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ABSTRACT

Pair trading on the German intraday power market is a commonly used risk-averse,
heuristic trading strategy. However, due to myopic decision-making and a lack of
foresight, the profit obtained is far from optimal. By comparing this strategy with the
ex post optimal solution (ie, a strategy with perfect foresight), we show on a set of
15 selected days from 2020 to 2022 that the predictive information lets us generate
on average more than five times as much profit by excessively buying and selling
the same contracts for a trading interval of five minutes. Another problem with pair
trading in practice is the possibility of unbalanced auction wins. We show that an
unbiased loss of up to 10% has a negligible impact on the obtained profit. In contrast,
we also show the value of frequent optimization updates by simulating strategies with
only sporadic participation in the market. While this is hardly beneficial for the pair-
trading strategy, the ex post optimal profit increases on average by 30% when the
time between two trades is halved.
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1 INTRODUCTION

The intraday market is the most important market for balancing expected short-term
imbalances and providing flexibility. Trading on the intraday market has increased
significantly in recent years.1 This is partly due to the increasing share of renewables,
but also to storage options such as batteries, which enable the short-term marketing
of available flexibility.

On the continuous German intraday power market on EPEX SPOT,2 traders can
trade hourly, half-hourly and quarter-hourly contracts. For each contract, the orders
are collected in a so-called limit order book. As a result, different prices can be
seen in one order book. When matching orders in an order book, the price is deter-
mined by pay-as-bid. The trading volume on the continuous intraday market is sig-
nificantly larger than that of the day-ahead market, in some hours more than double.
Even locally optimal trading on the intraday market is a very complex problem,
mainly because of its online characteristics. The input data used for decision-making
changes within milliseconds, as buy and sell orders arrive and are matched continu-
ously. Moreover, the dynamics of price curves for individual contracts are very dif-
ficult to analyze and predict (see, for example, Grindel and Graf von Luckner 2022;
Uniejewski et al 2019). Market participants therefore often use strategies defined by
price thresholds (Bertrand and Papavasiliou 2018).

A slightly more sophisticated strategy is called arbitrage pair trading, which is a
widely used trading strategy in (financial) markets where the aim is to find spreads
between similar commodities; for example, stocks (see, for example, Elliott et al
2005). For an introduction to and a discussion of arbitrage pair trading, we refer the
reader to Pole (2011) and Vidyamurthy (2004). Arbitrage pair-trading strategies can
be grouped into different approaches in terms of the commodities between which
arbitrage opportunities are sought. Their similarity can be defined by a distance
approach (see, for example, Bowen et al 2010; Gatev et al 2006), a cointegration
approach (see, for example, Vidyamurthy 2004) or a stochastic spread approach
(see, for example, Elliott et al 2005). In the context of intraday pair trading, dif-
ferent timescales have been used on various minutes-scale data (see, for example,
Bowen et al 2010; Dunis and Lequeux 2000) and even on high-frequency data (see,
for example, Holỳ and Tomanová 2018).

When trading on energy markets, there is another important distinction to be made
between arbitrage trading strategies. The temporal approach is to buy energy at a
low price and sell it later at a higher price. Naturally, these trading strategies need
the possibility of storing energy over time and involve some kind of price forecast

1 See, for example, EPEX SPOT (2021, 2022, 2023), who report increases in trading volumes of
21%, 11% and 9% for the years 2020, 2021 and 2022, respectively.
2 URL: www.epexspot.com/en.
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and expected trading behavior. For an analysis of trading behavior on a continuous
intraday market, we refer the reader to Scharff and Amelin (2016) and Kiesel and
Paraschiv (2017). Kremer et al (2021) developed a first econometric price model
with fundamental impacts for the intraday market of 15-minute contracts.

