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Abstract

We introduce a profitable trading strategy that can support decision-making in continuous intra-
day markets for electricity. It utilizes a novel forecasting framework, which generates prediction
bands from a pool of path forecasts or approximates them using probabilistic price forecasts. The
prediction bands then define a time-dependent price level that, when exceeded, indicates a good
trading opportunity. Results for the German intraday market show that, in terms of the energy
score, our path forecasts beat a well performing similar-day benchmark by over 25%. Moreover,
they provide empirical evidence that the increased computational burden induced by generating
realistic price paths is offset by higher trading profits. Still, the proposed approximate method
offers a reasonable trade-off – it does not require generating path forecasts and yields only slightly
lower profits.

Keywords: Intraday electricity market, Probabilistic forecast, Path forecast, Prediction bands,
Energy score, Trading recommendations

1. Introduction

The landscape of European power trading is changing. With a constantly growing share of
generation from wind, solar and other renewable energy sources (RES), ongoing market integra-
tion and active demand-side management, there is a clear tendency towards focusing on shorter
time horizons. The workhorse of electricity trading in Europe – the day-ahead (DA) market with
its uniform price auction conducted a day before delivery [1] – is gradually giving way to intra-
day (ID) trading. The intraday volumes for Germany have doubled between 2014 and 2018, and
currently amount to nearly 20% of all electricity traded in the wholesale market [2]. The Cross-
Border Intraday Project (XBID), inaugurated in June 2018, has further paved the way for a joint
and efficient allocation of intraday capacities and easy access to a single European market [3, 4].
As a result, the ID trading volumes at the EPEX SPOT power exchange for Austria, France and the
Netherlands increased in 2019 by ca. 20%, 30% and 55%, respectively [5]. With the bulk of intra-
day capacities being allocated via continuous trading, e.g., over 85% in Germany, this calls for the
development of algorithms and computational tools that can provide support for decision-making
in this rapidly developing and very specific market.
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Although the continuous intraday markets for electricity share similarities to continuously op-
erated financial and commodity markets, the trading algorithms developed for the latter cannot be
applied directly due to the very specific characteristics of intraday electricity markets. For instance,
the German market allows participants to continuously trade in parallel 24 so-called products, cor-
responding to the delivery of electricity during each hour of the day; EPEX SPOT also offers 48
half- and 96 quarter-hourly products, but they are less liquid and hence are not studied here [5, 6].
Intraday trading for the next day starts at 15:00, i.e., three hours after the day-ahead auction closes,
picks up volume as time passes and continues up to 5 minutes before the delivery. Due to these
peculiar arrangements, also the electricity price forecasting (EPF) tools [7–12] are not very useful
for participants of continuous intraday markets.

To address this gap, we consider a range of forecasting techniques and introduce a profitable
trading strategy that can be readily applied in continuous intraday markets for electricity. Our
contribution is twofold. Firstly, we propose a 3-step procedure (abbreviated ‘3S’) for computing
path – also called trajectory or ensemble – price forecasts of hourly products, which comprises:

1. computing point forecasts of the intraday price for different time horizons using a parameter-
rich regression model estimated via the least absolute shrinkage and selection operator
(LASSO), as in [13, 14],

2. applying quantile regression to obtain 99 percentiles approximating the predictive distribu-
tions at different time horizons, similarly to [15, 16],

3. using a Gaussian copula for capturing temporal dependencies in the generated trajectories,
like in [17–19].

We assess the predictive accuracy of the obtained path forecasts in terms of the energy score, a
strictly proper scoring rule for multivariate distributions [20], and show that our 3-step approach
outperforms the similar-day (SD) method proposed in [4] by over 25%.

Secondly, we introduce a novel application of the so-called (simultaneous) prediction bands
that encapsulate a path forecast’s joint predictive distribution [21]. We either construct the bands
directly from the path forecasts generated in step 3 or by adjusting quantile lines, i.e., lines that link
the same quantiles of the predictive distributions computed in step 2, so that they yield the required
simultaneous coverage probability; hence the name – adjusted quantile lines (AQL) approach. In
either case, they allow us to estimate a time-dependent price level that, when exceeded, indicates
a good trading opportunity. In this way, we provide a readily available methodology to support
decision-making when trading in the continuous ID market for electricity. Our results show that
the increased computational burden induced by generating realistic price paths is offset by higher
trading profits compared to the SD and AQL approaches.

