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ABSTRACT
Generated amounts of wind power fluctuate considerably over time due to weather patterns. Yet majority of
wind power is sold in the day-ahead market, where producers are required to commit to a physical delivery
12–36 h in advance. If the wind suddenly dies down, producers can cover their deficit either by purchasing
from the intraday market or, as a last resort, from the balancing power market. This paper studies the pricing
in the balancing power market during times of lower-than-expected wind power generation. Using data to
construct "wind power surplus", defined as the difference between wind power prognosis and actual wind
power production, this paper uses nonlinear regression methods to estimate the effect of wind surplus on the
price of balancing power. The main finding is that the balancing power prices are consistently higher during
times of lower-than-expected wind power production even after controlling for other factors. If we fix other
covariates at their means and compute the predicted balancing power prices at the 5th and 95th percentile of
wind power surplus, the difference is 26.8 DKK/MWH. For down-regulation, the corresponding figure is 21.9
DKK/MWH.

1. Introduction
Increasing carbon emissions have raised concerns around the globe
and many countries have started to look for alternative ways of producing energy. Among the fastest growing alternatives to the traditional
high-carbon sources is wind power. According to the World Wind
Energy Association, global wind energy capacity grew by 10.8% in
2017 and by 9.1% in 2018. By the end of 2018, the overall capacity
of all wind turbines installed worldwide could cover close to 6% of the
global electricity demand. In absolute terms, the heaviest investments
in wind power capacity were thus far made by China, United States,
Germany, India and Spain. However, as of today Denmark has by far
the highest wind power share of total energy production (over 47% of
Denmark’s total electricity consumption was covered by wind power in
2019). As many countries are looking into the possibility of increasing
their wind power share, there is a lot of interest in the outcome of
Denmark’s early adoption of wind power technology.
A specific feature of power systems is that demand is typically
inelastic, yet the balance between production and consumption should
always be maintained. Wind power and other renewables have the

drawback of intermittency which may cause system imbalances at a
very short notice. Nord Pool, the leading power market in Europe,
has a system known as the balancing power market (BPM) for dealing
with these imbalances2 Only producers who can produce power within
15 min notice can participate in the BPM, along with some major
consumers. Therefore, a balancing power producer uses typically either
hydropower, gas turbines or combined heat and power. These technologies are very flexible sources of energy, but they have the downsides
of possibly being more expensive and less environmentally friendly.
The purpose of this paper is to empirically study the efficiency of
pricing in the BPM using data from Nord Pool. The main potential
cause of inefficiency is argued to be as follows. Since wind power
producers sell their energy in the day-ahead market (12–36 h before
the delivery time) and the producers in the BPM can change their
bids until 30 min before the delivery time, the latter are likely to
have superior information regarding the relevant amounts of wind
power production. If wind power production turns out to be lower than
expected, producers in the BPM are likely to be aware of this and may
exploit the situation by asking prices above the efficient level.
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Why would producers in the BPM ask prices above the efficient
level? There are two potential reasons for a need for positive amounts
of balancing power: either wind power producers are producing less
than expected or consumers are consuming more than expected. It
can be argued that the producers in the BPM have an incentive to
distinguish between these two cases. These producers typically engage
in direct competition with wind power producers and therefore may
want to use the opportunity to ‘‘punish’’ wind power producers. At
the same time, there is no need to punish consumers for consuming
more than expected. Changes in wind prognosis are the ideal variable
for producers in the BPM for estimating which case may be more
relevant. However, it should be emphasized that the current paper is
purely empirical by nature and the theoretical reasons for the empirical
findings require additional research.3
To empirically assess the hypothesis described in the previous paragraphs, this paper analyzes ‘‘wind power surplus’’, which is defined to
be the difference between actual wind power production and the dayahead wind power prognosis provided by a meteorological institute.
Wind power surplus is computed separately for every hour in 2013–
2018 in Denmark. A negative wind power surplus (deficit) corresponds
to times when there is likely to be more need for balancing power.
These data are combined with the BPM realized prices and volumes for
the hours when there was a need for balancing power.
There are two empirical difficulties: (i) during wind power deficits
the BPM has to produce more energy which may lead to an upward
movement along the marginal cost curve, which should be reflected
in prices (ii) part of the need for balancing power is covered by
energy imports, particularly from Norwegian hydropower plants during
times when the water reservoirs are high, which also affects pricing in
the BPM. To tackle these difficulties, the estimation method explicitly
controls for merit order effects by including total production of dispatchable energy as a covariate. The problems caused by net imports
are mitigated by including only observations with strictly positive or
negative balancing power quantities, because this implies that net
imports were not enough to cover the deficit in the intraday market.
The main finding of the paper is that even after controlling for
other variables, the wind power surplus has a remarkable effect on
balancing power prices. If other covariates are fixed at their sample
means, the wind power surplus itself has a lot of predictive power.
For up-regulation, the predicted values evaluated at the 5th and 95th
percentile of wind surplus differ by 26.8 DKK per MWH. For downregulation the corresponding number is 21.9 DKK per MWH. These
estimates are economically significant and suggest that the BPM may
not be operating as efficiently as possible.
What are the implications of these predictions? Wind power producers have a natural disadvantage in the market because of the lower
predictability of produced amounts. This can lead to high losses for
incorrect predictions if the producers in the BPM can make last minute
changes to their bids. One way to mitigate this problem would be to
reduce the time between bidding in the day-ahead market and BPM for
example by organizing the first round of bidding on an hourly basis a
few hours before the bidding in the BPM takes place. As seen in many
related papers, the prediction error in produced amounts decreases as
the time between prognosis and delivery gets shorter.
This paper is organized as follows. Section 2 gives a short summary
of related literature. Section 3 gives details on the BPM of Nord Pool,
the leading power market in Europe. Section 4 describes the data,
descriptive statistics, and the estimation methodology. The main results
are presented and discussed in Section 5 while Section 6 concludes. Appendix A gives more technical details and further references regarding
the methodology.