In contrast, the spatial approach is to find price differences between contracts for
the same time period that are traded on different markets, such as different timescale
intraday markets (see Metz and Saraiva 2018). Thus, in theory, there is no need for
energy storage. Zafirakis et al (2016) proposed an analysis of arbitrage opportuni-
ties across different European energy markets. They found that in the process of
trading more efficiently, these arbitrage opportunities were reduced. In total, several
analyses on different markets for the period before 2015 showed that the arbitrage
opportunities declined over the years studied (see, for example, Barbour et al 2012;
Kloess 2012; Steffen 2012). Metz and Saraiva (2018) proposed a mixed-integer pro-
gramming formulation for arbitrage trading between the German 15- and 60-minute
intraday markets on market data until 2016 (see, for example, Metz and Saraiva
2018). However, since then, there have been significant changes to both the market’s
regulatory framework and its role and size (ie, trading volume).

In this paper we focus on the spatial approach in a specific sense, whereby we
consider only arbitrage opportunities between contracts on one market, namely, the
German continuous intraday power market for 15-minute contracts.

Theoretically, spatial arbitrage pair trading can be seen as a risk-averse strategy,
since every trade yields a profit and does not rely on future market behaviors and
price forecasts. The absence of risk of loss, however, holds only in theory, assuming
that bids sent simultaneously are either all accepted or all rejected. In reality, it may
be the case that only one of a pair of bids can be executed, for example, due to
the slow transmission of bids. In this case, the net sum of trades is no longer zero,
and losses as well as imbalances can occur. Thus, for the spatial approach as used
in this paper, some kind of longer-term storage possibility is also needed. Bowen
et al (2010) considered a closely related study and discussed the impact of the speed
of execution. Moreover, this local greedy strategy is by no means optimal from a
global perspective and therefore opportunity costs still arise. Incorporating perfect
foresight regarding future prices can provide an insight into the global optimum.
Such an approach was used, for example, by Metz and Saraiva (2018), who assumed
a perfect knowledge of future prices for different intraday markets.

In this study, we model the intraday market as a rather abstract mathematical
model and present an arbitrage pair-trading strategy for the use case of marketing
a large battery with bounded flexibilities for each contract. Our main contribution is
the quality assessment of this heuristic in comparison with the ex post optimal solu-
tion of all strategies that always guarantee a balanced battery at the end of the day
on real-world order-book data. In addition to the theoretical trading result, we also
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consider the case where not all bids are executed. To the best of our knowledge, an
ex post optimal solution has never been computed for the German intraday market.
From an application point of view, the optimal solution seems to be of little value
as it requires perfect foresight, which is not a given in reality. From a mathemat-
ical point of view, the comparison of an online strategy with the ex post optimal
solution is known as the competitive analysis and is a standard approach for evaluat-
ing an online algorithm (see, for example, Albers 2003; Hertrich et al 2022). While
this study does not provide any theoretical competitive ratios, it does give numerical
insights into the value of accessing the market with a high frequency, the value of
price predictions and the risk of loss due to partial bid execution. On a set of 15 days
between 2020 and 2022, we show that for high-frequency market access, the pair-
trading strategy yields less than 20% of the theoretical optimum, while we obtain
around 60% of the theoretical optimum if both algorithms bid only every four hours.
As a general rule of thumb, the optimal profit grows by around 30% when the length
of the trading period is halved (ie, when the time between trades is halved). This
is not true, however, for the pair-trading strategy, where we see only a very small
(and not necessarily monotonic) increase in profitability when market access is more
frequent.

Overall, the paper investigates the following three research questions.

(1) Given all orders for contracts on a given day, what profit can be achieved from
arbitrage trading with perfect foresight as opposed to a greedy approach with
no foresight?

(2) How does the obtainable profit scale when trading is more frequent?

(3) How do the achieved profit and the final battery level change when the
inexecution of some orders is taken into account?

