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Abstract

This dissertation explores strategies to support a sustainable energy transition, focusing on
the economic, technological, and ecological challenges of decarbonization. While fossil fuels
remain cheaper in the short term, renewable energy technologies o er long-term advantages
through lower emissions and innovation-driven cost reductions. The three chapters provide
complementary insights from technological, system-level, and macroeconomic perspectives.
The rst paper introduces a new engineering-based method to measure innovation in wind en-
ergy. It isolates material-based costs to assess learning over time. It shows that onshore wind
may become cost-competitive without subsidies under continued technological progress. The
second paper examines the role of biomass in decarbonization using a spatially disaggregated
TIMES-CZ model. It incorporates ecological constraints, including bark beetle infestations,
to evaluate biomass availability and identify the least-cost renewable energy pathways for the
Czech Republic. The third paper analyzes the macroeconomic implications of oil price shocks,
emphasizing the need for expert-level thinking when interpreting market dynamics. Despite

a growing shift to cleaner energy, oil remains crucial, and its price uctuations continue

to have signi cant macroeconomic impacts. A realistic approach is needed to navigate the
complexities of oil price dynamics and their broader economic consequences. Together, the
papers o er practical tools and insights for designing resilient, innovation-focused energy
policies that are aligned with climate goals.
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Introduction

The path toward a sustainable energy future requires navigating a complex trade-o between
the desire for economic development and the necessity to decarbonize. This tension is
particularly evident in decisions involving energy production: while fossil fuels are typically
cheaper and more readily deployable, renewable energy technologies o er long-term bene ts
through lower carbon emissions and potential for cost reductions via innovation. In practice,
policymakers must simultaneously consider energy independence, energy security, and envi-
ronmental sustainability: an analytical space too vast for any single thesis to fully address.
This dissertation contributes to this e ort by examining a range of strategies, including
innovation measurement, system optimization, and macroeconomic risk analysis, that can
support decarbonization, especially within the real-world constraints faced by both renewable
and conventional energy sources.

What binds the three papers in this dissertation is a common objective: to improve our
understanding of the variables and trade-o s that must be considered to guide e ective
and feasible decarbonization strategies. While much of the academic literature tends to
treat energy technologies in isolation or assume away di cult structural constraints, this
research attempts to o er more grounded, transparent, and practically implementable tools
and perspectives. Each chapter contributes a di erent lens: technological, systems-level,
and macroeconomic, through which to examine energy transition strategies, and together
they form a comprehensive picture of the analytical support needed for a sustainable energy
future.

The rst chapter focuses on onshore wind technology and aims to derive a clearer, more
accurate measure of innovation. While renewable technologies often receive support due to
their low carbon footprint, a common criticism is that they remain uncompetitive without
subsidies. This paper investigates the learning potential of wind energy technology and
proposes a novel strategy for measuring it. Using a bottom-up engineering-based approach, it
constructs a time series of unit production costs for US wind turbines from 1998 to 2017, where
the costs are derived exclusively from material inputs and turbine speci cations, excluding
confounding variables such as uctuations in interest rates, wind speed, and exchange rates.
By isolating cost reductions due purely to technological improvements, the paper o ers a
more robust metric for assessing innovation over time. The results strengthen the case that
wind technology can become competitive with conventional energy sources, reinforcing the
potential for subsidy-free deployment under the right conditions. The methodological care
taken in constructing this innovation measure is the paper's core contribution. The paper also
delves into the details of how greater penetration of intermittent renewable energy resources,
such as wind, may become problematic from a system-wide perspective, and how it could
a ect so-called integration costs.

The second chapter shifts attention to another net-zero carbon fuel, biomass, which plays a
dominant role in the renewable energy mix of many countries, including the Czech Republic.
This chapter uses a spatially enriched energy system optimization model (TIMES-CZ) to
evaluate the role of forest biomass in supporting long-term climate targets. A distinguishing
feature of the paper is its integration of ecological risks, particularly the widespread bark
beetle infestation a ecting Czech forests, into the assessment of biomass availability and
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cost. By modelling regional biomass potentials under several forest development scenarios,
and exploring the implications of subsidies and ecological constraints, the paper identi es
least-cost pathways to decarbonization. It reveals that while biomass can remain a reliable
component of the energy mix, relying on it too heavily, especially under ecological stress, can
raise system-wide costs and risk falling short of EU renewable energy targets. The study
thus contributes both methodologically and substantively to the design of realistic, regionally
grounded energy policies.

In the third chapter, the focus turns to a non-renewable energy resource: oil. Despite
international commitments to climate goals, oil remains a foundational energy source in the
global economy. The motivation for this paper stems from a critical gap in macroeconomic
analysis among prominent institutions that publish oil price forecasts, such as the Energy
Information Administration (EIA). Speci cally, these forecasts often overlook the underlying
demand and supply fundamentals that drive oil prices. Central banks, which typically base
their macroeconomic projections on EIA forecasts, therefore inherit this same limitation,
relying on projections that are not grounded in a structural understanding of the oil market.
We, therefore, introduceOILMOD , a semi-structural model of the oil market that captures
both demand- and supply-side dynamics, with emphasis on OPEC spare capacity. Using
OILMOD, we generate oil price scenarios and embed a high oil price trajectory into a monetary
policy model (ENDOCRED) to examine the trade-o s that monetary policymakers face

in a post-COVID in ationary environment. In such a setting, in ation expectations may

no longer be well anchored if the global economy were to experience another major supply
shock. The results highlight the danger of overreliance on third-party institutions for such

a critical variable as oil prices and urge central banks to undertake more in-house analysis.
This would enable them to develop more robust, forward-looking strategies for managing the
output-in ation trade-o under a stag ationary scenario.

Together, these three papers o er a layered approach to supporting the energy transition:
from identifying innovation trajectories and planning resilient, cost-e ective systems, to
managing the macroeconomic risks of remaining fossil dependencies. While the global shift
away from carbon-intensive energy will not occur overnight, and no clean technology is
without trade-0 s, this dissertation argues that better data, more realistic models, and
nuanced risk assessments can signi cantly enhance our ability to chart a sustainable and
economically viable energy future.



Chapter 1

Innovations in the Wind Energy Sector

The original version of this paper was published as a working paper by CERGE-En
updated version, re ecting revisions made during the peer-review process, was later published
in the Journal of Energy Engineering’

1.1 Introduction

Technological innovations can reduce the costs of electricity production in the wind energy
sector. Despite the achieved reduction in costs, many producers still receive subsidies to
allow them to compete with conventional power producers. Understanding the drivers of
technological innovation is a rst step towards constructing e ective policies to accelerate
the innovation process to an extent that the subsidies are no longer required. However, we
cannot fully understand the drivers of innovation without an accurate measure of innovation
itself. This paper focuses on generating a more accurate innovation measure for wind energy
technologies, which the current literature does not provide. We illustrate the importance of
our data by conducting a learning curve analysis - a widely applied method in the energy
literature to predict reductions in the costs of electricity production.

Innovation in this paper refers to any type of wind turbine modi cation which produces
electricity at a lower cost than its predecessor. If we directly use production cost reductions
as the measure for innovation, we will obtain biased results because production costs can also
change due to factors unrelated to technological innovation, such as interest rates, material
prices, exchange rates, and wind speed uctuations.

In order to derive an accurate measure of innovation, we apply an engineering mo@éhlcolm
& Hansen, 2002; Poore & Lettenmaier, 2000-2002) and estimate the cost of the wind electricity

ILaxton, D. T. (2019). Innovations in the Wind Energy Sector (CERGE-EI Working Paper No. 647).
Charles University CERGE-EI. Retrieved from https://www.cerge-ei.cz/pdf/iwp/Wp647.pdf

2Laxton, D. T. (2023). Novel Measure of Innovation: Application to the Onshore Wind Energy Sector
in the US. Journal of Energy Engineering, 149(2), 04023002.https://doi.org/10.1061/(ASCE)EY.1943
-7897.0000838



production of wind turbines installed each year in the US from 1998 to 2017. The engineering
model calculates the costs of electricity production based on the engineering properties of
installed turbines, their material composition and the corresponding material prices in the
selected year. This approach can e ectively exclude from the estimated production cost
the factors unrelated to technological innovation, such as interest rate, material price and
exchange rate uctuations. This is the major motivation for using the engineering model
in this paper. We refer to our production cost data as an innovation measure or levelized
engineering cost of energylE COE ) series.

We illustrate the usefulness of our measure of innovation by conducting a learning curve
analysis. A learning curve measures the correlation between the deployment of wind technology
and electricity production cost reduction. Using our levelized engineering cost of energy
measure delivers an improved t of the learning curve in comparison to alternative data.
This is crucial as the learning curve is a popular tool in the energy literature to measure
technological innovation. In addition, learning rates are frequently used in other electricity
market modelling practices, which in uence policy decisions. Therefore, learning rates inferred
from improved data should be more reliable for informing successful policies.

The paper is organized in the following way: section 1.2 describes the process of generating
our innovation data for wind technology in the US and compares it with other studies; section
1.3 summarizes and analyzes wind technology support policies in the US; section 1.4 evaluates
these policies in the context of learning curve literature, and section 1.5 concludes.

1.2 Measuring Innovation in Wind Energy Technologies

1.2.1 De ning the Levelized Cost of Energy ( LCOE)

Technological innovations are re ected in cost reductions in energy production. Other, non-
innovative factors may also contribute, and we aim to eliminate these. To describe how we
accomplish this, it is helpful to de ne the terminologies used in the study. In this section, we
de ne the components of production cost.

Traditionally, the production cost of electricity is assessed using the levelized cost of energy
(LCOE) (e.g., McKenna, Hollnaicher, & Fichtner, 2014).LCOE includes all capital and
operating costs throughout the useful life of a wind turbine. A simple formula for calculating
LCOE is the following (Ramadhan & Naseeb, 2011):

CRF CapEx+ O&M
AEP

Capital Cost ( CapEx). Capital cost includes: (i) the cost of a turbine, (ii) the balance of
system cost BOS), which includes development costs of the wind farm, permits, engineering
and management, roads for site access, foundation, transportation, assembly, installation
and electrical infrastructure costs. Investment costs are expressed in $/MW, where MW
measures the turbine capacity. Turbine capacity is the maximum amount of electricity that a
particular wind turbine can generate in an hour. Generated electricity depends on the wind

LCOE = (1.1)



speed. The maximum amount can be reached above some threshold wind speed. We denote
the capital cost of a turbine asCapEx and

Turbine Cost+ BOS

CapEx = . -
apEX Turbine Capacity

(1.2)

Capital Recovery Factor ( CRF). We can represent capital cost as a discounted sum
of annual xed payments throughout a wind turbine's useful life. These xed payments, or
the rental rate of capital, are a product of capital cost and a capital recovery factoCRF),
where CRF equals(i(fi")in)nl (Chabot & Saulnier, 2001). In this formula,n is the expected
useful life of a turbine andi is the discount rate. The rental rate is measured in $/MW/year.

Operations and Maintenance Costs ( O&M). Operations and maintenance costs (O&M)
include replacement of wind turbine components, insurance, land lease and all other costs
that occur from the time the wind farm starts operation. Some of these costs are xed
each year and do not depend on the amount of electricity produced, and some are variable.
However, for convenience, we convert this cost to $/MW/year.

Annual Energy Production ( AEP). Wind turbines can reach maximum turbine capacity

at a certain wind speed. However, wind speed varies throughout a day, at various seasons and
across geographic locations. In fact, wind turbines rarely produce at their maximum capacity.
Therefore, in order to calculate the production costs of a unit of electricity, we need to know
the electricity production per MW of turbine capacity per year. The unit of measurement is
MWh/MW!/year, which can be phrased as e ective hours in operation annually.

1.2.2 ldentifying Gaps in the Literature

Before describing the process used to generate our measure of innovation, we explain why
we did not rely on measurements from prior studies. Firstly, the vast majority of papers on
innovation in wind energy technology(e.g., Hayward & Graham, 2013; Grafstrom & Lindman,
2017; Yu, Li, Che, & Zheng, 2017; Huenteler, Schmidt, Ossenbrink, & Ho mann, 2016; Wiebe
& Lutz, 2016) use changes in average capital expenditures or average turbine price per unit
capacity as the measure of innovation. Using only capital expenditures in the literature
may be a result of a lack of production cost data. This approach is problematic because, as
turbines become larger, capital expenditures per unit capacity may riseConsidering only
capital expenditures as the measure of innovation in this case would suggest technological
decay. However, as turbines become taller, e ective hours in operation also increase, and this
may compensate for rises in the capital costs.

Another problem is that the most frequently cited International Energy Agency'f1991-2018)
capital expenditure data is not of equal quality across countries. In this source, some countries
report all components of capital costs, while others only report parts of them. For example,
for some countries, theBOS cost component is missing. In addition, capital expenditure

3The reason for the rising capital expenditures is that wind speed rises as it reaches higher altitudes.
Stronger wind exerts more force on the turbine, requiring heavier materials to withstand these forceg-Hemami,
2012)



data or turbine price data re ect the exchange rate, material prices, and/or interest rate
uctuations, none of which contribute to technological innovation(Bolinger & Wiser, 2012).
Thus, these factors should be eliminated when deriving measurements of innovation.

McKenna et al. (2014) uses the same wind turbine component-cost-scaling mo@dehgersh,
Hand, & Laxson, 2006) as we do, in order to calculate the LCOE across various wind turbine
designs that are matched with a particular wind resource and the terrain of a geographic
location in Germany. However, McKenna et al. (2014) does not attempt to produce series
that describe trends in technological development. Instead, the authors try to produce a high-
resolution image of the theoretical cost potential of wind energy across di erent locations. In
contrast, we only identify technological innovation trends where small site-speci ¢ variations
are not of crucial importance.

Several papers use a di erent approach to measure innovation. Qiu and Anadon (2012)
measure production costs using average tari s that potential wind farm developers were
bidding to receive in the Chinese wind energy concession program of 2003-2007. Tang and
Popp (2016) criticizes the approach of Qiu and Anadon (2012) arguing that wind farm
investors are inclined to underbid their costs in order to win auctions. Instead, Tang and
Popp (2016) uses the levelized cost of energy data from Chinese wind energy subsidy project
that covers 2002-2009. Their data represents the expected levelized cost of energy estimated
by eligible investors. Even if truthfully reported, this data is likely to re ect uctuations in

the factors that do not contribute to technological innovation, such as material price, exchange
rates, and interest rate uctuations. This is due to the fact that investors' expectations are
most likely based on actual turbine prices.

We found only one sourcé€\Wiser & Bolinger, 2018), which delivers an innovation measure
that follows LCOE notion from equation 1.1, in which the series are su ciently long, and
comparable to our innovation data. Wiser and Bolinger (2018) measure the capital cost
(CapEx) component of LCOE based on the average investment cost of newly installed
turbines each year. In addition, they compute théAEP component based on the empirical
data of the actual average production of these turbines. Similarly to the papers mentioned
above, the problem with this approach is that wind farm investment costs may re ect interest
rates, material prices, and exchange rate uctuations. In addition, historical electricity
production data may re ect variations in geographical, annual, seasonal and daily wind
resources. Our paper estimates botapEx and AEP components ofLCOE using an
engineering model. We will discuss this in more detail in section 1.2.5.

To summarize, many papers do not rely on the traditional notion oECOE and measure
innovation by using capital expenditures or turbine prices. Several papers proxfCOE
using other methods. Nevertheless, the estimated values are likely to re ect uctuations of
variables unrelated to technological innovation. Furthermore, the data series of these papers
is quite short and may not represent actual innovation trends.

1.2.3 Deriving Our Innovation Measure

In this section we derive our innovation measure, discuss the strengths and the weaknesses of
our method and compare ouLECOE data to alternative series.



Each year, new wind turbines are installed in the US. The average characteristics of the
turbines installed change annually due to innovation. Key characteristics, including turbine
capacity, rotor diameter, and hub height, are the major determinants of the technological
progress of wind turbines. The fact that production rates improve at higher altitudes and
that stronger wind exerts more force on wind turbines implies that the major innovation in
wind technology has to come from increases in the size of turbines. Figure 1.1 con rms that
the wind turbines have been persistently increasing in size.

Figure 1.1: Distribution of wind turbine vintage characteristics

Source: Wiser and Bolinger (2018). Notes: The gure shows that the key wind turbine vintage characteristics
have been gradually updated. Therefore, we argue that the average characteristics of wind turbines installed
annually represent the frontier technology in the year of installation.

The gure shows the distribution of key turbine characteristics by year of installation.

According to the gure, on average, older turbine models are gradually replaced by new ones.
Therefore, we argue that the frontier technology is advancing. For these reasons, we use the
average key characteristics of turbines installed in a particular year as a representative of



frontier technology in that year. For convenience, we refer to the hypothetical wind turbine
model possessing the key characteristics of turbines installed in a particular yearvastage

Several studies, which we characterize as engineering models, use the key turbine characteris-
tics as inputs to derive the mass of turbine components/alcolm & Hansen, 2002; Poore

& Lettenmaier, 2000-2002). Once the turbine mass is properly estimated and the material
composition of the turbine is known, we can use material prices to calculate the cost of
turbine components. Similarly, these key turbine characteristics can be used to assess the
productivity of the turbines. Hence, we can exploit engineering models to estimat€ OE in
equation 1.1. We refer toLCOE estimated using engineering models as levelized engineering
cost of energy LECOE).

We calculate theLECOE of each wind turbine vintage installed in the US from 1998 to
2017. The data for average key characteristics is taken from Wiser and Bolinger (2018) and
is documented in the Appendix table 1.A. Below, we begin calculatingECOE from the
simplest components of equation 1.1.

Capital Recovery Factor ( CRF). CRF is a function of the useful life of a wind turbine
and a discount rate. In the literature, the discount rate is calculated as a weighted interest
rate to nance capital® (e.g Mone, Smith, Maples, & Hand, 2015). Certainly, the discount
rate may di er across vintages due to the fact that the set of rms installing new wind farms
in a particular year face di erent market-speci ¢ and company-speci ¢ conditions, which
a ect the interest rate. We abstract from these short-run interest rate uctuations to focus
only on engineering factors a ecting the costs of electricity production. Therefore, we use the
same discount rate across the vintages.

Our data is expressed in 2015 dollars because the engineering cost model is expressed in 2015
dollars (Dykes, K, personal communication, January 29, 2019). Taking the discount rate

of 7% is appropriate during this period(Mone et al., 2017). In fact, the magnitude of the
discount rate is not crucial. As long as we x the discount rate across vintages, changing it

a ects the level, but not the trend, of our LECOE data. The purpose of our analysis is to
identify the trends in innovation correctly. Figure 1.2 illustrates this point and shows our
LECOE data measured using 7% and 1% discount rates, respectively.

Regarding the useful life of the wind turbines, we do not have empirical evidence about the
improvement of wind turbines' useful life with technological innovation. In fact, wind farms
installed in 1998, when our dataset starts, are expected to still be in operation. Therefore,
we do not vary useful life across vintages. Manufacturers typically assign 20 years of useful
life to wind turbines, so the literature frequently assumes the sam@/lone et al., 2017). We
follow this practice, and it delivers aCRF of approximately 9.5% for each vintage.