The remainder of this paper is structured as follows. In Section 2 we describe the German
intraday market for electricity and present the data. In Section 3 we discuss the forecasting frame-
work, including the LASSO-estimated regression model, the quantile regression-based approach
to constructing probabilistic forecasts from point predictions and the methods used to compute
path forecasts and prediction bands. In Section 4 we present the trading strategies and discuss
ex-ante selection of the simultaneous coverage probability. Then, in Section 5, we evaluate the
predictive performance in terms of the energy score and trading profits. Finally, in Section 6 we
wrap up our findings and conclude.
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12:00

Day-ahead
market for

day D closes

15:00

Start of ID trading
for 24 hourly products
with delivery on day D

Day D − 1 Day D (delivery)

23:55

End of ID trading
for the first hourly
product for day D

Figure 1: Timeline of events in the German ID market for hourly products. Intraday trading for all hours of day D
starts at 15:00 on day D − 1 and continues until 5 minutes before the delivery of the product. For instance, trading of
the first hourly product, i.e., with delivery starting at 0:00, ends at 23:55 on day D − 1.

2. Preliminaries

2.1. Market description
The German intraday market for electricity is one of the most developed, with trading vol-

umes increasing on a year-to-year basis. Currently, nearly one fifth of all electricity traded in the
wholesale market is allocated via ID transactions [2]. Continuously traded hourly products have
by far the largest share – 40 TWh (or ca. 75%) in 2019, compared to 0.07 TWh for half-hourly
and 6.7 TWh for quarter-hourly products, and 6.9 TWh for the ID auction for quarter-hours [5].
ID trading of hourly products for the next day starts at 15:00, i.e., three hours after the day-ahead
auction closes, and continues up to 5 minutes before the delivery of each product, see Figure 1.

While for the DA market the definition of the electricity price is straightforward, the situation
for the ID market is not that clear cut. Due to the extreme volatility of prices, taking the last
quote as the product’s price can be highly deceptive [22]. The most popular point of reference is
the so-called ID3 index, which is the volume-weighed average price of all transactions that took
place between three hours and half an hour before the delivery [13]. Although convenient to use,
the ID3 index summarizes the whole market trading activity during last three hours with just a
single number. Since over 70% of all transactions take place at this time and their intensity grows
exponentially [22], a large share of information may be lost when just looking at the ID3 price.

Hence, in this study we describe the trading activity during the last three hours before the
delivery using twelve 15-minute volume-weighed average (VWA) prices of all transactions that
took place in these time intervals:

Xd,h,t j =

∑
i xi

d,h,t j
vi

d,h,t j∑
i vi

d,h,t j

, (1)

where xi
d,h,t j

is the price of the i-th transaction for the product with delivery on day d and hour h,
which took place in the j-th 15-minute sub-period t j, vi

d,h,t j
is the volume of the transaction and

j = 1, . . . , 12. Using this notation the ID3 index for day d and hour h can be expressed as:

ID3d,h =

∑12
j=1

∑
i xi

d,h,t j
vi

d,h,t j∑12
j=1

∑
i vi

d,h,t j

. (2)

3



Figure 2: Illustration of the volume weighed average prices (VWA; red circles) constructed from individual transaction
prices (volumes are not reported; blue dots) for the hourly product with delivery starting at 10:00 on 9 June 2019. Note,
that during the last 5 minutes before the delivery trading activities are not permitted (gray area), hence the last VWA
price is calculated based on the 10-minute interval.

The twelve 15-minute VWA prices defined in Eqn. (1) form a ‘curve’ that can be considered as a
trajectory of the ID price for a particular product, as illustrated in Figure 2. In what follows we
will try to forecast these curves and make trading recommendations based on these predictions.
Using transaction data directly is not advisable, because of the extreme price volatility exhibited
by individual transactions. Moreover, when trading significant volumes, one is more likely to
divide the whole amount into orders with different prices.

2.2. Data
The transaction data at our disposal includes all trades (prices and volumes) that took place

during the trading period for each of the 24 hourly ID products, for each day from 15.06.2017
to 29.09.2019. Apart from ID data, we consider two price-related and four fundamental time se-
ries of hourly resolution, each spanning from 15.06.2017 to 29.09.2019. The former two include
day-ahead electricity prices and the ID3 index, see Figure 3. The fundamental series include the
system-wide load (or consumption), country-wide wind generation and day-ahead forecasts of
these two series. In Figure 4 only the forecasts are plotted; the actual values would be indistin-
guishable at this resolution.

