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Featured Application: Operating an aggregation of heat pumps for market-based provision of
Frequency Containment Reserves.
Abstract: This study investigates the technical and financial potential of an aggregation of residential
heat pumps to deliver demand response (DR) services to the Dutch Frequency Containment Reserve
(FCR) market. To determine this potential, a quantitative model was developed to simulate a heat
pump switching process. The model utilizes historical frequency and heat pump data as input to
determine the optimal weekly bid size considering the regulations and fine regime of the FCR market.
These regulations are set by the Dutch Transmission System Operator (TSO). Two strategies were
defined that can be employed by an aggregator to select the optimal bid size; the ‘always available’
scenario and the ‘always reliable’ scenario. By using the availability and reliability as constraints in
the model, the effects of TSO regulations on the potential for FCR are accurately assessed. Results
show a significant difference in bid size and revenue of the strategies. In the ‘always available’
scenario, the average resultant bid size is 1.7 MW, resulting in €0.22 revenue per heat pump (0.5kWp )
per week. In the ‘always reliable’ scenario, the average resultant bid size is 7.9 MW, resulting in €1.00
revenue per heat pump per week on average in the period 03-10-2016–24-04-2017. This is based on a
simulation of 20,000 heat pumps with a total capacity of 1 MWp. Results show a large difference in
potential between the two strategies. Since the strategies are based on TSO-regulations and strategic
choices by the aggregator, both seem to have a strong influence on the financial potential of FCR
provision. In practice, this study informs organizations that provide FCR with knowledge about
different bidding strategies and their market impact.
Keywords: demand response; aggregator; heat pumps; FCR; frequency containment reserve; ancillary
services; smart grids

1. Introduction
With the transition towards a low-carbon energy supply system underway, the share of electricity
generated by renewable energy resources (RER) is likely to increase. In Europe, wind and solar
energy have the highest potential in terms of renewable electricity generation [1]. Wind and solar
energy resources are intermittent, as their availability depends on weather patterns [2]. To maintain
the system frequency within acceptable limits, electricity supply and demand needs to be balanced.
Traditionally, supply could be adjusted to match demand by dispatching fossil-fueled generators.
Given the transition towards renewable energy generation, the traditional electricity grid needs to
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be shifted towards the so-called smart grid notion, in which new technologies can be implemented
without jeopardizing grid reliability and efficiency, and which make the grid less environmentally
friendly [3]. A smart grid allows grid-elements which are only passively used in the current electricity
system to become actively involved in the provision of system services such as balancing activities [4].
An important aspect of smart grids is Demand Response (DR). Also known as a category of the general
term demand side management [5,6], Demand response is defined by [7] as ‘The process through which
final consumers (households or businesses) provide flexibility to the electricity system by voluntarily
changing their usual electricity consumption in reaction to price signals or to specific requests, while
at the same time benefiting from doing so’.
In the deregulated energy market, a consumer that takes an active role in energy generation
and/or provision of flexibility services is referred to as a prosumer [8,9]. For small consumers to
become prosumers by using their flexible load for financial or balancing purposes, a new role is needed
in the energy value chain: the role of aggregators. An aggregator is defined by [10] as ‘an intermediary
between small consumers and other players (e.g., the retailers, or distribution companies) in the system’
(pp.138). Aggregators bundle the flexibility of individual consumers or businesses into a portfolio
of devices that are either switched on or off, depending on grid stabilization requirements. In so
doing, aggregators enable smaller system users (consumers or producers) to participate indirectly
in the market through the provision of flexibility services, and to receive financial benefits in return.
An example of this is Direct Load Control (DLC), in which the aggregator directly controls a set of
appliances within the end-user’s premises [11].
Recent developments in the energy market liberalization process have created several
opportunities for aggregators for the provision of market-based products and services [12]. In the
Netherlands, short-term frequency deviations are balanced through the Frequency Containment
Reserve (FCR) market, also known as primary reserve [13]. In the FCR market, a bidding system
is applied in which parties offer a certain amount of flexible power that they can deliver whenever
necessary. In return, they receive financial compensation from the Transmission System Operator
(TSO) for the capacity they have offered. Given that FCR is important to system reliability, it must be
provided continuously, with an availability of 100% [14]. Not meeting the promised bid results in a
fine, which the DR-aggregator must pay to the TSO.
Aggregators need to construct their flexible portfolio of DR assets in such a way that it delivers
the promised amount of flexibility while meeting the prerequisites of the FCR market. With a given
portfolio, aggregators can choose how much flexibility they are willing to provide during the next
bidding period. Determining the bid size for each bidding period is a strategic process. If the aggregator
bids too low, revenue, and thus profit, can be suboptimal. On the other hand, if the aggregator bids
too high, the aggregator might be unable to deliver the flexibility, and thus risks a fine. The length of
the bidding period is country- and market-specific. When the bid size is determined, the aggregator
is bound to deliver that amount of flexibility during the complete bidding period, in response to
frequency deviations [13].
Many different technologies have the potential to operate as DR-assets, in the residential,
commercial and industrial sectors. An example is the residential heat pump. Heat pumps convert
electrical power into heat, used for heating households and supplying hot tap water, and thus, have
a fundamental role in efficient energy use in residential buildings [15]. Heat pumps show large
potential in abating CO2 emissions, and this is accelerated by increasing shares of renewable electricity
generation [16,17]. In contrast to gas-fired boilers, heat pumps are most efficient when operating at
low temperatures, and are therefore considered slow response heating systems [18]. This may be a
positive aspect from the perspective of switching them on or off in a DR event. Even though it is
widely recognized that heat pumps can be used as flexibility assets in DR-portfolios, their flexibility is
currently only rarely utilized [19].
Most research conducted in this field of study focusses on the technical performance of heat
pumps in providing flexibility [20–22]. However, no literature studies were found that investigate
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aggregator bidding process optimization strategies. Also, the potential financial revenues resulting
from offering flexibility on the Dutch FCR market using these strategies seem largely unknown.
Therefore, the scientific contribution of this work lies in:

