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ABSTRACT
In order to stabilize short-term fluctuations in the
network frequency, flexibility is offered on balancing
electricity markets. With the reformation of the German
balancing markets and the opportunity to market
secondary balancing energy independently of capacity,
short-term flexibilities can now be traded more easily. In
this paper, we describe a robust optimization problem
for marketing balancing power in these markets. Starting
from forecasts on acceptance probabilities and
activation durations estimated from historical values, we
compute price-quantity pairs that define bids placed on
the reserve markets. We present a backtesting study
over the period 04/2021 to 11/2021 and, thus, evaluate
the potential of flexibility marketing on the secondary
control markets.
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NOMENCLATURE
Abbreviations
aFRR
Automatic
Frequency Restoration Reserve
RCM
Reserve capacity market
REM
Reserve energy market
BSP
Balancing Service Provider
TSO
Transmission System Operator
Symbols
K
Set of 4h reserve energy products +/k
Single 4h reserve energy product
N
Number of bids on RCM
M
Number of bids on REM
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INTRODUCTION
The increasing share of fluctuating renewable energy
sources can cause unforeseen short-term imbalances in
the system. This requires stabilizing mechanisms that
ensure automatic frequency restoration of the system at
short notice. The is called electricity balancing. Electricity
balancing becomes necessary when the system
frequency deviates from normal and is activated in realtime by the transmission system operators (TSO).
In this work we discuss the German secondary
balancing electricity market (automatic Frequency
Restoration Reserve, aFRR). In Germany, the TSO’s are
responsible for the procurement of balancing energy in
order to maintain standard system frequency. More
information on balancing energy, its context in the
system and the different market players and roles
thereof can be found in [2]. They do this by purchasing
balancing energy from pre-qualified balance service
providers (BSPs) in an auction-based market. For a new
market participant to become a BSP, there exists a prequalification process of the TSO that needs to be carried
out to verify technical readiness of the concerned power
units [10]. Depending on whether the system frequency
is below, or above normal, positive, or negative
balancing energy is activated. This is called upward- or
downward-regulation respectively.
Since mismatches in the system of demand and
supply are more likely to happen with a greater amount
of volatile producer in the energy mix, the need of
balancing the system at adequate costs becomes more
relevant than ever. Mismatches can occur because of
power plant outages or overproduction of wind parks for
example. When this happens the TSO responsible for the
affected load-frequency control area will step in to
activate the balancing electricity necessary to achieve
equilibrium. There exist various kinds of balancing
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electricity. These differ in their availability activation
time, i.e., how quickly the energy is available to the TSO
for activation [8].
This paper is part of the outcome of the research
project FlexEuro with the overarching theme of crossmarket optimization in electricity markets. Our main goal
is a cross-market optimization for marketing a virtual
battery on three prominent German power markets, i.e.,
the Day-Ahead market (DA), the Intraday market (ID) and
reserve energy markets. For a detailed description of the
setting and the virtual battery design, we refer to [6].
Due to different temporalities of the individual markets,
different decisions, i.e., bids, have to be made at
different points in time. In our case, the result of the first
decision is a distribution of flexibility among the
considered markets based on profit forecasts for them.
Subsequently, further optimizations are done for the
individual markets, which have the allocated flexibility as
input. Here, we focus on the decisions regarding the
reserve energy markets.
Recent works have already dealt with optimal
bidding on the German balancing power market. In [7],
the authors present a decision-theoretic framework for
deriving bidding strategies for suppliers in Germany and
Austrian balancing power market. They allow the
integration of the suppliers’ price expectation when
determining optimal bids. The authors evaluate their
framework on empirical auction data from January 2014
to May 2016. The auction design in that time frame was
based on weekly auctions with two different reserving
periods which structurally significantly different from our
market situation. Another notable difference is that
balancing capacity and energy were traded in a single
auction, which was more restrictive than today from the
perspective of the supplier. In [5] the balancing power
market is also considered as part of the optimization of
bids in sequential markets. Similar to our approach they
model the acceptance probability of given price levels.
The authors use data from between July 2019 and March
2020 which is before the most recent change in market
design. Moreover, they only focus on balancing capacity
market while excluding balancing energy from their
study.
In recent years the German balancing energy
markets have been subject to much change, especially in
the market and auction design. Due to several external
regulatory interventions because of excessive balancing
prices for example, the analysis of price data on these
markets has been rather difficult since the data is scarce.
The implementation of a secondary balancing energy
market has brought new opportunities and challenges to
the scenery of electricity trading. Whereas reserve