Annual Energy Production ( AEP). As mentioned earlier, AEP measures the annual

4The weighted interest rate calculates the rate to be paid as the interest on debt and the rate of return on eg-
uity, depending on the proportion of the debt and equity in the total investment cost. The formula is the follow-
ing: rate of return on equity equity share in the portfolio + interest on debt debt share in the portfolio
(1 income tax rate). The argument against using weighted interest rates is that individual rms usually face
increasing marginal interest rates to nance new projects. However, we do not focus on rm-level di erences;
instead, we depict an industry-level picture. When many wind farms enter the market, it is reasonable to
assume that the interest rates remain constant, because not all owners of new wind farms face nancial
limitations. In addition, using a weighted interest rate is a common practice in the energy literature.
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Figure 1.2: Impact of discount rates on the levelized engineering cost of energy

Notes: The gure plots our LECOE data calculated using 7% and 1% discount rates. This illustrates that
changing the discount rate for all vintages does not a ect the trend of the data.

e ective operational hours of a wind turbine. Calculating theAEP of a wind turbine depends

on the wind speed distribution at the site and the power curve of the turbine. Wind speed
density re ects the probabilities of various wind speeds occurring in an hour at a site at a
certain altitude. The power curve measures the amount of electricity generated at each wind
speed bar, based on the turbine characteristics. Multiplying the probability of each wind
speed bar by the corresponding power expected to be produced and summing these products
delivers the AEP of a wind turbine.

Hence, calculatingAEP partly depends on turbine characteristics and partly on wind
conditions and geographic location. Since we want to capture productivity changes due
solely to technological innovation, we do not vary the wind speed distribution and other
location-speci ¢ parameters across the vintages. The idea is to measure the improvement in
the productivity of a new wind turbine if we put it in exactly the same location as the old
one’

To measure theAEP °, we estimate the power curve of each vintage using the vintage
characteristics documented in table 1.A as inputs. In addition, we x wind and location-
speci ¢ parameters across vintages at the levels recommended in Mone et al. (2017). The
recommended wind and location-speci ¢ parameters re ect the average wind conditions

SFixing the wind resource parameters might be questionable if wind turbines were increasingly installed in
areas with lower wind speed due to geographic constraints. In this case, we would suspect that the wind
turbines were speci cally designed for these locations and do not necessarily represent the frontier technologies.
However, we show in gure 1.D that such crowding out of new wind farms has not occurred so far.

6In this paper, we estimate AEP for each vintage using the Plant-EnergySE plug-in of the WISDEM
software by NREL available on GitHub (NREL, 2015a). Speci cally, we use the nrel-csm-aep script.
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and the altitude of a representative site in the interior of the US, where most wind farms
are located. To understand the theoretical model behind thAEP estimation, readers are

referred to Fingersh et al. (2006). The estimatedEP for each vintage is documented in

table 1.C.

Capital Cost ( CapEXx). Deriving CapEx accurately is the most challenging of the ECOE
components. Below, we derive capital costs for each vintage using engineering wind turbine
component-mass scaling models. The National Renewable Energy Laboratory (NREL)
provides the most extensive engineering turbine-scaling studies. The WIindPACT project
(Malcolm & Hansen, 2002; Poore & Lettenmaier, 2000-2002) represents NREL's rst attempt
to measure the scaling of the mass of a turbine with its key characteristics.

There are approximately twenty major components which make up a turbine, including
blades, hub, low-speed shaft, tower, generator and gearbox. The WindPACT studies take a
baseline wind turbine and project how the mass of each component has to scale when blades
become longer, hubs increase in height, and capacity grows. Hence, the WindPACT studies
build component-mass scaling models which represent the mass of each turbine component
as a function of the key turbine characteristics.

A WIindPACT model rst simulates wind turbines of various sizes and parameters. Second, it
calculates the stress on turbine components under certain wind distributions and parameters.
The underlying stress has to be within predetermined limits for the wind turbine to withstand
the wind forces for a desired period of time.

For many component-mass scaling models, the arguments have power functions with exponents
ranging from 2 to 3. This implies a non-linear increase in turbine mass with turbine
characteristics. Certainly, technological innovation can reduce the exponents on the power
functions. Some of this type of innovation may be anticipated by the engineering model,
while others may not. For this reason, the engineering component-mass-scaling models may
become outdated. The WindPACT studies were conducted between 2000 and 2002. During
that time, turbines were signi cantly smaller than today. As the large-sized turbines entered
the market, a discrepancy arose between the predicted and the actual mass of these turbines.
To account for this, NREL produced new component mass-scaling modeiis 2015. In the
rest of the paper, we frequently refer to the engineering component-mass-scaling models
presented in the WIindPACT studies as the old model and the new component-mass-scaling
models as the new model.

The new model uses a di erent approach to projecting the mass of turbine components. The
authors rst collect data about various wind turbines, their key characteristics, and the mass

of their components. Then, they regress the values of the turbine characteristics on the mass
of turbine components and identify a polynomial t to the data. The resulting polynomial
functions are the new component-mass-scaling models. Although the new model does not
rely on a pure engineering estimation technique, it is based on the engineering parameters of
turbines.

'The new model has not been published o cially (Stehly, Beiter, Heimiller, & Scott, 2018), however,
the Turbine-CostsSE plug-in is available on GitHub (Dykes, 2015) as a part of WISDEM software, which is
programmed to calculate the mass of each turbine component based on key turbine characteristics. Speci cally,
we use the nrel-csm-tcc-2015 and the turbine-costsse-2015 scripts.
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According to equation 1.2,CapEXx includes turbine cost andBOS cost. We will rst derive
the turbine cost based on each model:

Turbine Cost - Old Model

Fingersh et al. (2006) uses the old component-mass-scaling models, the material composition
of components and material prices to o er component-cost-scaling models. Component
cost-scaling models express the costs of turbine components as a function of their key
characteristics. The procedure that the authors use to derive these models is the following:

step 1: Convert the turbine component-mass vector into the component-material-mass vector.
For most turbine components, only one material is used, and they do not require
assembly. For the components that consist of several materials, the WindPACT
studies assume that the proportion of materials in the component remains the same
when turbine components scale.

step 2: Apply material prices to compute the component-material-cost vector. Material prices
in Fingersh et al. (2006) are given as producer price indices of these materials (PPIs).
We are exible in choosing the material prices of a particular year and expressing all
the costs in that year.

step 3: Compute labor costs for turbine components. As mentioned, most turbine components
consist of only one material and do not require assembly by the manufacturer. Labor
costs are already re ected in the PPI of such materials. The same is true for several
more complex components, such as generators. In Fingersh et al. (2006), a generator
is treated as a single material to which a single PPI applies, which includes the
labor costs. Only three turbine components: blades, nacelle cover, and the electrical
connections require labor by manufacturers, according to Fingersh et al. (2006). The
labor costs are assumed to amount to fteen percent of the total cost of the nacelle
cover and the electrical connections. For the blade, labor costs scale with the rotor
radius. Certainly, there are labor costs associated with the assembly and installation
of a turbine itself. However, these are included in the balance of syste®BQ@S) cost.

step 4: Summing the material and labor costs of components yields the component costs.
Component costs can be expressed in 2015 US dollars by applying the PPIs of 2015.

We use the component-cost-scaling models in Fingersh et al. (2006) to derive the turbine
cost for each vintage. To do this, we plug the key vintage characteristics from table 1.A and
the PPIs’ of 2015 into the component-cost-scaling models and calculate component costs in
2015 dollars® for each vintage. The sum of component costs yields the turbine cost in 2015
dollars for each vintage.

8These components are readily available in the market and turbine manufacturers do not produce them
separately

9Producer price indices can be selected based on the NAICS codes suggested in Fingersh et al. (2006).
PPIs are available from the Bureau of Labor Statistics web-page.

10ysing the PPIs of 2015 for materials would be wrong if the material composition of vintages changed
frequently; however, Fingersh et al. (2006) assumes a xed proportion of materials in each component based
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Turbine Cost - New Model

The new model does not explicitly provide either the composition or the proportion of
materials in each component. Therefore, we cannot apply producer price indices in order to
calculate the cost of each turbine component as we did based on the old model. However,
Dykes (2015) provides the costs per kilogram of each component in 2015 dollars. These costs
are likely computed with similar steps as in Fingersh et al. (2006). In order to compare the
old and the newLECOE series, we express both in 2015 dollars.

To calculate the turbine cost for each vintage based on the new model, we usgl-csm-tcc-2015
and turbine-costsse-2015ython scripts, which contain the turbine component-mass-scaling
models®’. The calculation procedure is the following:

step 1: Calculate the mass of each wind turbine component for each vintage given the
key vintage characteristics from table 1.A. The new model o ers four alternative
component-mass-scaling functions for blade mass depending on the type of blade used.
Hence, blade type is an additional input variable for the blade-scaling model. Blades
di er based on whether they have carbon content and whether the turbine is class | or
class Il/1ll. Carbon content makes the blade lighter; however, according to Fingersh
et al. (2006), carbon should not be used for blades with rotor diameters of less than
100 meters in size. The average rotor diameter for the vintages 1998-2014 is less than
100 meters (See table 1.A). Hence, we calculate the blade mass for these vintages
using no carbon as input. For all other vintages, we assume carbon content.

The prevailing wind conditions in a location determine which class of turbine should
be installed. The literature distinguishes at least ve classes of turbing&Viser &
Bolinger, 2018), however, the new model divides these classes in two groups: class |
and class I/l turbines. The reason for the division into two groups is that the second
group is designed for particularly low-wind-speed areas. The rst group includes
turbine classes up to class Il/111, these are: class I, class I/ll and class Il. The second
group includes turbine classes Il/1ll and IIl. According to Wiser and Bolinger (2018),
since 2012, there has been a greater tendency to install group two turbines (l1I/111
and lll), although wind conditions have not changed (See gure 1.B). Because more
of the second group turbines have been installed since 2012, we calculate the blade
mass by using the class | group as input in the blade-scaling model for vintages
1998-2011. We calculate the blade mass by using class Il/lIl group as input for
vintages installed in 2012 and afterwards.

step 2: Calculate cost per component in 2015 dollars for each vintage. As we mentioned, we
are given the cost per kilogram of each component in 2015 dollars. Therefore, we
multiply the cost per kilogram of a particular component by its mass calculated in
the previous step.

on WindPACT studies. This can be explained by the fact that the industry has signi cantly converged to
three-bladed tubular horizontal axes wind turbines due to their e ciency and, therefore, material composition
usually does not substantially di er across vintages (Hemami, 2012).

1These scripts are available as a part of Turbine-CostsSE plug-in on GitHub (Dykes, 2015).
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step 3: The sum of all turbine component costs is the turbine cost for each vintage in 2015
dollars.

Balance of System Costs

Both the old and the new models o er models foBOS cost-scaling with turbine characteristics.
The old BOS cost-scaling models are linear in the number of turbines. This implies that
installing a second turbine in an existing wind farm adds exactly the same amount BOS
cost as the rst turbine. The newBOS model takes the number of turbines as an additional
input variable. This implies that adding a turbine to an existing wind farm saves some
part of the BOS costs. However, there is a trade-o between the number and the size of
turbines. With larger turbines, fewer can be installed per area for e ciency and security
reasons (Hemami, 2012).

We plug the key turbine characteristics from table 1.A and 2015 PPIs into thBOS cost-
scaling models documented in Fingersh et al. (2006) to generate the &8®S cost series for
each vintage in 2015 dollars.

As we mentioned, in the newBOS model?, the number of turbines is an additional input
variable. The number of turbines multiplied by turbine capacity is referred to as farm size.
A common practice is to x the farm size and calculate the number of turbines installed
per wind farm. We follow this practice and x the farm size for each vintage at 200 MW,
which is a typical farm size according to Mone et al. (2017). Subsequently, together with the
number of turbines, we input the key vintage characteristics in the neBOS model, which

is expressed in 2015 dollars, to compute the neBOS cost series for each vintage in 2015
dollars.

The sum of turbine andBOS cost divided by turbine capacity isCapEx in 2015 US $/MW
for each vintage. The estimatedCapEx for each vintage using both models is documented in
table 1.C.

Operations and Maintenance Costs ( O&M). O&M costs can also be modelled as a
function of turbine characteristics. However, theD&M cost-scaling-models which the old
model proposes are not accurate, partly because there are insu cient empirical observations
of the frequency at which the turbine parts are replaced in order to validate the model. Public
data on O&M costs that wind electricity producers incur is typically unavailable. Wiser
and Bolinger (2008-2018) collect limited and mostly con dential empirical data aboub&M
costs annually. This data may not be representative, but could be informative of the trend of
O&M costs across the vintages. According to the plot @&M data in Wiser and Bolinger
(2018), long-runO&M costs are generally declining.

Since 2010, NREL has published Costs of Wind Energy Revie{#)11-2018), in whichO&M
costs are reported in nominal values. They infeD&M costs from expert opinions combined
with the O&M data from Wiser and Bolinger (2008-2018). For vintages installed between
2010 and 2017, we use their reported values ©&M cost and convert them to 2015 dollars
using the GDP de ator'® (Fingersh et al., 2006). In addition, Wiser and Bolinger (2018)

12The new BOS model is available as a part of the Plant-CostsSE plug-in on Github (NREL, 2015b).
13We extracted the GDP de ator from the U.S. Bureau of Economic Analysis
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reports the value ofO&M costs for vintage 1998 at 80 $/kW/year in 2017 dollars based on
expert opinions. We take this value, convert it to 2015 dollars and use linear interpolation to
proxy the O&M costs for vintages 1998-2009. When we calculdt& COE based on the old
and the new engineering models, we use tH¥&M data in both calculations. The estimated
O&M costs for each vintage are documented in table 1.C.

The O&M cost component is the weakest in our estimation &fECOE . However, its share
of the total costs is not signi cant and it is also unlikely to vary signi cantly with engineering
improvements and hence, across vintages. As a result, we do not expect that it would
markedly in uence the trend of the LECOE data.

1.2.4 Comparing the Results from the New and the Old Engineer-
ing Models and the Lessons Learned

According to the procedure described above, we derived thE COE components for vintages
1998-2017 using the old and the new engineering models (see table 1.C in the appendix).
Figure 1.3 shows theLECOE derived using the two alternative models. The new model
produces a steeper series. The series starts to signi cantly diverge from the 2005 vintage.
We can suggest several explanations for these di erences: an unanticipated technological
innovation occurred, the old model required a correction, or both. If the old model was
correct, then an unanticipated technological innovation alone would deliver a di erent picture:
the new series would precisely follow the old series until the technological switch occurred.
Figure 1.3 rules out that the old model was correct, since the series follow di erent paths
from the beginning of the period.

To repeat, in the old model, the component-mass-scaling relationships are derived based on
simulated conceptual wind turbines. In contrast, in the new model, the same relationships
are tted curves given the data on the actual key characteristics of the turbines and the mass
of their components.

Hence, the old model identi es technological trends from simulated wind turbines, while the
new model uses actual wind turbine data on units installed in the US. When the original
engineering study was undertaken, the turbines on the market were small in size. Figure 1.3
implies that the old model signi cantly mismeasured the mass of the turbines that were not
available on the market at the time.

The comparison of the twoLECOE series provides information on the margin of error that
an application of the engineering estimation method can produce. The new engineering
model may require further improvement as new turbines enter the market. Therefore, caution
must be taken when predictingLECOE for future wind turbine vintages using this model.
Nevertheless, we can rely on the new model to calculdt& COE for the vintages installed
during the period under review. This is due to the fact that the new engineering model
already incorporates the data of turbines installed in this period.

Hence, in the rest of the paper, we consider oWECOE series generated based on the
new model as the innovation measure. We argue that our innovation measure re ects the
engineering improvement of the vintages and is not in uenced by interest rates, material
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Figure 1.3: Levelized engineering cost of energy

Notes: The gure plots our LECOE series calculated based on the old and the new engineering models. We
use a 7% discount rate. The gure illustrates the margin of error that using the engineering method may
produce.

prices or wind resource variations. In order to illustrate how the in uence of these factors can
impair innovation measures, in what follows, we compare olwlECOE series to an alternative
measure.

1.2.5 Comparing Our Innovation Data with Alternative Series

We compare ourLECOE data with alternative series from Wiser and Bolinger (2018). The
procedure for calculatingLCOE in Wiser and Bolinger (2018) is the following:

step 1: Calculate CapEx for each vintage based on the empirical data about capital expen-
ditures of wind farms installed in the US. Wiser and Bolinger (2018) have compiled
capital expenditure and performance data on approximately 86% of such wind farms.
The CapEx data typically includes turbine and BOS cost. The authors note that,
due to the diversity of sources, the available data is not of equal quality; therefore,
they warn readers to rely only on the general trends in the data, not on the individ-
ual. Using empirical CapEx data to measure innovation is problematic in several
ways. First, its major component is the price of a turbine. Turbine prices may vary
due to temporary shocks such as uctuations in the exchange rates, material prices
or interest rates. We do not consider that these temporary shocks contribute to
technological innovation. SecondCapEXx represents the largest part of the lifetime
cost of a wind farm. Investors are likely to react to the temporary market shocks or
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technology-related policy changes and shift their investment decision to a di erent
period. Therefore, using empiricaCapEx data may represent a distorted view of the
actual trend of the capital cost. In contrast, using engineering properties of newly
installed turbines to measure theCapEx avoids these issues.

step 2: Unlike this study, the authors do not x the value of the discount rate across vintages
when calculatingCRF. In particular, they vary the interest on debt throughout the
period with respect to the changes in the twenty-year swap rate and bank spread.
The fact that two vintages are charged di erent interest rates should not be the
reason for the di erence in the production costs if our goal is to measure changes in
the production costs due to innovation.

step 3: The authors calculateAEP based on the actual performance of the vintages installed.
AEP estimated in this manner will re ect annual, seasonal and locational wind
resource variations. We instead calculateEP for each vintage using an engineering
model and by xing wind resource parameters across the vintages.

step 4: For O&M costs Wiser and Bolinger (2018) rely on their own compiled data and the
expert opinions to assign the value in 1998 $80/kW/year, in 2003 - $60/KW/year, in
2010 - $51/KW/year and in 2017 $44/KWlyear.

Figure 1.4 compares ouLECOE data with the series from Wiser and Bolinger (2018). First,
we notice that the Wiser and Bolinger (2018) data is very volatile. OutECOE measure
represents the production costs of energy, which is free from market-driven temporary shocks
such as material costs, interest rates, and exchange rate uctuations, while the Wiser and
Bolinger (2018) data re ects such uctuations. For example, their data re ects an abnormal
period between 2006 and 2011 when the production cost was rising. Certainly, this was
not due to technological decay but becaus€apEx largely re ected increases in turbine
prices during this period. Bolinger and Wiser (2012) explained the rise of turbine prices in
this period: rst, many turbines were imported into the US from abroad, and during this
period, the US currency was depreciating against the importing country currencies. Second,
demand for turbines increased signi cantly, and the supply side could not catch up with
this trend immediately. For this reason, manufacturers started to face labor supply issues,
which increased labor costs. In addition, manufacturers increased their pro t margins, given
the supply de cit. Finally, the rise in wind turbine material prices also contributed to the
increase in turbine prices.

If we omit the abnormal period, we notice that both series show similar trends and that
our data series are slightly above the ones from Wiser and Bolinger (2018). This is a good
indicator that the engineering costs quite realistically re ect the empirical cost of the turbines.
One reason oulLECOE series is slightly above the alternative ones, omitting the abnormal
period, is that we may be using a higher discount rate on average. Another reason could
be that we x wind resource parameters and distribution to calculate turbine productivity,
while actual productivity might have been higher on average during this period.

Hence, in this section, we have illustrated the advantage of using the engineering method to
calculate the production costs of wind turbines. The engineering model more realistically
re ects production cost reductions driven by innovation.
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Figure 1.4: Visualizing the advantage of our innovation data

Notes: The gure contrasts our innovation data with the alternative series from Wiser and Bolinger (2018).
Because the alternativeLCOE data was not directly accessible, we measured it from the bar chart produced
in the 2017 Wind Technologies Market Report(Wiser & Bolinger, 2018). We used the WebPlotDigitizer tool
to measure the bars.