2 ARBITRAGE PAIR-TRADING MODEL

In the following, we present our arbitrage pair-trading model. First, we introduce
some notation. The set of time points considered is denoted by T . The set of contracts
is denoted by C. Each order i has a volume vi (in MWh), a price pi (in €/MWh) and
a start and end time. The trading decision variables are denoted by vt

i for all orders
i and all time points t . We say that an order is active at time t if t is in the interval
between the start and end times. The set of all orders is denoted by O. The active
buy (respectively, sell) orders at time t are denoted by OB

t (respectively, OS
t ) and

are, in addition, restricted to contract C by OB
t .C / (respectively, OS

t .C /). Further,
the maximal trading volume in each contract C 2 C is denoted by F . We define the
total trading volume of a contract C at t as the sum of trading volumes over all orders

Journal of Energy Markets www.risk.net/journals
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TABLE 1 Parameter and variable descriptions for the arbitrage pair-trading model.

Notation Description

t , T Current time index, set of all time points
C , C Contract, set of all contracts
O Set of all orders
OB

t (OS
t ) Set of all buy (sell) orders at t

OB
t .C / (OS

t .C /) Set of all buy (sell) orders at t restricted to C

vi Volume of order i in MWh
pi Price of order i in €/MWh
F Available flexibility in MW
Pt .C / Position for C at t in MWh

vt
i Trading volume of order i at t in MWh

(ie,
P

i2OB
t .C / vt

i �
P

i2OS
t .C / vt

i ). Due to the technical constraints of the underlying
battery, we also require that a bid on a contract must first be bought before it can
be sold again. We further assume that the size of the underlying battery is 48 times
the maximal trading volume. This ensures that battery limit constraints are feasible
at each point in time without explicitly considering the limits in our model. This
even holds for the extreme schedule in which we are buying the maximum possible
volume for the first 48 quarter hours and selling in the remaining quarter hours. For
a smaller battery, the battery limits would have to be incorporated into the model.
However, it is likely that the outcome will not change significantly with a smaller
battery, as we rarely reach the battery’s limits. Further, note that having a larger
battery would not change the outcome if we require a balanced battery at the end of
the day.

2.1 The ex post problem formulation

As mentioned above, we are interested in an evaluation of the profit potential of
the German intraday power market from an ex post perspective (ie, how much profit
could be obtained under perfect foresight). Such an approach is used as a comparison
in situations when the price development can be modeled as a time series (see, for
example, Metz and Saraiva 2018). In our approach, however, perfect foresight means
that all future changes in the order book are already known. Thus, this cannot be
modeled as a simple time series, which makes the ex post optimization problem very
large, since all available orders have to be considered at every possible trading time.

www.risk.net/journals Journal of Energy Markets
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Now, we formulate the model as follows:3

min
vt

i

X
t2T

X
i2O

piv
t
i ; (2.1)

such that
X
t2T

vt
i 6 vi 8i 2 O; (2.2)X

i2OB
t

vt
i �

X
j2OS

t

vt
j D 0 8t 2 T ; (2.3)

Pt .C / D Pt�1.C /C
X

i2OB
t .C /

vt
i �

X
j2OS

t .C /

vt
j ;

8t 2 T n f0g; C 2 C; (2.4)

� F 6 Pt .C / 6 F 8t 2 T ; C 2 C; (2.5)

vt
i > 0 8i 2 O; t 2 T : (2.6)

Constraints (2.3) ensure that the overall traded volume of each order is bounded
by the available volume. Constraints (2.4) are induced by the pair-trading strategy;
that is, they ensure that the total trading volume over all contracts at each point in
time is zero. Constraints (2.5) and (2.6) ensure that the position for each contract is
feasible at every trading time point; that is, that it lies in the interval from �F to F .
We start the optimization runs in a balanced state each day; that is, the position of
each contract is zero.