capacity and energy has been traded in the same auction
up until now, the auction design has changed in late
2020. Markets participants can now offer reserve
capacity and energy separately under some minor offer
restrictions [9]. For making writing easier we use the
terms balancing energy and reserve energy
interchangeably. We write RCM and REM for reserve
capacity market and reserve energy market respectively.
In the RCM a bidder gets remunerated, simply for
reserving a certain capacity. In contrast, the REM is an
energy-only market, i.e., the bidder is only remunerated
for the offered capacity that has been activated by the
TSO. In this case the bidder gets paid for the delivered
energy.
Accepted bids on the capacity market obliges the BSP
to offer the same total amount of capacity on the energy
market. This serves as a guarantee for the TSOs to be able
to cover predicted demand of balancing energy at any
time. On the other hand, one is still allowed to get
involved in the balancing energy auction even when
capacity bids have been rejected by the merit order list.
Those bids are called free energy bids. This opens up
attractive marketing opportunities for BSPs to trade their
short-term flexibility. This new system was designed to
stimulate market participation, promote competition,
and facilitate market entry for smaller market
participants among other reasons.
The current market design of the balancing markets
now provides for a split into the capacity and the energy
market, on which 4-hour blocks can be traded daily for
the corresponding day. This is also possible separately for
positive and negative capacity (resp. energy).
The remaining content of the paper is structured as
follows: In Section 2 on methodology, we introduce an
optimization bidding problem of a potential market
participant as well as how we estimate the needed input
parameters. In Section 3, we discuss the results of the
optimization problem based on the estimated parameter
inputs. We then conclude with a short outlook on future
regulatory changes in the market planned and the muchdiscussed PICASSO project as well as future research
directions.
2. METHODOLOGY
In this section we give a formulation of the optimization
problem for computing bids on the RCM and REM.
Furthermore, we describe how to forecast the
acceptance probabilities and the activation durations
given historical data.
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2.1 Optimization Problem Formulation
We consider the Frequency Restoration Reserve with
automatic activation (aFRR) in Germany which consists
of the reserve capacity and the reserve energy market.
Further, we focus on a reserve energy provider to market
a given input capacity on the German secondary reserve
energy market. We denote the set of products by
𝐾 = {± 00_04, ± 04_08, … , ± 20_24}.
Since the only risk consists of opportunity costs, we
focus on the expected profit the market participant can
make on both markets simultaneously. We model the
auction of both markets by regarding different bidding
scenarios of our market player. Additionally, we
formulate the profit function on both markets as a basis
for an optimization problem. We are interested in finding
an optimal bidding solution such that the profit is
maximized. The solution explicitly shows how to
distribute the total given capacity that is available to the
provider among the different products on a given day.
Therefore, we rely on forecasted acceptance
probabilities on the RCM and the activation duration on
the REM as input for the optimization problem. For an
overview over the bidding sequence on both markets
from the perspective of a BSP and the potential balancing
energy activation, see Figure 2.
2.1.1

Reserve Capacity Market

In the following, we describe the constraints for the
bidding problem regarding the RCM. Note that a similar
approach can be found in [11]. There, however, the
authors focus on the trading strategies on the primary
reserve market which is fundamentally different in
market design than our situation.
For a fixed product we consider 𝑁 bids on the RCM.
A bid on the RCM market is given by (𝑚𝑖𝑅𝐶 , pRC
i ), where
𝑅𝐶
the decision variable 𝑚𝑖 is the offered volume [in
MW] and the input parameter pRC
the price level [in
i
€
] for all 𝑖 = 1, … , 𝑁 . We assume the bids to be
MW
𝑅𝐶
ordered by increasing price levels, i.e., 𝑝𝑖𝑅𝐶 ≤ 𝑝𝑖+1
for
all 𝑖 = 1, … , 𝑁 . Furthermore, we define by bidding
scenario 𝑖 the event that exactly the first 𝑖 offers are
accepted. Corresponding to these bidding scenarios, we
denote by 𝑞𝑖𝑅𝐶 the probability for scenario 𝑖 to occur.
Define 𝑞0𝑅𝐶 as the probability that none of the 𝑁 bids
on the RCM are accepted.
Now, given the probabilities, define the expected
profit 𝑓𝑘𝑅𝐶 of product 𝑘 as
𝑁

