
from Copernicus Climate Change Service (2020). For electricity demand from
commercial consumers for heat generation, we use the profile data from Ruhnau
and Muessel (2022) and match it with temperature data for 2015. Last, we assume
uniform consumption over the year for the base load, rail transport and conversion
applications. Figure 5.14 in Appendix 5.7.6 illustrates the different profiles.

5.3.2 Electricity generation

Spatial distribution of annual renewable electricity capacities

As a starting point, existing capacities in 2022 of onshore wind, rooftop PV,
large-scale PV and hydropower are spatially distributed according to the Mark-
tstammdatenregister (Bundesnetzagentur, 2022). Offshore wind capacities are
located in a separate offshore region and are not spatially distributed. For the
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future development of each technology, the methods described in the network
development plan 2023 (German TSOs, 2022) are reproduced using regional
capacity potentials from Ebner et al. (2019). For 2045, the announced capacity
targets within the so-called "Easter package" (Bundesrat, 2022) were assumed:
160 GW onshore wind, 200 GW large-scale and rooftop PV each.

For onshore wind, the distribution to regions is done according to the relative
capacity potentials in the federal states compared to the total potential of Germany.
As soon as the 2% target for each federal state is reached, the relative distribution
factor in this federal state is devalued by 50%. The 2% area target thus represents
a threshold value above which less area may be available for wind energy use in
a federal state, thus slowing down the expansion. The remaining net expansion
is then further distributed to the federal states in an iterative procedure based
on the relative distribution of the respective potential. Based on the capacity
assigned to each state, the capacity is further distributed to the NUTS 3 regions
according to the relative potentials.

For the regional expansion of large-scale PV capacities until 2045, the regional
potential areas for each federal state and the NUTS 3 regions are used as well.
The target capacities for each federal state according to German TSOs (2022)
are distributed by the weighted regional potentials. This is done by using a
modification of the potentials. The potential area in the federal state with the
highest average yield (Baden-Württemberg) is valued twice as high as the potential
area in the federal state with the lowest average yield (Lower Saxony). For rooftop
PV installations, the approach is postcode-specific. A constrained growth function
is derived for each postcode using the change in existing installations to date and
the maximum potential. This function is linear until 50% of potential is reached,
and then approaches the potential limit asymptotically. This approach follows the
observation that past additions have been largely linear. However, after a certain
point, it decreases due to adding less suitable areas and slowly approaching the
potential limit.

For hydropower, only existing capacities are regional distributed. No additional
expansion is assumed.

Temporal distribution of regional renewable electricity generation

Generation profiles for the spatially distributed renewable capacities are based
on the COSMO-REA6 weather data of the year 2015 provided by HErZ, Hans-
Ertel Centre for Weather Research (University of Bonn - Germany) and DWD,
Deutscher Wetterdienst (2022). The data set contains information regarding wind
speed, temperature and solar irradiation. With these data, in-feed profiles for
rooftop and large-scale PV are computed by replicating the method described
in Huld et al. (2010). For onshore and offshore wind, power curves for standard
wind turbines are utilized in combination with wind speed data. Feed-in time
series for hydropower equal the historic time series from ENTSO-E (2022a).
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5.4 Modelling electric vehicle charging flexibility

By aggregating the results of the previous sections, regionalized residual load time-
series are computed. On the national level, positive peaks imply the utilization
and steep ramping of (and the necessity of investment in) expensive dispatchable
generation units. In contrast, negative peaks imply an excess of renewable energy
generation. On the regional level, both positive and negative peaks put strain on
distribution grid components such as transformers. Consequently, residual load
curves should be smooth and close to zero. Electric vehicle charging represents
one source of flexibility potential. We develop an optimization model for the
deployment of regional flexibility of electric vehicles. In the model, we distinguish
between two deployment strategies. Under the first strategy, the regional flexibility
potential is used to flatten the corresponding regional residual load curves by
reducing positive and negative peaks. This is our basic model, described in Section
5.4.1. Under the second strategy, the model is adjusted according to Section 5.4.2.
Here, the flexibility potential of home charging processes is aggregated to flatten
the national residual load curve instead.

5.4.1 Flexibility on regional level

The smoothing of the residual load has two objectives. First, to minimize the
absolute distance to zero in every time step, and second, to minimize peaks. The
objective functions in Equation (5.8) combines these by minimizing the square
absolute value of the residual load. On a regional level, this optimization logic
represents the minimization of grid expansion costs, which becomes necessary,
especially when large positive or negative peaks occur. On the national level,
the generation costs are to be minimized, which become disproportionately more
expensive during positive peaks, which serves as a justification for the quadratic
optimization approach. The objective function contains the adjusted residual load
RL as a variable, which has two dimensions. One temporal t ∈ T and spatial
n ∈ N . The set T contains the 8760 hours of a year, and the set N contains all
NUTS 3 regions of Germany.

min z =

T∑
t

N∑
n

|RLt,n|2 (5.8)

The adjusted residual load curve RLt,n equals the residual load curve before load
shift rlt,n plus the usage of load shift (LS), as it is shown in Equations (5.9) and
(5.10).