day-ahead electricity spot prices are affected by day-ahead wind power
forecasts. These authors use Danish data and a non-parametric regression model to assess the effects of wind power forecasts on the
average price behavior as well as the distributional properties of the
price. Ketterer (2014) uses a GARCH model to investigate the relationship between intermittent wind power generation and electricity price
level as well as price volatility.
Some authors have investigated the implications of using storage
to mitigate the problems caused by wind intermittency. Scorah et al.
(2012) suggest that the problems caused by the high variability of wind
could be mitigated by greater integration of spatially separated electrical grids, with high transmission lines linking load centers, scattered
wind farms and hydro storage sites. These authors use a mathematical
programming model to investigate the impact of increasing the capacity
of the transmission link between the two disparate Canadian grids, one
characterized by fossil fuel thermal generation (Alberta) and another
characterized by hydroelectric assets and the ability to store power
behind hydro dams (British Columbia). Benitez et al. (2008) investigate
how hydropower storage could be used to offset wind power intermittency. When wind power is added to an electrical grid consisting
of thermal and hydropower plants, it increases system variability and
results in a need for additional peak load, gas-fired generators.
There are some papers studying the factors affecting balancing
power prices as well. Traber and Kemfert (2011) study the incentives
to invest in thermal power plants in Germany when the amount of
wind energy is increased. The increased wind energy increases the
demand for balancing power when wind conditions are low. Yet at
the same time, the increased wind energy tends to bring down energy
prices. Meibom et al. (2009) note that with large amounts of wind
power production, the operational costs of other power plants will
increase due to more operation time in part-load and more startups. They present a method for calculating the change in operational
costs due to wind power production using a stochastic optimization
model covering the power systems in Germany and the Nordic countries. Ambec and Crampes (2012) theoretically tackle the problem
of integrating intermittent energy sources into a power system. They
characterize theoretically the optimal energy mix and analyze decentralization through competitive market mechanisms. These authors
show that decentralizing the efficient energy mix requires electricity to
be priced contingently on the availability of the intermittent source.
Hirth (2013) discusses the market value of variable (intermittent)
renewable energy. He argues that more installed capacity leads to
considerable reductions in price during windy (or sunny) times, and
this makes competitive large-scale renewable deployment more difficult to accomplish than many anticipate. He also supplies quantitative
evidence to back up his claims. Seljom and Tomasgard (2015) integrate
the intermittent characteristics of wind power as a stochastic parameter
in a long-term TIMES model of the Danish heat and electricity sector.
The difference between their model and traditional deterministic approaches is that the stochasticity gives lower total energy system costs,
significant lower investments in wind power, less expected electricity
export and higher expected biomass consumption.
Cludius et al. (2014) study the merit order effect of wind and
photovoltaic electricity generation in Germany. They use time-series
regressions to argue that the German Renewable Energy Sources Act
(EEG) has led to a considerable reduction of the spot price through
increased renewables capacity, yet at the same time they argue that the
costs of the EEG are not shared equally by consumers but have instead
lead to significant redistributive transfers under the current design of
the EEG. Edenhofer et al. (2013) study the design of optimal renewable
energy packages with different social objectives.