∑ 𝑞𝑖𝑅𝐶,𝑘
𝑖=1

where mRC,k
denotes the offered volume at price
i
level pRC
for
product
𝑘. The total available volume for
i
product 𝑘 is bounded by the given input flexibility mRC
that is available to the energy provider on that day. Thus,
the constraints
𝑁

∑ 𝑚𝑖𝑅𝐶,𝑘 ≤ 𝑚𝑅𝐶
𝑖=1

are added to our optimization problem for all products
𝑘 ∈ K. The total expected profit of the RCM is denoted
by the variable f RC and is simply defined as the sum of
expected profits from all products in 𝐾, i.e.
𝑓 𝑅𝐶 = ∑ 𝑓𝑘𝑅𝐶 .
k∈K

2.1.2

Reserve Energy Market

For the REM we follow a slightly different approach. As
E
before, we denote a bid on the REM by (𝑚𝑖𝑅𝐸 , pR
i ) for
€
all 𝑖 = 1, … , 𝑀 for given price levels pRE
[in MWh ].
i
Again, we optimize the volumes 𝑚𝑖𝑅𝐸 for each given
input price level. In the same way as for the constraints
regarding the RCM, the input flexibility is denoted
by mRE and bounds the sum of offered volumes, i.e.
𝑁

∑ 𝑚𝑖𝑅𝐸,𝑘 ≤ 𝑚𝑅𝐸 .
𝑖=1

Note that by regulations the accepted capacity on
the RCM auction needs to be offered on the REM
auction. Since we additionally allow free bids on the
REM, we do not need to restrict the volume of bids on
the REM by the accepted volume on the RCM.
For a fixed day, we define the reserve energy
activation amount in MW at second 𝑡 and product 𝑘
as Stk . Furthermore, let Ψ k (p) be the sum of offered
capacity in MW at the REM for product 𝑘 from all
offers with an ask price at most p. This can be viewed as
the total capacity amount activated by the TSO before
offer with ask price p will be activated. With this, we are
able to define the aFRR activation duration for a given
product 𝑘 and a price level p as
Lk (p) = ∑ 1Sk≥Ψk(p).
t

(1)

t∈k

In Figure 1 the idea for the activation duration and its
computation is illustrated in an example. The expected
activation duration αk (p) of aFRR activation for a given
price offer p and a product 𝑘 is defined as

𝑖

αk (p) ≔ E[Lk (p)].

(∑ 𝑚𝑗𝑅𝐶,𝑘 ⋅ 𝑝𝑗𝑅𝐶 ),
𝑗=1
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(2)

we describe how the needed input parameters are
forecasted.
2.2 Forecasted Input Parameters

Figure 1: Exemplary aFRR activation duration. The blue
line depicts the activated volume in each second, whereas
the red line indicates the considered bid. The colored lines
in the background correspond to stacked offer pairs given
by capacity [MW], energy price [EUR/MWH]. The
activation duration can be computed as the sum of time
intervals where the activation volume is higher than the
line of the considered bid.
We denote the series of expected activation durations
for different price levels by (αk ). Now, given an
expected activation duration (αk ) and product 𝑘, the
𝑅𝐸
expected profit on the aFRR market 𝑓𝑘,α
k is defined as
M

∑ 𝑝𝑖𝑅𝐸 ⋅ 𝑚𝑖𝑅𝐸,𝑘 ⋅ αki .

The optimization problem above relies on several input
parameters. As described above, we consider bidding
scenarios for the RCM. For each of the bidding scenarios
an acceptance probability is needed that denotes the
probability that the corresponding bid is the highest
accepted bid. For the REM, the activation durations per
given price level are needed. The price levels are chosen
accordingly to price forecasts of the day-ahead market.
For positive energy we choose price levels on the REM,
above the forecasted day-ahead price. For a detailed
explanation on the used day-ahead price forecasts, we
refer to [12]. The activation durations denote the total
time period for which a bid is activated by the TSO. In the
following, we describe how we estimated future
parameter values depending on historical data.
2.2.1