RLt,n = rlt,n +

T∑
t1

User∑
u

(LSt,t1,n,u · tsmax
t,t1,u) ∀t ∈ T ∧ n ∈ N (5.9)

with LSt,t1,n,u = LSneg
t,t1,n,u − LSpos

t,t1,n,u (5.10)
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The variable LS has two time-dimensions and is defined for every region n and
every user type u ∈ User. Furthermore, the variable can be decomposed into a
positive part LSpos and a negative part LSneg. Negative flexibility here means
that the load increases so that the residual load moves upwards. Positive flexibility
reflects load reduction. For every user type u, the binary parameter tsmax

t,t1,u defines
whether load shifting is possible from time step t1 to time step t.

With the following two Equations (5.11) and (5.12), it is ensured that the
maximum LS potential is not exceeded in every time step t, in every region n
and for every user type u. Two equations are necessary to distinguish between a
positive and a negative flexibility potential (see Section 5.2.2).

T∑
t

(LSpos
t,t1,n,u · tsmax

t,t1,u) ≤ Pmax,pos
t1,n,u ∀t1 ∈ T ∧ n ∈ N ∧ u ∈ User (5.11)

T∑
t

(LSneg
t,t1,n,u · tsmax

t,t1,u) ≤ Pmax,neg
t1,n,u ∀t1 ∈ T ∧ n ∈ N ∧ u ∈ User (5.12)

The last Equation (5.13) ensures that shifted energy is balanced for every user
type and region within a fixed period of 24 hours. For every from-to relationship
(amount of energy shifted from t1 to t), the sum has to equal zero.

T∑
t1

(LSt,t1,n,u · tsmax
t,t1,u) = 0 ∀t ∈ T ∧ n ∈ N ∧ u ∈ User (5.13)

After the optimization of the use of flexibility, new residual loads are computed.

5.4.2 Flexibility on national level

To use the flexibility potential of home charging processes to flatten the national
residual load curve, two equations of the basic model are adjusted. First, the
residual load curve in the objective function (Equation (5.8)) has no regional
dimension anymore (Equation (5.14)).

min z =

T∑
t

|RLt|2 (5.14)

Second, flexibility from all NUTS 3 regions and all user types is aggregated to
smooth the national residual load curve. Instead of Equation (5.9), we formulate
the following equation to compute the new national residual load curve.

RLt = rlt +

T∑
t1

User∑
u

N∑
n

(LSt,t1,n,u · tsmax
t,t1,u) ∀t ∈ T (5.15)

All other model equations stay the same as described in the previous section.
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5.5 Analysis and results

Based on the methodologies and data presented in previous sections, we conduct
a thorough analysis of the characteristics of regional and national residual load
curves, and evaluate the impact of two deployment strategies for home charging
flexibility. This section is divided into two parts. The first part, Section 5.5.1,
focuses on analyzing residual load curves, aiming to answer two primary questions.
How do regional residual loads develop over time? And what is the relationship
between the load profiles of electric vehicles and regional residual load curves?

In Section 5.5.2, we analyze two deployment strategies for the flexibility provided
by electric vehicles. We differentiate between national-oriented and regional-
oriented activation of flexibility and use the presented optimization approach
to answer the following question: What is the effect of different strategies for
activating the flexibility offered by electric vehicles on regional and national
residual load curves?

5.5.1 Residual load analysis

We categorize regions into three distinct clusters: Photovoltaic (PV)-dominated,
wind-dominated, and load-dominated regions. The clustering is based on two
dimensions: the average regional ratios of wind and PV feed-in to the average
load, normalized by the maximum ratio across all regions in 2045. The clustering
results are presented in Figure 5.7. A region is deemed load-dominated if both
dimensions have a normalized value smaller than 0.20. A region is considered
wind-dominated if it has a normalized wind-to-load ratio greater than 0.20 and
greater than the PV-to-load ratio. The definition for PV-dominated regions
follows the same logic.

The wind-dominated regions are primarily situated in the northern part of
Germany and consist of 98 NUTS 3 regions, covering an area of 157,753 square
kilometers, equivalent to 44% of the total land area of Germany (357,588 square
kilometers). The PV-dominated regions are located predominantly in the southern
region of Germany, particularly in Bavaria. These 166 NUTS 3 regions have a
total area of 140,332 square kilometers, accounting for 39% of Germany’s land
area. Load-dominated regions are primarily located in Germany’s western and
southwestern regions and include major urban areas such as Berlin, Hamburg,
and Munich. This cluster consists of 137 NUTS 3 regions and has a total area
of 59,666 square kilometers, accounting for 17% of Germany’s land area. The
clusters differ not only in terms of load, wind and PV generation ratios but also,
for example, in terms of population density and number of EVs. Both are high in
load regions and low in wind regions. A detailed account of the distribution of
regional properties for and within each cluster is provided in Appendix 5.7.7.
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Figure 5.7: Clustering of the NUTS 3 regions

Boxplots are computed for the three clusters and Germany to compare the
properties of the residual load curves for the years 2019, 2030, and 2045 without
considering flexibility. The results are presented in Figure 5.8.

