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ARTICLE INFO ABSTRACT

This paper assesses the cost efficiency of renewable electricity (RES-E) support schemes in Europe for the
2000-2015 period based on data collected by CEER from national regulators. A cost efficiency indicator (CEI)
and Data Envelopment Analysis (DEA) were applied to measure the economic efficiencies of RES-E support
schemes in Europe for the two most deployed renewable technology: photovoltaics and wind. The proposed CEI
provides a relative and comparable measure of economic efficiency of support, measuring the cleaned (net of
whole sale price) unit support value of RES-E production over consumption. The DEA assessment includes more
input variables measuring economic performance of EU member states in RES-E support, where the levelised cost
of electricity (LCOE) served as input alongside the CEL

After a detailed literature review introduces previous studies on both types of efficiency measures for re-
newable deployment the results are presented and explained. This study reveals that although the performance
of PV support improved rapidly in the time period, wind generated electricity remained more cost efficient. The
DEA found wind support schemes in North European countries (Norway, Sweden, Ireland and Denmark) and PV
support schemes in Romania, Malta, Cyprus and Italy to be notably cost efficient. Some of these countries are the
traditional large-scale producers (like Denmark or Italy) but ‘newcomers’ also performed well due to technology
learning resulting in low entry costs. The DEA shows that financing conditions are perhaps as important as
resource endowment in determining cost efficiency of support schemes across EU countries. Based on the out-
comes we conclude with recommendations to improve the design for more market oriented RES-E support

Keywords:

Renewable energy
Support schemes
Economic analysis

Data envelopment analysis

schemes as required by new EU legislation.

1. Introduction

EU regulation [1] requires Member States (MSs) to convert the ex-
isting administratively determined Feed-in Tariff (FIT) or Feed-in Pre-
mium (FIP) schemes to competitively determined FIP or Green Certi-
ficate (GC) support schemes for new RES-E installations from 2017.
There are some exemptions to this rule, as demonstration and smaller
scale projects can still receive administrative FIT or FIP. This new
regulation brings to the end the extended era of administrative RES-E
support schemes in most EU countries. Although these schemes were
effective in the sense that they incentivized significant RES-E invest-
ment when regulatory bodies or relevant ministries determined the
support level, new EU competition regulation requires to change to
competitive-based pricing support. Consequently it is very timely to
assess the efficiency of the administrative support schemes in EU
member states to serve as a benchmark for the new auction based
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schemes.

The Council of European Energy Regulators (CEER) produced its
latest Status Review on RES-E support schemes in the spring of 2017
[2], which provides a unique database for RES-E generation. The data is
unique in the sense that it provides information on the supported RES-E
(generation and total support) excluding non-supported RES-E genera-
tion (mainly large hydro). Second, the Member State (MS) support le-
vels are credibly reported by National Regulatory Authorities (NRAs)
based on their official data. This paper focuses on wind and PV based
RES-E which exhibited the highest technological learning rates and
potential (in contrast to conventional hydro and biomass based gen-
eration), meaning their support levels were much more difficult to
determine efficiently. In addition, these two technologies constitute the
bulk of RES-E investments in the period, staying at 92% of RES-E in-
vestments [3].

The CEER database offers a unique opportunity to compare the
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temporal and spatial performance of these schemes and ultimately draw
a better understanding of the underlying limitations and potential of
such systems.

Understanding these boundary conditions will help answer im-
portant policy questions concerning the expected performance of the
new schemes. Do the various RES-E technologies (mainly PV and wind)
require differentiated support levels/schemes or should technologies
compete within the same auctions to achieve greater efficiencies? Could
technological competition result in organisational innovation between
schemes, technologies and project developers? Can we identify MS
clusters for which common support schemes (i.e. cross-border auctions,
inter-tradeable certificates) could further increase the economic per-
formance of the scheme and reduce the consumer burden of the RES-E
support?

The novelty of this paper is its measurement of cost efficiency of
RES-E support schemes among the 25 EU MSs plus Norway (Bulgaria,
Slovakia and the Netherlands are not covered due to missing data) as
decision making units (DMUs) in DEA terms based on physical, fi-
nancial time series data for the period of 2000-2015.

The paper is structured as follows. First an overview of the relevant
literature is presented, measuring the cost efficiencies of PV and wind
RES-E support schemes with renewable deployment including DEA as-
sessments. Then a three step indicator assessment is applied. First we
introduce a general cost efficiency indicator and analyse the perfor-
mance of the EU countries accordingly. Second the indicator is split
between two time periods (2005-2010 and 2011-2016) in order to
determine if early movers in RES-E support face some cost dis-
advantages. Third, DEA is used for two types of RES-E technologies
(wind, PV and also a merged category is analysed) to benchmark the
support schemes of the EU member states. Lastly conclusions are drawn
from the results and recommendations are made.

2. Literature review

The literature review is split into two parts; one dealing with the
studies on effectiveness and cost efficiency of RES-E deployment and
the other reviewing the studies dealing with DEA.

2.1. Studies assessing the effectiveness of RES-E supports schemes

There are two phases of literature analysing RES-E deployment ef-
ficiency. Up till 2010, most studies had focused on the effectiveness of
the support scheme in terms of meeting RES-E targets, while the next
period focuses more attention on the cost efficiency of the various
support schemes, i.e. how the level of required RES-E support has been
changed to achieve a unit RES-E production.