1.3 The US Wind Energy Policy Environment

In order to discuss potential applications of our measure of innovation, we rst study the
current wind technology market structure and policy environment in the US. For this reason,
we explore the supply and demand sides of wind electricity producers and the prevailing
equilibrium outcomes given the current government policy instruments.

1.3.1 The Cost Side of Wind Electricity Producers

In the previous section, we found that the long-run marginal cost curve (the supply curve) of
wind electricity is downward sloping due to innovation. We now observe that the electricity
supply curve for each vintage is horizontal (see gure 1.5). On the maps in gure 1.D in the
appendix, we see that the majority of wind farms have been built in densely populated areas
and close to one another. This indicates that geographic constraints have not crowded out
the wind farms to less windy areas. The crowding out of wind farms would imply an upward
sloping electricity supply curve for each vintage. The upward sloping curve would re ect
an increase in the marginal costs due to poorer wind resources, which electricity producers
would face in remaining wind farm sites. To reinforce the claim that geographic constraints
have not yet become binding in the US, we check the changes in the average wind speed
across various vintages at the wind farm cluster level. Figure 1.E in the appendix shows that
wind quality has not worsened for newer vintages at the location level.
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Figure 1.5: Long-run and short-run electricity supply curves
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Notes: The LECOE curve represents the long-run marginal cost curve of wind electricity producers, while
MC curves illustrate short-run marginal costs of electricity production by each vintage 1998-2017. Q denotes
cumulative production.

1.3.2 The Revenue Side of Wind Electricity Producers

Wind electricity producers receive income from selling electricity and from subsidies. Electric-
ity sales are usually established through long-term power purchasing agreements (PPAs). The
most signi cant subsidies producers receive are federal production tax credits and depreciation
bene ts. Before we summarize these sources of income and provide some statistical data, it
is crucial to introduce the market players and to review the US electricity market structure.
What follows is mostly based on the handbook of Federal Energy Regulatory Commission
(2015).

Many types of players participate in the complex electricity markets, so we introduce only
the core players. Electricity producers, electricity generators and wind farm owners own a
generation facility and produce electricity. Utilities own transmission and distribution lines
and are regulated by the government. Electricity suppliers deliver electricity to the nal
consumers. A supplier may be a utility or a non-utility company. We will frequently refer to

a non-utility electricity supplier as a retail electricity provider (REP). Electricity suppliers,
unless they own generation facilities, purchase electricity from generators; therefore, we will
also refer to them as wholesale electricity purchasers when needed.

Utilities have interconnected their transmission lines in the US, and this has formed several
electricity markets. Transmission capacity between these markets is usually limited. Figure
1.6 displays the markets. Market structure determines the predominant nature of trade

in these markets - bilateral or wholesale. Independent system operators (ISO) run the
wholesale markets. The ISOs are non-pro t organizations, and they enforce e cient and

non-discriminatory trade between participants.

Three types of market structures are prevalent in the US: vertically integrated markets (VIM),
partially deregulated markets (PDM) and fully deregulated markets (FDM). In VIMs utilities
own generation facilities and also supply electricity to nal consumers. Utilities enter into
bilateral trade in VIMs. In PDMs utilities are unlikely to own generation facilities, but they
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still supply electricity to nal consumers. Electricity producers participate in the wholesale
markets and compete to sell electricity to utilities.

Figure 1.6: US electric power markets

Notes: The gure shows deregulated and vertically integrated electricity markets in the US. The Northwest,
Southeast and Southwest regions are vertically integrated, while the rest are operated as wholesale markets
by independent system operators. Source. Federal Energy Regulatory Commission (2019).

FDMs are similar to PDM, however, competition is established not only at the generation
level but also at the supply level. By default, in FDMs, utilities purchase electricity in the
wholesale market and supply electricity to consumers in the areas where they own transmission
and distribution lines. Nevertheless, nal electricity consumers have the option to switch to
REPs. The reason for the switch could be due to a cheaper electricity package or a green
electricity option. If a consumer chooses a REP as a supplier, then the REP is responsible
for purchasing electricity from generators and scheduling it for transmission and distribution.
Transmission and distribution fees will be included in the nal electricity bills. The fees are
very small in comparison to the cost of energy.

Figure 1.6 shows that the markets referred to as Southeast, Southwest and Northwest are
VIMs (Federal Energy Regulatory Commission, 2019). The rest of the markets are either
PDM or FDM. Comparing gures 1.D and 1.6 suggests that the majority of wind farms
operate in the interior region of the US, where electricity markets are at least partially
deregulated. This implies that utilities in these regions are unlikely to own wind farms
and that most wind farms operate in the wholesale markets. However, participation in the
wholesale markets is not mandatory for wind electricity producers. To hedge against market
price uctuations, they can enter into long-term power-purchasing agreements (PPAS) with
electricity suppliers.

Statistically, utilities own only fteen percent of the cumulative wind generation capacity
installed between 1998 and 2017. In addition, only 23% of the cumulative capacity participates

in the wholesale marketgWiser & Bolinger, 2018). Therefore, we argue that PPAs are the
most common source of revenue for wind electricity producers in the US. Hence, PPA is
the best measure of revenue. We summarize the average PPA rates across vintages below
as the revenue source, and judge whether they are set competitively. Assessing the degree
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of competitiveness between wind farms is necessary for analyzing wind technology support
policies.

Income From Power Purchasing Agreements

A power purchasing agreement is the negotiated price per unit of electricity between a wind
electricity producer and an electricity supplier. A typical PPA speci es the price of unit
electricity, annual escalation of this tari, and the duration of the contract. The duration

of approximately 60% of contracts is 20 years, and about 90% of contracts are 15-25 years
(Wiser & Bolinger, 2018). Therefore, the vast majority of wind electricity generators are
locked in at a speci ed price throughout the useful life of a wind farm project. As a result,
electricity producers are protected from wholesale market price uctuations.

The wholesale markets are competitive because all technology generators compete with each
other. However, it may not always be the case that PPAs are set competitively. If there are
too few wind farms and the utilities or REPs have an obligation to supply a certain portion

of electricity from renewable sources, then wind electricity generators will have incentives

to set premiums on their electricity prices.

We investigated the number of wind electricity generating rms that have entered each
electricity market annually to assess potential competition levels between them. We rst
obtained data on all operating wind farms since 1998 in the US. The US Geological Survey,
the Berkeley Lab, and the American Wind Energy Association (2016) compile such data
in the United States Wind Turbine Database. The database provides the names of each
wind farm, the years the farms were installed, and the locations and technical parameters
of installed turbines. We then identi ed the wind farm owners and the electricity suppliers
which purchase electricity from these wind farms

We removed all observations when a wind farm owner and a corresponding electricity purchaser
were the same entity, or one was a subsidiary of the other. Such rms would not be appropriate
to analyze competition. Furthermore, we disregarded the Southeast market because there
are few wind farms and the majority are owned by utilities (refer to the map in gure 1.D)

Using the locations of wind farms, we assigned each of them to the electricity markets in gure
1.6, where they most likely sell electricity. Table 1.F in the appendix shows the cumulative
number of wind farm owners in each market each year. The table suggests that there has been
a reasonable level of competition between wind farms since the mid- 2000s. However, in the
beginning of the period under review, wind farms were less competitive. To verify whether
there is su cient competition between probable electricity purchasers, we found information
on the number of utilities and REPs participating in each electricity market. Table 1.G
demonstrates a reasonable level of competition between probable electricity purchasers as

4Renewable portfolio standards represent state-speci ¢ targets for the share of electricity that suppliers
are obliged to procure from renewable sources, cumulatively in a particular state by a certain date. Some
states may have high targets and implement penalties for non-compliers, while others require only goals and
apply no penalties. The targets can be subject to change. (DSIRE, 2019b)

Information on wind farm owners and corresponding electricity purchasers was mostly taken from the
American Wind Energy Association (2013-2017), the Open Energy Information Databas€2019) and the
Wind Power database(2019). Information on electricity purchasers was con dential in only about one percent
of cases.
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well.

Data series regarding the levelized PPA are documented by Wiser and Bolinger (2018). We
convert the values into 2015 dollars using the GDP de atdf The authors generate levelized
PPA series using the steps described below. The unit of measurement of levelized PPA is
$/MWh:

step 1: Group individual power purchasing agreements by their execution date. PPAs are
usually executed one or two years before wind farms are installed. Therefore, the
PPA execution date and vintage launching date are di erent.

step 2: If an individual PPA involves annual price escalation, levelize it using a 7% discount
rate, which implies making the negotiated price constant each year.

step 3: Assign weights to individual PPAs based on the generation capability of wind farms
by PPA execution date. This implies that the authors assign bigger weights to wind
farm projects which produce more, instead of simply averaging individual PPA prices
by their execution date.

step 4: Derive levelized PPA by their execution date, i.e. sum the generation-weighted
individual PPAs by their execution date.

The Revenue + Subsidy curve in gure 1.7 is the sum of levelized PPA prices and levelized
subsidies. Levelized PPA represents approximately 70% of the total income of the vintages.
We should note that wind farm investors negotiate PPAs one or two years before installing
the wind farms. Levelized PPA data is grouped by the year when these PPAs were executed,
not by the year when the corresponding wind farms were installgdViser & Bolinger, 2018).
For example, PPAs executed in 2010 primarily denote the vintages installed between 2011
and 2012. According to Wiser and Bolinger (2018), PPAs that are executed in a particular
year e ectively re ect the market conditions for the vintage that was installed in the same
year. Following this argument, when we plot gure 1.7, we assign to each vintage the levelized
PPA which was executed in the year of installation.

The revenue side of the wind electricity producers can be a ected by the integration costs
as well. Integration costs are those that wind technology brings to the power system due
to the intermittent nature of wind resources(Milligan & Kirby, 2009). When the share of
intermittent generation rises in the system, it becomes more challenging to balance electricity
supply and demand. In many cases, oversupply incidents rise, which is sometimes addressed
by forced curtailment of wind technologies, which in turn implies lost producer revenues
(unless losses are compensated). Figure 1.H in the appendix shows the estimated average
capacity factors of wind generation in the US if curtailment had not occurred and compares
them with the actual average capacity factors. The gure shows no curtailment before 2007.
After 2007, capacity factors declined by 0.1-1 percent due to curtailment This reduction

in capacity factors and hence, wind electricity generation, would not signi cantly a ect the
levelized PPAs. Therefore, we omit the curtailment factor from our discussion. Moreover,

18The data can be extracted from Wiser and Bolinger's (2018) data le.
7Only in 2009 did the average capacity factor decline by two percent due to curtailment.
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Figure 1.7: Costs and revenues

Notes: The gure plots the cost and income sides of each vintage, where income includes revenues from PPAs
and subsidies. The cost side is calculated using an engineering model, while the income data is primarily
empirical. Therefore, caution should be taken when inferring information from these curves.

we use only the revenue side of the wind electricity producers for qualitative analysis, and a
slight reduction in levelized PPA after 2007 will not impact our results.

Production Tax Credits

Wind electricity producers receive subsidies per MWh of production in their rst 10 years
of operation as a production tax credit (PTC). The amount of PTC is determined at 15
$/MWh, which is the value in 1993 dollars and needs to be adjusted for in ation using the
adjustment factor released annually by the US Internal Revenue ServiédInternal Revenue
Code, Sec.45(e)). The adjustment factor for each year is the ratio of the most recently revised
GDP implicit price de ator for the preceding year and the GDP implicit price de ator for
1993.

We derived the levelized value of PTC received for twenty years instead of ten years in order
to distribute its value throughout the useful life of the wind farms. The process of calculating
levelized 20-year PTC is written out in steps below. The brackets indicate the units of
measure in each step:

step 1: Find the value of a ten-year PTC subsidy in 2015 dollars. To be consistent with
our cost data, we want to convert everything into 2015 dollars. The value of a PTC

8The PTC policy has been stated to expire 10 times since its implementation but has been extended
retroactively each time. Currently, wind energy technologies that were in construction prior to 2019 will still
receive PTC.
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subsidy in 2015 dollars is the ratio of the GDP de ator in 2015 and 1993 multiplied
by 15 $/MWh. As a result, we obtain the value of a ten-year PTC subsidy in 2015
dollars 21.5$/MWh. ($/MWh).

step 2: Derive the annual PTC subsidy per vintage capacity. The value of PTC is independent
of the productivity of a vintage as it is calculated per unit of electricity. Therefore, we
imagine a wind turbine that works e ectively for only one hour per year. In addition,
we assume that the annual productivity of vintages does not change through their
useful life. Given these assumptions, the calculation is simple: we multiply the value
of a ten-year PTC subsidy 21.5$/MWh by 1 h/year. ($/MW/year).

step 3: Derive the present value of the annual PTC subsidy calculated in the previous step.
We use a7% discount rate to be consistent with our innovation data. ($/MW).

step 4: Given the present value of a ten-year PTC subsidy, the annual amount of PTC
subsidy per vintage capacity for 20 years would be a constant annuity. The constant
annuity is the product of the present value calculated in the previous step and the

fraction ;%5 wherei = 7% and n = 20. ($/MWi/year).

step 5: Find the levelized value of a twenty-year PTC subsidy for each vintage by dividing
the annuity calculated in the previous step by 1 h/year. We obtain a levelized value
of a twenty-year PTC subsidy in 2015 dollars to be 15 $/MWh. ($/MWh).

Depreciation Bene ts

The Modi ed Accelerated Cost Recovery System (MACRS) allows wind generators to depre-
ciate their turbines within 5 years® (Internal Revenue Code, Sec.168 (€)(3)(B)). The Federal
Economic Stimulus Act of 2008 added a 50% bonus depreciation for wind technologies placed
in operation in 2008 (Internal Revenue Code, Sec.168 (k)), which was retroactively extended
several times and included all later vintages, including 2014. In addition, the Tax Relief,
Unemployment Insurance Reauthorization, and Job Creation Act of 2010 allowed a 100%
bonus depreciation for the 2011 vintagéDSIRE, 2019a). The depreciation rates are listed in
table 1.1.

In a similar manner to how we derived PTC, we calculate the levelized value of net depreciation
bene t per MWh. Net depreciation benet refers to the amount that is obtained after
subtracting the bene t that wind electricity producers would have received if their capital
were not treated as a ve-year property. For simplicity, we assume that the 5-year depreciation
schedule applies to full capital expenditures because a wind turbine represents the most
signi cant part of the capital expenditure, and because most of th&0S costs are also
depreciated based on the 5-year depreciation schedule. The derivation steps follow:

step 1: Calculate the annual depreciation expense of each vintage. This will be the product
of the CapEXx of a vintage and the MACRS depreciation schedule from table 1.1. For

9The depreciation schedule actually extends six years because of the so-called half-year convention
(Internal Revenue Code, Sec.168(d)). This means that the law treats properties as being placed into operation
in the middle of the year. Hence, in the rst year, taxpayers are only allowed six months of depreciation, and
any remaining amount is transferred to the sixth year.
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Table 1.1: Depreciation schedule

Year 1 2 3 4 5 6
MACRS 20% 32% 19.20% 11.52% 11.52%b.76%
MACRS+50% bonus 60% 16% 9.60% 5.75% 5.75% 2.90%

Notes. We use a 12-year linear depreciation schedule as a counterfactual. The schedule
depreciates 4.17% of the capital expenditure in the rst and the last years of operation and
8.33% in the remaining years.

vintages 2008-2014 the fty percent bonus depreciation schedule applies, except for
the 2011 vintage, for which a 100% bonus depreciation applies. ($/MW/year)

step 2: Calculate the annual depreciation bene t for each vintage by multiplying the depreci-

ation expense above by the federal corporate income tax rate - 0.3%%one et al.,
2017). This is the amount that would have been paid in taxes if the depreciation
expense were not available. ($/MW/year).

step 3: Compute the present value of the ve-year depreciation bene t for each vintage using

a 7% discount rate. ($/MW)

step 4: Calculate the annual depreciation bene t for each vintage for 20 years, which is a

constant annuity. Constant annuity is the product of the present value calculated in

the previous step and the fraction%, wherei = 7% and n = 20. ($/MW/year).

step 5: Find the levelized depreciation bene t for each vintage by dividing the annuity calcu-

lated in the previous step with theAEP of each vintage from table 1.C. ($/MWh).

step 6: Calculate the levelized net depreciation bene t. We need to subtract the levelized

depreciation bene t that each vintage would have obtained if it were not treated as a
5-year property from the previous step. Bolinger (2014) suggests using a 12-year linear
depreciation schedule as the counterfactual. Hence, we also compute the levelized
value of linear depreciation bene t for each vintage following the previous steps, and
subtract it from the levelized depreciation bene t instep 5 ($/MW).

Thus, we have calculated the levelized PTC and levelized net depreciation bene t for each
vintage. The sum of these two values we refer to as the subsidies per MWh of electricity. We
add these subsidies to the levelized PPA price data and plot it as the Revenue + Subsidy
curve in gure 1.7.

1.3.3 Analysis of the US Wind Energy Sector

In gure 1.7 we present historical income and cost gures for vintages. We emphasize that
we calculate the cost side using an engineering model as described in the previous section. In
contrast, the income side is primarily based on empirical data. However, we can still compare
the trends in the data.
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In gure 1.7, we rst notice an abnormal increase in the income side between 2004 and 2009.
This abnormality is primarily caused by increased turbine prices and is well-documented
by Bolinger and Wiser (2012). Certainly, wind farm investors take the capital costs into
account when negotiating PPAs. According to Bolinger and Wiser (2012), the US imports
most wind turbines from abroad and the US dollar was becoming weaker in relation to the
currencies of the largest importing countries during this abnormal period. Furthermore, the
US substantially increased wind turbine installation, and high demand increased turbine
prices. Hence, wind electricity producers required higher PPAs to compensate for rises in
capital costs. Finally, in order to fully monetize production tax credits, wind farm investors
typically cooperate with tax equity investors. During the 2008-09 global nancial crisis,
access to tax equity substantially declined and raised the discount rate in equation 1.1. In
contrast, we x the discount rate across vintages in our computation. Similar factors on a
smaller scale could explain other minor variability in the income side.

We also notice that, omitting the abnormal period, the cost curve is above the income curve.
This is due to the fact that when calculating the engineering cost, we x the wind resource
parameters and distribution nationwide and compute production using only the key turbine
characteristics as inputs. In contrast, levelized PPAs are based on the expected production
estimated by the wind farm investors. We know that PPAs are not negotiated for all wind
farms installed each year and that most PPA contracts are signed for farms in the interior of
the US because these markets are deregulatedrederal Energy Regulatory Commission,
2019). The interior region has the most favorable wind resourc@é/iser & Bolinger, 2018),
hence, PPAs in this region should be lower on average than nationwide. In addition, a smaller
discount rate in equation 1.1 would shift theLECOE curve down.

If we omit the abnormal period, we can argue that costs and income follow similar patterns.
However, the ratio between costs and revenues is larger in the beginning of the period under
review. This is consistent with our earlier observation that competition between wind farm
owners before the mid 2000s may have been low. This does not imply that the rms were
monopolistic, but they were probably obtaining more markups, possibly as a return for the
risk that they were taking for entering a relatively immature industry.

Based on the observations above, we developed an intuition into how wind energy support
policies function in the US. The government rst determines wind technology deployment
targets. Then, it anticipates the average wholesale market price of electricity which in turn
determines the demand for wind electricity. The wind electricity demand curve is horizontal
for each vintage, as is the marginal cost curve. In order to achieve an equilibrium, the
government provides su cient production subsidies to align the demand and supply curves:
producers cover their production costs and obtain some markups using PPAs and subsidies.
This provides investors with su cient incentives to enter the market. However, due to the fact
that both demand and supply curves are horizontal given the vintages, multiple equilibrium
outcomes are possible. To avoid this, the government applies quantitative instruments to
promote the deployment of su cient wind turbines to reach the targeted capacity.