Regarding the Cluster Wind, the majority of residual load curve values show
a decrease from 2019 to 2045. The median of the residual load curve decreases
from 0.7 GW in 2019 to -12.4 GW in 2030 and further to -22.2 GW in 2045.
The increased dependence on the weather for electricity generation leads to an
increase in the variance of the residual load curve. The distance between the
minimum and maximum values of the boxplot, a measure of dispersion, increases
by 178% from 2019 to 2030 and by 338% from 2019 to 2045. This increase is
attributed to the significant expansion of wind capacities relative to electrical
load growth. The minimum values of the residual load curve increase from -25.0
GW in 2019 to -148.6 GW in 2045, while the maximum value increases by 41%
from 13.1 GW in 2019 to 18.5 GW in 2045. The Cluster PV displays relatively
stable properties for the residual load curve, with a slight decrease in the median
from 10.1 GW in 2019 to 8.2 GW in 2045. Similar to the wind-dominated cluster,
the variance of the residual load curve increases, albeit to a lesser extent, due to
the weather-dependent electricity generation and the limited impact of load. The
properties of the residual load curve in Cluster Load display a different trend.
The median increases from 30.9 GW in 2019 to a value of 35.2 GW in 2045, an
increase of 14%. The maximum value of the residual load increases by around
36%, and the minimum value reduces from 18.5 GW in 2019 to -23.2 GW in
2045. The addition of new electric loads from electric vehicles and heat pumps in
these regions is offset by the effect of rooftop PV expansion. As the peak demand
occurs in the evening while the maximum feed-in from rooftop PV occurs at noon,
the minimum and maximum values of the residual load curve diverge.
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Figure 5.8: Comparison of regional residual load curves prior to the activation of flexibility

Note: The minimum and maximum values are represented by crosses. The median is depicted
by the orange line, while the colored box between the lower and upper quantiles represents 50%
of all values. The maximum whiskers are equal or lower to 1.5 times the Inter-Quartile Range
(range of the colored box)

The residual load curve in Germany (DE) displays characteristics similar to
those of the renewable-dominated clusters, as they represent a larger share of
residual load. Additionally, the German residual load curve includes Offshore
Wind feed-in, which is roughly correlated with the wind-dominated cluster.

Correlation between residual load and electric vehicle load curves

Besides the ratios of renewable feed-in and load, the three clusters differ regarding
the correlation between residual load and the electric vehicle load curves. Table
5.3 shows the coefficients of correlation for the three clusters and the years 2019,
2030 and 2045.

Table 5.3: Correlation between residual load and electric vehicle load curves
Cluster 2019 2030 2045
Cluster Wind 0.08 -0.19 -0.25
Cluster PV 0.29 -0.21 -0.27
Cluster Load 0.74 0.46 0.11

The coefficients of correlation highlight that the residual load in the load-
dominated cluster correlates most with the electric vehicles load profile. However,
the correlation almost vanishes until 2045, caused by the penetration of rooftop
PV applications and the electrification of further applications like heating or
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industrial processes. The residual load becomes less dominated by residential
applications in the evening. The increasing weather dependency of electricity
generation and a low share of load compared to renewable feed-in is the reason for
the lower correlation in 2019 and even negative correlation in 2045 in the other
two clusters.

This development is relevant for the use of EV charging flexibility to reduce
the residual demand. Today, especially in Cluster PV and Cluster Load, there
would be a strong incentive to shift the load of EV charging to counter the high
correlation with the residual load peaks. In 2045, however, especially in Cluster
Wind and Cluster PV, EVs tend to be charged when the residual load is low
(or negative). This development implies that the marginal utility of charging
flexibility to reduce load peaks is decreasing over time, although the flexibility
potential is increasing in absolute terms with growing EV adoption.

5.5.2 Flexibility of electric vehicles

This section provides a detailed analysis of two deployment strategies for utilizing
the flexibility provided by electric vehicles. The objective of the analysis is to
understand the impact of these strategies on the residual load curves at both
national and regional levels. We distinguish two deployment strategies: First,
we use flexibility to flatten the regional and, second, the national residual load
curve. In the following, we use the formulations of "nationally incentivized" and
"regionally incentivized" flexibility deployment for the use of the two deployment
strategies. The optimization model outlined in Section 5.4 is used for the analysis.
The properties of the resulting regional and national residual load curves for the
years 2030 and 2045 are evaluated and compared.