MS RES-E deployment schemes had varying levels of success in
closing the gap to 2020 targets and the efficiency analyses of the policy
schemes have become a popular theme in the scientific literature. Up
until 2010 the related studies [4-6] have focused on the effects of price
and quantity based support (Feed-in Tariff (FiT) and RES-E Obligations/
Portfolio Standard) on the available data series, but only relatively
modest RES-E deployment took place in the assessed countries. Mitchell
et al. [7] enlarged the scope of research by introducing the risk miti-
gation dimension of the various policies on investors. Following this
line of research, survey based analyses [5,6] focused on revealing the
preferences of investors toward the applied RES-E support policies and
on identifying which ones stimulate more investment in innovative
clean energy technologies. Finon and Perez [8] introduced the trans-
action cost dimension of the RES-E support policies in order to measure
the social effectiveness.

With more samples of countries with sizeable capacities and a
growing amount of physical and financial data, more detailed factors
stimulating the uptake of RES-E technologies across MSs were included
in the assessment of support efficiency (e.g. transaction cost, permission
processes). With a growing amount of statistics on RES-E deployment,
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structural comparisons and trend analyses started to dominate the re-
search area. Klessmann et al. [9] provided an overview of the various
European support schemes and analysed their effect on reaching RES-E
targets. The authors also scrutinised policy barriers and success factors
(e.g. lowering transaction/administrative costs, reducing financing cost
differences). Using production data up to 2008 Haas et al. [10] con-
cluded that Tradeable Green Certificate (TGC) systems achieved lower
RES-E production levels with much higher support content in the seven
analysed EU countries. This excluded PV due to lack of data. Based on
the various designs of RES-E electricity support schemes-FiT, Tradeable
Green Certificate systems, Tendering schemes, Tax incentives, Invest-
ment grants—Haas et al. [11] found that technology specific FiT support
measures outperformed the TGC systems both in speed and reduction of
financial burden.

Using 2005-2009 data, Dong [12] carried out a panel data analysis
covering 53 countries on the effectiveness of the FiT and TGC schemes
(also called Renewable Portfolio Standard/Obligations (RPS) in the
USA) for wind technology, finding long term FiT has relatively stronger
deployment effects than RPS.

Most of these first phase analyses focused on the impact of policy
schemes on the physical uptake of the RES-E technologies — with larger,
faster more secure RES-E installations-while largely disregarding the
financial performance of the schemes. Part of the limitation was caused
by the small RES-E shares in the overall electricity generation portfolios
towards the beginning of the period.

Ragwitz et al. [13] assessed the policy effectiveness of RES-E sup-
port schemes of EU MSs in the RE-Shaping project which identified
policy gaps that would inhibit MSs from reaching 2020 targets without
the introduction of new instruments. They also analysed the investment
environment underpinning the policy schemes and identified sig-
nificant cost saving potential for RES-E investments when risks are
mitigated for investors.

In 2014, based on the existing model approximations, Szabo et al.
[14] compared the effectiveness of government policies in achieving
targets and the gaps in RES-E contributions within the overall elec-
tricity generation portfolios in Europe. They found that the PV in-
stallations exceeded the proportional trend required to reach EU 2020
goals, while wind and bioenergy showed a more mixed picture. The
model presented a good approximation of the trends in the Eastern and
Northern European countries but underestimated those in Southern and
Central Europe.

A more recent EU project DiaCore [15] has emphasized the financial
discrepancies between MSs rather than the physical deployment of RES-
E, explaining the varying levels of RES-E deployment by technological
risk and the Weighted Average Cost of Capital (WACC). The gap be-
tween the German and Greek WACC-3.5% compared to 12%-is highly
explanatory for investment behaviour.

2.2. Application of the multi-dimensional Data Envelopment Analysis
(DEA) to measure efficiency in the power sector

With the increasing up-take of RES-E technologies the focus of
support scheme evaluation has begun to shift away from level of RES-E
penetration towards other metrics, namely financial and environmental
efficiency, but also social (employment) and environmental (GHG
emission) dimensions. The traditional comparative approaches con-
centrating on the physical up-take trends of the RES technologies faced
a growing challenge to establish a working efficiency criteria defining
parameters for measuring various dimensions. Tyteca [16] and Callens
and Tyteca [17] introduced the DEA to cope with the multi-
dimensionality of sustainable development and compare the efficiency
of different economic units. The units are classified according to the
efficiency-inefficiency boundary frontier in economic, social and en-
vironmental dimensions. The power sector has been identified as ex-
ceptionally suitable for this field of research, as the electricity output is
perfectly interchangeable and homogeneous (not like in many other
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industries), and therefore high volume of heterogeneous economic,
social and environmental performance decision making units could be
included in the analysis. DEA offers a unique assessment framework in
this respect, as the diversity and multidimensionality of the concerned
technologies and policy parameters make other comparative assessment
tools less feasible.

In one of the first DEA applications for climate policy, Arcelus and
Arocena [18] compared the performance of 14 OECD countries ac-
cording to value added and CO2 emissions (positive and negative out-
puts) using input parameters on labour and capital for a 20 year time
series. They focused the analysis on the interactions or trade-offs be-
tween the positive and negative outputs in the growth strategy of the
various countries.

San Cristébal [19] used the DEA framework to evaluate the effi-
ciency per unit production for 13 RES-E technologies using three input
parameters (Investment ratio, implementation period, operating and
maintenance costs) and four output parameters (power output, oper-
ating hours, useful life, CO2 avoided). He found large scale wind power
was the best performing across financial, technological and environ-
mental dimensions.