20In the vertically integrated markets utilities typically own the wind farms, and hence, do not make PPA
contracts.

2lwind energy currently satis es only seven percent of the total market demand in the US; therefore, it
cannot in uence the average market price of electricity
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According to this logic, government deployment targets, combined with subsidies, determine
the wind technology deployment rate. Government subsidies alone would not determine
the deployment rate because of the horizontal marginal cost curves that wind electricity
producers face. In addition, if the wind farm owners were monopolistic, and the demand for
wind electricity were not horizontal, the rms would choose sub-optimal production. This
would imply deployment below the targeted amount. Therefore, given su cient competition,
the government can determine deployment rates using quantity-based policies.

The ability of the government to determine deployment rates may translate into its ability
to in uence the rate of wind technology innovation. A simple guess would be that wind
turbine manufacturers would innovate as a response to anticipated deployment rates. The
relationship between increased deployment and production cost reduction is the subject of
learning curve literature (e.g. Ibenholt, 2002; Junginger, Faaij, & Turkenburg, 2005; Kobos,
Erickson, & Drennen, 2006). In the following section, we will brie y summarize the learning
curve method and evaluate it using our innovation measure. Later, we will also discuss a
possible causal relationship between government deployment targets and innovation.

1.4 Outcomes of the Learning Curve

In this section, we illustrate the use of our innovation measure in the learning curve analysis.
Analysis of learning curve is the most widely applied method in the energy literature of
predicting future unit cost reductions. An accurate innovation measure, would make learning
curve analysis more reliable, which we will show by comparing the performance of our data
with alternatives.

The traditional meaning of learning curve in this sense is that electricity production costs
are reduced with increased production because of learning by productiofrrow, 1962).
However, learning can be a result of innovative activities not related to production. For
example, R&D investments in wind technology may lead to innovation, but this innovation is
not related to production. We refer to this type of learning as learning by investing. Our
analysis of the learning curve combines both types of learning.

To obtain the learning curve, we express the unit cost of energy at tinteas C;, cumulative
installed wind generation capacity at timet as Y,©, the cost of energy at initial capacity as
Co, and learning elasticity as in the equation below. We treat the year 1998 as period zero
in our dataset. In addition, since the cumulative installed generating capacity before 1998
was very small, we assume it to be zero:

Ci= Co(1+ AYS) for t=(0;:5T) (1.3)

The majority of the learning curve papers us€apEx or turbine prices per MW as the
measure of unit coste.g., Hayward & Graham, 2013; Grafstrom & Lindman, 2017; Yu et
al., 2017; Wiebe & Lutz, 2016). We consider that this approach underestimates the learning
e ect. As turbines become largerCapEx per MW may rise; however, e ective hours of
operation also rise, which compensates for the increaseGapEx. Therefore, if we measure
innovation using CapEx only, it is highly likely to underestimate the learning e ect. In
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contrast, measuring the unit cost using. ECOE takes into account increases in e ective
operating hours. For these reasons, in our learning curve analydi§ COE data represents
the unit cost of electricity for each vintage.

The time lag on the cumulative capacity in equation 1.3 takes into account the fact that
learning does not occur instantly, given the deployed capacity. Figure 1.1 in the appendix
plots our LECOE and wind capacity deployment data. The following observations help
us verify that the learning curve can deliver an unbiased measure of correlation between
deployment targets and innovation:

Observation 1 - Wind electricity producers face horizontal marginal cost curves

If the marginal cost curves were not horizontal, then applying the learning curve method
would deliver a biased measure of correlation without further assumptions. The bias would
be present due to the omission of the geographic factor. Figure 1.8 illustrates the point:
when the marginal cost curves are horizontal, the entire cost reduction is attributed to
increased deployment (the segmerA on the left graph); when the marginal cost curves
are upward sloping, some cost reduction is not achieved due to geographic constraints, i.e.
due to crowding out of new wind farms from high-wind-speed areas (the segmé&nbn the
right graph). Therefore, the correlation between increased deployment and technological
innovation would be underestimated.

Figure 1.8: lllustration of potential supply curves
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Notes: The left graph shows that when short-run electricity supply curves given each vintage are horizontal,
we should attribute all reductions in production costs to increased deployment (segmenf). However, if the
curves are upward sloping, we cannot attribute all reductions in production costs to increased deployment;
otherwise, we will miss the impact of geographic factors (segmer8 on the right graph).

Observation 2 - Cumulative production may be a better explanatory variable
than cumulative capacity.

We argued in the previous section that government deployment targets in uence the deploy-
ment rates. If the manufacturing sector anticipates deployment rates and innovates as a
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response, then we may wonder why the government would not set higher targets in order
to increase their incentive to innovate. On one hand, the required subsidy budget increases
with installed generation capacity, which might become una ordable. On the other hand,
short-run marginal costs of innovating increase with R&D. This implies that it is costly to
speed up the innovation process.

For these reasons, we use cumulative production instead of cumulative capacity as an
explanatory variable in the learning curve. A substantial increase in generation capacity in
a particular year will substantially increase cumulative capacity, while it will not increase
cumulative production as much. Therefore, cumulative production will have a smoother
reaction to changes in the installed generation capacity, and this will justify the slower
response of innovation.

1.4.1 Learning Curve with Cumulative Production

In this subsection, we conduct a learning curve analysis using cumulative production as
an explanatory to the reductions in the production costs, and compare it with the original
speci cation in equation 1.3. We run both speci cations of the learning curve using three
sets of alternative innovation data: our innovation data generated using the new and the old
engineering models, and the innovation data of Wiser and Bolinger (2018).

In order to derive the time4 cumulative production variable, we rst derive the timet
production Q). Not all turbines that are installed in a particular year start production
immediately. In fact, some turbines may be installed at the end of each period. To account
for this, we assume that only half of the newly installed wind generation capacity in year
produces electricity in yeart. The rest starts in the next period. Taking this into account
and denoting timet capacity by Y,N delivers:

X 1
N=" YNAEP + éYtNAEPt for t=(0;::T) (1.4)
s=0

Where AEP; is the e ective annual hours in operation for each vintage installed in yedr
from table 1.C. The cumulative productionQ¢ will simply be:

Q= QN for t=(0;:;T) (1.5)
s=0

Therefore, the learning curve model with cumulative production is the following:
Ci=Co(l+ AQF,) for t=(0;:5T) (1.6)

Production before 1998 is assumed to be zero because it is relatively insigni cant. We run

a non-linear regression on both equations 1.3 and 1.6 to nd the parameteZg, A, and

We consider three time series as input to the production cost. The rst and second are our
innovation measure generated based on the new and old engineering models, respectively,
and the third is the LCOE data of Wiser and Bolinger (2018).
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Figure 1.9: Estimation of the learning curve

Notes: Abbreviations NM, OM and W&B, refer to the innovation measures obtained from the new model,
old model, and Wiser and Bolinger (2018), respectively.

Regression tables 1.J and 1.K can be found in the Appendix. In gure 1.9, we notice that
using cumulative production instead of cumulative capacity in the learning curve estimation

arranges the data cloud more smoothly. However, it does not deliver signi cantly di erent

estimation results (compare tables 1.J and 1.K).

A noticeable di erence arises when di erent innovation data are used. The learning curve is
steeper when an innovation measure based on the new model is used instead of the measure
based on the old model. A steeper learning curve implies a higher rate of learning. Both
innovation measures con rm a correlation between cumulative production and production
cost reductions, since the estimated parameters are statistically signi cant. In contrast, for
the LCOE data of Wiser and Bolinger (2018), the learning parameter is very small and
statistically insigni cant.

Also, notice that the data cloud is not smooth for Wiser and Bolinger (2018) and the deviation
from the tted line is substantial. In tables 1.J and 1.K, we can see that the innovation
data of Wiser and Bolinger (2018) delivers a larger root mean square error in comparison to
our data. This indicates a weak t. Hence, we have illustrated how we could improve the
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t of the learning curve by supplying our improved measure of innovation. Our measure of
innovation shows a strong correlation between wind technology deployment and innovation.

1.4.2 E ects of Policy on Innovation

In the above learning curve analysis, we show a strong correlation between the wind technology
deployment rate and innovation in the US. In this section, we discuss possible causality. In
particular, it is not unreasonable to conjecture that when the government sets wind technology
deployment targets, which determine the deployment rate, the incentive of wind turbine
manufacturers to innovate is likely to increase.

Certainly, we cannot rule out reverse causality, i.e., increased deployment of wind turbines
as a response to reduced production costs. In addition, we do not argue that the US wind
technology deployment targets are the only instruments that could in uence wind technology
innovation. For example, R&D spending in wind technology and other countries' wind
technology support policies also contribute to innovation. However, it is still our conjecture
that the US deployment targets in uence innovation.

It is a fact that most countries aim to support clean technologies, particularly, solar and wind,

in order to reduce greenhouse gas emissions and to limit climate change. For this reason, we
consider that innovation is not the main driver of government policies, or at least policy is an
important factor a ecting innovation.

Suppose that the US deployment target does not drive innovation. Instead, suppose that costs
would decline regardless of any intervention. We construct a simple optimization problem to
show optimal wind technology deployment in this case. The government tries to maximize
the social surplus. A positive surplus is delivered by exploiting a cheaper technology, i.e. a
technology with lower marginal costs. We can assume that the long-run marginal cost curve
of an alternative technology is horizontal because conventional technologies do not experience
technological innovation. The long-run marginal cost curve of wind technology is downward
sloping, according to gure 1.2.

In equation 1.7 below,MC; is the marginal cost of production using wind turbines at timd,
MCA is the marginal cost of production using an alternative sourc&), is wind electricity
production at time t, and Q< is the nal deployment target:

P
max = o QMC* MC) st Q Q. Qr

1.7
Qr given .7
The solution to the optimization problem is:
8
2 Qo if MCA<MC, for t2[0;T 1]
Q= Any Q2 [Q; ;Qr] if MCA=MC, for t2[LT 1]
© QT if MCA>MC, for t2[1;T]

The logic of this result is quite simple: the government will obtain the maximum social
surplus if conventional sources produce electricity until innovation in wind technology makes it
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competitive with conventional sources. Once the wind farm investors do not require subsidies,
they will install the needed amount of generation capacity without government intervention.
This is not, however, what we observe in the data. The US government has been supporting
wind technologies for decades, and as a result, it has deployed the second largest amount of
capacity in the world after China (Global Wind Energy Council, 2019).

The fact that the US government deploys a signi cant amount of wind technology implies
that by supporting wind technology, either it delivers social bene ts di erent from least-cost
generation, or it actually tries to impact the pace of innovation. Other bene ts of promoting
wind technology may include environmental bene ts, developing the domestic wind technology
manufacturing sector and creating new jobs (EWEA, 2012).

1.5 Conclusion

Supporting faster innovation in wind energy technology requires an understanding of the
drivers of technological innovation. However, this is not feasible without an accurate measure
for innovation itself. This paper generates such data and thus lls a gap in the wind energy
technology innovation literature. Our innovation data represents production cost reductions
of wind turbine vintages installed in the US between 1998 and 2017. Computations of
production costs are based on an engineering model, which allows us to exclude factors that
can change production costs, but which do not contribute to technological innovation.

After generating our more accurate innovation measure for wind energy technology, we
illustrate its potential use. We analyze the learning curve, which measures correlations
between the wind energy technology deployment rate and innovation. Our innovation

measure improves the t of the learning curve in comparison to alternative measures. The
results show strong correlations between the wind energy technology deployment rate and
innovation.
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Abbreviations Used

AEP Annual Energy Production

BOS Balance of System

CRF Capital Recovery Factor

FDM Fully Deregulated Market

ISO Independent System Operator

LCOE Levelized Cost of Energy

LECOE Levelized Engineering Cost of Energy
NREL National Renewable Energy Laboratory
O&M Operations and Maintenance

PDM Partially Deregulated Market

PPA Power Purchasing Agreement

PPI Producer Price Index

PTC Production Tax Credit

REP Retail Electricity Provider

RPS Renewable Portfolio Standards

VIM Vertically Integrated Market
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Appendix 1. Supplementary Materials

1.A. Wind Turbine Vintage Characteristics

Vintage CAP (KW) RD (m) HH (m)
1998 710 47.2 52.3
1999 720 48.2 56.6
2000 800 49.4 58.7
2001 890 53.1 58.2
2002 890 52.8 62.9
2003 1370 67.8 67.4
2004 1220 65.1 66
2005 1500 75.3 75.7
2006 1610 77.9 76.2
2007 1650 79 78.2
2008 1670 79.3 78.5
2009 1740 81.5 78.8
2010 1800 84.2 79.8
2011 1970 89 81
2012 1950 93.4 83.8
2013 1860 96.9 80.5
2014 1940 99.5 82.7
2015 2010 102.4 82.4
2016 2150 108.2 83
2017 2320 113 86

Notes: CAP - Turbine capacity; RD - Rotor diameter; HH - Hub
height; all values are average characteristics of newly installed turbines.
Units in the brackets. The data are borrowed from (Wiser & Bolinger,
2018) data- le.

1.B. Distribution of Wind Turbine Class

Notes: The gure shows that wind electricity producers have increasingly favored class
2/3 and 3 turbines, which are more suitable for lower wind-speed areas since 2012.
Source: The data are borrowed from Wiser and Bolinger (2018)
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1.E. Distribution of Wind Speed Across Vintages

Notes: The following gure shows the wind speed distribution across various vintages for three clusters of
wind farms in Minnesota, Texas and California. The wind speed data is taken from the global wind atlas
(Technical University of Denmark, 2017) at 50 meters altitude in the exact location of chosen wind farms.
For the analysis, we picked a reference wind farm in each of the three states and collected the wind speed
information for all operational wind farms within a hundred-kilometre distance from the reference wind farms.
The reference wind farms are the Stoneray Wind Farm in Minnesota, the Loraine Wind Farm in Texas and
the Solano Wind Project in California. The clusters of wind farms are circled on maps in Figure 1.D. We
chose a hundred-kilometre distance in order to have su cient wind farms to reveal any trend in the wind
speed distributions across vintages. The graphs do not reveal a downward trend in wind speed at the cluster
level. This indicates that the marginal costs have not been increasing due to the crowding out of wind farms
to less windy areas, given the location.
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1.H. Impact of Curtailment on Capacity Factors

Notes: The gure shows the impact of curtailment on average capacity factors of wind generation in the US.
Since curtailment has a ected 0.1-1 percent of total generation each year, the revenues of the producers are
unlikely to be signi cantly a ected. In addition, forced curtailment is usually compensated. Source: Wiser
and Bolinger (2018) data le.
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1.J. Estimation of Learning Curve with Cumulative Ca-
pacity

(1) (2) (3)
Parameters ~ LECOE - NM  LECOE - OM LCOE - W&B
G 92.274 85.114 88.082
(3.40) (1.66) (13.89)
A 0.584 1.146 5.242
(0.32) (0.68) (24.31)
0.157 0.060 0.055
(0.02) (0.01) (0.04)
Root MSE 3.626 1.710 13.908

Notes: Standard errors in parentheses. p < 0:05, p < 0:.01, p < 0:.00L The
table reports estimation results of the learning curve model in equation 1.6 using three
alternative sets of innovation measures. Abbreviations NM, OM and W&B, relate to the
innovation measures obtained from the new model, old model, and Wiser and Bolinger (2018),
respectively. The explanatory variable is cumulative capacity.

1.K. Estimation of Learning Curve with Cumulative
Quantity

(1) (2) 3)
Parameters LECOE - NM LECOE - OM LCOE - W&B
Co 89.247 83.626 88.358
(2.37) (0.74) (13.69)
A 0.407 0.986 40.606
(0.15) (0.44) (306.68)
0.091 0.035 0.030
(0.01) (0.00) (0.02)
Root MSE 1.970 0.975 13.734

Notes: Standard errors in parentheses. p < 0:05, p < 0:.01, p < 0:.00L The
table reports estimation results of the learning curve model in equation 1.6 using three
alternative sets of innovation measures. Abbreviations NM, OM and W&B, relate to the
innovation measures obtained from the new model, old model, and Wiser and Bolinger (2018),
respectively. The explanatory variable is the cumulative quantity.
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Chapter 2

The Role of Biomass In
Decarbonization E orts: Spatially
Enriched Energy System Optimization
Modelling

Originally published as:
Refka, L., 'Easny, M., & Laxton, D. T. (2023). The Role of Biomass in Decarbonization
E orts: Spatially Enriched Energy System Optimization Modelling. Energies 16(21), 7380.

2.1 Introduction

One way to combat climate change is to promote renewable energy sources (RESs). Most
countries worldwide support RES investment and have set targets to increase their share
of total energy consumption. On 17 September 2023, the European Parliament agreed
to boost the deployment of renewable energy in line with the European Green Deal and
REPowerEU plans. This update of the Renewable Energy Directive (RED) increases the
share of renewables in EU nal energy consumption to 42.5% by 2030, whilst the EU Member
States should strive to achieve 45%.

Following this legislation, in September 2023, the Czech government prepared the actualization
of its National Energy and Climate Plan, which relies heavily on combining renewable and
nuclear energy sources. To date, biomass has been the most crucial source of clean energy in
Czechia, as has been the case in most central European countries. Due to the limited capacity
of biomass, other renewable energy sources wind and, in particular, solar energy will
become more important sources of clean energy in the future energy mix. However, biomass
has the potential to be a exible source, unlike many other RESs, because it can be burned
in conventional power plants. One drawback, though, is that forests can be some distance
from power plants, and transporting biomass can be costlytolarski, Stachowicz, Sieniawski,
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Krzy»aniak, & Olba-Zijty, 2021), limiting its economic potential.

Moreover, the central European region has recently experienced a spruce bark beetle infestation
(Hlasny, Konig, et al., 2021), which has cast doubt on the medium and long-term accessibility
of forest biomass for energy production. This paper analyzes the role of forest biomass in
the decarbonization of the Czech energy system, considering the EU requirements, ecological
constraints, and economic limitations, by using a spatially enriched energy system model.

The need to practice reliable and science-based energy system modelling (ESM) has been
growing as a direct response to policymakers' calls for strategies and plans to reach a carbon-
neutral future. Although many such models have been built and applied for decades, they still
face multiple modelling challenges to providing realistic and e ective energy transition plans.
Energy system optimization models search to identify cost-minimal pathways, assuming
perfect behaviour from a central planner's perspective and neglecting decision making under
uncertainties or biased perceptions and behaviour. This modelling feature often leads to
inaccurate assumptions regarding the requirements of a successful energy transition. As
a result, ESM underestimates the required capacities for power generation, storage, and
transmission compared with real-world energy systems, which is a phenomenon known as
the economic granularity gap (Sarfarazi, Sasanpour, & Cao, 2023). Furthermore, a review
by Fodstad et al. (2022) identi es four main challenges in ESM: the handling of several
energy carriers within the system analyzed, how uncertainty is dealt with, the integration

of energy transition dynamics and energy behaviour, and the integration of di erent scales
regarding time and space; the latter aspect has also been most frequently identi ed as the
main modelling challenge in previous reviews.

The rst contribution of our paper is to enrich the literature that deals with spatial resolution

in cost-optimization ESM. In principle, the spatial granularity of the model can be improved
by linking ESM to a Geographic Information System (GIS) or by increasing the resolution of
the model with respect to space. While the former involves an assessment of meteorological
conditions, and the deployment and expansion of energy infrastructure or land availability, the
latter modi es model granularity to realistically map the potential and availability of RESs

or to analyze optimal power-plant siting (see more in ref. Martinez-Gordon, Morales-Espana,
Sijm, and Faalj (2021)). Because transporting biomass to a power/heat plant can entail
considerable costs, GIS linkage or ner spatial granularity allows the model to consider
distances directly in energy system cost optimization.