The first dashed line in both Figures marks the end of the initial 364-day calibration window
for point forecasts used in step 1 of our 3-step approach (abbreviated ‘3S’; see Section 3.2.1).
This window is followed by three 91-day periods: the initial calibration window for probabilistic
forecasts (step 2; see Section 3.2.2), the initial calibration window for path forecasts (step 3; see
Section 3.2.3) and the initial calibration window for the ex-ante selection of the simultaneous
coverage probability (see Section 4.2.2). The last dashed line also marks the beginning of the
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Figure 3: German day-ahead (top) and intraday (bottom) hourly prices spanning from 15.06.2017 to 29.09.2019.
The dashed lines mark the ends of the initial calibration windows in step 1, 2 and 3 of the 3S procedure (see Sec-
tion 3.2), and the initial calibration window for the ex-ante selection of the simultaneous coverage probability (see
Section 4.2.2). The last dashed line also marks the beginning of the 200-day out-of-sample test period (13.03.2019-
29.09.2019).

200-day out-of-sample test period, spanning from 13.03.2019 to 29.09.2019. In this study we use
the so-called rolling window framework – every day the models are reestimated, forecasts for 24
hours of the next day are computed and all calibration windows are moved one day forward. The
procedure is repeated until the forecasts for last day in the out-of-sample period are obtained.

3. Forecasting framework

For each hourly product with delivery in the 200-day out-of-sample test period (13.03.2019–
29.09.2019), the whole forecasting procedure takes place 4 hours before the delivery to leave
enough time for decision-making, see the timeline in Figure 5. The procedure yields path (and
probabilistic) forecasts of the VWA prices for the 12 sub-periods t1, . . . , t12, which are used for
computing the simultaneous prediction bands (see Section 3.3) and eventually fed into the trading
strategy described in Section 4.2. Two ways of obtaining path forecasts are considered: a similar-
day (SD) approach suggested in [4] (see Section 3.1) and a 3-step (3S) approach which comprises:
generating point forecasts (step 1; see Section 3.2.1), using them to compute quantile forecasts
for 99 percentiles (step 2; see Section 3.2.2) and constructing path forecasts from the latter via a
Gaussian copula (step 3; Section 3.2.3). The simultaneous prediction bands, that encapsulate the
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Figure 4: Day-ahead forecasts of the system-wide load (or consumption; top) and wind generation (bottom) at hourly
resolution, spanning from 15.06.2017 to 29.09.2019. For explanation of the dashed lines see Figure 3.

h − 4 h − 3 h − 2 h − 1 h h + 1

t0 t1 t2 t12

Forecasting horizon Delivery of electricity

Figure 5: Timeline of the forecasting framework. Predictions for all twelve 15-minute sub-periods t1, . . . , t12 spanning
the last three hours of trading are computed 4 hours before the delivery starts (denoted by •). At this time the last
known VWA price is Xd,h,t0 or the volume weighted average (VWA) of transactions in sub-period t0, i.e., between 4:15
and 4 hours before the delivery.

joint predictive distribution for the 12 sub-periods t1, . . . , t12, are either directly computed from
the SD/3S-generated path forecasts or approximated based on the probabilistic predictions from
step 2 (a method we dub adjusted quantile lines, AQL; see Section 3.3.2). For clarity, the whole
forecasting framework is illustrated in Figure 6.

3.1. Similar-day path forecasts
A relatively well-performing, similar-day technique of generating trajectories was suggested

by Narajewski and Ziel [4]. We slightly modify it and use it as a benchmark. The technique
assumes that the price dynamics, i.e., the changes in the VWA prices over the consecutive trading
periods, follow exactly the same dynamics as a randomly chosen historical price path. Formally,
the method can be written as ∆Xd,h,t j = ∆Xd∗,h,t j , where ∆Xd,h,t j denotes the difference between the
VWA prices in the t j-th and the preceding 15-minute sub-periods, and d∗ is a randomly selected
past day. It is important to note two things: d∗ is selected once for all 15-minute sub-periods t j,
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Market data

LASSO regression 

(Sec. 3.2.1)

Quantile regression 

(Sec. 3.2.2)

Gaussian copula 

(Sec. 3.2.3)

Similar day 

(Sec. 3.1)

Direct 

(Sec. 3.3.1)

AQL 

(Sec. 3.3.2)

Point forecasts

Probabilistic 

forecasts

Path

forecasts

Prediction 

bands

Figure 6: Flowchart of the forecasting framework described in Section 3.

i.e., the whole path is considered, and h is fixed, i.e., the sample path reflects the price evolution
of the same hourly product.