Lins et.al [20] used DEA to compare the efficiency for 11 power
technologies in Brazil (outside of gas based generators Solar PV; Wind;
Small Hydro Power Plant; Garbage Gas; Garbage Gas from Digesters;
Sugarcane Bagasse were included). They found that the national RE
support criteria was narrowly based on economic parameters, and
suggested a wider efficiency criteria using socio-environmental input
parameters like number of jobs generated, potential electricity pro-
vided, and GHG Emissions. These were combined with the financial
measurements, namely investment and operation and maintenance
costs. They concluded that if the government would take the environ-
mental and employment effects into consideration the residual based
power would outperform both the gas based and other RES-E technol-
ogies.

In a comparative analysis Sueyoshi and Goto [21] used the DEA
methodology to analyse the performance of 80 German and US based
PV power stations in order to determine whether the US FiT scheme
would increase the effectiveness of PVs in the wholesale energy market.
They found that FiT could increase the land use and solar resource use
efficiency, but call attention to the risks of overwhelming consumers
with FiT schemes with massive PV deployment like in Germany and
Spain.

In one of the most recent DEA studies on renewable technologies,
Kim et al. [22] evaluated the investment efficiency of wind, PV and
fuel-cell technologies from 2007 to 2011 in Korea using power output,
patent number and unit costs as outputs. They found that wind tech-
nology investment outperformed the other renewable based technolo-
gies each year.

Halkos and Tzeremes [23] measured financial ratios (debt/equity
ratio, current ratio, asset turnover ratio, return on assets) of 78 Greek
companies active in renewable energy technologies to establish effi-
ciency ratios between them. They also found that wind technology
firms outperformed hydro firms, while solar PV is not yet mature in
Greece.

3. Methodology

This paper follows a three step approach in the assessment of RES-E
support. First a general cost efficiency indicator is defined for the RES-E
support measuring intensity of wind and PV generation. As shown in
the literature review, cost efficiency of the RES-E schemes can be de-
fined in many different ways. For our purposes the following Cost
Efficiency Indicator (CEI) is applied:

_ Qtech,coumry X (COS[tech, country, 2015 — Pcountry,ZOlS)
CEIZOIS,coumry - 5
Conscountry,ZOIS

(€Y
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where

® Qtech, country: Supported quantity in a given technology in a given
country (Unit: MWh)

® COStiech, country, 2015: Supported amount in a given technology in a
given country (Unit: €/MWh)

® Peountry, 20150 Wholesale price in a given country in 2015 (Unit:
€/MWh)

® ConScountry, 2015: Electricity consumption in a given country in 2015
(Unit: MWh)

The indicator gives the unit support cost needed to achieve one
percentage share of RES-E generation compared to total electricity
consumption in any given MS, expressed in €/MWh. The cost of
achieving this one percentage increase in the share of RES-E is mea-
sured rather than absolute output (e.g. GWh produced). Expressed in
this way the indicator focuses on the economic side of RES-E genera-
tion: it shows how much additional financing above the wholesale
electricity price is required in order to reach a one percent increase in
RES-E share. To strengthen the financing side of the equation, it is
compared to consumption rather than production levels. According to
the wider practice of EU MSs, RES-E support is financed by tariffs and
premiums paid by consumers. At the same time this indicator for-
mulation addresses the size discrepancies between countries and fol-
lows the logic of the European Commission RES-E target setting which
is expressed in percentage terms.

Framed in this way, the indicator uses the support level cleaned
from the wholesale price, only including the ‘support content’ of the
given RES-E scheme and shows a proportional expenditure if costs are
spread over consumption. The reported cost element in the database is
cumulative, including all production support for the selected year and
capacities built in the preceding period that are still eligible for support
in that given year.

The constructed CEI indicator has several advantages. First, the
country size bias is managed by comparing the costs to the overall
consumption. Second, because the value is cumulated over several
years (capacities started to be built sizeably after 2005) the seasonality
of production is also controlled. Cumulative value means, that in the
year 2015, capacities built in the preceding 15 years that are eligible for
funding will receive payment in 2015 for their RES base electricity
production. This means the payment is an aggregated sum paid out to
these eligible capacities, so there is no need to discounting in the CEI
index, as payments take place in 2015. Wind generation includes both
onshore and offshore capacities, however the share of offshore is neg-
ligible for the period since data is only available till 2015. For PV in-
stallations it includes only the supported production while household
sized PV capacities supported by net metering schemes are not in-
cluded.

In a second step, improvements achieved in the cost efficiency of
support schemes in the second half of the assessed period are in-
vestigated, over 2011-2015, again using the CEI indicator. It must be
noted that the indicator has a built-in ‘time’ bias; if investments were
realized earlier a higher charge is applied since unit investment costs
were generally higher in the first years of RES-E deployment. This in-
dicates a first mover disadvantage, with the indicator showing that
countries promoting the early development of technologies (E.g.
Germany, Spain) are expected to perform worse than ‘newcomers.” To
make this time bias explicit, the available data was split into two
groups—pre-2011 data and 2011-2015 data - allowing a comparison
between the two stages within the overall assessment. As the payment
in 2015 is based on an aggregated RES capacity value, the indicator
assesses the performance of support schemes of the various EU member
states over the whole period (2000-2015) and not in 2015. The clas-
sification of country performance is based on this extended period, and
not on a yearly value (of e.g. 2015). This means, that countries having
outstanding cost efficiency in 2015, but lower performance in the



A. Mezdsi et al.

earlier period will have a weighted average indicator over all years,
where the weights are given automatically as the production levels of
the capacities built in the various years receiving differentiated pay-
ments according to their initial years of operation.