•
•
•
•

Insights into the effects of potential aggregator bidding strategies that on the potential of FCR
An assessment of the economic potential of domestic heat pumps to deliver flexibility on the FCR
market. This potential is measured in revenue per household
The development of a quantitative model to assess the potential of FCR, and an explanation of
the model logic
A detailed assessment of the effects of TSO-regulation on the potential for FCR

This study aims to investigate the technical and economic potential for a portfolio of aggregated
residential heat pumps to provide flexibility on the Dutch FCR market. Economic potential is measured
by revenue generated from providing FCR, whereas technical potential is measured in terms of bid
capacity given technical constraints. In addition to the technical and economic potential, the effect of
fine regulations, i.e., fines for non-availability and inadequate response, is thoroughly investigated.
Two strategies are considered that the aggregator can apply to determine the weekly bid size:
the ‘always available’ strategy and the ‘always reliable’ strategy, both based on availability and/or
reliability. Both strategies, as well as the concepts of reliability and availability, are explained in the
method. In addition, an explanation is provided of how the model functions and how the results can
be interpreted.
The paper is structured as follows. The methodology section starts with an explanation of the
TSO-regulations, bidding strategies and model details. Information is then provided regarding data
processing and frequency analysis, followed by a detailed explanation and overview of the model
functionalities. The results section begins with the general model results. This is followed by an
analysis of reliability, availability and monetary flows, and an analysis of grid frequency. After the
discussion and conclusion section, the appendix provides more details regarding the TSO fine regime
and household availability.
2. Method
2.1. TenneT Fine Regime and Product Specifications
DR is limited by three regulatory factors: minimum bid size, minimum bid duration and binding
upward and downward bids [23]. The most important specifications for the Dutch FCR market are
described in Table 1 based on a document describing the product specifications.
Table 1. FCR product specifications [24]
Specification

Description

Value & Unit

Bidding period

The length of the period over which a bid is
placed. During this period, the bidding party
must always be able to deliver the amount of
flexibility that has been bid.