We estimate the acceptance probabilities qRC,k
on
i
the RCM from historical data. To estimate this quantity,
we use the time-series of daily marginal prices per
product k and denote it by πRC,k
. In order to get an
d
estimate of the short-term distribution of the marginal
prices we restrict ourselves to 30 days before the
observation. Every day d gets assigned the empirical
distribution function
30

1
̂𝑑 (𝑝) =
𝐹
∑ 1π𝑅𝐶,𝑘 ≤𝑝
𝑑−𝑗
30

(3)

i=1

𝑗=1

We add constraints for all series of expected activation
durations (αk ) of the following form
𝑓𝑘𝑅𝐸 ≤ 𝑓𝑘,𝑅𝐸αk
Note that this can be seen as a risk-averse strategy, since
we try to maximize the profit over all considered
activation duration series and, thus, in particular for the
worst-case scenario. The total expected profit of the REM
is now simply given as the sum of expected profits over
all products, i.e.

The probabilities are computed as
qRL,k
= F̂d (p1 )
0
𝑅𝐿,𝑘
̂𝑑 (𝑝2 ) − 𝐹
̂𝑑 (𝑝1 )
𝑞1 = 𝐹
𝑅𝐿,𝑘
̂𝑑 (𝑝3 ) − 𝐹
̂𝑑 (𝑝2 )
𝑞2 = 𝐹
⋮
̂𝑑 (𝑝𝑁 )
𝑞𝑁𝑅𝐿,𝑘 = 1 − 𝐹

𝑓 𝑅𝐸 = ∑ 𝑓𝑘𝑅𝐸 .

2.2.2

k∈K

2.1.3

Estimating the acceptance probabilities for
the RCM

Objective Function

In total, we try to maximize the sum over both
profits, i.e., the objective function is given as
max 𝑓 𝑅𝐶 + 𝑓 𝑅𝐸 ,
where the decision variables are the volumes for given
price levels on both RCM and REM. In the next section

Estimating activation durations for the REM

To calculate the expected activation duration of
aFRR as defined in (2), we first compute 𝐿𝑘 (𝑝)
𝑅𝐸
accordingly to (1) for our given price levels 𝑝1𝑅𝐸 , … , 𝑝𝑀
for every day in the data set, see Figure 1. We then
compute different activation duration series by
computing different summary statistics over past
observations of 𝐿𝑘 (𝑝).
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Figure 2: aFRR example auctions and activation for selected day and product. Bidding sequence of a BSP on the
RCM and REM with potential aFRR activation.
First, a BSP places bids on the RCM (green). After announcement of the RCM auction results, the BSP is obliged
to offer the total accepted amount on the REM auction (red). Furthermore, there is the opportunity to insert
additional free bids as well (blue). Lastly, the accepted REM offers are potential candidates to be drawn for aFRR
activation (grey). The sub-figure on the very right depicts the accepted REM offers in price-increasing order.
Offered energy is activated in this order.

3.

RESULTS
We restrict our study to observations from 04/2021
to 11/2021. In this period no changes in market design
were made. The data needed for our study is made
available by the TSOs. To compute the probabilities and
auction results on the RCM we use [C]. For the
calculation of expected activation duration of balance
energy, we utilize [A, B].
To evaluate our bidding strategy, we compute a bid
for every day in the data set. A bidder can offer 10 MW,
for both positive and negative products. An example of a
bid is shown in Table 1. In most cases there is only one
offer per product. For the REM bids, we observe that a
split of the available flexibility can be optimal due to the
risk-averse strategy on the REM. Given these bids we
compute the realized profits ex-post. For the RCM the
realized profit is the sum of all bids that are lower than
the marginal price for that day. For the REM, we compute
the realized profit as in (3) with the observed duration
instead of the expected activation durations.