There are several examples of studies that have implemented regional aggregation of electricity
and climate data: see, for instance, refs. Carpio (2021); Castillo, e Silva, and Lavalle (2016);
Holttinen et al. (2011); Monforti et al. (2014); Pfenninger and Sta ell (2016); Roques,
Hiroux, and Saguan (2010); Yang et al. (2019). Maimo-Far, Homar, Tantet, and Drobinski
(2022) analyze the e ects of spatial granularity on an optimal renewable (wind and solar)
energy portfolio in Spain. However, literature on spatially enriched ESM is relatively recent
and sparse(Martinez-Gordon et al.,, 2021). Resch et al. (2014) and Ramirez Camargo
and Stoeglehner (2018) discuss the integration of spatial resolution and ESM but mainly
focus on GIS applications, while other studies have aimed to investigate how spatial data
aggregation improves the precision of results (e.g., Horsch and Brown (2017)). A very recent
review by Martinez-Gordon et al. (2021) identi es several ESM applications based on a
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ner spatial resolution in biomass energy; however, the majority of the applications aim to
analyze optimal locations of biomass power plants based on proximity to biomass sources,
including transportation costs. Three other studies have aimed to calculate the potential and
availability of certain types of biomass; however, these studies have focused only on limited
biomass sources, such as residual biomdsszano-Garcia, Santibafez-Aguilar, Lozano, &
Flores-Tlacuahuac, 2020), biomass from agricultural landKnapek, Kralik, Vavrova, & Weger,
2020), or biomass planted on marginal land&Zhang, Hastings, Clifton-Brown, Jiang, & Faalj,
2020).

We enrich the TIMES (Refka & '£asry, 2016, 2018, 2017) energy system optimization model
by splitting three components of the otherwise country-wide ESM forest biomass availability,
power and heat, and industry production and energy services consumption into 14 relatively
small sub-systems ( 3000-11,000 krf) de ned by EUROSTAT's NUTS3 regions. This allows

us to vary the transportation costs of biomass by distance from the sources to the generation
units (grouped into 14 sub-systems) and, hence, to evaluate the economic costs of biomass
more precisely. The level of granularity in the TIMES-CZ model is bene cial in a number of
ways. Because forest biomass is not evenly distributed throughout the country, a regionalized
model more accurately re ects the costs associated with transporting forest biomass. For
example, forest biomass is abundant in southwestern Czechia. As the cost of transporting
biomass increases with distance, a regionalized TIMES-CZ model can make more informed
decisions on where to establish new biomass-burning or co-burning facilities. Increasing
spatial granularity also brings our TIMES-CZ model closer to the real-world energy system.
To the best of our knowledge, no comprehensive regionalization of any optimization ESM has
been conducted prior to this study.

The second contribution of this paper is its evaluation of the potential impact of the spruce
bark beetle infestation on the Czech energy system until 2050. Before the infestation, spruce
trees made up roughly half of Czech fores(s.orenc, 2022). Prolonged periods of drought
and increased temperatures, together with bark beetles, have been quickly destroying spruce
trees since 2012. The paths through which the spruce bark beetle infestation may evolve up
to 2070 have recently been conceptualized by the Institute for Forest Ecosystem Research
(IFER), which built four possible scenarios on the availability of forest biomass given the
spread of spruce beetles and the Land Use, Land Use Change, and Forestry (LULUCF)
(Cienciala & Melichar, 2023). Based on these scenarios, we quantify the potential availability
of forest biomass for energy purposes. Because forest biomass is unequally distributed across
regions and the spruce beetle infestation is not uniforifiHlasny, Zimova, et al., 2021), our
regionalization of forest and energy system modelling was performed using the same spatial
granularity.

Applying our spatially enriched TIMES-CZ model, we analyze impacts on the energy mix,
decarbonization e orts, and nal allocation of forest biomass resources up to 2050. Speci cally,
we incorporate forest biomass projections, based on Cienciala and Melichar (2023), into our
regionalized TIMES-CZ model. The previous version of the TIMES-CZ modéRefka, Maca,

& 'Easry, 2023) had limited ability to distinguish energy production and demand technologies
by location. The model employed in this paper o ers a spatial resolution that more e ectively
accounts for potential transportation costs. It identi es a more realistic allocation of nal
energy resources and the decisions on where to install new heat and power plants.
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Third, our paper contributes to the current literature by examining the role of forest biomass

in achieving greenhouse gas emission (GHG) reduction targets in Czechia, considering that
forests have become heavily infested with spruce bark beetles in the last ten years. We analyze
energy system pathways, GHG emissions, and RES targets for four main “ecological' scenarios
on forest development in Czechia: RED anticipates that the spruce beetle infestation will
subside, GREEN assumes the infestation will end soon, and 6% more timber can be harvested.
In BLACK, the infestation will continue to spread in Western regions, and in BLACK-REP,

it will resurge every ten years. We then change policy measures and GHG emissions targets
in the following three RED scenarios: RED-P50 assumes a 50% production cost subsidy on
wood pellets, RED-HH requires the exclusive use of biomass in households, starting from
2035 in accordance with ecological requirements, in order to maximize biomass remaining
in forests, and RED-0 is the only scenario in which GHG emissions are set to be reduced
to near-zero, reaching a maximum emission balance of 2.2 Mt by 2050. Our main research
guestion is whether the availability of forest biomass a ected by the bark beetle infestation
and biomass costs could pose challenges for Czechia to contribute su ciently to the EU's
2030 RES target and to achieve climate neutrality by 2050.

The rest of this paper is structured as follows. Section 2.2 describes the model and data.
The next section describes the scenarios and the key assumptions. Section 2.4 presents and
discusses the results of the modelling. Section 2.5 concludes.

2.2 The Regionalized TIMES-CZ Model and Biomass
Availability

TIMES is an energy system optimization model that operates from a bottom-up perspective.
It seeks the most cost-e ective path to ful | energy service demands under given constraints.
The TIMES is developed and maintained as part of the Energy Technology System Analyses
Program (ETSAP) by the International Energy Agency (IEA) (Loulou, Goldstein, & Noble,
2004). Originally, the TIMES-CZ model was based on the Czech region of the pan-European
TIMES PanEu model, which was developed by the Institute of Energy Economics and Rational
Energy Use at the University of Stuttgart (Capros et al.,, 2014). Since the introduction
of the initial version, the TIMES-CZ model has undergone enhancements, including the
incorporation of individual facilities operating within the scope of the EU Emission Trading
System (EU ETS) (Refka & '£asry, 2016, 2018) and the inclusion of a comprehensive
transportation module (Refka et al., 2023).

In this paper, we update and extend the TIMES-CZ model considerably in several ways.
We update the base year of the model to 2019. Although data for 2020 were available, we
chose 2019 to avoid bias caused by the COVID-19 pandemic restrictions in 2020. We split
three components of the otherwise country-wide ESM forest biomass availability, power and
heat, and industry production and energy services consumption into 14 relatively small
sub-systems ( 3000-11,000 krf) de ned by EUROSTAT's NUTS3 regions. We use individual
data on facilities participating in the EU ETS scheme, annual reports on electricity and
heat grids (ERU, 2019a, 2019b), regional energy balances (Ministry of Industry and Trade.,
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2021), and sample surveys on energy consumption in househdldgS0O, 2017) to divide data

on power, heat, and industry production and energy services consumption into 14 NUTS3

regions. Figure 2.1 represents regionalized Czechia. Only transport and non-energy-intensive
industry production remain aggregated at the level of Czechia as a single region due to a lack
of regionalized data in this area.

Figure 2.1: Czech NUTS 3 regions

Notes: Czech NUTS 3 regions are the building blocks of our regionalized TIMES-CZ model.

We categorize forest biomass based on both the harvesting method and its form of energy
utilization. Additionally, we incorporate the forest biomass development scenarios projected
by Cienciala and Melichar (2023) to estimate biomass availability for energy purposes. Further
elaboration on this biomass extension is provided in subsequent sections.

Spruce bark beetles have become a major problem for Czech forests since R0d2nc, 2022).
These beetles destroy massive areas of forests, as spruce is one of the most widespread species
of trees(Janova, Hampel, Kadlec, & Vrzka, 2022). With climate warming, bark beetles
multiply even faster (Hlasny, Zimova, et al., 2021), and the pace of felling trees and removing
them from the forests has failed to keep pace. The infestation threatens the availability

of biomass for various purposes, including energy. Our paper focuses exclusively on forest
biomass and does not consider biomass from agricultural and marginal lands, unlike Knapek

et al. (2020). Therefore, when we mention biomass in the text, we imply solely forest biomass.

IFER analyzed possible pathways for managing and adapting Czech forests to respond to the
challenge(Cienciala & Melichar, 2023). They designed four possible scenarios envisioning
forest development and the amount of timber harvested, taking into account probable changes
in forest management and the impact of spruce bark beetle infestation. Considering these
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scenarios, we calculated the percentage of biomass available for energy purposes, factoring in
the past patterns of all potential uses of forest biomass (e.g., energy, timber, production of
furniture, pulp, and paper). These scenarios include all types of biomass, both softwoods and
hardwoods, which are referred to as conifers and broadleaf, respectively. Biomass is classi ed
into three narrower categories based on its most likely use: rewood, forest chips, and white
chips. This classi cation indicates the quality of the wood itself, but not necessarily its nal
state. For example, white chips are raw materials and can be transformed into wood pellets,
but they may be used for other purposes, retaining their original state.

In the following, we de ne all four scenarios. The RED scenario, which we use as the baseline,
anticipates that the spruce beetle infestation will subside. The GREEN scenario predicts
that the infestation will end sooner than in RED and enable a 6% greater timber harvest
than in the other scenarios. The BLACK scenario conjectures that the infestation will spread
into more western regions given the riskiness level involved, and nally, the BLACK-REP
scenario envisions that the infestation will repeat every decade. Figure 2.2 depicts the
maximum possible amount of biomass harvest for energy purposes by categories under these
four scenarios.

Figure 2.2 shows four biomass products. For rewood, the authors consider the distinctions
between broadleaf and conifer relevant, while such a distinction is not crucial for forest chips
and white chips. In the model, rewood and white chips are primarily used in the residential
sector, because most white chips are transformed into wood pellets. In contrast, forest
chips are favoured for power, heat production and industrial sectors. Figure 2.2 depicts the
maximum possible supply of each type. To avoid the unnecessary conversion of biomass into
more expensive products, such as wood pellets, the model directs unprocessed white chips to
power, heat, and industry. From Figure 2.2, it is clear that the largest di erences between
forest biomass development scenarios occur in 2025-2035. Nevertheless, the magnitude may
not be large enough to create signi cant di erences in the nal allocation of resources. The
gure also demonstrates the lasting nature of the infestation, especially up to the year 2035.
This infestation signi cantly diminishes biomass availability by more than 14% in both the
RED and BLACK scenarios. The biomass ows in the TIMES-CZ model are shown in Figure
2.3. To produce biomass products, we assume a stepwise cost function with decreasing returns
to scale in Table 2.1.

Our regionalized TIMES-CZ model considers distance-speci ¢ and time-variant transportation
costs. Our assumptions on moisture, gross calori ¢ value, weight, and truck volume capacity
to calculate average transportation costs for di erent biomass products are described in Table
2.2.

Wood pellets and briquettes made from white chips are available from online shops for
xed transportation costs of around ¢55. Given our assumptions listed in Table 2.2, the
transportation of wood pellets costs about 0.8/GJ regardless of the distance.

Calculating the transportation cost of rewood is more complex. Firewood is typically sold
in one-cubic-meter pallets, where, depending on whether the wood is stacked or not, weight
and embodied energy will di er(TZB-info, 2022). Coniferous rewood is lighter and has
less embodied energy than broadleaf rewood per cubic meter. Furthermore, the maximum
transportation volume by service providers is limited. We rely on average gures and assume
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Figure 2.2: Biomass availability for energy purposes 2019-2050

Source: Authors' computations based on Cienciala and Melichar (2023). Notes: Biomass is broken down into
four products based on their most likely use.

Figure 2.3: Biomass ows in the TIMES-CZ model
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Table 2.1: Costs of biomass production, stepwise cost function, yiGJ (2015 prices).

Biomass Product Cost Steps

Firewood conifer 0.10, 9.50, 11.1, 12.7, 14.3

Firewood broadleaf 10.8, 15.0

Wood Pellets 12.0, 12.5, 13.0, 13.5, 14.1, 14.6, 15.1, 15.6
White chips 6.30

Forest chips 4.70, 5.10, 5.50, 5.90, 6.30

Note: We assume a stepwise production cost function of biomass products with decreasing returns to scale.
The number of equal steps in the production cost function within each biomass product increases with the
total availability of the biomass product. The biomass available for energy purposes, estimated on the basis of
IFER data (Cienciala & Melichar, 2023), is 27 PJ less than the biomass consumption in the energy balance in
2019 (Ministry of Industry and Trade, 2021). This gap is assumed to represent the households' own rewood
production, which we have assumed to have close to zero cost. Source: Czech Statistical O €250, 2019).

Table 2.2: Assumptions used to calculate transportation costs of biomass per trip.

Biomass Product Volume (m 3) Weight GCV Moisture (%)
(kg/m 3) (MJ/kQ)

Firewood conifer 9 340 15.6 15

Firewood broadleaf 9 475 14.6 15

Wood pellets 4-5 * - 18.0 10

Forest chips 85 170 16.4 10

Notes: * Tons, rather than cubic metres, are used to measure the size of wood pellets per trip. Typical
homeowners use about 4-5 tonnes of wood pellets per year. Forest chips are primarily used in the power,
heat, and industrial sectors, where transporting larger quantities in one trip is more likely; we assume the
maximum capacity of a truck at 85 m3. Source: Lyfka (2010); Avydon (2023); TZBinfo (2022); ytefka
(2016); Wang and Rakha (2017); Natural Resources Canada (2014).

nine cubic meters of capacity (if stacked) to calculate the total embodied energy transported
per trip. According to TZB-info (2022), one cubic meter of wood pallet contains roughly
475 kg of broadleaf wood with a gross calori ¢ value of 14.6 MJ/kg and 340 kg of coniferous
wood with a gross calori ¢ value of 15.6 MJ/kg with a moisture content of 15%. The embodied
energyE,, carried per trip is then a product of volume, weight and gross calori ¢ value (and
1000 to obtain GJ).

To calculate the total biomass transportation cost per trip, we rst derive a 14 14 distance
matrix between the centres of Czech regions to allow for trade between them. Because
transportation companies typically charge for both the outbound and inbound transportation

of biomass, we double the distance between regianand j (Dj ). Based on a review of the

o ers by transportation companies, we obtain the average transportation cost per kilometre
(Cp) that is increasing over timet due to pricing fuel within the EU ETS2 (column 3, Table 2.3)
and k = 1:08 kg CO,/km (we assume large transport trucks consume roughly 0.4 L of diesel
per kilometre (Wang & Rakha, 2017) and each litre of diesel produces 2.7 kg of £\atural
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Table 2.3: EUA carbon price trajectory.

Year EUAlL EUA2
2030 75 47
2035 113 131
2040 235 216
2045 339 301
2050 386 386

Notes: The EUA ETS prices are expressed irg,2015 / tCO,. The EUA's projections are based on the
recommendation of the European Commission on Harmonised Common Trajectories for the With Additional
Measures (WAM) Scenario, HCT 2023 WAM (European Comission Directorate-General Climate Action,
2023). EUAZ2 represents the revized ETS price trajectory linked to the ETS2 package, commencing a347
and linearly converging to match EUAL prices by 2050.

Resources Canada, 2014), giving= 1:08 [kg CO,/km]). Dividing the total transportation
cost between two regions and j by the embodied energyE,, of transported biomass product
b, we obtain transportation costsT Cy , which are expressed irg/GJ between regionsi and
| by biomass productsh:

chﬁ,-:z D (CoEb EUAZ k); i;j 2 [0;14] (2.1)

In the model, we also assume the transport of biomass from the regions to the aggregate
region of Czechia. We calculate the distance from each region to the Czechia region as an
average of all distances, excluding Prague and Brno, where the availability of biomass is not
signi cant. For the rest of the calculations, Equation (2.1) applies.

2.3 Scenarios

This paper primarily examines how di erent trajectories of forest biomass development will

in uence the overall energy composition of the Czech economy and Czechia's e orts to attain
climate neutrality. We do not present a business-as-usual scenario, as seen in Refka et al.
(2023). Our scenarios share common assumptions about prices, the potential of photovoltaic
(PV) and wind energy, and the potential of electricity and hydrogen imports, along with
energy service demand projections. The variable availability of biomass depicted in Figure 2.2
is the only di erence among our rst four scenarios (RED, BLACK, GREEN, BLACK-REP).

We also evaluate three policies using the RED scenario as a baseline. RED-0 requires an
exogenous reduction in GHG emissions, resulting in a maximum of 2.2 megaton emissions
balance in 2050. The purpose of the policy evaluation is to see whether increased pressure
to reduce emissions would encourage renewable production. The RED-HH assumes that
starting from 2035, biomass available from forests can only be used by households, meaning
that forest chips are no longer available for power, heat, and industrial sectors. This scenario

aligns with ecological requirements, maximising the biomass that remains in the forest. The
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Table 2.4: Description of scenarios.

Scenario Carbon GHG Biomass .
. . Subsidies
Name Pricing Cap Consumption
RED HCT WAM NO ALL sectors NO
Green HCT WAM NO ALL sectors NO
Black HCT WAM NO ALL sectors NO
Black-REP HCT WAM NO ALL sectors NO
RED-P50 HCT WAM NO Residential (since  50% prod. cost
2025)
RED-0 HCT WAM 3 Mtin ALL sectors NO
2050
RED-HH HCT WAM NO Residential (since  NO
2035)

goal of this scenario is to see how the ecological requirements, i.e., limiting the availability of
biomass, would a ect the overall energy mix and annualized system costs. Finally, RED-P50
considers a 50% production cost subsidy on wood pellets for households from 2025 onwards.
Here, the objective is to investigate whether these subsidies facilitate the full utilization of
biomass resources. All the scenarios are brie y described in Table 2.4.

The prices of fossil fuels and emission allowances (EUASs) follow the trajectory of the WAM
scenario according to the recent HCT trajectory{European Comission Directorate-General
Climate Action, 2023). The price of EUA2 for buildings and transport starts at;,47 in 2030
and then converges linearly to the current EUAL price of 2050 (see Table 2.3). We assume
energy-saving potentials in buildings according to the progressive scenario of the Czech
Strategy of Building Renovation(Ministry of Industry and Trade., 2020). The development

of new nuclear power plants is not constrained; however, our assumption is that 1450 MW of
new capacity will be installed around 2035. This assumption aligns with the expectations of
the Czech Ministry of Industry and the Ministry of Environment. The optimization problem
within the model determines any potential installations beyond this 1450 MW threshold.
The pro le of possible electricity imports is described according to the Czech Transmission
System Operator (fEPS) and assumes no bottlenecks. The maximum installed capacity of
wind farms and solar PV is limited to 7 GW and 30.1 GW in 2050, respectively. Hydrogen
imports are assumed to rise to 36.7 TWh in 2050. Carbon capture, use, and storage (CCUS)
is limited to 18 Mt of captured CO, emissions.

2.4 Results

2.4.1 Greenhouse Gas Emissions

Figure 2.4 illustrates greenhouse gas (GHG) emissions across all scenarios, which are catego-
rized by their primary sources of emissions. Meanwhile, the total GHG emissions decline in
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all scenarios, reaching 10-20 Mt of C£2 in 2050. The exception is RED-0, which reaches the
pre-de ned (exogenous) cap of 2.2 Mt of C& in 2050. We note that the near-zero-carbon
level in RED-O0 is achieved without any further increase in bioenergy with carbon capture
and storage (BECCS).