2.2 The greedy algorithm

Since the ex post approach is not applicable in practice, we formulate an iterative
procedure for the pair trading on the intraday market. For this, we optimize on a
regular basis (eg, once every hour). We call the distance between such optimizations
the (trading) period length and test different period lengths. The problem introduced
in Section 2.1 now changes as follows. Instead of considering a set of time points T ,
we now consider only one point in time, t . Thus, the constraints (2.6) ensuring that
the battery level lies in the feasible flexibility interval now reduce to only one per
contract. The constraints (2.5) were used for linking different points in time together.
Since we now consider only one point in time, these constraints are removed and the
values of Pt .C / are now updated between optimization steps. We will refer to this

3 Note that although this model allows a formulation as a minimum costflow problem in a suitable
graph, we nevertheless stick to a linear program formulation since this alternative formulation
did not yield any significant improvement in runtime by applying generic flow algorithms in our
computational studies. However, it is an open question as to whether algorithms adapted to the
underlying graph could provide an improvement.
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strategy as the greedy algorithm. Note that for the first trading time point, we start
with a position of zero for each contract, which initially allows us to find arbitrage
opportunities. Since we are maximizing the obtained profit at each trading time point
and a solution that does not trade at all is also feasible, we obtain a nonnegative profit
at each trading time point.

2.3 Pair trading under uncertainty

When bidding on the intraday market, uncertainty has a big impact on trading strate-
gies. Recall that it is not only price developments, but also whether orders are placed
fast enough to trade successfully that is uncertain. Regarding the latter uncertainty,
we use the abovementioned greedy approach and simulate a failure (ie, not being
fast enough) for randomly drawn orders. Note that, in contrast to the idea behind our
approach to spatial pair trading, the battery will most likely not be in perfect balance
after a day of trading (ie, we need to take an imbalanced battery into account).

3 CASE STUDY

On the intraday market at the European Power Exchange (EPEX SPOT), short-term
trading of electricity is possible for 15-, 30- and 60-minute contracts.4 In this paper,
we focus on the 15-minute contracts. The number of contracts is given by the 96 quar-
ter hours of a day. We refer to a contract by the start time of delivery (ie, the contract
12:00:00–12:15:00 is abbreviated to 12:00). Note that the continuous exchange for
the 15-minute contracts opens at 15:00 Central European time (CET) (or 15:00 Cen-
tral European summer time (CEST), respectively) on the previous day and ends
30 minutes before delivery for trades within Germany and 5 minutes before delivery
for trades within the same bidding zone.5 By “gate closure”, we mean the point at
which trading ends on the exchange prior to physical delivery and by “time to matu-
rity” we mean the time remaining until the gate closure of a trading contract. Since
trading begins on the previous day, a trading range of at most 32 hours and 40 min-
utes is considered for the day under consideration (namely, for the contract 23:45
with a gate closure at 23:40). The minimal amount that can be offered is 0.1 MWh.
On the continuous intraday market, the prices are determined by pay-as-bid.

3.1 Data and assumptions

The data obtained from EPEX SPOT contains all the orders for quarter-hourly con-
tracts for a given day.6 Based on these order books, we create a highly realistic com-

4 See footnote 2.
5 Until 16:00 CE(S)T on June 1, 2021.
6 See footnote 2.
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mon data basis for both algorithms. We note that some phenomena, such as iceberg
orders, may not have been represented in their entirety when reconstruction was not
possible due to missing or inconsistent data (see also Grindel and Graf von Luckner
2022; Martin and Otterson 2018). We consider orders that are visible in the order
book to be tradable if the difference between their valid start time and valid end time
is greater than 100 ms. Further, we remove all entries that are incomplete. Recall
that the daily trading start time changed from 16:00:00 CET to 15:00:00 CET on
June 1, 2021. For a more detailed simulation and an analysis of the order books of
the continuous intraday market we refer the reader to Martin and Otterson (2018).

3.2 Numerical results

We randomly sample 15 days between 2020 and 2022 (a period for which we have
the data). Table 2 (see the online appendix) states some relevant data for the days
selected. We consider trading period lengths of 240, 120, 60, 30, 15 and 5 minutes;
that is, we take snapshots of the order book at the respective time points and solve the
proposed optimization problem based on all orders available at those times. Due to an
exponential running time and memory usage, we do not consider smaller frequencies.
All computations consider a market offering of 1 MW per contract.