To obtain the VWA price path from the increments, a starting point has to be set. Unlike in
[4], we do not make the unrealistic assumption that the price 3 hours before the delivery is known
(when making the forecast 4 hours before the delivery). Instead, we rely on predicted values.
Hence, our similar-day path forecasts are obtained by independently sampling price increment
series and choosing the starting point as a randomly selected quantile from the predictive distribu-
tion of the VWA price in the first sub-period t1. Such an approach additionally allows us to obtain
many non-duplicate trajectories, which is important for generating prediction bands (see Section
3.3).
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3.2. 3-step approach to computing path forecasts
3.2.1. Generating point forecasts

The baseline regression model for the VWA price in the j-th 15-minute period t j before the
delivery on day d and hour h is given by:

Xd,h,t j = β0 +

24∑
i=4

βi−3ID3d,h−i +

24∑
i=0

β22+iDAd,h−i︸                                      ︷︷                                      ︸
past ID3 and past/forward-looking DA prices

+

24∑
i=0

β47+iŴd,h−i + β72Wd,h−4 + β73Wd,h−24︸                                             ︷︷                                             ︸
wind generation forecasts and past values

+

24∑
i=0

β74+iL̂d,h−i + β99Ld,h−4 + β100Ld,h−24︸                                            ︷︷                                            ︸
load forecasts and past values

+ β101Xd,h,t0︸     ︷︷     ︸
last VWA price

+ εd,h,t j , (3)

where ID3d,h is the value of the ID3 price index for day d and hour h, DAd,h is the day-ahead price
for day d and hour h, Ŵd,h and Wd,h are the day-ahead predicted and actual wind generation for day
d and hour h, respectively, L̂d,h and Ld,h are the day-ahead predicted and actual system-wide load
for day d and hour h, respectively, and Xd,h,t0 is the last known VWA price, i.e., the VWA price of
all transactions between 4 hours and 15 minutes and 4 hours before the delivery. As Narajewski
and Ziel [22] and Marcjasz et al. [14] argue, including the latter regressor significantly improves
the forecasts. Note, that when writing ID3d,h−i, we refer to the price i hours before day d and hour
h, not to the price on day d and hour h − i, since the latter index may be negative. Note also, that
for each day d and hour h we estimate the βi’s in Eqn. (3) independently for each t j, i.e., we do not
generate 12-step ahead forecasts but 12 times compute one-step ahead predictions, each time for
a different horizon t j, see Figure 5.

As in Marcjasz et al. [23], all variables in Eqn. (3) are preprocessed before calibrating the
model. Specifically, each input variable is normalized by subtracting the in-sample median and
dividing by the in-sample median absolute deviation adjusted by the 75-th percentile of the stan-
dard normal distribution; normalization is performed independently for each of the input variables,
as well as for the dependent variable. Next, the area hyperbolic sine is applied as the so-called
variance stabilizing transformation [24]. However, unlike in the cited studies, the mathematically
correct variant of the inverse transformation is used [22].

As in many recent electricity price forecasting studies [4, 13, 14, 25, 26], the regression model
is estimated using the least absolute shrinkage and selection operator (LASSO) of Tibshirani
[27]. LASSO implicitly performs feature selection by penalizing large coefficients and effectively
setting some of the βi’s in Eqn. (3) to zero. In our study, the regularization parameter is chosen via
cross validation using 3 folds and 50 automatically chosen values of the parameter, as implemented
in the scikit-learn library for Python [28]. It is also worth mentioning, that although for each of
the 12 sub-periods t j we start from the same set of independent variables, LASSO may eliminate
some of them and ultimately the models for different t j’s may use different regressors.