2. Related literature

3.1. The Nordic power market

There are several papers studying the relationship between electricity spot price and wind power. Jónsson et al. (2010) analyze how

This section gives a short description of power exchange Nord Pool,
where most Danish electricity is traded. As of March 2020, Nord Pool

3. Background

2
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Table 1
The price a producer will pay or receive for the deviation from the day-ahead market
obligation.

runs the leading power market in Europe. The main operations take
place in Norway, Sweden, Denmark, Finland, Germany, Latvia, Lithuania, Estonia, the Netherlands, the UK and Belgium. Other European
countries also participate in the market to varying degrees. Nord Pool
is an exchange for trading of physical contracts for electricity (financial
contracts for hedging purposes are traded in Nasdaq OMX). Nord Pool
is owned by Nordic and Baltic Transmission System Operators (TSOs).
The relevant markets for the purpose of this paper are Nord Pool
Elspot, Nord Pool Elbas and Nord Pool BPM. Elspot is a day-ahead market where majority of trading takes place. The deadline for submitting
bids to the Elspot market is 12 am noon. Participants submit supply
and demand schedules, i.e. the bids specify how much power and at
what price market participants are willing to sell or purchase at each
hour of the following day. At the market clearing the spot price for each
price area will be determined based on aggregate supply and demand
curves.4
Nord Pool Elbas is an intraday market where market participants
can trade contracts before and after the Elspot market closes. Therefore,
if there is a need for adjusting contract positions as a result of changes
in wind forecast, for example, the participants can attempt to do so in
the Elbas market. However, trade in Elbas is continuous and based on
bids and asks and it may sometimes be difficult to find a counterpart for
trading, especially during times of aggregate deficits in the price area.
The intraday market closes one hour before the actual power delivery.

Produces too little
Produces too much

Up-regulation

Down-regulation

Balancing power price
Spot price

Spot price
Balancing power price

may be relevant for the empirical analysis during times when the water
reservoirs for hydropower are high in Norway, because this provides a
lot of cheap electricity to the Danish BPM.
3.2.1. Pricing in the BPM
If balancing power is needed, the bids in the BPM are activated
bid by bid until the balance between supply and demand is achieved.
The price in the BPM will be equal to the price specified in the last
activated bid for that hour. If up-regulation takes place, the price will
be equal to the highest activated bid. In the case of down-regulation,
the price will equal the lowest activated bid. Typically, the BPM price
for up-regulation is equal or higher than the spot price in the price
area, because the participants are using production capacity which has
not been used for production in the day-ahead market. Therefore, the
marginal cost for such production capacity is higher than in the dayahead market. Analogously, the BPM price for down-regulation is equal
or lower than the spot price in a price area, because the marginal
cost for actual production is lower. If there is no need for regulation,
the balancing power price is equal to the spot price. Fig. 1 shows an
example of price behavior and volume in the BPM.
The balancing power volumes and prices are announced at the end
of the operating hour. Sometimes the direction of regulation changes
during an operating hour, and the dominating direction is based on net
regulated volume during that hour. If there is no regulation during a
given hour, the balancing power volume is zero.
If a producer is not able to fulfill the obligations determined in the
day-ahead market, the producer will be required to pay the balancing
power price only if the deviation contributes towards increasing aggregate imbalance in the system. Otherwise, the producer is required to
pay the spot price for the deviation. The pricing mechanism is intended
to give incentives for participants in the day-ahead market not to cause
aggregate deviations. At the same time, the pricing gives incentives for
the producers to participate in the BPM. Table 1 describes four possible
scenarios for a producer.
The participants in the BPM will of course have to consider possible
costs for starting production when they submit their bids. As mentioned, when the balancing power bids are submitted, the participants
already know which bids were accepted in the day-ahead market. Yet,
sudden changes in circumstances, such as in demand conditions, may
affect the auction and hence the outcome from the bidding may not be
expected to be totally in line with the aggregate marginal cost curve.
There is a multitude of factors that can affect aggregate demand
in the short run. To name a few, changes in outside temperature have
a large impact on electricity consumption in regions where electricity
is used for heating and cooling. Moreover, power plant outages and
disruptions in the electricity grid will inevitably cause changes to
regional energy demands and therefore cause a need for balancing
power.

3.2. The balancing power market
The BPM is a physical electricity market that is used to ensure
frequency stability and balance between electricity supply and demand
during the operating hour. Only producers capable of adjusting their
electricity production within 15 min notice, as well as large electricity
consumers who can reduce their consumption within 15 min notice,
can participate in the BPM.
The BPM opens at 1 p.m. each day and the bids are made for
delivery of balancing power during the following day. When the BPM
opens, the participants already know which bids were accepted in
the day-ahead market. They also know the spot price which makes it
possible to assess how much and at what price they can offer electricity
at the BPM. Bids are submitted separately for market for up- and downregulation, as it is not known in advance which one will be relevant.
The bids specify how much electricity and at what price is offered for
regulation for each hour of the following day. Preliminary bids must
be submitted before 9:30 p.m. but market participants can change their
bids or submit more bids until 30 min before the operating hour.
The submitted bids are ranked in the price merit order. The bids
for up- and down-regulation are activated in the case of an imbalance
in the power system that lasts longer than 15 min. If the realized
production is less than consumption in the operating hour, there will
be a need for up-regulation in the power system. In practice, this deficit
is typically covered by producers who offer additional electricity in the
BPM. In theory, also large consumers of electricity can offer to consume
less in the BPM, but this does not typically happen in practice. In a
similar manner, if the realized production is more than consumption
in the operating hour, there will be a need for down-regulation. This
works in the same way as up-regulation but with opposite signs. An
empirical complication in the BPM is that the TSOs in various price
areas can exchange their balancing reserves between each other. This