Figure 1 gives an illustrative example of the different evolutions of the algorithms
when applied to the same data. We choose the randomly selected sample date of
April 11, 2021 to allow the reader to compare different plots for the same data.
While it can be seen that the greedy strategy trades the 00:00 contract against the
18:00 contract at the beginning, this cannot be observed for the remaining points in
time due to the small sample of contracts listed. Note that despite the very different
bidding behaviors, all three contracts end at the same position. This is not true for all
contracts, as can be seen in Figure 2 (and in Figure 9 in the online appendix). The
color scale in Figure 1 has a slightly different meaning than it does in Figure 9: it
is not the absolute position of a contract at a given trading time but the difference
of positions between two trading times (ie, the total trading volume for the specific
contract at a given trading time). For example, if at a certain trading time we buy
1 MW and 0.5 MW for the 10:00 contract and we sell 0.75 MW for the 12:00 contract
and 0.75 MW for the 18:00 contract, then we would see a dark red (1.5 MW) entry
for the 10:00 contract and a light blue (�0.75 MW) entry for the 18:00 contract,
while the 12:00 contract would not be displayed at all. While our flexibility is limited
to ˙1 MW per contract, total trading volumes can exceed these values when the
previous position in that contract is different than zero.

Journal of Energy Markets www.risk.net/journals



On the potential of arbitrage trading on the German intraday power market 9

FI
G

U
R

E
1

E
vo

lu
tio

n
of

th
re

e
di

ffe
re

nt
co

nt
ra

ct
s

in
th

e
re

sp
ec

tiv
e

al
go

rit
hm

ic
st

ra
te

gi
es

fo
r

th
e

sa
m

pl
e

da
te

(A
pr

il
11

,2
02

1)
fo

r
a

pe
rio

d
le

ng
th

of
fiv

e
m

in
ut

es
.

Ex post

Contract

18:0010:0000:00

Greedy

Contract

18:0010:0000:00

F
in

a
l 
p

o
s
it
io

n

1
.0

 M
W

1
.0

 M
W

–
1
.0

 M
W

1
.0

 M
W

1
.0

 M
W

–
1
.0

 M
W

Order value

2 1 0 –
1

–
2

Order value

2 1 0 –
1

–
2

Apr 10, 2021 14:00
Apr 10, 2021 14:35
Apr 10, 2021 15:10
Apr 10, 2021 15:45
Apr 10, 2021 16:20
Apr 10, 2021 16:55
Apr 10, 2021 17:30
Apr 10, 2021 18:05
Apr 10, 2021 18:40
Apr 10, 2021 19:15
Apr 10, 2021 19:50
Apr 10, 2021 20:25
Apr 10, 2021 21:00
Apr 10, 2021 21:35
Apr 10, 2021 22:10
Apr 10, 2021 22:45
Apr 10, 2021 23:20
Apr 10, 2021 23:55
Apr 11, 2021 00:30
Apr 11, 2021 01:05
Apr 11, 2021 01:40
Apr 11, 2021 02:15
Apr 11, 2021 02:50
Apr 11, 2021 03:25
Apr 11, 2021 04:00
Apr 11, 2021 04:35
Apr 11, 2021 05:10
Apr 11, 2021 05:45
Apr 11, 2021 06:20
Apr 11, 2021 06:55
Apr 11, 2021 07:30
Apr 11, 2021 08:05
Apr 11, 2021 08:40
Apr 11, 2021 09:15
Apr 11, 2021 09:50
Apr 11, 2021 10:25
Apr 11, 2021 11:00
Apr 11, 2021 11:35
Apr 11, 2021 12:10
Apr 11, 2021 12:45
Apr 11, 2021 13:20
Apr 11, 2021 13:55
Apr 11, 2021 14:30
Apr 11, 2021 15:05
Apr 11, 2021 15:40
Apr 11, 2021 16:15
Apr 11, 2021 16:50
Apr 11, 2021 17:25
Apr 11, 2021 18:00
Apr 11, 2021 18:35
Apr 11, 2021 19:10
Apr 11, 2021 19:45
Apr 11, 2021 20:20
Apr 11, 2021 20:55
Apr 11, 2021 21:30

T
ra

d
in

g
 t
im

e

N
ot

e
th

at
tra

di
ng

tim
e

po
in

ts
ar

e
gi

ve
n

in
co

or
di

na
te

d
un

iv
er

sa
lt

im
e.