Characteristics of the activation of flexibility

Figure 5.9 illustrates the model results for a single region with a temporal resolution
of 48 hours. The figure highlights the differences in the shape of the residual
load and load shifting between the two optimization schemes. For example, the
charging process for user type C is shifted to hour 27 in the regional scheme but
to hour 10 in the national scheme. The use of flexibility is mainly limited by the
positive flexibility potential, as depicted by the dotted lines.
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Figure 5.9: Optimal activation of flexibility in region DE111 (Stuttgart)

Note: The left column of the figure shows the results of the regional optimization and the right
column shows the results of the national optimization. The residual load before the activation
of flexibility (regional on the left and national on the right) is depicted using a black line, and
the change of charging processes for user types A to H are shown in blue.

Model results on national level

The mechanisms for activating flexible charging processes impact the properties
of the national residual load curve. In Figure 5.10, the residual load curves after
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regional and national incentivized activation of flexibility are compared to the
residual load curve before the use of flexibility. This is done for the years 2030
and 2045.

Figure 5.10: Properties of the national residual load curve before and after the use of
flexibility

For both years, the range between the minimum and maximum values, as well
as the absolute value of the peak change to a small extent through both national
and regional incentivization of flexibility. However, national incentivization
has a greater impact compared to the regional approach. In 2030, regional
incentivization decreases the range between the minimum and maximum values
by 1.9%, while national incentivization decreases this range by 4.8%. Before the
use of flexibility, the negative peak surpasses the positive one in absolute terms.
Regional incentivization reduces the peak by 2.6%, and national incentivization
reduces it by 7.5%. These characteristics observed in 2030 can also be seen in
2045, but with higher values and a greater variance of the residual load. The use
of flexibility reduces the absolute value of negative peak demand. The minimum
changes from -303 GW to -288 GW (-5.0%) with the regional approach and to
-285 GW (-5.9%) with the national approach, while the maximum is only reduced
by 4 GW (-3.6%) in both cases.

Model results on regional level

We calculate imbalance ratios to analyze the effects of the two flexibility deploy-
ment strategies on the regional feed-in and load peaks. These are defined as
the positive or negative peaks in each region’s residual demand divided by the
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respective regional total load and generation over a year.66 The imbalance ratio
can be formulated in a positive (PIRr), negative (NIRr) and an absolute (AIRr)
way (see Equation (5.16) to (5.18)). Dividing the maximum amount of power
needed in both the positive (RE deficit) and negative (RE surplus) direction in
each region by total load and generation allows us to analyze and compare the
development of peaks for the heterogeneous regions. Comparing the Imbalance
Ratios before and after flexibility activation, we are able to quantify how flexibility
changes the altitude of the load and feed-in peaks.

PIRr =
max
h∈H

(residualloadh,r)∑8760
h=1 (totalloadh,r + generationh,r)

· 1000 ∀r ∈ R (5.16)

NIRr =
min
h∈H

(residualloadh,r)∑8760
h=1 (totalloadh,r + generationh,r)

· 1000 ∀r ∈ R (5.17)

AIRr = max (|PIRr|, |NIRr|) · 1000 ∀r ∈ R (5.18)

Figure 5.11 visualizes the change of the imbalance ratios after the national and
regional incentivized activation of flexibility in each region for the year 2030.
Figure 5.12 shows the results for the year 2045. As reference values in both figures,
highlighted in gray, the peaks in 2019 are normalized to the load and generation
of 2030 and 2045, respectively.

66The use of this evaluation variable follows Kühnbach et al. (2021).
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Figure 5.11: Imbalance ratios before and after the use of flexibility in 2030

Note: The x-axis represents the regions in each cluster. In each of the nine sub-figures, the
imbalances before flexibility are sorted in ascending order. The imbalance ratios after the
activation of flexibility are then matched to the corresponding region.
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Figure 5.12: Imbalance ratios before and after the use of flexibility in 2045

Note: The x-axis represents the regions in each cluster. In each of the nine sub-figures, the
imbalances before flexibility are sorted in ascending order. The imbalance ratios after the
activation of flexibility are then matched to the corresponding region.