4. Empirical analysis
4

Strictly speaking, this procedure calculates the so-called ‘‘system price’’
which does not consider limitations in the transmission capacity between
the price areas. In practice, if these limitations are binding, Nord Pool
calculates separate prices for the price areas. For more details on this, see
Nord Pool’s website at https://www.nordpoolgroup.com/trading/Day-aheadtrading/Price-calculation/ (accessed April 17, 2020). For the purposes of this
paper, it suffices to note that the empirical section uses prices that are relevant
for the Danish price areas.

4.1. Data
The data come from Nord Pool’s databases and consist of hourly
observations from the Danish price areas DK1 and DK2 for the time
period Jan 1, 2013 - Dec 31, 2018. The data include observations on
wind power prognosis, actual wind power production, production of
3
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Fig. 1. Spot price, balancing power price and volume in Jan 14-Jan 17, 2013. The bar graph at the bottom shows volume in the BPM for a given hour (units are on the left
axis). Observations above zero correspond to up-regulation and observations below zero correspond to down-regulation. The red and blue curves show the spot and balancing
power price (units are on the right axis). Typically, a positive (negative) balancing power volume corresponds to the balancing power price being above (below) the spot price.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Table 2
Danish energy production capacity by production type in 2019.
Source: Entsoe transparency platform., accessed in April 2020.
Production type

Capacity (MW)

Capacity (%)

Fossil hard coal
Wind onshore
Hydro run-of-river and poundage
Wind offshore
Other renewable
Solar
Waste
Fossil gas
Fossil oil
Biomass

3656
4426
7
1700
135
1014
384
1814
1007
1722

23.0
27.9
0.0
10.7
0.9
6.4
2.4
11.4
6.3
10.9

Total capacity

15 865

100.0

total energy production and wind energy production. As shown in
Table 2, this definition is reasonably suitable for Denmark.
Another difficulty for empirical analysis is that the Nordic power
system is dominated by Norwegian hydropower production. In summers, when water reservoirs are high, Norway can to produce electricity at a very low cost and some of this electricity goes to satisfy
balancing power needs of the adjacent price areas. Therefore, we would
expect the pricing in the BPM to be greatly affected by Norwegian water
reservoirs.
To tackle the complication mentioned in the previous paragraphs,
we account for the fact that the Danish price areas are connected to
each other and other price areas of the Nord Pool system. We restrict
the sample as follows: (i) we only include observations where both spot
and balancing power price are the same in the two Danish price areas.
This mitigates the problem of having a capacity constraint binding
between the areas and emphasizes the fact that the two price areas
are closely interconnected in practice. (ii) we only include observations
where the balancing power volume was non-zero. This mitigates the
problem caused by net power imports, as a non-zero balancing power
volume itself indicates that net imports were insufficient for covering
the power deficit. While the full sample consists of 52 390 hourly
observations, there are 37 125 observations with the same spot price
and 36 196 observations with the same spot and balancing power price
in the two price areas. However, the main reduction in the sample
size comes from requiring that balancing power volume is non-zero.
This leaves us with 8936 observations for up-regulation and 11 553
observations for down-regulation.

dispatchable power, spot price, balancing power price and balancing
power volume.
To give an idea of the use of various energy sources in Denmark,
Table 2 lists the amounts produced by different technologies in 2019.
Almost 40% of energy is produced by wind power while a large
proportion of the rest of the production can be classified as dispatchable
production. There is no nuclear power production in Denmark.
There exists a key challenge for the empirical analysis: if ‘‘wind
power surplus’’, defined as the difference between the wind prognosis
based on weather forecasts and actual wind power production, is very
low and negative, other producers must increase their supply in the
BPM. Such an increase is likely to force these producers to operate
at a higher point on their marginal cost curve, and as a result a
potential increase in the balancing power price would be perfectly
expected. The main purpose of this paper is however to investigate
possible ‘‘excess pricing’’ where balancing power producers use market
power, knowing that wind power producers are in trouble, and raise
their price above efficient levels in the BPM. Therefore, we explicitly
control for production of dispatchable power in the regressions.5 We
define dispatchable power production to be the difference between

4.2. Methodology
Very little empirical work has been done on the pricing and volume
in the BPM. A notable exception is the seminal work of Skytte (1999)
who estimates the price in the BPM for down- and up-regulation as
a function of spot price and volume in the BPM. We use the analysis
of Skytte (1999) as a starting point but make the following modifications: (i) in addition to the variables in Skytte (1999), the estimation
controls for wind power deficit and dispatchable production (ii) the
estimation uses a Generalized Additive Model (GAM) in which the
linear predictor depends linearly on unknown smooth functions of
the covariates. Restricted Maximum Likelihood is used to obtain the
estimates. Appendix A provides an overview and further references
regarding this methodology. The main advantage of this methodology
is that it will account for possible nonlinearities between the covariates
and the balancing power price.