3.2.2. Computing quantile forecasts
Once the point forecasts are generated, we approximate the predictive distributions F̂d,h,t j at

the 12 sub-periods t1, . . . , t12 using quantile regression. The latter provides an effective and a com-
monly used in energy forecasting way of converting point forecasts to probabilistic ones [11, 29].
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In what follows, we consider 99 percentiles, i.e., quantiles q(α)
d,h,t j

with α = 0.01, 0.02, ..., 0.99. This
allows to approximate the entire predictive distribution relatively well. Due to numerical ineffi-
ciencies, however, the neighboring percentiles may be overlapping leading to so-called quantile
crossing [30]. Hence, following [15, 31], the 99 quantile estimates are sorted to obtain monotonic
quantile curves.

The idea of quantile regression-based methods is that the α-th quantile of the predicted variable
(here: the VWA price Xd,h,t j) can be represented as a linear combination of predictor variables
(here: an intercept and the point prediction from the LASSO-regression in Section 3.2.1):

q̂(α)
d,h,t j

= [1 X̂d,h,t j] · wα, (4)

where wα is a vector of weights for quantile α, estimated by minimizing the so-called pinball
score for each percentile [4, 11, 16, 20]. The whole process has to be repeated for each percentile
and for each of the sub-periods t j, yielding a total of 99 percentile forecasts for each of the 12
VWA prices. Note, that because the dataset at our disposal spans only 2 1

4 years, the window
for calibrating quantile regression is much shorter (91 days, see Figure 3) than for the LASSO-
estimated regression in Section 3.2.1. This, however, should not be a problem [31].

3.2.3. Capturing temporal dependencies
Following [17–19], to construct VWA price trajectories that capture temporal dependencies,

we assume that after a suitable transformation, the prediction errors follow a multivariate Gaussian
distribution. More complex dependence structures can be modeled either by other copula functions
or by sampling from a multivariate empirical cumulative distribution function (CDF). The latter
corresponds to the multivariate bootstrap where we draw the full residual vector at once, similarly
as in the similar-day approach in Section 3.1.

If the probabilistic forecasts derived in step 2 (see Section 3.2.2) are reliable – and we assume
they are – the observed proportions for each of the quantiles correspond to the nominal ones [32].
Hence, the random variable Zt j whose realization Zd,h

t j
on day d and hour h is given by:

Zd,h
t j

= Φ−1
(
F̂d,h,t j(Xd,h,t j)

)
, (5)

where Φ−1(·) is the inverse normal CDF, is normally distributed. Next, we assume that the random
vector Z = (Zt1 , . . . ,Zt12) follows a multivariate normal distributionN(0,Σ) with covariance matrix
Σ. To estimate Σ, which contains information about the dependencies between prediction errors
for all sub-periods, we use a (third; see Figures 3 and 4) 91-day calibration window. In our study,
the covariance matrix is – unlike for the point and probabilistic predictions – reestimated on a
daily (not hourly) basis; this allows to get reliable estimates from a relatively short calibration
window. Moreover, for the above procedure to work, the predictive distribution F̂d,h,t j has to be a
continuous function. We achieve this by linearly interpolating between the 99 quantile forecasts
obtained from Eqn. (4). We also add two extreme points – the maximum and the minimum past
price – to serve as quantiles of order α = 0 and 1.

To generate M path forecasts for hour h and day d, each spanning all 12 sub-periods t1, . . . , t12,
we first randomly draw M realizations of the multivariate normal random variable Z ∼ N(0, Σ̂),
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where Σ̂ is the estimated covariance matrix. Next, for each i = 1, . . . ,M, we take the i-th realization
Zd,h,i = (Zd,h,i

t1 , . . . ,Zd,h,i
t12

) and apply the inverse transformation:

X̃i
d,h,t j

= F̂−1
d,h,t j

(
Φ(Zd,h,i

t j
)
)

(6)

to obtain the i-th price path forecast X̃i
d,h =

(
X̃i

d,h,t1
, . . . , X̃i

d,h,t12

)
. In the empirical study in Section 5

we use M = 105.