In a third step a benchmark Data Envelopment Analysis (DEA) is
carried out to identify the support schemes of MSs with the highest cost
efficiencies. DEA not only selects the MSs with efficient support levels,
but also measures the distance of a given support scheme to the efficient
‘frontier’.

DEA is a well-established methodology for measuring technical and
economic efficiencies of observed units (referred to as Decision Making
Units (DMUs)) characterised by more inputs and/or outputs in their
transformation processes. Originally applied by Charnes et al. [24], the
methodology is applied to measure production efficiency of DMUs. A
second widespread application is for benchmarking DMUs in any pro-
cesses characterised by multiple inputs and outputs, e.g. in manage-
ment science or in operation research. This has been applied to nu-
merous energy and environmental studies as Zhou et al. [25] have
reviewed.

In our study a benchmarking DEA method is applied, using an
output oriented CCR model (named after Charnes, Cooper and Rhodes
[24]), mathematically described as in a linear programming model
following Cooper et al. [26]:

N
Maxy,,v;) z UrYro

r=1

m
s. L. Z ViXio = 1
i=1

(2)

N m
Z Uryy; Z vix;<0 (j=1,..,n)
r=1 i=1

u,andv;>0 forallrandi

where y,; is the r™ output of the DMUj, xyy is the i input utilised by the
DMU;, u, is the weight of ™ output and v; is the weight of i input.
DMUs in this model formulation maximise efficiency of their input to
output ratio by searching weights of input and output, keeping the
other DMUs efficiency fixed.

By solving this LP model for n observations, technically efficient and
inefficient units can be identified. As more inputs/outputs are added,
efficient DMUs will form an efficiency frontier, consisting of units
performing more efficiently than other units, i.e. producing more out-
puts with smaller amount of inputs. With increasing output and input
dimensions, more units perform efficiently. If the best performing units
are selected, their efficient surface frontier (consisting of the linear
combination of their good performance) would allow for not only
identifying the best performing units, but also to measure the distance
of inefficient units from this ‘ideal’ frontier. Thus DEA not only ranks
DMUs, but also calculates the degree of difference between the ob-
served units. Efficient DMUs would receive a DEA score of 1, while less
efficient units using more resources to produce the outputs would be
below this unity level. The applied CCR model assumes constant return
to scale.

In our assessments EU MSs are treated as DMUs with applying di-
vergent RES-E support schemes. The applied DEA model measures the
cost efficiency of the RES-E support schemes; the inputs are RES-E
support fees paid to producers, the levelised cost of electricity (LCOE)
incorporating the country risk rates (through the WACC), and the uti-
lisation rates of RES-E producers and the output is the achieved RES-E
share of the given technology in electricity consumption by 2015.

This assessment is applied across three levels, first to the overall
variable RES-E deployment (wind and PV together), and then sepa-
rately for wind and PV technologies. The analysis provides for the
merged overall variable RES-E production to present overall support
efficiency, influenced by the realized shares of the two technologies.
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When the merged wind and PV variable is used for DEA, it measures the
efficacy of policy decisions setting technology specific targets.

Consequently in the DEA equations the input and output parameters
used are as follows. The output is the supported RES production, so y;
represents a physical unit of RES electricity production in MWh for a
technology r in a country j. In order to treat the size level of the various
countries, not the total level of RES production is used in the DEA, but
its share in the overall electricity consumption. There are two input
variables (x;;) in the reference DEA model. The first one is the level of
support given by the CEI indicator, representing the financial resources
dedicated to the RES technology support, and expressed in unit of
€/MWh. Again, to treat the size effect of various countries, not the total
size of the support level, but the value of support needed for one unit of
production is applied. The second variable is the LCOE of producing one
unit of RES electricity is applied, representing the RES resource costs in
the DEA equation. It is expressed in €/MWh, and the exact calculation is
given in Eq. (3) below. The alternative DEA model disregards the LCOE
input, and only applies the support level CEI indicator as input, so in
this case the pure effect of the provided support level is analysed.

This feeds into the current debate over the design of new support
schemes in Europe, where a key question is whether technology specific
or multiple technology auctions should be held in order to gain further
cost efficiency in RES-E support. While technology specific auctions
bring strong competition within the selected technology, they do not
ensure overall cost-efficiency amongst the technologies.

3.1. Data for the DEA

The main data source is the periodic CEER Status reviews [2] that
provides information on the quantity of supported RES-E generation as
well as the financial support provided to these technologies. The cov-
erage has increased throughout the years, with the latest edition of
2017 covering 26 countries compared to 19 countries in 2011. For this
reason, the original data needed further processing and cross-checking.

In addition, ENTSO-E transparency platform supplied data on
electricity generation and consumption and unit investment costs of
RES-E technologies for the LCOE calculations were based on a combi-
nation of DiaCore (WACC) [15], SEERMAP (investment cost)[27], cal-
culation based on ENTSO-E Transparency Platform [28] , and IEA
(Utilisation rate) [29].

The exact formulation of indicators and variables as inputs and
output to the DEA are the following:

3.1.1. Inputs

3.1.1.1. CEI This input variable is calculated according to Eq. (1) from
CEER data. It reflects how much average RES-E support is needed in a
given country to increase RES-E consumption expressed in €/MWh by
1%. The indicator uses the MS consumption level in order to treat size
effects.