5
One could argue that the day-ahead price, which is also included in the
regressions, partially controls for production of dispatchable power since the
latter is an important part of aggregate supply. Yet we also include explicitly
the level of dispatchable production as a covariate. We hope that future
research would study the relationship between production of dispatchable
energy and day-ahead price in more detail.

4
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Table 4
Summary statistics for up- and down-regulation. BP and Spot are measured in
DKK/MWH. Rvol, Wind surplus and Dispatchable are measured in MWH.
Up-regulation

BP
Spot
Rvol
Wind
Disp

Mean

Std. dev.

Skew.

Kurt.

Min

Max

N

341.58
260.69
113.72
−83.76
2062.03

203.8
103.92
116.78
249.25
894.59

3.88
0.31
2.04
−0.78
0.59

25.57
6.78
9.18
6.29
3

−449.65
−484.27
0.4
−1761
270

2730
1072.8
1094.6
1221
5354

8936
8936
8936
8936
8936

Down-regulation

BP
Spot
Rvol
Wind
Disp

Mean

Std. dev.

Skew.

Kurt.

Min

Max

N

182.63
236.29
−198.6
2.45
1850.93

93.11
103.07
259.93
301.01
898.92

−0.46
0.57
−2.24
0.09
0.64

7.85
4.65
8.97
4.96
3.07

−837.44
−321.45
−2258.6
−1494
166

687.63
870.75
−0.2
1709
4999

11 553
11 553
11 553
11 553
11 553

Table 5
Matrix of Pearson correlation coefficients for up- and down-regulation. Statistical
significance levels: *: 10%, **: 5%, ***: 1%.
Up-regulation
Fig. 2. Supply and demand. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)

BP
Spot
Rvol
Wind surplus
Dispatchable

Table 3
Variable names and descriptions.
Variable

Description

BP
Spot
Rvol
Wind
Disp

Balancing power price
Spot price determined in the day-ahead Elspot market
Volume in the BPM
Wind surplus
Dispatchable power production

Reg. price

Spot

Rvol

Wind surplus

0.644***
0.406***
0.018*
0.261***

0.032***
0.148***
0.366***

−0.04***
0.209***

0.027***

Reg. price

Spot

Rvol

Wind surplus

0.842***
0.009
0.077***
0.451***

0.082***
0.155***
0.504***

0.262***
0.203***

0.062

Down-regulation

BP
Spot
Rvol
Wind surplus
Dispatchable

To get a more theoretical understanding of the relationship between
spot and balancing power price, as well as wind deficits, we can
consider a situation where the wind prognosis is high, but the actual
wind power production turns out to be lower than expected. This
situation is depicted in Fig. 2. The dashed blue line is the aggregate
supply curve determined by bids in the day-ahead market. This together
with the inelastic demand (vertical line) determines the spot price.
As wind production turns out to be lower than expected, the actual
supply during the delivery hour is given by the solid blue line. This
supply is simply the original supply shifted to the left by the amount
of the wind power deficit, because wind power is lower in the meritorder ranking. If demand remains the same for the delivery hour, and
the same producers of dispatchable energy operate both in the dayahead market and the BPM, we would expect the balancing power price
to be determined by the new supply and demand curves. Hence the
balancing power price is higher than the spot price. Note also that in
Fig. 2, 𝑄0 − 𝑄1 would be the balancing power volume. Therefore, if we
control for spot price and balancing power volume, we should be able
to consistently estimate the balancing power price.

increasing6 in balancing power volume and increasing in dispatchable
production. The last two points assume that the marginal cost of
production is an increasing function of the produced amount. Ex ante,
we do not have an expectation regarding the effect of wind surplus on
balancing power price.
4.3. Descriptive statistics
Table 4 shows summary statistics for the sample separately for
up- and down-regulation. Balancing power price is on average higher
than spot price during up-regulation, as expected. The opposite is true
during down-regulation. The average need for up-regulation is 113.7
MWH for a given hour during up-regulation and 198.6 MWH during
down-regulation. Wind surplus is notably negative during up-regulation
but close to zero during down-regulation. Moreover, as expected, the
production of dispatchable energy is high during up-regulation and
lower during down-regulation.
Power prices can sometimes become negative for a short amount
of time. This is evidently the case during this sample as well. As seen
in Table 4, the minima of both spot and balancing power prices are
negative and large. Additionally, the maxima are large as well. Observations like these happen very rarely in practice. The main analysis of
the paper also tried excluding outliers from the data, but the results
remained almost intact.
Table 5 shows the pairwise Pearson correlation coefficients for upand down-regulation. Most variables are strongly correlated with each