Product

RCM
POS
(100,10)
(225,10)

RCM
NEG
(25,10)
(250,10)

REM
REM
POS
NEG
00_04
(85,10)
(45,10)
04_08
(85,3);
(75,10)
(95,7)
08_12
(250,10) (250,10) (95,10)
(25,10)
12_16
(225,10) (250,10) (75,10)
(35,10)
16_20
(50,10)
(250,10) (85,10)
(35,10)
20_24
(25,10)
(250,10) (95,10)
(25,10)
Table 1: Example of the bidding structure (Price
[€/MWh], Quantity [MW]) for the 05/05/2021.
Overall, the optimization results show an average daily
profit of 14.084€ in the period from April to November
2021. For a more meaningful evaluation on the profits,
we distinguish the profits between positive and negative
products where an average realized profit of 1.483€
(POS) and 1.526€ (NEG) are made on the RCM and
10.790€ (POS) and 282€ (NEG) are made on the REM. In
Figure 3 the daily profits of the four markets are shown.
While the positive REM products are the main source of
profit on most days, all markets exhibit strong increase
5

in profit in October. This can be explained by an overall
higher level in electricity prices in this month (cf. [1]). The
distribution of the daily profits can also be seen in Figure
4. For all markets the profits can vary widely. For positive
capacity and energy products a profit is made on most
days. For the negative products the 25% quantile is near
zero. Given accurate estimations of the acceptance
probability in the RCM and the expected activation
duration, as well as an appropriate range of price levels
our bids should be optimal by definition. Therefore, we
do not compare them to other bidding schemes. Instead,
we compare the expected profits against the realized
profits. A high error in this comparison means, that
better schemes might be available while a low error hints
at optimality. Table 2 shows that the average expected
profit is reasonably close to the average realized profit
for the RCM. In the REM we are systematically
underestimating the possible profit in both for positive
and negative products, since we rely on a risk-averse
strategy here by optimizing against the worst-case
scenario as pointed out in the section above. In Table 3
the actual activated volumes on the REM are depicted.
We observed that the average daily activation differs
fundamentally between the positive and negative REM.
Whereas a mean volume of 93.63 MWh is activated on
the positive REM, only a mean volume of 6.49 MWh is
activated on the negative REM. This means, on average
the BSP gets activated for roughly 87 MWh every day at
a price of approx. 126€/MWh.
RCM RCM
REM
REM
POS
NEG
POS
NEG
Realized Profit 1.483 1.526
10.790 282
(avg) [€]
Expected Profit 1.608 1.493
9.380
249
(avg) [€]
Difference
-125 33
1.410
33
absolute
Difference %
-8%
+2%
+15%
+13%
Table 2: Realized and expected average daily profits in [€]
from 01/04/2021 to 30/10/2021 for both positive and
negative energy on the RCM and REM.
REM POS Volume REM NEG Volume
[MWh]
[MWh]
Mean
93.63
6.49
25% Quantile 73.6
0.22
50% Quantile 91.76
1.45
75% Quantile 114.77
5.77
Table 3: Activated volumes [MWh] for both positive and
negative energy on the REM and the corresponding
quantiles from 01/04/2021 - 30/10/2021.

Figure 3: Daily realized profits from 01/04/2021 30/10/2021 for both positive and negative energy on the
RCM and REM.

Figure 4: Boxplot of the daily profit distribution for RCM
and REM for negative and positive products.
4.

OUTLOOK
To harmonize national electricity balancing market
designs towards a more homogeneous European
structure, the European Commission has established
guidelines on electricity balancing in [4]. With a clear
objective to foster competition and to integrate the
balancing markets into a European landscape, the
ENTSO-E has launched the implementation project
PICASSO to establish the European platform to the
exchange of balancing of energy from aFRR [3]. The goal
of PICASSO is not only a new data platform, but also a
standardized market design for aFRR energy trading for
all PICASSO member states. A substantial modification in
the market design from a German perspective is the
change from 4-hour aFRR products to 15-min products.
Future research will incorporate these changes in market
design to compute new optimal bids. While this paper
6

focuses only on bids in the aFRR markets, the
opportunity cost of bidding in these markets instead of
the German intraday or the spot market needs to be
considered. Finding optimal bids in the day-ahead,
intraday and the aFRR market together is a natural
extension of our framework that we want to examine
next.
When we aim for a cross-market optimization of a
battery as mentioned in the introduction, the question
on the considered time horizon arises. In [6], it was
observed that a planning horizon of more than a week
yields better profits on the spot market. But, due to the
technical constraints, the battery cannot be imbalanced
over a longer period, i.e., it has to be in equilibrium
within a given time horizon. With this in mind, we
consider different time scales for these markets and
therefore need a way to price the battery level. This
should be done by incorporating expected future profits
as well as the technical battery constraints and will be
part of our future research.
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