Weekly

Minimum bid size

The minimum bidding capacity. Bids with
lower capacities are not processed.

1 MW

FCR full-activation time

Within this time frame, the portfolio must be
fully activated (100% capacity). Due to the
5-min resolution of the data, the full activation
time is not taken into account in this study.

30 s

Insensitivity range

The range of frequency deviation to which the
response of the system is insensitive.

10 mHz

Full activation deviation

The maximum frequency deviation to which
the system must respond with full capacity.

100 mHz

Appl. Sci. 2019, 9, 590

4 of 17

In cases where the aggregator is not available or not able to respond adequately, the aggregator will
be fined by the TSO. Two types of fines are enforced in the Dutch FCR-market: fines for non-availability
(NA-fines) and fines for inadequate response (IR-fines) [25]. NA-fines are imposed when the available
flexible power is lower than the bid capacity. Hence, this fine can also be imposed when this
flexible power is not requested by the Distribution System Operator (DSO). In contrast, IR-fines
are only imposed when the aggregator does not respond adequately to a given frequency deviation.
A description of both fine regimes is provided in Appendix A—TenneT TSO Fine Regime, as specified
in a framework agreement concerning primary reserve [13].
2.2. Bidding Strategies
In this study, two different strategies are considered for determining how much capacity to bid on
the FCR market, i.e., the ‘always reliable’ strategy, and the ‘always available’ strategy. The ‘always
available’ strategy aims for perfect performance. It does so by determining bid size in such a way that
with a given portfolio consumption, the aggregator is always able to deliver 100% of the bid capacity in
both directions, at any frequency deviation. In so doing, the aggregator risks neither NA-, nor IR-fines.
The ‘always reliable’ strategy aims to deliver 100% service reliability by choosing a bid size in which
the portfolio has sufficient capacity to respond to the historical frequency deviations that are used
as input for the model. This strategy does not result in any IR-fines, since given the determined bid
size, the aggregator is able to respond to the historical frequency deviations. However, unlike the
‘always available’ strategy, this strategy will lead to NA-fines, since the aggregator is not always able
to respond correctly to a 100% frequency deviation. The ‘always reliable’ strategy can be considered a
low-risk strategy compared to the ‘always available’ strategy, since the chosen bid size, and therefore,
the revenue, is expected to be lower.
2.3. Model Details
For this study, a quantitative model has been developed in Python (V3.5.2, Anaconda version
4.2.0, 2016,) in which historical frequency and heat pump data are used to simulate a bid process.
Data from 33 households is used and scaled up to represent a portfolio of 20,000 heat pumps of
10 MW aggregated capacity with time-steps of 5 min Based on historical frequency measurements, the
required amount of flexibility for every 5-min interval was determined. By simulating the switching
of the heat pumps, the revenue and the fines were calculated for an iteratively increasing bid size.
This process was performed for every week, leading to weekly revenue, availability percentage and
reliability percentage.
2.4. Data Selection and Frequency Analysis
The data used for this study comes from Energiekoplopers, a Dutch Pilot project in
Heerhugowaard aimed at assessing the potential of flexibility in residential energy systems [26].
The total dataset that was available for this study consisted of 33 households containing a heat pump.
The heat pumps used were air-sourced heat pumps from the brand Inventum Ecolution Combi 50.
Their minimum electrical capacity was 5W and their maximum was 500W. From these heat pumps, data
presenting the power demand for the heat pump per 5 min was used for a period of 30 weeks, between
01-09-2016 and 01-05-2017. No data was available from the end of December until the beginning of
February. As a result of this missing data, an 8-week gap occurs in this period, leaving 22 weeks of
useful data (see Appendix B—Number of households per week).
Due to measurement errors during the pilot demonstration project, several data gaps occur in the
dataset and the start date and end date between when data is available varies strongly per household.
Since the bidding period as defined by TenneT is a week, the dataset was split into datafiles of one week.
Data points containing extreme outliers were excluded. In addition, when more than 60 consecutive
min. of heat pump data were missing, the data of that week were deleted for that heat pump. These