The variable names used in the empirical section are shown in
Table 3.
The model is estimated separately for up- and down-regulation. The
estimating equation takes the following form:
𝐵𝑃 = 𝛽0 + 𝛽1 𝑚1 (𝑆𝑝𝑜𝑡) + 𝛽2 𝑚2 (𝑅𝑣𝑜𝑙) + 𝛽3 𝑚3 (𝑊 𝑖𝑛𝑑) + 𝛽4 𝑚4 (𝐷𝑖𝑠𝑝) + 𝜖
(1)
Here the 𝑚𝑖 functions are unknown smooth functions of covariates. In
general, we expect balancing power price to be increasing in spot price,

6
Technically speaking, this applies only to up-regulation, as the data lists
balancing power volume as a negative number for down-regulation.

5
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Table 6
Results from the generalized additive model. Statistical significance levels: *: 10%, **:
5%, ***: 1%.

We proceed to present the results based on Eq. (1). The main
numerical results are shown in Table 6. As is customary with Generalized Additive Models, the relationship between the covariates and the
response variable are presented graphically in Fig. 3 for up-regulation
and Fig. 4 for down-regulation.
Table 6 includes part of the estimation results separately for up- and
down-regulation. Only the constant is estimated parametrically, and
these estimates are simply the average balancing power prices during
up- and down-regulation, since the normalization of the methodology
ensures that the effects of other variables have a mean equal to zero.
The significance of smooth terms section tests whether a given covariate can be excluded from the model, i.e. what is the probability of the
coefficient of all basis functions of a given covariate being zero. The
insignificance of all covariates is clearly rejected.
Other statistics include adjusted R-squared and deviance explained.7
The model can explain about two thirds of the observed variation
in balancing power price for up-regulation. For down-regulation, the
model explains even larger share of the observed variation. The REML

(Restricted Maximum Likelihood) is the likelihood evaluated at the
optimum. Scale estimate is a key parameter in the estimation, and
it is used for hypothesis testing, however it does not have a clear
interpretation in terms of magnitude. As mentioned, Appendix A gives
a short overview of the estimation method and references for additional
reading.
The relationships between covariates and balancing power prices
are in Figs. 3 and 4, along with the 95% confidence intervals.8 For spot
price (top panel), the relationship is increasing as expected and a linear
approximation of Skytte (1999) seems reasonably accurate.
The relationship between balancing power volume and price is also
increasing and linear for up-regulation. However, a surprising pattern
arises for down-regulation. As balancing power volume in this case
is measured by negative numbers, we would expect an increasing
relationship. This seems to be the case only when balancing power
volume is above −150 MW. For lower volume levels, the balancing
power price shows the opposite pattern. Effectively, for large enough
volume, the producers who choose are running a surplus are being
compensated rather than punished from their deviation. The reason for
this pattern is not obvious.
The main object of interest is the relationship between wind surplus
and balancing power price. Remember that ex ante we would expect
no relationship between these two variables, as supply side effects
should be accounted for by the produced quantity of dispatchable
energy, and 𝑆𝑝𝑜𝑡 and 𝑅𝑣𝑜𝑙 are controlled for as well. However, despite
these covariates, the estimation finds a strongly decreasing relationship
between wind surplus and balancing power price. In words, this shows
that a lower wind surplus is strongly associated with a higher balancing
power price.
Before discussing the effect of wind surplus in more detail, let us
look at the relationship between production of dispatchable energy and
balancing power price. Standard theories suggest that production of
dispatchable energy should pin down a point on the marginal cost curve
which determines production costs. Hence, accounting for this variable
should roughly control for the level of production costs. Somewhat
surprisingly, the estimated pattern for up-regulation is decreasing in
production of dispatchable production. For down-regulation, on the
other hand, we find an increasing relationship. This inconsistency
with the prediction may be caused by the fact that controlling for
the day-ahead price already partially controls for aggregate supply
of dispatchable energy. Future research should look further into the
relationship between the day-ahead price, balancing power price and
production of dispatchable energy.
To estimate the magnitude of the effect of wind surplus during upregulation, we computed the predicted values of balancing power price
at the 5th and 95th percentiles of wind surplus, fixing other covariates
at their means. For the up-regulation sample, the predicted values are
338.3 and 311.5 DKK at the 5th and 95th percentile, respectively. This
means that the average difference in pricing was 26.8 DKK per MW. For
the down-regulation sample, the 5th and 95th percentile values were
202.6 and 180.7 DKK which implies a difference of 21.9 DKK per MW.
These estimates are economically significant. Furthermore, as observed
visually from Figs. 3 and 4, the effect does not seem to be based on
outliers. In fact, the effect is consistent and almost linear throughout
the observed values of wind surplus.
The results suggest that for some reason producers of dispatchable
energy submit higher bids to the up-regulation market during lowerthan-expected wind surplus. One potential reason for this could be
exploitation of market power, as producers of dispatchable energy are
likely to know when wind power producers have problems to fulfill
their day-ahead market commitments. A similar pattern applies to
down-regulation as well.