Th
e

gr
ay

-s
ha

de
d

ar
ea

m
ar

ks
th

e
tim

e
af

te
r

th
e

m
at

ur
ity

of
th

e
co

nt
ra

ct
s

w
he

re
tra

di
ng

is
no

t
po

ss
ib

le
an

ym
or

e.
Th

e
co

lo
rd

en
ot

es
th

e
fin

al
po

si
tio

n
of

th
e

sp
ec

ifi
c

co
nt

ra
ct

s.

www.risk.net/journals Journal of Energy Markets



10 E. Finhold et al

FIGURE 2 Final positions per contract for both the ex post strategy (solid blue line) and
the greedy strategy (dashed orange line) for a sample date (April 11, 2021) and period
length (five minutes).

A
p

r 
1
1

, 
2

0
2

1

5
 m

in

00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00 24:00

Contract

1

0

–0

FIGURE 3 Distribution of the absolute profits obtained for different frequencies by the
greedy and ex post algorithms, as well as the relative profit (ie, the ratio of absolute profit
for the greedy algo to the absolute profit of the ex post algo).
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3.2.1 Profit

The distribution of the profits obtained for the different frequencies of the two algo-
rithms over the considered days is shown in Figure 3. There are several metrics pre-
sented. The boxes show the 25% and 75% quantiles, while the horizontal black line
in the middle of the box represents the 50% quantile. The vertical lines above (below)
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FIGURE 4 Distribution of profit per position change of the ex post and greedy algorithms
for different period lengths (shaded areas give the 95% confidence interval).

0 50 100 150 200 250

Period length (min)

2.5

5.0

7.5

10.0

12.5

15.0

17.5

20.0

P
ro

fi
t 
p

e
r 

c
h

a
n

g
e

 (
€

)

Greedy
Ex post

depict the distance to the largest (smallest) data point that falls within 1.5 times the
interquartile range, which again is the distance between the 75% quantile and the
25% quantile. Both the absolute profit and the range of the obtained profits increase
for higher frequencies for the ex post algorithm. The mean profit of the ex post algo-
rithm is smallest for the largest period length and increases by 25–40% when the
period length is halved, whereas the profit obtained by the greedy algorithm does not
change significantly for different period lengths.

The profit per position change increases for algorithm variants, with longer period
lengths. Hence, if optimized less frequently, more profitable trades are concluded
(see Figure 4). The main reason for this is that we already see most of the particu-
larly profitable trades for long period lengths; when optimizing more often, we do
see some additional options, but on average these are less profitable. The difference
between the two variants is not very large; that is, the ex post algorithm sees slightly
more profitable trades, but most of the higher profit comes from the higher num-
ber of trades. Thus, the greedy algorithm does not make significantly less profitable
decisions but merely blocks many future trades by trading too soon.

www.risk.net/journals Journal of Energy Markets



12 E. Finhold et al

FIGURE 5 Distribution of the mean changes over all contracts for the different period
lengths and algorithms.
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3.2.2 Position changes

If the total trading volume of a contract differs from zero for a given trading time,
then the position changes accordingly. We count these occurrences per contract and
call them position changes. In general, the number of position changes increases
with smaller period length for both algorithms, but it does so significantly more for
the ex post algorithm than for the greedy algorithm (see Figure 5). A heat map of
the positions of the contracts throughout the day can be seen in Figure 9 (in the
online appendix), in which it is clear that the ex post algorithm skips the first profit
opportunities in order to trade more profitable positions later. It is also noticeable
that position changes often take place in contracts whose time to maturity is small
(see Figure 6) and whose delivery times are close together (see Figure 9). This phe-
nomenon is much more pronounced for the ex post algorithm than for the greedy
algorithm. This is particularly interesting in the context of Kremer et al (2020), who
show that there is a significant and positively correlated effect on the price changes
of neighboring contracts. In addition, the increasing number of position changes on
contracts with short maturity is consistent with Kremer et al (2021), who show that
both the number of trades and the trading volume of 15-minute contracts with short
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FIGURE 6 Evolution of position changes regarding their time to maturity (shaded areas
give the 95% confidence interval).
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maturity increase toward gate closure. In Figure 2, which shows the final trading
position of all contracts for both the ex post and the greedy algorithm, it is notice-
able that the positions differ in very few contracts, even if much of the trading by the
ex post algorithm happens close to gate closure.