3.3. Determining prediction bands
While a prediction interval (or a predictive distribution) reflects VWA price uncertainty at a

single point in time, a (simultaneous) prediction band accounts for the temporal dynamics of the
whole price path Xd,h,t1 , . . . , Xd,h,t12 . More precisely, a prediction band [21]:(

BL
d,h, B

U
d,h

)
≡

{(
BL

d,h,t j
, BU

d,h,t j

)
: j = 1, . . . , 12

}
, (7)

with coverage probability 1 − α satisfies:

P
(
BL

d,h,t j
≤ Xd,h,t j ≤ BU

d,h,t j
,∀ j

)
= 1 − α, (8)

where BL
d,h is the lower and BU

d,h the upper edge. In other words, the prediction band is such that
(1 − α)% of the whole VWA price paths lie inside it.

In Section 4 we will construct trading strategies for an energy producer who wants to sell
generated electricity. Therefore, only the upper edge of the band will be of interest. Without loss
of generality, we can set BL

d,h ≡ −∞ and in what follows refer to BU
d,h satisfying:

P
(
Xd,h,t j ≤ BU

d,h,t j
,∀ j

)
= 1 − α, (9)

as the simultaneous prediction band with coverage probability 1 − α.

3.3.1. Direct approach
In this study, we use two ways of estimating prediction bands. The first approach, dubbed

direct, utilizes a pool of M = 105 generated price paths, either using the similar-day (see Section
3.1) or our 3-step procedure (see Section 3.2). When estimating BU

d,h with coverage probability
1−α, the procedure identifies extreme prices at each time point and discards price paths containing
these values, and continues until α% of the paths are removed. Then, the prediction band is formed
by linking the maximum values of the non-removed paths at each time point t j. Note, that the direct
approach is applied to both similar-day (denoted by DirectS D) and 3S-based (denoted by Direct3S )
price paths, see Figure 6.

3.3.2. Adjusted quantile line (AQL) approach
The second approach builds upon the concept of the Bonferroni correction, in a sense that

quantile forecasts are ‘corrected’ so that the resulting quantile line has the desired simultaneous
coverage probability, i.e., is a prediction band. Hence the name adjusted quantile line (AQL)
approach.
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Figure 7: Simultaneous coverage probability (SCP) as a function of the quantile line order. This particular functional
dependence is used to generate the AQL prediction bands for the first day in the out-of-sample test window. The
dashed lines indicate that a quantile line of order 89% yields SCP=0.4.

Obviously, a quantile line of order 1 − α does not have the desired simultaneous coverage
probability, since it is constructed pointwise without taking into account temporal dependencies.
The correction we propose is based on the historical simultaneous coverage of quantile lines of
order 1−α, for α = 0%, 1%, . . . , 99%, 100%, obtained from quantile forecasts in the 91-day period
preceding the moment of forecasting, for an illustration see Figure 7.

First, the average historical coverage of all quantile lines for a given period is calculated,
i.e., for each quantile line we check what is the percentage of actual VWA price trajectories that
exceeded the line. Then, we compare the obtained results with the desired coverage probability
1 − α. This way, two quantile lines are chosen, one of order 1 − α1, with historical coverage
lower than 1 − α, and one of order 1 − α2, with historical coverage higher than 1 − α. Linearly
interpolating between the two quantile lines we obtain the AQL, which approximately exhibits the
desired simultaneous coverage probability of 1−α. Note, that the historical coverage probability is
calculated jointly for all 24 hours of the day. In Figure 8 we illustrate the three types of prediction
bands – Direct3S , DirectS D and AQL – for a sample day.

4. Trading strategies

To evaluate the price forecasts in economic terms, we consider a range of trading strategies
that reflect a real-life market environment. We take the position of a company that generates
electricity from intermittent renewable energy sources (RES) or is a trader that aggregates volumes
generated by small RES producers, like in [33]. The exact generated volume is not known in
advance, however, the closer is the delivery the more accurate are the predictions. We assume that
the company locks-in a large share of generation via day-ahead transactions, and leaves a small

11



Figure 8: Illustration of the three types of prediction bands – Direct3S (blue), AQL (orange) and DirectS D (purple) –
for a sample day (9 June 2019). Gray lines represent generated VWA price paths.

amount to be sold in the German intraday market. For simplicity, 1 MW of electricity for each
hour, every single day. Furthermore, we assume that the company is a price taker and its impact on
VWA prices (and imbalance volumes) is negligible. Finally, we ignore transaction costs, since they
are dependent on individual arrangements and may vary. Given the above, the decision-making
process concerns selecting the time(s) and the price(s) at which we place limit orders to sell 1 MW
of electricity in the ID market.