7
Since the estimation method assumes a normally distributed response
variable, the deviance explained is equivalent to 𝑅2 .

8
The confidence intervals are constructed using Bayesian sampling
methods.

Up-regulation
Parametric coefficients

Intercept

Estimate

Std. Error

𝑝-value

341.58***

1.299

<2e−16

Significance of smooth terms

Spot
Rvol
Wind
Disp

Estimated DF

Basis functions

F-statistic

𝑝-value

8.619
8.752
1.081
8.204

9
9
9
9

987.19***
452.47***
32.52***
35.96***

2e−16
2e−16
2.47e−09
2e−16

Deviance explained
Scale estimate

63.8%
15 079

Other statistics
R-sq.(adj)
-REML
Obs

0.637
55 708
8936

Down-regulation
Parametric coefficients

Intercept

Estimate

Std. Error

𝑝-value

182.63***

0.423

<2e−16

Significance of smooth terms

Spot
Rvol
Wind
Disp

Estimated DF

Basis functions

F-statistic

𝑝-value

21.141
8.006
7.095
7.1

29
9
9
9

985.08***
24.09***
8.13***
22.47***

<2e−16
<2e−16
<2e−16
<2e−16

Deviance explained
Scale estimate

76.2%
2068.9

Other statistics
R-sq.(adj)
-REML
Obs

0.761
60 561
11 553

other. As expected, the relationship between spot and balancing power
price is especially strong in both up- and down-regulation. Somewhat
surprisingly, the correlation between the balancing power price and
wind surplus is positive for up-regulation which is inconsistent with the
main hypothesis of the paper. However, the pairwise correlation do not
consider the effects of other variables. These effects will be accounted
for in the empirical estimation based on Eq. (1).
5. Results
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Fig. 3. Non-parametric estimation, up-regulation.
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Fig. 4. Non-parametric estimation, down-regulation.
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Fig. 5. Model fit for up-regulation.

Fig. 6. Model fit for down-regulation.

around zero, although we observe a little bit of negative skewness for
up-regulation and positive skewness for down-regulation.
The bottom-right panels show the predicted values against the
actual values of balancing power prices. Once again, we observe that
the dispersion of balancing power prices is higher for higher predicted
values. This suggests a minor weakness in the model fit but as mentioned, the main results from the model are robust to excluding extreme
values from the sample.
Figs. 7 and 8 plot model covariates against residuals. Overall, there
is no pattern that would render the model fit unacceptable. For upregulation, residuals seem to be more dispersed around the mean of
spot price and wind surplus. For down-regulation, the same is true
for wind surplus, whereas the residuals are more evenly distributed
with respect to spot price. For both up- and down regulation, residuals
display more dispersion for higher levels of balancing power volume.

5.1. Residual analysis
We proceed to check the fit of the model. Figs. 5 and 6 show key
measures of model fit. The top-left panels display Q–Q plots. In general,
the model fits well throughout most of the domain, but the left and
right ends are less accurate. This is caused by some extreme outliers. As
some of these outliers are caused by extreme events, they are not well
accounted for by the covariates of the model. However, the outliers are
not particularly common. Moreover, the model was also estimated by
excluding very low and very high balancing power prices and the main
results were robust to this modification.
The top-right panels show the linear predictor against model residuals. We observe some amount of heterogeneity in the sense that for
high predicted values the residuals are more dispersed. The bottom-left
panel show histograms of model residuals. These are well distributed
9
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Fig. 7. Residuals versus covariates for up-regulation.

Fig. 8. Residuals versus covariates for down-regulation.

Perhaps the best fit happens with respect to production of dispatchable
energy, for which the residuals are very evenly distributed. The overall
conclusion here is that there seems to be no obvious pattern between
residuals and wind surplus which is the main object of interest. If
anything, the somewhat worse fit of the model at the extremes of the
predicted value seems to be happening at higher levels of balancing
power volume. A possible reason for this may be related to energy
imports, as it is possible that part of the regulating needs is covered
by imports.

are still many problems with wind power production especially due to
its intermittent nature.
The intermittency is problematic for several reasons. For one, the
spare capacity needed for producing power when there is no wind
increases the cost of this energy source and may also make production
less environmentally friendly than what it looks like based on only wind
power turbine characteristics. But this paper has pointed out another
potential problem: the producers of dispatchable energy have some
market power in the balancing power market. The timeline of balancing
power market is such that if wind power production turns out to be less
than expected, the producers of dispatchable energy should be aware
of this by the time they submit or modify their bids to the balancing
power market. Consequently, they may have incentives to take this
information into account when placing their bids.
This paper investigated the possibility of ‘‘excess pricing’’ in the
BPM during times of lower-than-expected wind power production. The
baseline methodology was founded on the work of Skytte (1999). The