Figure 2.4: Total greenhouse gas emissions, Czechia, 2025-2050.

Notes: ETSL1 represents the current scope of EU ETS. LULUCF accounts for emissions or carbon savings
associated with Land Use, Land Use Change, and Forestry. ESR covers the remaining sectors and small
industrial installations. BECCS refers to biomass combustion installations equipped with carbon capture and
storage (CCS), resulting in a negative emissions balance. The red dashed line indicates the EU target to
reduce greenhouse gas emissions by 55% in 2030 compared to 1990 levels.

It is evident that even with a European Union Allowance (EUA) price of;, 386 (expressed in
2015 euros), climate neutrality by 2050 remains unattainable. The red dashed line signi es
the EU's binding target of a 55% reduction in greenhouse gas emissions for member countries
by 2030 compared to 1990 levels, which is a goal that Czechia is realistically poised to achieve
across all scenarios.

In the RED-0 scenario, GHG emissions align with the 2.2 Mt C& cap in 2050, with this
cap being the sole driver of emissions reduction compared to other RED scenarios. Notably,
the RED-HH scenario exhibits relatively higher GHG emissions. In this scenario, only the
residential sector utilizes biomass as an energy source starting from 2035, prompting other
sectors to replace biomass with alternative energy sources, primarily natural gas. In this
particular situation, BECCS, which could have reduced GHG emissions by 4-4.5 megatons in
2045 and 2050, as seen in other scenarios, is unavailable.

The emissions associated with facilities included in the current EU Emission Trading System
(ETS1) substantially contribute to reducing GHG emissions. Additionally, sectors covered by
the extended system E ort Sharing Regulation (ESR), which includes areas like agriculture,
small industrial facilities, transportation, and buildings, also demonstrate noteworthy reduc-
tions in GHG emissions(European Comission, 2021). Meanwhile, emissions linked to Land
Use, Land Use Change, and Forestry (LULUCF) are the primary factors driving variability

in GHG emissions across forest biomass development scenarios RED, BLACK, GREEN, and
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BLACK-REP. This underscores the crucial role of forests in sequestering carbon emissions,
which appears to be more in uential than uctuations in forest biomass availability for
energy use. Therefore, based on Figure 2.4, it can be concluded that the spruce bark beetle
infestation does not impact decarbonization pathways in the long term. In the BLACK-REP
and GREEN scenarios, LULUCF GHG emissions are negative in 2025 and 2030, while other
scenarios incur GHG emissions from forests. Lastly, it appears that using subsidies to promote
wood pellet use by households in the RED-P50 scenario does not contribute to achieving
GHG emission reduction goals compared to the RED scenario.

2.4.2 Primary Energy Sources

Figure 2.5: Primary energy sources, Czechia, 2019-2050.

Figure 2.5 shows primary energy sources (PES) consumption spanning 2019 to 2050. An
estimation of all modelled scenarios delivers approximately a 30% decrease in the consumption
of PES. From 2040, there is a signi cant decrease in gas consumption, which is primarily
replaced by hydrogen, whereas brown coal will be almost phased out by 2035. Limiting
biomass to household consumption RED-HH and pursuing ecological constraints primarily
involves substitution by natural gas and nuclear energy, with a GHG cap of a net 2.2 Mt
in 2050. Conversely, in the RED-0O scenario, the primary replacements for natural gas
and oil include hydrogen, nuclear, and ambient heat technologies. Solar and wind energy
are maximally utilized in all scenarios. The degree of availability of biomass signi cantly
in uences its usage in all scenarios, with only a temporary deviation occurring in 2040, where
biomass demand lags behind its increased availability.
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2.4.3 Final Energy Consumption

Figure 2.6: Final energy consumption, Czechia, 2019-2050.

Final energy consumption according to the model results is illustrated in Figure 2.6. As
a result of improvements in energy e ciency, there is a substantial reduction in total nal
energy consumption across the entire timeframe, and this trend is consistent across almost all
scenarios. The sole exception is the RED-0 scenario, which notably exhibits lower nal energy
consumption than the other scenarios, starting from 2040. In this scenario, there is a decreased
reliance on natural gas and an increased utilization of hydrogen. The overarching trend
across all scenarios involves a shift away from more environmentally hazardous technologies,
such as petroleum-based fuels and coal, in favor of cleaner alternatives. Figure 2.7 also
highlights an overall increase in renewable energy shares across all scenarios. In the RED-HH
scenario, where biomass is allocated solely to residential use, there is a reduction in biomass
consumption in the nal energy sector compared to the other scenarios. In general, it seems
that the spruce bark beetle infestation has no discernible impact on the overall energy mix
when we examine the forest biomass development scenarios, including RED, BLACK, GREEN,
and BLACK-REP.

2.4.4 Share of Renewable Energy Sources
As depicted in Figure 2.7, the proportion of renewables within the overall energy mix exhibits

a consistent upward trajectory. By 2050, the model's average projection anticipates a 55%
share of renewables. The RED-0 renewables reach almost 65% in 2050. However, achieving
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Figure 2.7: Share of renewable energy sources in gross nal energy consumption, Czechia,
2019-2050.

the EU's recommended target of 45% renewables by 2030 appears unlikely across all scenarios.
In Figure 2.7, it is noteworthy that subsidies aimed to encourage household use of wood
pellets (RED-HH) do not contribute signi cantly to achieving renewable energy objectives.
This intriguing observation prompts further investigation, and we will seek to clarify this in

the next subsection.

While the proportion of renewable energy sources is strictly increasing throughout the period,
the proportion of forest biomass within the overall renewable energy mix follows a contrasting
pattern. To illustrate, in 2019, the average share of biomass in total renewable energy is
approximately 12%, but it diminishes to an average of 7% by 2050. Within the range of forest
development scenarios, the more optimistic GREEN and BLACK-REP scenarios stand out,
with the share of renewable energy in gross nal energy consumption increasing by about one
percentage point between 2025 and 2030 compared to the other scenarios. Clearly, the spruce
bark beetle infestation will exert only a transient, relatively limited in uence on renewable
energy goals.
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2.4.5 Biomass

Focusing on forest biomass, rst, we repeat the claim that the regionalized TIMES-CZ model
increases the spatial resolution of the Czech energy system. In Figure 2.8, forest biomass
supply for energy purposes is more abundant in southwest Czechia. Due to the increasing
transportation costs with distance, regionalized TIMES-CZ allows more realistic choices for
locating new biomass-burning or co-burning plants. As the southwestern regions of Czechia
have the highest availability of forest biomass, it would be advantageous to locate new biomass
CHP plants in these regions.

Figure 2.8: Forest biomass supply in RED scenario, by region, 2025-2050.

Figure 2.9 shows the nal consumption of forest biomass by sectors, contrasting it with the
availability of biomass according to Figure 2.2. The utilization of biomass as an energy source
does not fully align with the available biomass resources by 2040. This discrepancy arises
because timber harvesting experiences a slowdown between 2025 and 2035. With the reduced
availability of biomass, the model adapts by incorporating new technologies that are less
reliant on biomass. Even though timber harvesting experiences a signi cant resurgence in
2040, the replacement of previously installed technologies is not instantaneous. Consequently,
biomass consumption does not catch up as quickly as timber harvesting recovers in 2040.

Another explanation for this mismatch is that some steps on the cost curve of the broadleaf
rewood and white chips are more expensive than natural gas. Subsidies of biomass production
may be one avenue that would help to unlock the full potential of biomass, as illustrated in
the RED-P50 scenario in 2040. Nonetheless, in other years, biomass resources are already
fully utilized, necessitating a thorough cost-bene t analysis before subsidies are implemented.
In fact, in the years 2045 and 2050, the subsidy policy seems counterproductive: the full
potential of biomass is no longer being exploited compared to the RED scenario. This
occurrence can be attributed to the rise in household wood pellet consumption, displacing
other sectors and compelling them to consider alternative technologies utilizing di erent fuels.

Figure 2.9 also reveals other crucial trends. In all scenarios, the residential consumption of
biomass steadily declines over the period under review. The opposite is true for the power and
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Figure 2.9: Forest biomass consumption by sectors and its availability, 2019-2050.

Note: P&H stands for power and heat sector.

heat sector. Hence, large sources can absorb available biomass even at the expense of households;
nevertheless, from a system-wide perspective, this may appear to be more efficient. A more
detailed overview of the residential sector follows in Figures 2.10 and 2.11.

2.4.6 Residential Sector

The residential sector consumed more than 62% of all biomass energy in Czechia in 2019. As
this is substantial, we present detailed results of energy consumption in the residential sector.

In all scenarios, residential sector energy consumption generally shows a downward trend
over time. Starting from 2035, district heating and biomass are predominantly replaced by
ambient heat and electricity used by heat pumps.

Interestingly, in scenario RED-0, which involves an exogenous reduction of GHG emissions to
a net of 2.2 Mt in 2050, biomass does not appear to be the preferred choice in the residential
sector. Instead, ambient heat and solar energy gain prominence. This shift is in uenced by
the fact that the power and heat sector and industry absorb most of the available biomass.
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Figure 2.10: Final energy consumption in the residential sector, by energy sources, Czechia,
2019-2050.

Figure 2.11: Final energy consumption in the residential sector by purpose in Czechia
2019-2050.
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This observation is further supported by the RED-HH scenario, where the residential sector
does not face competition for biomass consumption from other sectors. As a result, its
biomass consumption exceeds that of the other scenarios. However, in this scenario, the
residential sector is not able to fully utilize the available potential of biomass energy.

Figure 2.11 o ers a detailed breakdown of energy use within the residential sector, which is
categorized by its intended purposes. The other category includes small electric appliances
like televisions. Notably, the most substantial portion of household energy consumption is
attributed to heating. The decline in energy demand by households is a result of advancements
in appliance e ciency and enhanced building insulation.

2.4.7 Annualized Costs

Figure 2.12: Di erence in total annualized energy system-wide costs compared to the RED
scenario.

Note: Negative bars signify that the particular cost component is lower than its counterpart in the RED
scenario.

Figure 2.12 shows the di erence in total annualized system-wide costs compared to a reference

scenario, which is RED. The annualized total system-wide costs include the sum of investments,
expenditures for energy and EUAs, and xed and variable costs of technologies, and are
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shown from an energy system perspective, i.e., after deducting subsidies for clean technologies
or wood pellet production. The subsidy for wood pellet production is included in the price of
wood pellets, i.e., in the energy category. The bars show the costs per category, and the black
dots show the totals. When the bars or black dots appear below (above) the zero line, the
costs are lower (higher) than in the RED scenario. For example, the total annualized costs in
RED-P50 are around¢ 175 million lower each year in 2028-2032 than in RED; cumulatively,
these costs arg 875 million lower over the same ve years.

It is noteworthy that none of the four forest development scenarios di ers signi cantly from
the others, indicating that the impact of the spruce bark beetle infestation on energy system
costs is very limited.

However, regarding the three policy scenarios, we observe notable spikes in annualized total
costs, particularly in the case of the RED-HH and RED-0 scenarios. The RED-HH scenario
is the only one in which annual costs signi cantly exceed the costs of all four forest scenarios,
starting from 2035. This occurs because adhering to ecological constraints forces the system
to rely on costlier and more carbon-intensive fuels, substantially increasing the system costs.
Because the availability of forest biomass is constrained in the RED-HH scenario, higher
carbon emissions result in higher payments on EUAs. The scenario is the most expensive,
costing ¢,16 billion more than RED.

For the RED-0 scenario, total annualized costs signi cantly surpass the costs in RED baseline
only in 2050, because the scenario requires reducing greenhouse gas emissions to a net 2.2
million tons by 2050. This requirement triggers investments in costly abatement technologies
like nuclear power and energy-saving measures, resultinggB.3 billion higher overall annual

costs up to 2050.

RED-P50 seems to be the least costly scenario, which is mainly due to the expenditures on
energy use, which are 3.1 billion (cumulatively, until 2050) smaller than in all four scenarios
on forest development. Lower energy bills are partly due to subsidies for wood pellets, which
cost ¢,4.54 billion cumulatively until 2050. Annually, these subsidies amount t@ 227 million
during 2023-2027. Then, as a result of increased energy e ciency in residential buildings
and resulting lower energy consumption, wood pellet subsidies fall g143 million around
2040 and¢ 80 million around 2050. This subsidy is implicitly re ected in reduced energy bills.
This scenario is, however, not the least costly from a social planner's perspective when all
subsidies are factored into the annualized total costs. Including subsidies in the annualized
costs, the total costs are;,0.9 billion higher than the costs in the baseline scenario, whereas
GREEN and then BLACK-REP are the cheapest ones, witly 1.4, and ¢ 1.0 billion lower
annualized total costs than in the baseline.

2.5 Conclusions

Forest biomass is the main source of renewable energy in Czechia. This precious resource is
currently facing challenges from spruce bark beetles. In this paper, we explore the impact
of possible forest biomass development pathways on the Czech energy system, taking the
current spruce bark beetle infestation into account. In particular, we evaluate the impact on
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greenhouse gas reduction e orts, renewable objectives and the nal allocation of resources.
We use a spatially enriched energy system optimization model, TIMES-CZ, enhancing its
spatial resolution by regionalizing biomass availability, power and heat generation, and
energy service demands, following Eurostat's NUTS3 levels. Our regionalized model accounts
for the fact that forests are unevenly distributed across the country and that transporting
biomass over long distances is not economical. Our updated model informs more realistic
choices for locating new biomass-burning or co-burning plants. More broadly, regionalization
incorporates various constraints, speci ¢ details, and heterogeneities across regions, improving
the accuracy of our results. This type of incorporation of spatial granularity in optimization
ESM is notably lacking in the literature, particularly when considering the relatively small
and compact nature of the TIMES-CZ regions. This contribution to the existing literature is
quite evident.

This paper underscores several key ndings. Firstly, it highlights that even at an EUA price

of ¢ 386, Czechia is unlikely to achieve climate neutrality by 2050 across all scenarios. Further-
more, attaining climate neutrality by 2050 necessitates investments in costlier technologies.
Regarding pathways for reducing greenhouse gas emissions, neither the impact of the spruce
bark beetle infestation nor special subsidies aimed at promoting wood pellet consumption
by households seems to in uence the outcomes signi cantly. Instead, the primary drivers
concerning biomass are the adoption of BECCS technologies, which could lead to a reduction
of 4-4.5 megatons in emissions during the period of 2045-2050, along with sustainable activities
related to land use, land use change, and forestry.

Regarding ecological constraints, it becomes evident that at times, there is a need to prioritize
speci c objectives over others. Limiting the use of biomass to households and conserving
the remaining biomass in forests does not align with the goal of reducing greenhouse gas
emissions. This misalignment has a signi cant impact particularly by constraining the
potential of BECCS.

The disparities among biomass development scenarios are substantial until 2035. However,
these distinctions do not seem to have a long-lasting impact on the overall energy mix.
Nonetheless, the more optimistic scenarios permit an additional 1 percentage point increase
in the share of renewable energy sources (RESS) in total nal energy consumption compared
to other forest biomass development scenarios in 2025-2030. Consequently, the spruce bark
beetle infestation does exert a negative in uence on medium-term renewable energy objectives.

Irrespective of the spruce bark beetle infestation, our results suggest that the energy system
will make full use of biomass potential, with the exception of a temporary deviation in 2040
when biomass demand will likely lag behind increasing availability. In this context, one
could suggest the implementation of subsidies to encourage household adoption of biomass.
However, this policy does not appear to yield positive changes in key variables of interest,
including greenhouse gas emission reduction, the achievement of renewable energy targets,
or cost savings. In addition, such subsidies seem to distort the allocation of this precious
resource by crowding it out of sectors that could use it more e ciently.
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Chapter 3

A Practical Model-based Approach to
Oil Price Projections with an
Application to Monetary Policy Facing
Oil Price Shocks Under Di erent
Credibility Regimes

This chapter was coauthored with Jared Laxton (Advanced Macro Policy Modelling LLC.)

3.1 Introduction

The likelihood of transitioning from an age of resource abundance to one of resource exhaustion
is becoming increasingly plausible. Key drivers of this shift include a declining labour forces,
de-globalization trends, and the peak of cheap energy resour¢esodhart & Pradhan, 2020;
White, 2023). While the e ects of these developments vary across countries, the overarching
trends are likely to carry stag ationary implications for the global economy. Oil prices,
in particular, can trigger stag ationary outcomes, especially for oil-importing countries.
Although climate initiatives and greenhouse gas reduction plans may reduce the signi cance
of oil in the long term, rising oil prices remain plausible in the near future. This is due to
peaks in cheap oil, supply constraints, and the slow and complex transition to renewable
energy(Bachner, Steininger, Williges, & Tuerk, 2019; Tran & Smith, 2017). In the medium
term, oil prices will continue to play a critical role in shaping the global economy. Given
this context, monetary policy frameworks of in ation-targeting central banks have performed

e ectively in resource-abundant environments. However, their performance remains uncertain
as resources become scarcer and stag ationary shocks become more promi(i&atchard &
Simon, 2001).

We evaluate these outlined challenges using a framework that integrates oil price dynamics
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into monetary policy analysis. Speci cally, we develop a global economic model for oil prices
(OILMQOD), that is similar in nature to the existing semi-structural workhorse macroeconomic
models as utilized by many successful smaller central banks, i.e., in Armenia, Georgia, Ukraine,
and Botswana, among others. The model is meant to be accessible enough so that central
banks are encouraged to conduct more in-house oil market analyses rather than relying more
heavily on third-party baseline forecast scenarios. This approach allows central banks to
generate multiple oil price scenarios and to test various narratives, including stag ationary
outcomes. We then analyze a high oil price scenario under the lens of the endogenous policy
credibility model (ENDOCRED), to evaluate possible monetary policy responses in a world
in which perfect central bank credibility should not be assumed. Our ndings highlight
the importance of proactive and immediate responses to possible stag ationary shocks and
demonstrate how a lack of credibility can amplify the long-term economic costs of a crisis.

A stag ationary environment, with declining output and rising in ation, challenges the

e ectiveness of traditional monetary policy frameworks. The post-COVID-19 period, marked
by stag ationary pressures and in ation exceeding targets from 2021 to 2024, o ers a relevant
case study. Despite stable in ation expectations in bond markets, evidence from wages and
sticky prices suggests anchored in ation should not be assumed. The Atlanta Fed's sticky
and exible price paradigm, inspired by the concepts in Dornbusch's overshooting model
(1976), shows how infrequently adjusted prices may naturally convey relevant information
about in ation expectations among price setters. Lord Mervyn King(2024) and Augustin
Carstens(Fleming & Arnold, 2024) warn that it is dangerous for central banks to assume
that in ation is always anchored. In reality, in ation can become unanchored, and when it
does, it ampli es stag ationary shocks and necessitates stronger policy respongé&chi et
al., 2009).

The pandemic has also prompted central banks to rethink how they address macroeconomic
uncertainty. As noted in Ben Bernanke's 2024 review of the Bank of England, there is a

growing need for the expanded use of alternative scenarios to facilitate comparisons of
possible policy choices, (to) more accurately quantify the risks to the forecast, and (to) help

learn from past forecast errors (Bernanke, 2024).

Adopting scenario-based approaches to monetary policy highlights how oil prices could play
a more prominent role within their analytical frameworks. Many central banks such as the
Czech National Bank, the Central Bank of Armenia and the National Bank of Georgia rely
on oil price projections from third-party institutions such as the EIA(CNB, 2024), which
often assume mean-reverting prices (see g. 3.4) and fail to capture inherent market risks.
While more advanced models exist, central banks have yet to explicitly incorporate them into
their regular analyses, which is understandable due to their perceived costs and complexity.