3.1.1.2. LCOE. Calculates the average cost level (including both
variable cost and cost of capital) for producing one MWh of
electricity from the RES-E resource over the whole support period of
the given technology. LCOE reflects both country risks and benchmarks
utilisation rates of the RES-E technologies.

o¢; 1

X
Utilization; . ( 1 1

LCOE,",: = s
WACC, ~ WACCex (1 + WACC! )

€))

where

® LCOE,; .: Levelized cost of electricity generation in country c, in
technology i (Unit: €/MWh)

e OC;: Overnight investment cost in technology i (Unit: million €)

® WACC,: Country specific Weighted Average Cost of Capital (Unit:
%)
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e Utilisation ; .: Average utilisation rate of a technology c¢ (Unit: %)
o t: lifetime of the given technology (Unit: years)

3.1.2. Output variable

RES-E share: share of assessed RES-E technology compared to 2015
electricity consumption level in a given country (generated electricity
(MWh)/electricity consumption (MWh)).

The two inputs are selected to reflect the main drivers of RES-E
deployment in the period up to 2015, which is the financial support
provided to RES-E generators represented by the CEI. The LCOE vari-
able reflects the capabilities of countries to finance one unit of RES-E
capacity, as e.g. a one € investment would yield varying levels of RES-E
capacity in different MSs (financial leverage) and electricity generation
depending on resource endowment (e.g. level of solar irradiation and
wind speed, technological leverage/capability), which is reflected in
the benchmark utilisation rates used for calculating LCOE.

It must be noted that the applied structure of inputs and outputs
measure the economic efficiency of support schemes. The level of
support expressed over consumption represents the budgetary resources
dedicated to the support scheme, while the input of LCOE expresses the
production efficiency of one € investment in a certain technology,
meaning the amount of electricity produced from that technology. The
technology dimension is built into the LCOE input since electricity
generation is calculated according to the resource availability (solar or
wind resource availability transformed to utilisation rates).(Table 1)

In the last two columns, the median year of commissioning was
calculated on the time series data of 2000-2015 to indicate the median
year of the capacity accumulation in the two technologies. It shows RES
deployment at its median value, indicating if a country is an early
mover or latecomer in supporting the given technology.

4. Results

The first step of the assessment was calculating the CEI indicator for
those MSs with available data. The following chart shows these 2015
values for PV and wind technologies based on the CEER data and ad-
ditional consumption information (ENTSO-E Transparency Platform)

Table 1
Descriptive statistics of data.
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[28]. CEIs are placed on the figure with the respective RES-E produc-
tion/total consumption ratios. This is a cumulative value that includes
all supported capacities from the 2005-2015 period.

As the figure shows, PV was a more expensive technology than wind
in the assessed period. PV required higher support levels and the cost
indicators show high variation in support, ranging between 0.5 and 3.8
€/MWh/%. Early mover countries like Germany, Spain, Italy and Czech
Republic paid more in support schemes than countries with delayed
deployment. Surprisingly, Southern countries with higher solar irra-
diation e.g. Italy, Spain or Greece do not appear to be more cost effi-
cient than Nordic countries like Denmark, Lithuania and UK.

Up to 2015 wind generation was cheaper across all MSs a variations
in support levels were smaller, ranging between 0.3 and 1€/MWh/%,
with the exception of Cyprus at 1.7 €/MWh/%. Only Romania and
Cyprus show balanced support levels for both technologies, whereas
CEI is more advantageous for both technologies in Romania. This
clearly shows that in most EU MS support schemes balancing the cost
performance between technologies was not a priority in the early phase.
In the early phase of deployment support MSs accepted that PV and
wind technologies were in different stages of their learning curves.
Differences in their production pattern also help to reduce overall vo-
latility in the generation portfolio and reduce negative system impacts
(e.g. reducing profile and balancing costs as defined in Ueckerdt et al.
[30]). This was best demonstrated by expected cost equalisation in
Romania from the uniform Green Certificate scheme between 2005 and
2010.

The cost difference between the two technologies meant that
countries placing more effort in PV development had higher CEI values
than countries focusing more on wind technology.

The most overall cost efficient countries are Denmark, Romania and
Lithuania.

The results shown in Fig. 1 drives our main hypothesis:

If measured on the data for the period 2005-2015, we would expect,
that ‘early mover’ countries and countries with relatively higher weight
on PV deployment would perform at lower rank in measuring overall
cost efficiency, than countries delaying RES-E deployment and having
higher share of wind generation.