In renewable-dominated regions in 2045, before the activation of flexibility, the
negative imbalance ratio is always greater, in absolute terms, than the positive
imbalance ratio. It thus defines the absolute imbalance ratio and the maximum
strain on local grid components. In the load-dominated cluster, it is the other
way around in about 66% of the regions.
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In the Cluster Wind, the positive imbalance ratio decreases only slightly
when applying both activation mechanisms for flexibility. On average, positive
imbalance declines by 1.2% with national incentives and by 2.7% with regional
ones. The positive peaks of the residual loads decrease by 0.002 MW/km2

on average with national incentives and by 0.004 MW/km2 with the regional
approach. The decreasing effect is limited by low positive flexibility potentials and
the fact that the charging processes and the situation of the highest residual load
do not fall into the same periods, as discussed in Section 5.5.1. The correlation
between residual load and charging profile decreases over time, which limits the
potential for flexibility in peak load situations. This limitation applies to all three
clusters. The negative imbalance ratio in the wind-dominated cluster remains
largely unchanged under the national deployment strategy (-1.2% on average in
absolute terms67, corresponding to -0.013 MW/km2). However, it decreases more
when applying the regional strategy (-3.5% in absolute terms, corresponding to
-0.037 MW/km2). As the negative imbalance ratio is greater than the positive
one for the regions in this cluster, the absolute imbalance ratio reproduces the
negative one in absolute terms.

In the Cluster PV, the positive imbalance ratios display a different pattern
than the ones in the wind-dominated cluster, with an increase in response to
national incentives. The national deployment strategy results in an increase
of 5.1% of the positive imbalance ratio on average, which corresponds to an
increase of the positive residual peak demand of 0.008 MW/km2 across all regions
within this cluster. But, there are also regions which face distinct greater effects
with up to 0.071 MW/km2. In these cases, peaks can increase by up to 35%
following national incentives. This outcome is attributed to more electric vehicles
in PV-dominated regions, resulting in a greater potential for positive flexibility.
In contrast, positive imbalance ratios are lowered by 2.1% with regional incentives
on average, corresponding to a reduction of 0.008 MW/km2 . The negative
imbalance ratio is consistently reduced by regional incentives in absolute terms
(-6.3% on average, corresponding to -0.068 MW/km2). National incentives reduce
the absolute value of the negative imbalance ratio, too, but to a less extent (-1.2%; -
0.023 MW/km2). Just as in the wind-dominated cluster, as the negative imbalance
ratio is greater than the positive one, the absolute imbalance ratio reproduces the
negative one in absolute terms. Last, in the load-dominated cluster, we observe
that following national incentivized activation of flexibility, positive imbalance
ratios are the highest compared to their occurrence in renewable-dominated
clusters. On average, the positive imbalance increases by 3.1% (0.043 MW/km2)
with national incentives. But, just like in the PV-dominated cluster, there are also
regions with high penetration rates of electric vehicles, which face a distinct greater
effect with up to 0.349 MW/km2. In this case, the peak increases by around

67For the positive and absolute imbalance ratio, a reduction corresponds to an improvement:
the (positive or negative) residual load peak becomes smaller. For the negative imbalance
ratio, a reduction corresponds to a worsening: the negative residual load peaks (the absolute
value) become larger. In order to be consistent in terms of the positive/negative impact, all
described changes in the negative imbalance ratio refer to the absolute change.
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27% following national incentives. Regional incentives instead lower the positive
imbalance ratio by 1.4% (-0.018 MW/km2) on average. The negative imbalance
ratio is consistently reduced both by regional and national incentives, but regional
incentives have a greater effect (-2.1% compared to -6.3%, corresponding to -
0.079 MW/km2 and -0.208 MW/km2). In contrast to the separated effects on
positive and negative imbalances, the effect of national incentives on the absolute
imbalance ratio is region-specific, indicating the regions’ heterogeneity in the
load-dominated cluster. In some regions, the positive imbalance ratio exceeds
the negative imbalance ratio (regions 0 to 90), while the opposite is true in
others (regions 91 to 137). In regions with a greater positive imbalance than a
negative, the absolute imbalance ratio increases by 3.2% on average with national
incentives, corresponding to an increase of absolute residual peak demand by
0.056 MW/km2 on average. Instead, local incentives lower the absolute imbalance
ratio by 1.1% on average, corresponding to a decrease of the absolute peak by
0.019 MW/km2 on average. In regions with a smaller positive imbalance than
a negative, national incentives reduce the absolute imbalance ration by 1.9% on
average (-0.036 MW/km2), whereas local incentives would lower the absolute
imbalance ratio even more by 5.9% (-0.104 MW/km2) on average. Consequently,
there are regions in the load-dominated cluster where national incentives are
slightly beneficial in lowering the absolute imbalance ratio or do not significantly
change it. However, there are also regions where national incentives result in an
increase in the absolute imbalance ratio, stemming from the increase in positive
peaks. Or, formulated differently, national incentives can significantly increase
or slightly reduce the absolute peaks. Regional incentives may either lower the
imbalance ratio or have an insignificant impact on the absolute value, depending
on the flexibility potential and the correlation between charging profiles and
residual load peaks.

Summarizing, national incentives tend to increase the positive imbalance ratio in
PV- and load-dominated regions, whereas regional incentives decrease it, albeit to
a small extent. However, regional incentives can significantly reduce the negative
imbalance ratio.