3.2.3 Risk analysis

Due to the slow execution speed of the submitted orders, we may end up not being
able to execute all of the intended trades. Thus, in order to make our trading setting
more realistic, we consider the inexecution of some of the trades for each trading
time point using the greedy algorithm. For this, the inexecution of an order at each
trading time is simulated by drawing equally distributed random numbers from the
interval Œ0; 1/: the order is executed if the random number is greater than or equal
to a considered risk level, and is not executed if it is less than this level. This means
that for a risk level of 0.0, all orders are executed, whereas for a risk level of 1.0,
no orders are executed. We consider risk levels ranging from 0.0 to 0.1 in steps of
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FIGURE 7 Distribution of relative profits obtained by the greedy algorithm for different
period lengths for a sample date (April 11, 2021).
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0.02 and from 0.1 to 0.3 in steps of 0.1 and we compute 10 runs for each period
length–risk pair. For our analysis, we again use April 11, 2021 as a sample date.

In Figure 7, for each risk level the obtained profit relative to the profit obtained by
the run without risk consideration is depicted. We observe that for a small risk level,
the profit is nearly the same. Thus, the inexecution of some orders has almost no
impact on the obtained profit for small risk levels, since there are enough alternative
profit opportunities later on. This is in line with the evaluation of the total battery
imbalances after one trading day (see Figure 8 in the online appendix). We see that
the inexecution of some of the orders has almost no impact for small risk levels.
By construction of the inexecution risk, it is of no surprise that the imbalance is
distributed around zero. Note that there might be statistical artifacts.

Overall, the key findings are as follows.

� For the ex post algorithm, the total trading volume is much higher and it is
mainly the neighboring contracts close to gate closure that are traded.
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� The greedy algorithm starts trading too soon, but has a comparable profit-per-
position change.

� The final positions do not differ much for either algorithm.

� When the length of the trading period is halved, the profit of the ex post algo-
rithm increases by 25–40%, while the profit of the greedy approach remains
almost the same.

� The impact of the inexecution of some orders for small risk levels is almost
negligible since there are plenty of profit possibilities and possible future
trades that are not blocked by inexecutions.

4 CONCLUDING REMARKS

We investigated the opportunities and risks of arbitrage trading on the German intra-
day power market for 15-minute contracts. We formulated a general optimization
problem for a single trading step as well as an ex post optimization problem.

Our ex post (perfect foresight) results show that arbitrage trading can yield sig-
nificant profits as a low-risk trading strategy if the right trades are made at the right
time. Conversely, results based on the greedy algorithm show that blindly searching
for arbitrage opportunities leads to profits that fall far short of those of the ex post
strategy. In terms of trading strategies, our ex post results in particular show that by
adding predictions of prices or price trends, arbitrage trading can indeed be both a
profitable and a low-risk trading strategy. However, if all market participants were to
apply this strategy, then in the extreme case these arbitrage effects would disappear
from the market and the probability of inexecution (as discussed above) would be
higher. When considering shorter period lengths (eg, less than one minute), the profit
obtained is expected to be exponentially larger.

Possible improvements to the greedy algorithm include a delayed start to trad-
ing, the withholding of flexibility, or even the restriction of products to neighboring
products, or the extension toward cross-day arbitrage opportunities. Further, some
predictions of future prices or price trends could increase the obtained profit. All of
these directions remain open for future research.
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