INPUT OUTPUT Median year of commissioning

PV fee, €/MWh Wind fee, €/ MWh LCOE, PV LCOE, wind PV share, % Wind share, % RES share, % PV Wind
AT 1.4 3.7 87.6 83.1 0.7% 6.6% 7.3% 2012 2010
BE 6.1 5.7 88.1 48.5 3.4% 6.1% 9.5% 2011 2011
cYy 12.0 9.0 90.7 93.5 6.7% 5.4% 12.1% 2013 2011
CZ 15.4 0.7 103.5 64.1 3.5% 0.9% 4.4% 2010 2009
DE 18.7 11.8 86.1 63.3 6.8% 15.2% 21.9% 2011 2008
DK 0.3 18.3 86.8 42.8 0.4% 42.8% 43.2% 2013 2005
EE 0.0 1.7 123.4 76.7 0.0% 7.4% 7.4% n.a. 2010
ES 14.1 4.8 75.6 78.6 5.0% 13.2% 18.2% 2009 2006
FI 0.0 1.4 97.4 47.7 0.0% 1.9% 1.9% 2009 2012
FR 5.3 2.2 78.2 59.4 1.4% 4.2% 5.6% 2012 2010
GR 19.2 3.1 103.4 106.6 7.7% 9.1% 16.8% 2012 2008
HR 0.8 2.8 129.3 97.8 0.3% 4.6% 4.9% 2014 2012
HU 0.0 1.2 130.1 87.1 0.0% 1.6% 1.7% 2014 2009
IE 0.0 4.3 114.4 60.6 0.0% 18.5% 18.5% 2012 2009
IT 19.8 4.5 78.2 83.2 6.9% 4.7% 11.6% 2011 2009
LT 0.8 1.5 113.4 70.4 0.7% 6.7% 7.4% 2013 2012
LU 0.0 0.6 102.0 64.6 1.6% 1.3% 2.9% 2011 2006
LV 0.0 0.8 120.0 74.6 0.0% 1.3% 1.3% n.a. 2008
MT 2.8 0.0 78.2 83.2 3.7% 0.0% 3.7% 2014 n.a.
NO 0.0 0.0 131.6 49.1 0.0% 0.3% 0.3% n.a. 2009
PL 0.0 5.0 131.4 64.1 0.0% 7.0% 7.0% 2015 2012
PT 2.5 10.6 65.2 62.4 1.0% 23.2% 24.1% 2012 2008
RO 1.4 4.4 127.4 77.4 3.0% 9.2% 12.2% 2013 2012
SE 0.0 2.1 110.9 49.1 0.0% 11.5% 11.5% 2013 2011
SI 3.9 0.0 121.3 91.7 1.9% 0.0% 2.0% 2012 2013
UK 3.3 7.8 94.7 71.5 2.1% 11.6% 13.7% 2014 2011
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DEA framework

Technologies: Inputs Output

Variable RES (Wind+PV) Inputl: Support fee RES share

Photovoltaic PV share

Wind Input2: LCOE

Wind share

Fig. 1. The applied DEA model structure.

If the hypothesis is supported by the data, it would mean that early
movers in PV technology (Germany, Italy, Spain, Czech Republic ) that
have started to give support to the PV investments in the early phase,
would not have a good performance in their overall cost effectiveness.
This is an expected result in the case of the PV technology, where high
technology learning rates resulted in steeply reducing investment costs
followed by reduced support levels. This trend is not as easily ob-
servable in case of wind generation, where two countervailing forces
shape the trend of unit support levels. First, technological development
is not as fast as for PV since wind is already a more mature technology.
Second, sites with the best locations are selected first, so subsequent
sites offer deteriorating returns if measured on the produced MWh per
MW installed capacity. In addition, wind generation is more volatile
leading to more uncertainty in its assessment.

4.1. Early movers and latecomers

In the second step the timing of the support scheme is factored into
the assessment of cost-efficiency. Early support schemes are crucial in
the development of less mature RES-E technologies, providing market
opportunities and significant cost reductions in unit investments costs.
The study carried out by IRENA [31] shows very steep cost reductions
for PV technology and more moderate learning rates for wind. In this
dynamic environment, the timing for the start of support can be a key
determining factor in the cost-efficiency of RES-E support. Early movers
help the technology overcome initial barriers to gaining market shares,
but because production support remains in the system for long period
(generally 15-20 years), it is a higher sustained financial burden with a
deteriorating overall cost-efficiency indicator. Support schemes in-
stalled after this initial period require less financial support and have
better economic performance.

This assumptions apply to PV technology, which demonstrates high
cost reductions and is less affected by site location which tend to per-
form uniformly in a single region. But with wind generation the
learning effect is not as strong as in case of PV and location matters. The
next two charts show the effects of timing on the two technologies:
(Fig. 2)

As Fig. 3 illustrates, significant cost reductions were followed by
sizeable support fee reductions for PVs. The figure only shows the
average support fee over the two time clusters, which means that for
newer installations, the cost reduction effects are even stronger. For all
countries in the sample support costs fall, and in 8 out of 11 countries
the average reduction in support was higher than 30%.

In contrast, for wind technology no clear trend is observable. In 6
out of 14 countries support levels were higher in the second than the
first period. This indicates, that the site effect (placing wind plants at
less advantageous sites) might be stronger than the investment cost
reduction over the period.

4.2. DEA assessment results of RES-E support schemes

The DEA assessment is first carried out on the total variable RES-E
generation (PV + wind), followed by the individual technologies (wind
and PV separately) for countries where data is available (26, 24 and 16
countries respectively). Since DEA does not allow input or output va-
lues of zero for a given DMU, countries with zero installation or zero
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support were excluded from the assessment, resulting in varying
numbers of observations. It must also be noted that countries applied
varying levels of eligibility up to 2015, ranging between 15 and 20
years amongst the countries with some exceptions.’

Results of the DEA assessment for the three cases are summarized
and presented in the following figures (Figs. 4-7).

The chart shows the DEA scores for the various European countries,
those closest to 1 being the most efficient support schemes. The black
bars show the results of the Reference DEA when both input variables
(CEI and LCOE) are used. This shows that 4 leading countries
(Denmark, Ireland, Norway and Sweden) have cost efficient support
schemes, with a second tier of countries scoring above 0.5 (Germany,
Estonia, Lithuania, Luxemburg, Portugal, and Romania averaging 0.68),
and the remaining countries performing quite poorly (averaging only
0.28). The result indicate that the four leading countries had efficiently
spent their support budget on renewables, they managed to reach the
highest RES output with the lowest unit support need, if also the impact
of the average support cost (LCOE) is considered.