Appl. Sci. 2018, 8, x

4 of 16

than 60 consecutive min. of heat pump data were missing, the data of that week were deleted for that
heat pump. These research choices resulted in a relatively small, but reliable dataset. In order to
obtain a viable portfolio size of 10 MW, the number of households was scaled up to 20,000 for every
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loop and continues to the next 5-min interval. In Figure 1, this process is illustrated.

Figure 1. Switching process, aiming to determine whether an IR-event occurs in a 5-min interval.

Figure 1. Switching process, aiming to determine whether an IR-event occurs in a 5-minute interval.

The RFP can be calculated by dividing the frequency deviation (Factual – Ftarget ) by the Full
Activation Deviation (FAD) and multiplying it with the bid size:
RFP(t) = Bidsize ∗

Factual − Ftarget
FAD

(1)

The RFP can be calculated by dividing the frequency deviation (Factual – Ftarget) by the Full
Activation Deviation (FAD) and multiplying it with the bid size:
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Figure 2. Portfolio activation as a response to frequency.

The main drawback of using heat pumps for DR-purposes lies in the constraints of the end-users
The main drawback of using heat pumps for DR-purposes lies in the constraints of the end-users
that require a room temperature that is comfortable to live in [27]. In the model, this constraint is
that require a room temperature that is comfortable to live in [27].[ In the model, this constraint is
implemented in a simplified way by implementing a maximum switch time, thereby limiting the
implemented in a simplified way by implementing a maximum switch time, thereby limiting the time
time that the heat pumps can be switched for. To enforce this principle, an availability-module is
that the heat pumps can be switched for. To enforce this principle, an availability-module is
implemented into the model that limits the heat pump’s availability for switching to a maximum of
implemented into the model that limits the heat pump’s availability for switching to a maximum of
15 min at a time. In this module, the availability status of every heat pump is stored. Heat pump
15 min at a time. In this module, the availability status of every heat pump is stored. Heat pump
availability in both directions will be stored in a data frame. The availability module works with a
availability in both directions will be stored in a data frame. The availability module works with a
value for availability that is checked and updated for every 5-min interval in the model.
value for availability that is checked and updated for every 5-minute interval in the model.
When the heat pump is switched, 5 min are added to the (positive) value of heat pump availability
When the heat pump is switched, 5 min are added to the (positive) value of heat pump
for that household at that moment. When the heat pump is not switched while it is non-active
availability for that household at that moment. When the heat pump is not switched while it is non(availability < 0), 5 min are added to the availability, making it less negative. When the availability
active (availability < 0), 5 min are added to the availability, making it less negative. When the
changes
from
a
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availability changes from −5 to 0, the heat pump will be available for switching again. Only heat
value of availability that is equal to 0 or positive can be switched. This process is illustrated in Figure 3.
pumps with a value of availability that is equal to 0 or positive can be switched. This process is
illustrated in Figure 3.

Figure 3. The process of updating availability of the heat pump, after the heat pump is switched or not.

Figure 3. The process of updating availability of the heat pump, after the heat pump is switched or
not.

To select heat pumps that should be switched first, heat pumps are divided in two categories:
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To select heat pumps that should be switched first, heat pumps are divided in two categories:
1.
2.

Heat pumps with HP-availability > 0: these were switched in the previous timestamp but are still
available. Switching these heat pumps first is most efficient.
Heat pumps with HP-availability = 0: these are available and were not switched in the previous
timestamp. These should be switched when no category 1 heat pumps are available.