6. Conclusions
As a result of technological progress and rising concerns for environmental aspects of power production, many countries in the world
are looking into the possibility of increasing wind power production.
Literature has shown that the cost of wind power production has gone
down a lot over the last decades. Despite these promising changes, there
10
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contribution of this paper was to point out empirically that balancing
power price responds sharply to ‘‘wind power surplus’’ which was
defined to be the difference between wind power prognosis and actual
wind power production. If we fix all other covariates to their sample
means and take the predicted value of the balancing power price at
the 5th and 95th percentiles of wind surplus, the average difference
in pricing was 26.8 DKK per MWH for up-regulation and 21.9 DKK
per MWH for down-regulation. This estimate is based on an hourly
sample from Denmark in 2013–2018. The estimates are economically
significant and suggest that the balancing power market may not be
operating as efficiently as previously thought.
There were two potential pitfalls in the estimates (i) one could argue
that if there is a big deficit in wind power production, the producers of
dispatchable energy have to produce a lot of additional power which
forces them to move upward along their marginal cost curve and this
is reflected in prices (ii) a large proportion of energy is imported
from other price areas in the Nordic energy system. Particularly the
hydropower production of Norway during summer months may have a
huge downward impact on balancing power prices. The first of these
concerns was addressed empirically by explicitly controlling for the
level of dispatchable production. The second concern was addressed by
restricting the sample to observations where both Danish price areas
had the same price and the need for balancing power was non-zero.
Arguably net imports could still cover part of the need for balancing
power in this case. However, it does not sound plausible that this would
be the main cause of the large estimates.
Future research should investigate the operating principles of participants in the balancing power market. Plant-level data would provide
researchers with better possibilities to understand what is the underlying cause of the pricing patterns discovered in this paper. Additionally,
the relationship between day-ahead prices, balancing power prices and
dispatchable production could be studied in more detail, possibly using
a theoretically founded structural model.

After the 𝑚𝑖 functions are expressed using splines, the estimation
equation can be written in the form 𝑦𝑖 = 𝑋𝑖 𝛽, where 𝑋𝑖 contains a
vector of ones for the constant and the evaluated versions of the basis
functions and 𝛽 contains the constant and 𝛾𝑖𝑘 ’s.
The estimation method aims to find smooth functions without excessive variation. This is achieved by penalizing terms that cause
‘wiggliness’ (these terms are the ones with large second derivatives).
The REML method solves the following problem:
∑
𝑚𝑖𝑛𝛽 𝐷(𝛽) +
𝜆𝑘 𝛽 𝑇 𝑆 𝑘 𝛽
Here 𝐷 is the model deviance defined as
(
)
̂ 𝜙
𝐷 = 2 𝑙(𝛽 𝑚𝑎𝑥 ) − 𝑙(𝛽)
where 𝑙(𝛽 𝑚𝑎𝑥 ) is the maximized likelihood of the saturated model9 and
̂ is the maximized likelihood of the fitted model. 𝜙 is the scale
𝑙(𝛽)
parameter. The scale estimate is 𝜙̂ which is equal to the residual
standard error squared in the Gaussian case.
∑
In the minimization program above,
𝜆𝑘 𝛽 𝑇 𝑆𝛽 penalizes overfitting. 𝑆𝑘 ’s are related to the second derivatives of the basis functions.
The 𝜆𝑘 ’s are used to control the smoothness the model, i.e. they
determine how much over-fitting is penalized. In this paper, they are
determined using Bayesian methodology. For further details on this,
see Wood (2011).
Appendix B. Supplementary data
Supplementary material related to this article can be found online
at https://doi.org/10.1016/j.eneco.2021.105381.
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Appendix A

A.1. Estimation method: Technical details
Generalized additive model is a Generalized Linear Model where
the linear predictor depends linearly on unknown smooth functions
of covariates. The predictor is assumed to be distributed as Normal
which enables estimation of the unknown parameters of the model by
Restricted Maximum Likelihood estimation (REML). For a book on this
methodology, see for example Wood (2017).
Eq. (1) is estimated by expressing each 𝑚𝑖 as a linear basis expan∑
sion. More formally, 𝑚𝑖 (𝑥) = 𝐾
𝑘=1 𝛾𝑖𝑘 𝑏𝑘 (𝑥). Here the coefficients 𝛾𝑖𝑘 are
unknown and the basis functions 𝑏𝑘 (𝑥) are known functions (thin plate
splines). Total number of basis functions 𝐾 are set large enough to
avoid underfitting. In this paper, the number of basis functions was
set to nine for all other covariates apart from spot price for down
regulation, for which the number of basis functions was set to 29. The
reason for this choice is that the default number of nine basis function
left a noticeable pattern in plotting residuals against higher order spline
approximation for spot price in down-regulation estimation.
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The saturated model is a model with one parameter for each data point.