The grey bars show the DEA results, when the LCOE variable is
excluded from the DEA model. This provides a sensitivity check on the
ranking, when the LCOE variable (including financial leverage and the
impact of utilisation rates) is switched off. This DEA gives a clear es-
timation on which country it was the most cost efficient (the least
subsidy needed) to increase RES share by one unit amongst the assessed
EU member states. Under this condition DEA scores for Germany,
Denmark, Ireland, UK, Portugal and Romania fall significantly. This
indicates that based only on the pure support cost level, these countries
do not perform that well. The first four of these countries benefited
from very advantageous financial conditions (low level of WACC, see
[13]) while for the latter two countries (Portugal, Romania) the utili-
sation rates are the main reason for deteriorating performance.

The next Figure shows the results for the DEA model when only the
wind based generation is included in the assessment.

The wind generation DEA model provides similar results to the first
DEA model including both wind and solar. The same countries qualify
as the most cost-efficient support schemes: Denmark, Ireland, Norway
and Sweden. DEA scores of most countries improve compared to the
previous case (average of 0.51). Greece, Lithuania and Spain have
significantly higher scores in wind generation than in the overall DEA
model, while Luxemburg deteriorates.

This means that PV adversely affects the score for these countries
(see previous, merged DEA), supporting the hypothesis, that PV reduces
the cost efficiency of overall RES-E support in the 2005-2015 period.
The more PV capacities the assessed countries installed in their system,
the more costly their support schemes were. Also the same countries
(Germany, Denmark, Ireland and Portugal) have the highest reductions
in the alternative case when the LCOE input is not included, indicating
that financing costs and resource availability are key factors that im-
prove the performance of the support schemes in many countries.

The next chart shows the DEA results for the Photovoltaic tech-
nology.

The DEA results here illustrate a completely different picture of the
cost-efficiency of PV support schemes in Europe compared to wind
generation. Cyprus, Italy, Malta and Romania show efficient support
schemes, but Germany, Spain and Greece perform quite close to the
leading group (above a score of 0.83). Hence countries with high uti-
lisation rates (Southern European countries), as well as countries with
more advantageous financing cost (Germany) perform well in the re-
ference DEA model for PV.

Interestingly Denmark and Belgium also perform quite well in the
PV assessment, with efficiency scores above 0.6. However without the

1 E.g. for Hungary: the general eligibility period was 13 years, with annual
check on the produced quantity; Lithuania: 12 years of eligibility period;
(source: RES-Legal).
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Fig. 3. Average support content of the PV technology for the two periods, 2005-2010 and 2011-2015.

LCOE impacts, DEA performance for Belgium, Cyprus, Germany,
Greece, Italy and Malta decline dramatically, underlying the fact that
both the financial environment and the utilisation rates of PV capacities
are even more relevant factors than in the case of wind generation. It is
likely that the financial conditions offered for the wind technology (as
was perceived to be a more mature technology) helped it to outperform
the cost effectiveness of PV support in that period. In the case, when
LCOE is disregarded, and only the CEI is used as input to the DEA as-
sessment, it can be observed, that only Romania, Denmark and
Lithuania maintains its performance. This indicates, that financing costs
have a highly influential impact on the country's performance. This is
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not a surprise, as financing cost makes the bulk of the investment cost in
many countries in case of the PV technology. In this sensitivity case
Romania remains an outlier with a cost-efficient support scheme and
only Denmark and Malta maintain a DEA score above 0.5. For the rest
of the countries the gap from Romania widens, and scores are below
0.3.

The three DEA model results suggest that for the 2000-2015 period
wind generation determines the overall cost-efficiency of support
schemes, as the wind DEA results stay close to the overall DEA score. In
the assessed period PV generation had less influence on the overall
support efficiency, due to the fact, that PV based electricity generation



A. Mezdsi et al.

SE-2015

14
€z-2015
1.2
IT-2015
DE-2015
< 1 BE-2010
2 A
2 BE-2015
w FI-2015 AT-2015
g os IT-3010
8
£ UK-2015
£ A k2010
o)
£ 0.6 Ro2010  FR2015
=] A
€ A oo RO-2015
= €z-2010 Lo
S 04 A rr2010 Lf-2015
A AT-2010
SE-2010 A
0.2 PT-2015
EE-2015
Fl-2010
A LT-2010
0 A

0.0% 2.0% 4.0% 6.0% 8.0%

10.0%

Renewable and Sustainable Energy Reviews 98 (2018) 217-226

PT-2010

12.0% 14.0% 16.0% 18.0% 20.0%

Wind production/consumption, %

Fig. 4.

Average support fee of the wind technology for the two assessed period of pre-2010 and 2011-2015.
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Fig. 5. DEA ranking of variable RES-E (wind and PV together) support schemes.

contributed to the RES pool with smaller quantities in the period of
2000-2015. Both PV and wind generation benchmark results highlight
the importance of financial conditions and resource endowment (in-
cluded in the LCOE figures) are important drivers of cost-efficiency of
RES-E support schemes.

The economic efficiency in the DEA measures the mixed effects of
the efficiency gains derived from funding differences (e.g. variation in
WACCs) and gains due to technology evolution. Due to data and
methodological limitations, these mixed effects are not decomposed in
the analysis. Consequently, the economic efficiency gains cannot be
separated out between these factors in the given assessment.