To find the heat pump that should be switched, the model first iterates over the category 1 heat
pumps. If no available heat pumps exist within this group, the model will start iterating over the
category 2 heat pumps. Within both groups, the algorithm looks for the heat pump that has the highest
contribution of flexibility related to the RFP. It calculates the absolute difference between AFP and RFP
for every heat pump. The heat pump with the highest flexibility potential will be selected as the heat
pump to be switched.
2.6. Determining Bid Size and Associated/Potential Revenues
To obtain the bid size and revenue for both strategies, the model iterates over an increasing bid
size, obtaining the reliability and availability for each iteration. When the reliability drops below 100%,
the ‘always reliable’ bid size is selected as the bid size in the previous iteration. The ‘always available’
strategy bid size is determined in the same manner. For the main results, the bid size is increased in
steps of 100 kW, starting with a minimum bid size of 100 kW. A relatively small bid size step provides
high accuracy, resulting in smooth graphs and accurate results.
The revenue is based on the FCR price, expressed in €/MW/week. These prices are received from
ENTSO-E (2018) and differ per week. They are based on the highest bid price in the given period.
Therefore, in this study, it is assumed that the bid price equals the FCR price. In the period that
is relevant for this study, prices range from €1936.77/MW/week to €3354.80/MW/week, with an
average of €2559.49/MW/week. The revenue per week can be calculated by:
Revenueweek( x) = Bidsize ∗ FCRprice

(2)

2.7. Model Overview
In Figure 4, a visualization of the model is presented. The input for the model consists of the raw
heat pump data, the raw frequency data, FCR product specifications and comfort constraints of the
households. This input forms the basis for the AFP, RFP and heat pump availability, which are used for
the switching process. When the switching process is repeated for every 5-min interval in the model,
the availability and reliability are determined for the given bid size. The model starts with a low bid
size, while iteratively increasing it until both the reliability and availability drop below 100%. The bid
size at which the availability first drops below 100% was the bid size for the ‘always available’ strategy,
whereas the bid size at which the reliability first drops below 100% was the bid size for the ‘always
reliable’ strategy. Both revenues can be calculated based on the bid size.

for the switching process. When the switching process is repeated for every 5-minute interval in the
model, the availability and reliability are determined for the given bid size. The model starts with a
low bid size, while iteratively increasing it until both the reliability and availability drop below 100%.
The bid size at which the availability first drops below 100% was the bid size for the ‘always available’
strategy, whereas the bid size at which the reliability first drops below 100% was the bid size for the
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Figure
Figure 4.
4. Model
Model visualization.
visualization.

3. Results
3. Results
3.1. General Results, a Comparison between both Strategies
3.1. General Results, a Comparison between both Strategies
By using the ‘always available’ strategy, the aggregator successfully aims for a bid size that
By using the ‘always available’ strategy, the aggregator successfully aims for a bid size that
results in zero fines. As a result, both the availability percentage as well as the reliability are 100%.
results
in zero fines. As a result, both the availability percentage as well as the reliability are 100%.
This strategy yields a lower bid size and revenue compared to the ‘always reliable’ strategy. With this
This strategy yields a lower bid size and revenue compared to the ‘always reliable’ strategy. With
strategy, a total of €96,114 can be earned, with an average bid size of 1.7 MW. With the ‘always reliable’
this strategy, a total of €96,114 can be earned, with an average bid size of 1.7 MW. With the ‘always
strategy, the total revenue is €438,318 with an average bid size of 7.9 MW. However, even though the
reliable’ strategy, the total revenue is €438,318 with an average bid size of 7.9 MW. However, even
aggregator was able to respond correctly to given frequency deviations, the low availability of only
though the aggregator was able to respond correctly to given frequency deviations, the low
9% that results from this strategy leads to €2,220,398 fines for non-availability. In Tables 2 and 3, an
availability of only 9% that results from this strategy leads to €2,220,398 fines for non-availability. In
overview is presented of the main results for both strategies.
Tables 2 and 3, an overview is presented of the main results for both strategies.
Table 2. Results for the ‘always available’ strategy.
Table 2. Results for the ‘always available’ strategy.
Bid Size (MW)