To analyze the interaction between oil prices and monetary policy, we propose a two-step
modelling approach. In the rst step, we build on the semstructural model of oil price
dynamics developed by Benes et al. (2015), adapting it for our purposes. This adapted
model can be readily integrated into existing monetary policy frameworks of central banks.
We analyze scenarios involving OPEC production cuts and their potential impact on spare
oil capacity, a critical variable in oil price volatility. Using a geology versus technology
framework, we examine how geological constraints may push oil prices higher, thus exacer-
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bating stag ationary risks. In the second step, we simulate a high oil price scenario within
the ENDOCRED model under varying levels of central bank credibility: perfect credibility,
imperfect credibility, and delayed policy responses.

Our ndings suggest that standard monetary policy practices under a high oil price scenario,
when the credibility of the central bank is questioned, are costly. Attempting a soft landing
through a delayed interest rate response, as seen during the COVID-19 crisis, risks exacerbating
economic pain and prolonging the path to steady-state recovery. We argue that a more
immediate reaction to stag ationary shocks is more e ective, as it helps to mitigate the
long-term costs associated with delayed action. Further, addressing credibility issues before a
shock occurs is essential to ensure more e ective policy responses.

In summary, the value of our analysis and proposed model provides institutions such as
central banks a guide to strengthen oil price analysis within a familiar modelling environment.
The exercise should illustrate that it can be relatively simple for central banks to take rmer
control over their oil price outlook and to avoid outsourcing such a critical area of monetary
policy analysis. We also provide consistent macroeconomic projections for oil prices that
can be used for external assumptions in a standard macro model to prepare case scenarios.
Finally, we present what we believe are some relevant oil price scenarios that have important
implications for strategic monetary policymaking in an environment where credibility should

not be assumed to be perfect.

The paper is structured as follows. Section 3.2 de nes the key considerations in constructing
an oil price model, and section 3.3 introduces OILMOD, a global oil price model for scenario
analysis. Section 3.4 discusses these scenarios, particularly stressing the plausibility of a
high-oil price scenario. Section 3.5 introduces ENDOCRED, a policy credibility model
incorporating oil price dynamics for macroeconomic scenarios. This section also simulates
an oil supply shock and evaluates policy responses under di erent central bank credibility
assumptions. The conclusion highlights the need for proactive strategies to anchor in ation
and to strengthen credibility, and it advocates for stabilization policies with built-in bu ers
against economic uncertainty.

3.2 Building Blocks of the Oil Market Analytical Frame-
work

Oil prices have the capacity to drive stag ationary outcomes by simultaneously raising
production costs and slowing economic growth. However, many central banks have not been
thoroughly tested by a stag ationary environment, in which supply-side shocks dominate. To
address this gap, we rst introduce OILMOD, a semi-structural oil price model that examines
the macroeconomic implications of oil price dynamics. There are many sophisticated oil
price models, some fully structural and others strictly empirical. The model presented in
this paper is meant to strike the aforementioned balance between structural and empirical,
to be used as a way to synthesize di erent perspectives in the oil market, as the motivation
behind di erent oil price projections. The ability to express alternative views within the
framework as presented in this paper will hopefully lend itself to a better understanding of
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uncertainty in the oil market that can be applied to constructing monetary policy strategies
that are equipped to manage stag ation. We next analyze a high oil price scenario using the
ENDOCRED model to evaluate monetary policy responses under varying levels of central
bank credibility.

In the development of our analytical framework for the oil market, we mirror the structure
of the Forecasting and Policy Analysis System (FPAS) frameworks utilized by the leading
central banks for monetary policy. These frameworks attempt to answer three essential
guestions within a semi-structural model: What is the current state of the economy? What
are its current primary underlying forces? What do we need to do with our instruments to
achieve our objectives? In the monetary policy framework, the instrument is an endogenous
interest rate path. In the oil market version, we are searching for an endogenous oil price
path that would balance demand and supply.

Central banks often rely on oil price forecasts from nancial markets or external institutions,
as illustrated by the Czech National Bank's monthly Global Economic Outlook2024). Yet a
persistent and contentious debate between major players such as the International Energy
Agency (IEA) and OPEC over future oil demand and supply underscores the uncertainty
surrounding these forecasts, with potentially far-reaching consequences for oil pri¢ésA,
2023; OPEC, 2023a)IEA, 2023; OPEC, 2023a) (see g. 3.1). Considering that oil prices
can signi cantly impact the uncertainty landscape and risk management in almost every
economy, policymaking institutions should ideally be able to do their own in-house analysis
on this topic rather than subscribing solely to outside views. This underscores the necessity
of establishing a structured framework for analyzing oil markets, and it should not be di cult
for central bankers to add relevant expertise to their existing frameworks in this area.

A notable portion of the literature concerning oil price forecasting underscores the signi cance
of demand-side shocks on oil prices. Such forecasts often employ econometric models that
use macroeconomic variables to project the demand for oil and predict future oil prices
(Alguist, Kilian, & Vigfusson, 2013). These macroeconomic variables are highly correlated
with uctuations in aggregate demand; therefore, oil price changes are mainly captured by
variations in aggregate demand. Because aggregate demand tends to revert to a trend, these
macroeconomic variables are unlikely to be fully successful in predicting a persistent oil price
increase. Furthermore, it is evident when examining professional forecasters such as the
EIA, IEA, and OPEC, that they routinely focus on demand-centric scenarios that re ect the
world business cycle view of analyzing oil prices (Arezki et al., 2017).

Kilian (2009) highlights three main drivers a ecting US oil prices: aggregate demand for
goods, precautionary oil demand, and oil supply. The author observes that historical data
indicate demand shocks notably in uence oil prices, while supply shocks have minimal impact,
but this overlooks persistent supply shocks arising from geological constraints. Conversely,
Hamilton (2009) emphasizes the signi cant role of temporary disruptions in physical oil
supplies on historical oil price dynamics. Additionally, he attributes the surge in oil prices
from 2003 to 2008 partly to stagnation in global oil production. While he acknowledges
short-term supply e ects due to limited substitutions for oil, he contends that high prices over
time encourage technological advancements and the development of oil substitutes, ultimately
having a decisive impact on production levels.
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Figure 3.1: World petroleum demand.

Sources: EIA (2023a), IEA (2023), and OPEC (2023a). The gure demonstrates divergent forecasts
regarding oil demand from prominent institutions. The projected outlook for oil prices based on these would
vary dramatically.

Meanwhile, advocates of the geological view argue that oil reserves are nite. They suggest
that easily accessible oil is depleted rst, and that production costs increase as cumulative
oil production rises(Campbell & Laherrere, 1998; Hook, 2014). They also recognize that
when conventional oil production remains stagnant despite increasing oil prices, it indicates
the beginning of physical scarcity that will eventually outweigh the stimulative e ects of
higher prices. They contend that no suitable substitutes for oil exist at the required scale
and that oil recovery technologies will eventually encounter limits determined by the laws of
thermodynamics. This perspective traces its roots back to Hubbert{s 956) prediction that
US oil output would peak in 1970, with extensive support found in studies like Hirsch (2005)
and Sorrell, Speirs, Bentley, Brandt, and Miller (2010), which warns of a substantial risk of
conventional oil production reaching a peak before 2020, with an inevitable decline thereafter.

Figure 3.2 illustrates the plausibility of this risk as global oil production ex-US shale has
not exceeded the levels of 2018, with tight US oil production accounting entirely for the
growth story in global oil production since US shale became available for use. Although
COVID-19 induced a demand collapse that disrupted this trend, notably in places like Saudi
Arabia, the recent cuts by OPEC(OPEC, 2023b) could be part of a larger story connected to
peak oil that is reemerging among both conventional and unconventional oil elds. Although
new oil extraction projects in the non-OPEC world, such as those in Canada, Argentina,
and Brazil, are expected to start producing new oil, their contributions will be modest and
likely insu cient to o set the potential impact of a stall in US shale production growth.
While OPEC has around 4 million barrels per day of spare capacity, it would only provide
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Figure 3.2: lllustrating the shale revolution: (2) US oil production (b) Global oil production

(a) (b)

Source. EIA (2024c) and EIA (2024b). (a) depicts the growth in US oil production as a result of
unconventional sources. Panel (b) shows what global oil production would look like without US shale
production as the key source of global supply growth.

temporary relief if US shale no longer supplies the 0.6 1 million barrels per day of new oil
that global markets have relied on over the past decade.

Aside from the pure geological perspective, there are numerous sources of oil supply uncertainty,
including regulation. Perhaps the peak oil geological perspective is exaggerated, and oil
supply is much more of a political choice than a geological constraint at times. The judgment
on this will impact the potential elasticity of supply to respond to higher prices. Nevertheless,
we can already see the medium-run oil supply potential as summarized by global upstream
capital investment in gure 3.3.

The past ten years show an unambiguous decline in global investment, which should prompt
analysts to worry about whether future oil production will be su cient to meet even modest
oil demand scenarios. Rystad Energy (2023) has downplayed this development with rising
e ciency gains over recent years, suggesting that the stock of capital investment required
to service oil demand is lower. However, if oil demand were to continue to rise, then large
e ciency gains would need to be maintained over the coming years to keep oil prices from
rising, which is possible but would be a strong assumption.

Future oil prices have been notoriously di cult to predict. As Alquist et al. (2013) conclude,
forecasts based on monthly futures prices, monthly surveys of forecasts, simple econometric
models, and other commonly employed forecasting techniques cannot consistently beat a
random walk forecast out-of-sample. There should be no pretence that a single-point forecast
is fully reliable; instead, the types of macroeconomic models that can help an analyst build
and test di erent types of narratives for oil prices based on di erent underlying assumptions
and analyses need to be developed and applied. The aim of the model we present is not to
forecast oil prices but to provide a simple and intuitive structure for constructing consistent
oil price scenarios. Crucially, these models should incorporate mechanisms in which demand
and supply curves for oil interact, potentially leading to changes in oil inventories and oil
prices. Surveys of demand and supply forecasts by entities like the EIA and OPEC often
assume that changes in inventories are zero, implying that supply always matches demand
and the market clears(EIA, 2023a). This assumption can result in misleading analyses,
as observed between 2003 and 2008, when oil demand continued to rise. Yet, the EIA
maintained a mean-reverting oil price forecast (see g. 3.4), e ectively treating oil resources
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Figure 3.3: Upstream oil and gas capital expenditures

Sources: compiled by the authors based on a report from the International Energy Forum and S&P Global
Commodity Insights (2024). The CapEx is expressed in real 2020 dollars based on the US CPI indic€8/F,
2024). Notes: The gure shows that oil and gas production investments are expected to remain subdued in
real terms over the coming decade.

as unconstrained and expecting that whenever prices increase, supply will respond through
technological innovations or spare capacity.

Work has already begun to bring oil prices within a semi-structural macroeconomic modelling
environment in Benes et al. (2015). This is where we emphasize the practical part of our
contribution. The models we choose should recognize the environment in which they are
deployed. The target audience for this model is central banks and, therefore, it should be
accessible to central bank economists, policymakers, and perhaps nancial markets. Usually,
the path to deploying production models within a policymaking institution begins with more
modest models that capture a core idea or concept, where there is a low barrier of entry for
economists to operate and communicate to policymakers.

We consider Benes et al. (2015) a useful model to analyze the geological view of ail, in
which they explicitly model how oil becomes increasingly di cult to produce as cumulative
production increases (peak oil). However, from the perspective of an analyst who employs the
oil model within a central bank's analytical framework, this restrictive assumption may tilt
their outlook in a certain direction and limit their ability to represent uncertainty objectively.
Therefore, we advocate for a less constrained model that requires minimal assumptions. While
insights from more restrictive models can be useful for developing alternative scenarios, they
should not serve as a starting point.

This method contrasts with EIA oil models, which rely almost exclusively on econometric
regression methods. We believe that these fail to capture the dynamism in analyzing the oil
market in both the short- and long-run, and for constructing meaningful oil price scenarios.
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Figure 3.4: Historical oil prices forecasts by the EIA

Sources: compiled by the authors based on data from the EIA Short-Term Energy Outlooks (1983-2023).
Notes: The gure plots the historical EIA Short-Term Energy Outlooks oil price forecasts from the rst
quarter of each year. Between 1983 and 2007, there was a tendency for the forecasts to mean-revert.

In our view, good economic analyses and forecasting never include the vernacular the model
says X or the model says Y but that forecasts should be generated by a combination of
careful analysis by an expert, where models are used to provide structure and nothing more.
The EIA seems to share this approach in principle: Ultimately, EIA analysts formulate a
Brent price forecast by expert judgment, using expert judgment, using the output of the
pooled and linear regression models as guidd&|A, 2024a). We agree that the best practice
for macroeconomic analysis includes a combination of models and expert judgment. The oill
model we present in this paper positions itself as a production model that broadly re ects
current literature on oil prices, which helps the analyst provide a more realistic picture of
uncertainty by applying plausible alternative scenarios.

We develop a simple macroeconomic model that follows the calibration of Benes et al. (2015)
when relevant and combines a conventional linear demand speci cation with a linear supply
equation; however, we add a variable in the OPEC supply equation based on OPEC's spare
capacity that acts as a proxy for oil market tightness. We nd that this variable can help
explain historical price shocks related to tighter conventional oil supply conditions and can
be used to construct future scenarios assuming a tight oil market.

We provide scenarios that consider di erent levels of oil market tightness in light of the
decision by OPEC in the summer of 2023 to cut productiofOPEC, 2023b), which can
move oil prices in a much more profound way than the current market anticipates. This is
what we refer to as the beginning of another oil price rollercoaster, where the conceptual
dynamics unfold as follows: there is a period of low oil prices along with a period of rapid
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depletion rates in both US shale and conventional oil elds. This, in turn, leads to a period
of insu cient investment to develop new sources of oil to meet future demand. OPEC can
provide relief, but this would not be a long-term solution. Ultimately, oil prices would need
to reach new highs to make previously economically unviable oil viable.

3.3 The Global Oil Model (OILMOD)

The model aims to capture several crucial concepts regarding the dynamics of demand and
supply in the oil market. First, we acknowledge that, in the short run, both demand and supply
are highly inelastic, implying that minor shifts in demand and supply result in signi cant
uctuations in oil prices. This inherent characteristic makes oil prices notoriously di cult to
predict. Instead, this analytical exercise and our development of a simple macroeconomic
model are meant to better illustrate how an economist can explore uncertainty surrounding
the future longer-term outlook of oil prices through the use of plausible scenario analysis.
This approach diverges from that of the EIA, where oil price scenarios are treated purely as
an exogenous exercide-|A, 2023a). Of course, demand and supply become more elastic in
the longer run, as time allows consumers to shift away from oil and producers to fund new
projects. These di erent responses by consumers and producers to oil prices are illustrated in
the model's impulse response functions (check gure in the Appendix 3.A) and describe the
dynamics of shocks on oil demand and supply.

Oil demand burst.  Global growth unexpectedly raises oil demand. Oil prices rise as a
consequence; suppliers are then incentivized to take advantage of higher prices and sell o
existing sources of olil, i.e., to reduce spare capacity, and to temporarily increase oil supply to
meet demand. However, if higher demand persists, it becomes more di cult for suppliers to
respond, as spare capacity has been exhausted, creating more acute supply shortages, and
oil prices can skyrocket in the short run. Over time, oil demand should fall in response to
higher prices, but there are limits given the unique importance of oil in the global output

of goods and services. Therefore, we would expect oil prices to remain elevated. Suppliers
respond to a more permanent increase in oil prices by deploying new technologies to extract
non-economic oil at previous price levels. A greater supply eventually helps to moderate oil
prices (see g. 3.5). This type of scenario largely played out between 2002 and 2015, barring
the intermittent negative demand shock from the Global Financial Crisis (GFC).

Oil supply burst . It is di cult to predict the size of a supply burst when it comes, but

the general idea is that when it comes, oil production increases and oil prices decline. The
decline in prices depends on the size of the shock. Nevertheless, it makes sense conceptually
that the producer of the new oil on the market becomes the marginal producer and oil prices
would gravitate towards the break-even price of the marginal oil producer. This is the type of
scenario that played out from 2015 to 2023, barring the e ects generated by the COVID-19
pandemic. US shale producers responded to a persistent increase in oil prices by deploying
new technologies (fracking). They managed to add a tremendous amount of oil onto the
market quickly (see g. 3.2), whereby oil prices equilibrated around the break-even price of
US shale.

These two shocks, demand and supply, capture the rollercoaster nature of oil prices, which
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Figure 3.5: lllustrates demand-side shock on oil and the market response in the
a Short run b Long run

(a) (b)

Panel (a) depicts short-run demand curve (}) and it's potential shift (D 2) after the demand shock and
resulting prices. SRSC is a short-run supply curve. Panel (b) shows the changes of the long-run demand
(LRDC) and supply curves (LRSC) due to increased elasticities as well as possible technological innovations
on the supply side.

help explain some major episodes that oil prices have experienced in their history. These are
key features we wanted re ected in the model and are illustrated by the model's historical
forecasts (see g. 3.7). The current question is how oil prices will develop as we move beyond
the COVID-19 pandemic: in which directions will demand and supply conditions normalize?
Is the world awaiting a new oil price rollercoaster? We will present such a scenario and its
rationale in the following section.

3.3.1 OQil Supply

The oil supply equation is comprised of a standard supply curve's economic/technological
view, where production responds positively to current and past oil prices. In the short run,
the impact of oil prices on production arises from the ability and willingness of producers
to accelerate production from existing elds and to utilize available spare capacity. Over
the medium term, further adjustments can occur as high prices incentivize new exploration
and technological advancements. These projects tend to have lead times of between four to
six years. However, oil producers must rst interpret an increase in oil prices as relatively
permanent and therefore, oil prices must grow persistently before such projects are approved.

According to table 3.1, there is signi cant uncertainty regarding the development timelines

of oil elds. Nevertheless, the development of US shale can serve as a useful comparison,
given its execution within a favourable infrastructure and regulatory framework. Starting
from the emergence of a tight oil market in 2003, the rst shale oil entered the market a
decade later. However, it was not until 2015, after around 13 years, that production actually
surged and brought about signi cant drops in oil prices. Consequently, in our model, the
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long-run elasticity of supply is based on a 13-year moving average to account for a period
of persistently high prices, the approval process for new projects, and the length of time it
takes to place oil on the market.

Table 3.1: Estimated time required to develop new oil production capacity

The article Years Note

Wachtmeister and Ho6k (2020) 5.5 First investment - rst production

Wachtmeister and Hook (2020)  12-17 Maximum investment to maximum production

Darko (2014) 9-25  Explore 1-5, appraisal 4-10 and development 4-10 yrs
Tullow Oil plc (2024) 5-20 Explore and appraisal 2-10, and development 3-10 yrs

The supply equation is:

(= L n o+ (P + tin

d 1 1 12 p 13

Oil supply ¢f grows with the supply trend growth rateq” (calibrated using the EIA's long-run
average of production growth), rises in real oil priceg;, and the 13-year moving average of
real oil prices. The parameters ;> 0and 4 > O capture the short-run and long-run price
elasticities of the oil supply. The magnitude of price elasticities should be treated cautiously
because our knowledge about the oil supply response to price increases is limited, as most
economic model estimations focus only on demand elasticities. The variableepresenting

oil market tightness adheres to a straightforward logic: when the market is tight (with low
spare capacity), oil production growth is negatively impacted, potentially leading to acute
shortages in supply that are insu cient to meet demand. The parameter is calibrated to
generate a large and persistent increase in oil prices when spare capacity approaches one
million barrels per day, largely re ecting the experience between 2003-2008.

iy (3.1)

Oil market tightness

The signi cance of incorporating OPEC spare capacity into analyses has been acknowledged
by institutions, including the EIA (2023c). However, little has been done to formally model
OPEC spare capacity and oil prices except for some recent examples from Pierru, Smith, and
Almutairi (2020) and Almutairi, Pierru, and Smith (2021), which extended the modelling
work of Pierru et al. Pierru, Smith, and Zamrik (2018). These papers model OPEC's spare
capacity within a structural modelling environment and illustrate how OPEC's spare capacity
has been used to calm the overall volatility of oil prices. This insight can be helpful for
describing the potential impact of OPEC spare capacity on future oil price scenarios. Still,
the magnitude would need to be compared to the underlying forces in the oil market at any
given time. The novelty of this paper lies in our ability to test di erent macroeconomic and
oil market narratives using the implications of OPEC spare capacity on oil market tightness
and, thus, on oil prices.