We were not able to carry out a DEA assessment on the split datasets
between 2005-2010 and 2011-2015 due to data limitations. With ad-
ditional time inputs from the next CEER report we will have the op-
portunity to measure the impact of early movers and latecomer coun-
tries in the DEA assessment framework.

5. Conclusions

Results from the three-step assessment show highly heterogeneous
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levels of cost efficiency for the various administratively set support
schemes (mainly FIT and FIP schemes) as well as the tradable green
certificate schemes in the 2005-2015 period. This is mostly due to the
timing of investments (determining support level for the capacities in-
stalled in the given year) as well as the shares of wind and PV tech-
nology.

As the DEA results show, the financing conditions are also key to the
economic performance of support schemes. The countries with more
favourable prevailing financial conditions for RE investment performed
better on average in the cost efficiency indicators. Utilisation rates play
a role in this performance but to a much lesser degree. Support schemes
of many countries in Southern Europe with more advantageous solar
resources do not have the expected higher performance in their PV
support schemes (Croatia, Portugal and Spain).

The high heterogeneity in the DEA results are reflective of sub-
stantial efficiency losses in the administrative support schemes, with
sizeable financial resources dedicated to RES-E support in less cost ef-
ficient support schemes. At the same time this pre-2015 period could
also be seen as an experimental or incubator phase, where early mover
countries were financing the ‘learning rates’ of the immature
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technologies, such a PV. On the other hand, this inefficiency would not
be solved with isolated country auction schemes in the post 2017
period, but rather wit opening RES-E support schemes between EU
countries. This gives a strong case for the regional auctions schemes.

The assessment based on the two time-periods shows significant
improvements in the PV support schemes in the post 2010 period, when
many countries managed to achieve over 30% in average cost reduc-
tions in the five year period of 2011-2015. No similar trend could be
observed for the wind technology, as being a more mature technology
the learning rates have smaller effects and the siting effect (best sites
are already occupied) is much stronger. This indicates that well de-
signed support schemes for PV and wind can achieve sizeable financial
efficiencies according to which technology installation can be scaled up
rapidly. Policies mitigating investment risks could help minimize cost
differences between Member States and improve cost efficiency gains in
the support schemes.

The assessment also highlights that support for wind dominates cost
efficiency results since PV still has much smaller share in RES-E pro-
duction compared to wind. In this sense Nordic countries with delayed
investments in PV capacity show the highest overall cost efficiency

performance, e.g. Norway, Sweden, Ireland and Denmark.

The analysis identified substantial differences in the support costs of
PV and wind technologies amongst the EU member states. At the same
time the analysis also showed that the gap in the monetary support
levels that were needed to scale up substantially between the PV and
wind technologies has been closed down due to the technological
learning. The need for differentiation between the two technologies in
the future support schemes are diminishing. The focus should be more
on addressing the regional disparities within the same technology de-
ployment. The significant difference in these costs indicate that high
inefficiencies exist in the European renewable support schemes. One
determining factor in this process is the access to low cost financing of
renewable technologies. One obvious advantage of the new EU re-
newable regulation for opening up the auctions to outside the organiser
Member State would be that investors with access to resources at lower
financing costs (lower WACC) could bring their cheap finance to new
markets. As the recent PV electricity costs estimates places the cost of
finance as the most important cost determination factor, this new
provision could reduce the PV and wind based electricity costs in the
new Member States and the other countries with high interest rates
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(like Greece, Bulgaria, Romania, Hungary) quite significantly.

The DEA analysis shows, that the winners would be the Poland,
Czech Republic, Slovakia, Hungary, Bulgaria, Romania, Latvia,
Lithuania, Estonia and Greece, as their RES promotion systems show
the highest economic burden in supporting PV or wind based electricity
generation. This solution presents a win-win situation, no losers can be
identified as investors with cheap finance would find new profitable
markets.

5.1. EU directives

The DEA analysis identified the most effective locations amongst the
EU countries. The low hanging fruit countries (i.e. the ones where the
biggest gains can be realized at the lowest cost increase) are the ones
with low DEA index. In the wind technology the DEA analysis identified
Croatia, Latvia, Hungary Finland, the Czech Republic Italy and Cyprus
as the most efficient locations for scaling up wind deployment, while for
the PV technologies these are France, Portugal, Austria and Croatia.

In addition to the DEA assessment, the CEI indicator provides a good
benchmark for the countries, where is the required level of RES support
in other regions, and could compare the economic performance of their
support schemes. It is also more reliable, than a simple comparison of
the support levels (either FIP or FIT levels), as the index provides a
cleaned cost benchmarks based on actual spending on RES support.

The most recent decision on the 2030 targets (i.e. 32% renewable
energy and 32.5% in energy efficiency target by 2030 - will be adopted
in the revised Renewable Energy Directive decided by the EP, the
Council and the EC) marks a new approach in the renewable energy
regulation. Instead of the country specific target setting the overall EU
target is shared by a common implementation. Without the account-
ability of the Member States' target new innovative solutions will pre-
vail in the RES deployment. In this sense the presented DEA analysis
provide new insights how various countries could scale up their RES
portfolio by reproducing the best examples from other countries or by
integrating different segments (i.e. physical and financial) of the energy
markets.

6. Disclaimer

The views expressed are purely those of the authors and may not in
any circumstances be regarded as stating an official position of the
European Commission or the Regional Energy Centre (REKK).
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