In the context of the three clusters under consideration, it can be inferred that
in regions dominated by wind energy, the national deployment strategy does not
exert additional pressure on the distribution grid, but regional incentives can
reduce imbalances. In PV-dominated regions, both the national and the regional
incentives do lower the absolute imbalance ratio. However, regional incentives
have a greater effect. For the regions of both clusters, it can be observed that
the flexibility potential is used in particular to absorb excess renewable electricity
and has less effect in smoothing load peaks. This is also manifested in the
temporal shift patterns in the two clusters: For both the national and the regional
incentivization, load shifting takes place primarily from the evening to the times
of surplus generation at noon.

In contrast, load-dominated regions are characterized by heterogeneity in terms
of positive or negative peak dominance, so the impact of national incentives on
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imbalances can be either positive (worsen the situation) or negligible. That is
because the national incentivization corresponds to the temporal scheme of the
renewable-dominated regions: Load is shifted from the evening into the times
of national renewable surplus, only that there is no renewable energy surplus in
many load-dominated regions, leaving them worse off. Regional incentives, on the
other hand, can reduce absolute imbalances in these regions, as the load is shifted
into the night, to address load peaks during the day.

5.6 Conclusion

The expansion of decentralized renewable energy systems and electric vehicles is
putting stress on the distribution grids. However, flexible EV charging can help
alleviate this impact by reducing peak loads and feed-in by better matching load
and supply. The paper conducted a comprehensive regional analysis of Germany
to estimate the regional potential of EV charging flexibility for reducing peaks on
regional and national levels. This was achieved by modeling regional EV diffusion
with sigmoid functions and deriving individual charging and flexibility profiles for
each NUTS 3 region in Germany. For both, we presented a detailed method. We
further developed a model to optimize the use of EV charging flexibility to either
flatten the regional residual loads or the national one.

Our analysis consists of two parts.

In the first part of our analysis, we examined the future development of residual
load curves and their correlation with EV charging profiles. Three different
clusters were formed: load-dominated, wind-dominated and PV-dominated. We
find that the increased dependency on weather-based electricity generation leads
to a significant increase in the variance of the residual load curve until 2045.
Our results reveal that the regional structure of electricity demand and supply
is highly heterogeneous. Moreover, the correlation between residual load and
EV charging profiles decreases over time, implying that the marginal utility of
charging flexibility to reduce load peaks declines, even if the positive flexibility
potential increases in absolute terms.

In the second part, we evaluated the impact of two incentive mechanisms for
activating the flexibility of electric vehicles. One aims to flatten the regional
residual load curves with local flexibility. The other uses the aggregated flexibility
potentials to flatten the national residual load. Results show that both strategies
reduce the variance of the residual load and peak demand and feed-in from
a national perspective. In 2045, both strategies reduce the positive residual
peak load by about 4 GW (3.6%), correspondingly less reserve capacity, storage
or imports need to be kept available. The negative residual peak load, i.e.
the maximum surplus of renewable capacity, is reduced by 15 GW (5.0%) in
case of regional incentivization and even by 18 GW (5.9%) in case of national
incentivization. I.e., the use of EV charging flexibility has a significantly greater
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potential in absorbing excess renewable generation than in lowering positive peak
load. Regional incentivization generally leads to a decline in absolute values
of peaks on regional level. Here, as well, the flexibility is particularly useful in
absorbing excess renewable generation and thus reducing negative residual load
peaks. The local impact of the national incentivized activation varies depending
on the region’s characteristics. In load- and some PV-dominated regions, national
incentivization can result in drastically higher regional demand peaks compared
to a scenario without charging flexibility (up to 35%). In wind-dominated regions,
this effect is less pronounced. Furthermore, regions with higher shares of EV load
than total load and regions with a higher correlation of EV charging profiles with
the residual load have higher potential to flatten the residual load and reduce the
peak demand.

The two application scenarios of charging flexibility discussed aim at two very
different targets: while national incentivization aims at reducing demand in times
of low national renewable generation feed-in and thus times of high prices, the
regional incentivization aims at reducing the regional strain on grid components.
Our study shows that these two targets can be contradictory in their effects:
While the regional incentivization is less effective in reaching the smoothing in
the national residual demand curve, the national incentivization can even lead to
increased strain on local level, especially in load-dominated regions. Policymakers
should, thus, consider these regional effects when implementing incentives for
flexible EV charging to achieve maximum effectiveness in reducing peaks on
regional and/or national levels and avoid unwanted, additional strain on grid
components. Furthermore, our results may also provide a justification at the
transmission system level for introducing regionally differentiated price signals
(e.g. zonal or nodal pricing), as uniform pricing at the national level may result
in undesirable effects at the regional level.