The EIA provides data concerning global crude oil spare capaciff=IA, 2022), de ned as
the production volume that can be brought online within 30 days and sustained for at least
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90 days (EIA, 2023b). This de nition excludes oil production capacity that is o ine due to
unplanned outages or sanctions. Figure 3.6 provides data on OPEC spare capacity.

Figure 3.6: OPEC spare capacity and oil market tightness.

Source: EIA (2022). Notes: The orange line on the graph indicates the threshold below which the oil market
becomes tight according to our historical interpretation of the oil market. The OPEC spare capacity in 2024
and 2025 is based on EIA's expectations that the 2023 OPEC production cuts will not be permanent.

The challenge of maintaining a su ciently high surplus capacity primarily stems from
geological factors. Oil extraction is often compared to a cake-eating problem in literature,
drawing on Hotelling (1931), which posits that production can be adjusted in response to
price signals beginning when an oil reservoir is tapped. However, when a well is drilled,
the reservoir pressure, which propels oil to the surface, begins to decline with oil ow,
diminishing the overall cheaply recoverable crude oil. More recent literature instead compares
this phenomenon to a keg-tapping probleniAnderson, Kellogg, & Salant, 2018). Shutting
down an oil well during periods of low prices is thus economically unjusti able. Anderson
et al. (2018) observe that production from drilled wells consistently declines and does not
react to price uctuations. What responds to price signals is the decision to drill new wells, a
costly endeavour.

OPEC spare capacity is recognized for its role in stabilizing crude oil pricésImutairi et al.,
2021). During periods of high oil prices, this spare capacity can be injected into the market,
shifting the global supply curve rightward and lowering prices. However, a pertinent question
arises when spare capacity is already being used to stabilize prices and a new demand or
supply shock hits the economy.

By understanding how OPEC's spare capacity is estimated, we believe that its methodology
has a clear weakness in accommodating fundamental factors such as depletion rates connected
to peak oil production. Such factors could signi cantly in uence the interpretation of available
spare capacity. For instance, once Saudi Arabia sees that its production capacity is slowing
down, it may want to announce that the 1 million barrels of oil it removed from the market in
2023 (OPEC, 2023b) will never return, in an e ort to prolong its oil reserves and oil revenue.
Saudis have the added bene t of controlling enough of the market, so that this type of policy
can be implemented unilaterally, and can have a net-zero e ect on their revenues in the short
run. A 1 million-barrel-per-day reduction represents about 10% of Saudi production and
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1% of global production. A 1% reduction in global production is typically associated with a
10% increase in oil prices after elasticities of demand and supply are factored in. In such a
scenario, it would be inaccurate to interpret these underlying conditions as additional spare
capacity, as anticipated by EIA (2023a) in 2024 in g. 3.6. Armed with this perspective, we
can explore alternative hypotheses using OPEC's spare capacity, such as whether production
cuts by OPEC and Saudi Arabia are temporary or permanent. As time progresses, we become
better positioned to revise our beliefs on this issue, which regularly appears in risks and
assumptions in oil price analysis.

This paper introduces the use of OPEC's spare capacity as a proxy for oil market tightness,

. We use 2 min barrels of oil per day as the level of spare capacity that does not apply
supply-side pressure on oil pricegBenes et al., 2015; EIA, 2023c). We then subtract the
actual spare capacity from this 2 min threshold to obtain our oil market tightness variable
(grey columns on g. 3.6), and we are only interested in its positive values, which signal that
the market is tight or cannot respond well to positive demand conditions. Because supply
and demand curves are both highly inelastic in the short run, a small shift in demand will
have large implications for oil prices. The chosen value ofshould be seen as an approximate
benchmark rather than a precise empirical cuto, re ecting a level of spare capacity that has
been observed in history to exert upward pressure on oil prices.

The e ect is linear, but we can imagine that this process can easily be non-linear, and the
analyst should be attuned to such an outcome when producing scenarios in which spare
capacity falls further from this threshold. The model, and speci cally the oil market tightness
variable here, is constructed to help explain the rise in oil prices in the lead-up to the GFC
and potential future scenarios in which similar conditions can materialize.

Figure 3.6 thus shows the empirically constructed tightness variable, which measures how far
actual spare capacity falls below the threshold. Equation 3.2 does not rede ne this variable

but shows how the variable is treated in the model that captures the persistence of tight

market conditions once they occur:

= s5¢1t (3.2)

Oil tightness, , Is a persistent autoregressive process whereby, when the oil market becomes
tight, it is di cult to add new supply capacity quickly. Therefore, a scenario that considers
limited spare capacity from fundamental supply constraints would be slow-moving and
produce persistently elevated oil prices. Of course, the spare capacity could rise quickly over
the short or long run due to negative demand shocks, such as the GFC and more aggressive
climate change initiatives.

We have experimented with various levels of OPEC spare capacity, including making the ratio of spare
capacity to global consumption constant, thereby implying the spare capacity threshold should rise over time.
However, these alternative speci cations produced very similar dynamics and did not materially change the
model's results, so we kept the simpler xed threshold for clarity.
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3.3.2 Oil bemand

The traditional perspective suggests that global oil demand is in uenced by a mix of economic
activity Y; (the log of GDP) and real oil pricesp;. Increased economic activity leads to higher
oil demand as oil is a crucial input in production processes. In contrast, higher oil prices tend
to lower oil demand due to increased incentives for substituting away from oil. In the short
term, the price elasticity of demand , is expected to be modest, but in the long term, 3, it
may rise as substitution occurs. Therefore, our explanatory variables incorporate current oil
prices and a 10-year moving averag@enes et al., 2015) of oil prices. The demand equation
mirrors the construction of the supply equation, utilizing log di erences. Thus, we have:

}lnpt 1

+ d 3.3
9 pt 10 t ( )

4 \_ P
ln(ﬁ)_ (Ye Y1) 2|n(pt 1) 3

The ; parameter has historically been used to re ect the strong correlation between GDP
and oil demand, as evidenced by numerous prior studi€¢iselbling et al., 2011). However,
this correlation is likely to weaken in future due to ongoing climate change policies and
China's evolution into a more mature economy. Developed nations already exhibit a notably
lower income elasticity, averaging around 0.6-elbling et al., 2011), indicating a production
structure that is less reliant on oil and more focused on services. In contrast, several key
emerging markets show higher income elasticities. The calibrated price elasticities of demand
align with estimates from the Helbling et al. (2011), indicating a very low short-term elasticity
of 0.02 and a long-term elasticity (after ten years) of 0.66

The combination of low-price elasticities of supply and demand suggests that any decrease in
available supply or insu cient supply growth compared to historical trends will likely result
in substantially higher oil prices, an economic downturn, or a combination of both.

3.3.3 World GDP

We capture the feedback from oil prices to economic activity and vice versa with a series of
simple world GDP equations. These equations allow us to distinguish shocks to the output
gapy; - transitory shocks to the output, shocks to log of potential outputY - permanent
shocks to the level of output, and shocks to potential output growth{ - permanent shocks
to the growth rate of output. This detailed speci cation enables us to model the interactions
between oil price uctuations and GDP, wherein both the trend and the gap in GDP decline
with rising oil prices. However, deriving precise estimates of these distinct e ects remains
challenging due to limited variation in historical data. The GDP equation is as follows:

Yt =Y+ Vi (34)

in which permanent shocks to the level of log output can be represented as:

2Certainly, these elasticities could be made time-variant, but we are looking for a simple solution to
maintain basic macroeconomic consistency.
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Yo Yei=g+ (3.5)

In equation 3.5,q, is the growth rate of potential output. This indicates that the potential

level varies around its trend trajectory. The global potential GDP growth rate oscillates
around an exogenous long-run trend, with oil price uctuations intensifying these variations.
Oil prices can exert persistent but not permanent e ects on the GDP growth rate. We have:

= 16 1+@ G alog X ) sllogPt )+ (3.6)
Pt 1 Pt 2

In equation 3.6, g*° represents the average or steady-state growth rate of global GDP,
is the average growth rate of real oil prices, and denotes a shock to the growth rate of
potential output. The estimated steady-state annual growth rate of potential global GDP is
2.8% (EIA, 2023a). The average annual growth rate of real oil prices, at which the model
assumes zero impact of oil prices on output growth, is 5%. The ndings indicate that a
higher-than-average oil price growth rate has a modest yet signi cant negative impact on the
potential growth rate. Both exogenous shocks and oil price uctuations cause the growth
rate to persistently deviate from its long-run value, as evidenced by the estimated coe cient
on the lagged growth rate, which equals 0.9.

In addition to accounting for the impact of higher oil prices on the growth rate of potential
output, the model also considers the potential for higher oil prices to induce uctuations in
the economy's excess demand. Following standard practice for equations of this nature, we
model uctuations in the output gap as persistent. We de ne the process as follows:

Pt P 1
= log— log——= + Y 3.7
Yt 1Yt 1 2( gpt . ) 3( gpt ) ) t (3.7)

where { denotes a shock to the level of aggregate demand. Similar to the equation for
potential, the coe cient estimates indicate that higher oil prices have a modest yet notable
negative impact on excess demand, and this e ect is highly persistent. The impulse response
functions produced using our model can be found in Appendix 3.A.

This model can be improved in several ways, but these additions need individual care and
attention:

O er greater detail on the impact of the desired stock of oil inventory on oil prices. The

oil market tightness variable captures this type of dynamic when low oil inventories
become acute, but it is more binary and conceptual. Greater detail on inventories can
0 er a more accurate and continuous view of oil market tightness.

Improve the modelling of oil supply, following Benes et al. (2015), where geological
constraints are explicitly incorporated. However, such incorporation is perhaps better
suited for a satellite model that focuses on a speci c research question on oil geology,
rather than for a production oil model that requires simpli cation for institutional
adoption.
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Model the feedback loop between oil prices and economic growth in greater detail,
especially in the context of separating world GDP by importing and exporting countries,
in which oil prices have very di erent e ects on their economies.

Separate the demand side of the model by the economic status of countries, because
more advanced economies have a lower income elasticity of demand for oil than their
emerging market counterparts.

Separate the supply equation into OPEC and non-OPEC production. Based on supply
forecasts by the EIA, there is a realistic view that OPEC production is slowing down
and that non-OPEC production will increase to Il the growing demand for oil in
the forecast. Modelling these separately would o er useful granularity to describe
alternative supply scenarios more realistically.

Model oil market tightness as a Markov-switching process rather than as a purely
judgmental approach that allows for non-linearity at di erent levels of oil market
tightness.

3.3.4 Evaluating the Model Through a Historical Narrative

Describing the historical narrative of oil prices and comparing them with the out-of-sample
rolling forecasts by OILMOD o ers crucial context for understanding the structure and
application of our model, which highlights key periods of oil market dynamics that the
model seeks to capture. For example, the era from 1990 to 2003, characterized by abundant
easy oil , saw relatively stable prices and mean-reverting forecasts. This stability gave way
to the tight oil market from 2003 to 2013, when OPEC spare capacity dwindled, causing
prices to soar. Such conditions underscore the importance of accurately interpreting oil
market tightness and its macroeconomic implications, as demonstrated in OILMOD. The
out-of-sample forecasts of the model in gure 3.7 show in what ways the model performs well
and poorly relative to the EIA benchmark, and ultimately, we can evaluate its capacity to
generate plausible and useful scenarios under reasonable assumptions.

1990-2003: Loose Qil Supply and Belief in Markets

Before and throughout the 1990s, the oil market was considered an era of geological abundance,
so-called easy oil. Even though the predictions made by Hubbert (1956) in the 1950s about
peak oil in the US materialized in the 1970s, and a similar fate was anticipated for other
major conventional oil producers such as Saudi Arabia, the oil market still operated under
the assumption that regardless of short-run shifts in demand and supply, adjustments would
follow to moderate oil prices. This belief is exempli ed by the historical forecasts from the
EIA, which tended to revert to the mean during this period (refer to g. 3.4).

Indeed, this paradigm for thinking about oil prices performed very well during this period;
however, the market, as well as the EIA, were slow to react to changes in the market, which
can be attributed to a combination of rising oil demand and the oil supply situation becoming
acutely tighter beginning in 2003. This is our central critique of the EIA: their econometrically
driven analysis largely behaves as a mean-reverting machine, which, when the supply of oil is
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Figure 3.7: Historical out-of-sample forecasts of our model

Source: Authors' own computations. Notes: The gure shows historical out-of-sample forecasts for key
variables, where the solid black line is the nal reference scenario, assuming no oil supply or demand shocks.
These results illustrate OILMOD's ability to re ect major historical oil market developments. Notably, the
model reproduces the mean-reverting price patterns of the loose oil period before 2003 and e ectively captures
rising price expectations before the nancial crisis, thanks to the inclusion of the oil tightness variable.
However, it fails to anticipate the shale oil revolution and, therefore, forecasts that oil prices will rise due to
perceived market tightness from OPEC's perspective.
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plentiful, is a good model to follow. However, depletion of oil in conventional oil elds, by as
much as 6 million barrels per day each yedAl-Murshed, 2024) or Saudi Arabia's contribution

to global oil supplies every two years, suggests that the probability of experiencing a period
of plentiful oil diminishes over time unless there is a more serious reduction in reliance on oil.

2003-2013: Tight Oil Supply and the Global Financial Crisis and Recovery

The period between 2003 and 2014 was exempli ed by OPEC spare capacity reaching historic
lows, suggesting an extremely tight oil market and contributing to the rapid rise in oil prices
during this period. However, gure 3.8 clearly illustrates that a seasoned analyst could have
generated plausible scenarios ex-ante that the oil market was in a state of extreme tightness
and, therefore, could have anticipated that prices would continue their meteoric rise. This
dynamic is captured nicely by our model in the out-of-sample forecasts during this period,
which is perhaps the most important period to get right in terms of considering implications
for monetary policy. During this period, most oil market researchers, both in academia and
in policy institutions, attributed the pre-GFC rise in oil prices to a demand boom, largely
overlooking supply-side constraints. However, if demand alone had been the driving force,
we would not have seen oil prices quickly return to historical highs after the GFC. In fact,
the return of high oil prices following the GFC and their persistence were likely a key driver
for developing shale oil technology and unlocking new sources of oil. This suggests the need
to consider potential fundamental changes on both the supply and demand sides of the oil
market. Even if such information cannot be directly incorporated into the oil model, it should

at least guide the modeller in shaping narratives and constructing plausible scenarios.

Figure 3.8: OPEC spare capacity and historical oil prices.

Sources: EIA (1983-2023) and EIA (2022). Notes: The gure highlights the speci c historical period
2003-2008, in which OPEC spare capacity fell below 2min bbl/day, and prices skyrocketed, yet the EIA
maintained its mean-reverting forecasts.
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2014-2019: The Shale Revolution

The nal period under consideration in this paper is 2014-2019. Our model predictably does
a poor job of forecasting prices using OPEC's spare capacity, given that OPEC continued to
operate at historic lows amid a massive positive supply shock from new oil supplies from US
shale (see g. 3.2a). However, it should be fairly easy to imagine that an analyst would not
blindly follow the implications of the model based on OPEC's spare capacity for oil market
tightness during this time. Instead, one could see the build-up in the capacity of the US
shale industry under a regime of high oil prices before that shock materialized in terms of a
sharp decline in oil prices. Under these conditions, the US shale industry becomes a marginal
producer of oil, and therefore, oil prices would naturally fall to the cost of production for
US shale. This is a prime example of the long-run elasticity of oil supply in action, but it is
di cult to capture accurately in a model. One would need a broader analytical framework
that could help to triage which issues are most relevant for a given period.

Analyzing these historical periods helps us to develop a conceptual range of plausible supply-
side scenarios in a forecasting exercise in which, on one end, scenarios predicated on a
persistently negative oil supply shock would rise to levels experienced in the lead-up to the
GFC and, on the other end, scenarios for lower oil prices would fall to wherever the cost
of production is for a marginal producer. These two historical examples help shape the
magnitude of uncertainty and thinking about what would be necessary to generate such
scenarios from a supply perspective. However, considering such a scenario today would likely
require another round of substantial investment into unconventional oil, where there are
currently no obvious candidates, thus placing the globe on the upward path towards another
rollercoaster, where oil prices must rise rst to a level that will justify the investment to build
new capacity.

3.4 Scenario Analysis

Building on the historical insights provided by the rolling forecasts, we now shift our focus
to forward-looking scenario analysis. While the historical narrative highlights the factors
that drove past oil price dynamics, the scenario analysis demonstrates how OILMOD can
be used to construct narrative-driven conditional forecasts for oil prices that are consistent
with macroeconomic fundamentals. We produce forecasts based on variables including OPEC
spare capacity. We also illustrate how our oil model can be used to generate an oil price
scenario that would bring oil prices near the level of the EIA's High Oil Price Scenario, where
the oil price is an exogenous assumption. The exercise allows us to better understand what oil
production and global output conditions would be necessary to generate an extreme scenario,
and to estimate its timing. Then, we can ask ourselves whether it is in fact an extreme
event, and we can draw conclusions as to whether central banks would be well-advised to be
prepared for this possibility in the future, which we simulate in the following section.

We also include a series of scenarios from the E[2023a) to compare with our scenarios.
These EIA scenarios come from their October 2023 International Energy Outlook, and we
highlight their Reference scenario, a High Oil Price scenario, and a Low Oil Price scenario
(EIA, 2023a). The Low and High oil price scenarios demonstrate how the EIA treats oil
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prices as an exogenous variable, under the assumption that oil prices are permanently higher
or lower at the start of the forecast period, which indicates a lack of an analytical framework
that integrates supply and demand and also maintains some basic macroeconomic consistency
in their scenario process. However, given the historical volatility of oil prices, the magnitudes
of their high and low-price scenarios are reasonable. While these are possible scenarios for oil
prices to reach, these extreme shifts to either end would likely have a profound impact on
the oil market, an aspect we aim to capture in our scenarios.

Figure 3.9: Oil production scenarios

Source: EIA (2023a) and Authors' own computations.

The initial scenario we introduce is one in which our oil tightness variable is zero for the
forecast, o ering a model-driven reference projection that does not incorporate any shocks.
The projection outlines a trajectory with slightly lower oil prices and higher production
compared to the EIA Reference scenario (see gures 3.9 and 3.10). The scenario can be
categorized as a exible oil market in which OPEC's spare capacity can respond to modest
changes in demand, and therefore, oil prices can remain near the cost of producing a barrel
of US shale oil. However, this is still a very imprecise top-down forecast of production
and consumption, in which there is potential to apply a more detailed bottom-up approach
that looks at current projects under development and their estimated completion times.
Regardless, achieving a sustainably low oil price in the future will likely require either a large
decoupling of global real growth and oil demand or an overly optimistic outlook for global
growth under major climate change initiatives.

In the second scenario, we tune the last value of the projection horizon for oil production
to the values in the EIA's Reference scenario to test how the model would replicate such a
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