4.1. Naive strategies
We use two naive strategies as benchmarks. In the first one, dubbed Naive1, 1 MW of elec-

tricity is sold for the market price 4 hours before the delivery. In the second, dubbed Naive2, the
electricity is sold at the last price in the market, i.e., the VWA price closest to the delivery. Note,
that both naive strategies do not involve forecasting nor decision-making.

4.2. Prediction band-based strategies
The trading strategy based on simultaneous prediction bands is straightforward and intuitive.

Once the actual VWA price path crosses (from below) the prediction band, the electricity is sold
in the market. More precisely, prediction bands determine the price of the limit order which is
placed in the market every 15 minutes. We assume that if the actual VWA price from a certain
15-minute interval exceeds the level determined by the prediction band, our limit order gets filled.
Otherwise the order is adjusted and the price limit is set to the next point on the prediction band:
BU

d,h,t j
→ BU

d,h,t j+1
. If the VWA price does not cross the prediction band at any time point t1, . . . , t12

during the trading period, see Figure 5, the electricity is sold at the last VWA price, as in the
Naive2 strategy.

12



Figure 9: Exemplary trading situations. Color lines represent the three types of prediction bands – Direct3S (blue),
AQL (orange) and DirectS D (purple), all with SCP = 30%. Color markers indicate transaction moments and prices.

4.2.1. Fixed simultaneous coverage probability
Obviously, for different levels of the simultaneous coverage probability (SCP) the trading rec-

ommendations will be different. In Section 5 we will analyze strategies for different values of the
SCP. For the moment being, assume that SCP = 30% is the right choice. Two exemplary trading
situations are illustrated in Figure 9. The three types of prediction bands – Direct3S , AQL and
DirectS D – in general yield different transactions times and prices. In both panels, the DirectS 3

and AQL-based prediction bands match the behavior of the actual VWA price trajectories much
better than the DirectS D-based ones. For instance, for 12 June 2019 they forecast a spike in prices
towards the end of the trading period and electricity is sold closer to the delivery, respectively for
approximately 82 EUR and 71 EUR, compared to only 61 EUR for the similar-day approach. On
the other hand, for 15 May 2019 the actual VWA price trajectory decreases over the whole trading
period. Here, the prediction bands based on the direct approach are hit early and yield a better
transaction price, ca. 37 EUR, while the AQL-based band is never crossed and electricity is sold
for around 34 EUR.

4.2.2. Ex-ante selection of the simultaneous coverage probability
The optimal value of the SCP changes in time and across the hours. Therefore, in order for

our method to be applicable in a real market setting, the selection of SCP has to be automated.
In this study, we use an adaptive approach to select ex-ante the ‘optimal’ simultaneous coverage
probability. An additional, 91-day long rolling calibration window is used to measure the historical
profits from each trading strategy for 19 different values of the SCP, i.e., 5%, 10%, . . . , 95%, and
the best performer is selected for constructing prediction bands for the next day. In Section 5 we
will present results for both the ex-ante selection as well as for a range of fixed values of the SCP.

5. Results

In what follows, we evaluate the price forecasts in two different ways. First, in Section 5.1
we assess the predictive accuracy of the obtained path forecasts in terms of the energy score, a
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Figure 10: Energy score for the 3-step approach and the similar-day method. The score is averaged – either across all
days in the out-of-sample period and plotted for the 24 hours of a day (left panel) or across all hours in a week and
plotted for the 29 weeks of the out-of-sample period (right panel).

strictly proper scoring rule for multivariate distributions. Next, in Section 5.2 we evaluate the path
forecasts indirectly by comparing the three prediction band-based trading strategies in terms of
generated profits. In both cases the out-of-sample test period spans 200 days, see Figures 3 and 4.

5.1. Energy score
The energy score is defined by [20]:

ES d,h =
1
M

M∑
i=1

∥∥∥X̃i
d,h − Xd,h

∥∥∥
2
−

1
M(M − 1)

M−1∑
i=1

M∑
l=i+1

∥∥∥X̃i
d,h − X̃l

d,h

∥∥∥
2
, (10)

where X̃i
d,h =

(
X̃i

d,h,t1
, . . . , X̃i

d,h,t12

)
is the i-th path forecast for day d and hour h, Xd,h is the cor-

responding actual VWA price path and M = 105 is the number of generated paths, see Section
3.2.3 for details. Since Eqn. (10) assesses the accuracy of path forecasts for just one particular
day and one hourly product, in Figure 10 the results are averaged – either across all days in the
out-of-sample period and plotted for the 24 hours of a day (left panel) or across all hours in a week
and plotted for the 29 weeks of the out-of-sample period (right panel). Looking at Figure 10, we
can clearly see that in terms of the energy score our 3-step approach (see Section 3.3) significantly
outperforms the similar-day method of Narajewski and Ziel [4]; on average by over 25%.