While we are able to estimate regional effects of flexibility deployment at the
level of NUTS 3 regions with our method, there is a need for further research
on its impact on actual distribution grids and grid components. In the course
of this, the concrete grid expansion costs and electricity generation costs under
different deployment strategies could be quantified and compared. Furthermore,
our analysis abstracts from other flexibility options and their interdependencies
with the flexible home charging of EVs. Hence, there remains a need for further
research, addressing flexibility with workplace charging or charging in public spaces
as well. Finally, further research could investigate on the effects of different policy
schemes aiming at the implementation of the discussed deployment strategies.
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5.7 Appendix

5.7.1 The full Bass model

For the computation of regional transition pathways of electric vehicles, the Bass
diffusion model is used. In this section, it is explained how the formula in Equation
(5.3) is derived. According to Rogers’ concept of the diffusion of innovation (1962),
P (t) is "the probability that an initial purchase will be made at time t given that
no purchase has yet been made" (Bass, 1969).

P (t) =
f(t)

1− F (t)
= p+

q

m
A(t) = p+ qF (t) (5.19)

The parameter p is the coefficient of innovators meaning the probability of
initial purchases at the start of the innovation and q is the coefficient of imitators,
signalling the pressure they feel from the increasing number and m is the total
market size. f(t) is the likelihood of purchase at time t. F (t) is the cumulative
diffusion level at time t, further described in Equation (5.20). A(t) expresses the
cumulative number of adopters a(t) in the interval (0, t), presented in Equation
(5.21) (Bass, 1969; Van der Kam et al., 2018).

F (t) =
A(t)

m
=

∫ t

0

f(t)dt (5.20)

A(t) =

∫ T

0

a(t)dt = m

∫ T

0

f(t)dt = mF (t) (5.21)

The number of adopters a(t) itself can be calculated according to Equation (5.22)

a(t) = mf(t) = P (t)[m−A(t)] = [p+
q
∫ T

0
a(t)dt

m
][m−

∫ T

0

a(t)dt] (5.22)

Also, f(t) can be extended as:

f(t) = [p+ qF (t)][1− F (t)] = p+ (q − p)F (t)− q[F (t)]2 (5.23)

To find F (t), this non-linear differential Equation (5.24) needs to be solved:

dt =
dF

(p+ (q − p)F − qF )
(5.24)

This equals to:

F =
q − pe(−t+C)(p+q)

q(1 + e(−t+C)(p+q))
(5.25)
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Since F (0) = 0, the integration constant may be evaluated:

−C =
1

p+ q
ln(

q

p
) (5.26)

Therefore:

F (t) =
1− e−(p+q)t

1 + q
pe

−(p+q)t
(5.27)

or:

A(t) = m
1− e−(p+q)t

1 + q
pe

−(p+q)t
(5.28)

To normalize the beginning of the diffusion t0 at 0, this function can be written
as:

A(t) = m
1− e−(p+q)(t−t0)

1 + q
pe

−(p+q)(t−t0)
(5.29)

which is derived from Van der Kam et al. (2018).

5.7.2 Function transformation of the diffusion curve function

This section displays the transformation of the diffusion curve function given in
Equation (5.3) to the diffusion curve function in Equation (5.6). The objective
is to calculate t given all other variables and parameters stay constant. Recall
Equation (5.3):

F (t, ŝ, p̂, q̂) = ŝ · 1− e−(p̂+q̂)(t−t0)

1 + q̂
p̂e

−(p̂+q̂)(t−t0)
| · (1 + q̂

p̂
e−(p̂+q̂)(t−t0)) (5.30)
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For the sake of simplicity, F (t) will be written as F in this function transformation.
The transformation steps are shown in Equations (5.31) to (5.38).

F (1 +
q̂

p̂
e−(p̂+q̂)(t−t0)) = ŝ ∗ (1− e−(p̂+q̂)(t−t0)) |solving the brackets (5.31)

F + F
q̂

p̂
e−(p̂+q̂)(t−t0) = ŝ− ŝe−(p̂+q̂)(t−t0) | ∗ p̂ (5.32)

p̂F + q̂F e−(p̂+q̂)(t−t0) = ŝp̂− ŝp̂e−(p̂+q̂)(t−t0) | − p̂F + ŝp̂e−(p̂+q̂)(t−t0) (5.33)

ŝp̂e−(p̂+q̂)(t−t0) + q̂F e−(p̂+q̂)(t−t0) = ŝp̂− p̂F (5.34)

(ŝp̂+ q̂F )e−(p̂+q̂)(t−t0) = ŝp̂− p̂F | ∗ 1

ŝp̂+ q̂F
(5.35)

e−(p̂+q̂)(t−t0) =
ŝp̂− p̂F

ŝp̂+ q̂F
|ln (5.36)

−(p̂+ q̂)(t− t0) = ln(
ŝp̂− p̂F

ŝp̂+ q̂F
) | ∗ 1

−(p̂+ q̂)
(5.37)

t− t0 =
ln( ŝp̂−p̂F

ŝp̂+q̂F )

−(p̂+ q̂)
|+ t0 (5.38)

t =
ln( ŝp̂−p̂F

ŝp̂+q̂F )

−(p̂+ q̂)
+ t0 (5.39)

To calculate the time difference ∆t between a given time tset when a NUTS 3
region reaches a certain diffusion level F (t)nuts3, and the time when the same
level is reached on the national diffusion curve, the following Equation (5.40) is
the result.