5.2. Trading profits
We define the trading profit of the energy company as the sum of gains Gd,h from selling 1 MW

of electricity every hour h and day d in the 200-day out-of-sample test period:

profit =

N∑
d=1

24∑
h=1

Gd,h. (11)
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Figure 11: Profits from using the three prediction band-based (Direct3S , AQL and DirectS D) and two naive (Naive1,
Naive2) trading strategies. In the former case, markers indicate profits for the 19 different values of the simultaneous
coverage probability (SCP; see Section 4.2.1) and dashed lines profits for the ex-ante selected SCP (see Section 4.2.2).

The profits from using the three prediction band-based (Direct3S , AQL and DirectS D) and two naive
(Naive1, Naive2) trading strategies are plotted in Figure 11. In the former case, markers indicate
profits for the 19 different values of the simultaneous coverage probability (SCP; see Section 4.2.1)
and dashed lines profits for the ex-ante selected SCP (see Section 4.2.2).

We can observe that the proposed strategy utilizing Direct3S -based prediction bands outper-
forms both naive strategies by a considerable margin, except for very high values of the SCP; in
the latter case the prediction bands tend to be too ‘wide’ and the majority of VWA price trajecto-
ries do not cross the bands. The AQL-based prediction bands generally yield only slightly lower
profits and in two cases even outperform the direct approach. On the other hand, the similar-day
approach significantly underperforms in comparison to the Direct3S - and AQL-based strategies,
and is at par with the naive ones. Its poor performance is likely due to the fact that paths are
randomly drawn from past data, and in many cases the method ‘predicts’ market movements in
the opposite direction to the ones observed in reality.

Furthermore, the performance strongly depends on the choice of the SCP – the profits for all
strategies have an inverted (and tilted) cup shape. For the Direct3S - and AQL-based strategies the
maximum is reached at SCP=30-35%, while for the DirectS D-based at SCP=50-60%. However,
these maximums are only known ex-post. If we follow the ex-ante SCP selection algorithm of
Section 4.2.2, then for the former two strategies the performance is suboptimal – roughly by 0.2%
for the Direct3S -based and by 0.4% for the AQL-based. Interestingly, for the similar-day approach,
the ex-ante selection even slightly outperforms the maximum profit for a fixed SCP.
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6. Conclusions

In this paper we have addressed an existing literature gap and introduced a profitable trading
strategy that can support decision-making in continuous intraday markets for electricity. It utilizes
a novel forecasting framework, which generates so-called (simultaneous) prediction bands from
a pool of path forecasts or approximates them using probabilistic price forecasts. The prediction
bands are then used to issue trading recommendations – they define a time-dependent price level
that, when exceeded, indicates a good opportunity to sell electricity.

Using data from the German intraday market, we have shown that – in terms of the energy
score – our path forecasts beat a well performing similar-day benchmark [4] by over 25%, both
for all hours of the day (when aggregated across all days in the out-of-sample period) and for all
weeks in the out-of-sample period (when aggregated across all hours in a week). Moreover, ana-
lyzing trading strategies based on three methods of generating prediction bands, we have provided
empirical evidence that the increased computational burden induced by generating realistic price
paths is offset by higher trading profits. Nevertheless, the proposed approximate method (dubbed
AQL) offers a reasonable trade-off – it does not require generating path forecasts and yields only
slightly lower profits.

The approach proposed in this paper can be further improved by providing yet more accu-
rate path forecasts. Potentially, this could be achieved by using a more realistic temporal depen-
dence structure, for instance, based on a Student-t copula [34], including heteroscedasticity or
non-linearity in the point forecasting model [35, 36], or utilizing intraday fundamental informa-
tion, e.g., very short-term wind and solar generation forecasts. The proposed methodology could
be also (adapted and) tested in other electricity markets.
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