∆t = t− tset = t−
ln( ŝp̂−p̂F

ŝp̂+q̂F )

−(p̂+ q̂)
+ t0 − tset (5.40)
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5.7.3 Descriptive analysis of mobility data

Figure 5.13: Key parameters of the used MOP dataset (KIT - Institut für Verkehrswesen,
2021)

5.7.4 Shares of charging scenarios

Table 5.4: Shares of charging scenarios per settlement type

settlement type h h,w h,o h,w,o w o w,o Total

rural community 22% 22% 22% 22% 4% 4% 4% 100%
smaller provincial town 22% 22% 22% 22% 4% 4% 4% 100%
larger provincial town 21% 21% 21% 21% 6% 6% 6% 100%
smaller medium town 18% 18% 18% 18% 9% 9% 9% 100%
larger medium town 20% 20% 20% 20% 7% 7% 7% 100%
smaller metropolis 16% 16% 16% 16% 13% 13% 13% 100%
larger metropolis 10% 10% 10% 10% 19% 19% 19% 100%

Notes: The row total may differ from 100% due to rounding errors. Charging locations: at
home (h), at work (w), others (o)

5.7.5 Distribution of demand to federal states

To distribute the national demand of each sector among the federal states, we
use data from Länderarbeitskreis Energiebilanzen (2022). The data includes
the demand of all federal states separately by sector for the years 1990-2019.
We allocate the demand in our model among the federal states based on the
distribution of sector-specific demand in 2019. An exception is the state of
Saarland, where the most recent data available is from 2016 (Table 5.5). We
assume that this distribution does not change fundamentally over time.
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Sector BW BY BE BB HB HH HE MV

Households 14% 16% 3% 3% 1% 3% 8% 2%
Small-scale industries,

trade and services 15% 16% 5% 3% 1% 3% 9% 2%

Industry 12% 15% 1% 3% 1% 2% 5% 1%
Rail transport 11% 19% 8% 5% 1% 3% 11% 2%
Conversion sector 9% 9% 1% 10% 1% 3% 2% 1%

Sector NI NW RP SL SN ST SH TH

Households 9% 23% 5% 1% 4% 2% 4% 2%
Small-scale industries,

trade and services 9% 20% 4% 1% 4% 3% 3% 3%

Industry 11% 28% 7% 2% 5% 4% 2% 3%
Rail transport 11% 15% 4% 1% 4% 4% 2% 2%
Conversion sector 10% 37% 1% 2% 6% 5% 3% 0%

Table 5.5: Distribution keys of sectoral electricity demand to federal states.

Note: The row total may differ from 100% due to rounding errors.
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5.7 Appendix

5.7.6 Demand profiles

Figure 5.14: Demand profiles per application. Heat profiles are exemplary: shown are
the profiles for the region DEA23 (Cologne) on 3 exemplary days of the
year.
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5.7.7 Cluster properties

Table 5.6: Properties of the regions within the three cluster in 2045

Property Indicator Cluster
Wind

Cluster
PV

Cluster
Load

Population density Minimum 36 66 125
[People per km2] Maximum 437 1585 4761

Mean 117 264 1165
Number of EVs Minimum 14 31 56
[cars per km2] Maximum 167 606 1811

Mean 55 119 471
Wind Onshore capacity Minimum 0.22 0.00 0.00
[MW per km2] Maximum 1.94 1.26 0.95

Mean 0.75 0.29 0.15
total PV capacity Minimum 0.19 0.16 0.00
[MW per km2] Maximum 1.59 2.18 2.35

Mean 0.62 0.69 0.34
large-scale PV capacity Minimum 0.19 0.16 0.00
[MW per km2] Maximum 1.59 2.18 2.34

Mean 0.62 0.69 0.34
rooftop PV capacity Minimum 0.13 0.15 0.23
[MW per km2] Maximum 2.04 5.41 7.46

Mean 0.38 0.86 2.20
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5.7 Appendix

Figure 5.15: Distribution of the population density within each cluster in 2045

Figure 5.16: Distribution of EVs per km2 within each cluster in 2045

Figure 5.17: Distribution of Wind Onshore capacities per km2 within each cluster in
2045
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Figure 5.18: Distribution of PV capacities (large-scale PV and rooftop PV) per km2

within each cluster in 2045

Figure 5.19: Distribution of large-scale PV capacities per km2 within each cluster in 2045

Figure 5.20: Distribution of rooftop PV capacities per km2 within each cluster in 2045
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