Revenue (€/week)

Revenue/Household

Availability (%)
(€/week)
Revenue/Household
AvailabilityNA-Fines
NA-Fines
(€/week/household)
(€/week/household)
(€/week)
€0.03
100% (%)
€€0.03
100%
€0.11
100%
€- €€0.11
€0.12
100%100%
€- €€0.12
100%
€0.21
100%
€- €€0.21
€0.19
100%100%
€- €€0.19
100%
€0.35
100%
€- €€0.35
€0.36
100%100%
€- €€0.36
100%
€0.34
100%
€- €-

week01
week02
week02
week03
week03
week04
week04
week05
week05
week06
week06
week07
week07
week08

Bid Size
(MW)
0.3
1.0 0.3
1.0 1.0
1.7 1.0
1.5 1.7
2.9 1.5
3.1 2.9
2.9 3.1

Revenue
€648,- (€/week)
€648,€2190,€2,190,€2350,€2,350,€4148,€4,148,€3840,€3,840,€6960,€6,960,€7192,€7,192,€6873,-

week09

3.0

€7170,-

€0.36

100%

€-

week10

3.0

€7380,-

€0.37

100%

€-

week11

2.6

€6266,-

€0.31

100%

€-

week20

2.9

€8410,-

€0.42

100%

€-

week21

1.6

€5136,-

€0.26

100%

€-

week01
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Table 2. Cont.
Bid Size (MW)

Revenue (€/week)

Revenue/Household
(€/week/household)

Availability (%)

NA-Fines (€/week)

week22

1.4

€4340,-

€0.22

100%

€-

week23

1.1

€3300,-

€0.17

100%

€-

week24

1.3

€3718,-

€0.19

100%

€-

week25

2.0

€5320,-

€0.27

100%

€-

week26

0.4

€964,-

€0.05

100%

€-

week27

0.8

€1760,-

€0.09

100%

€-

week28

1.4

€2954,-

€0.15

100%

€-

week29

2.3

€4968,-

€0.25

100%

€-

week30

0.1

€227,-

€0.01

100%

€-

1.7

€4368,-

€0.22

100%

€-

€96,114,-

€4.81

N/A

€-

Average
Total

N/A

Table 3. Results for the ‘always reliable’ strategy.

week01
week02
week03
week04
week05
week06
week07
week08
week09
week10
week11
week20
week21
week22
week23
week24
week25
week26
week27
week28
week29
week30
Average
Total

Bid Size (MW)

Revenue (€/week)

Revenue/Household
(€/household/week)

Availability (%)

NA-fines (€/week)

1.8
5.7
5.8
8.8
7.0
11.2
11.3
11.6
10.4
11.2
8.5
11.9
9.8
10.1
4.9
7.3
7.0
3.7
3.1
8.2
9.8
4.3
7.9
N/A

€3888,€12,483,€13,630,€21,472,€17,920,€26,880,€26,216,€27,492,€24,856,€27,552,€20,485,€34,510,€31,458,€31,310,€14,700,€20,878,€18,620,€8917,€6820,€17,302,€21,168,€9761,€19,923,€438,318,-

€0.19
€0.62
€0.68
€1.07
€0.90
€1.34
€1.31
€1.37
€1.24
€1.38
€1.02
€1.73
€1.57
€1.57
€0.74
€1.04
€0.93
€0.45
€0.34
€0.87
€1.06
€0.49
€1.00
€21.92

61%
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%
5%
0%
0%
36%
53%
0%
0%
46%
9%
N/A

€5025,€41,921,€59,075,€120,521,€81,932,€163,223,€160,418,€170,114,€142,704,€167,152,€99,575,€216,253,€179,374,€183,240,€14,330,€90,664,€81,174,€16,668,€8252,€91,692,€118,667,€8423,€100,927,€2,220,399,-

3.2. Reliability and Availability, Monetary Flows and upper and lower Boundaries to Power Consumption
The upper and lower boundaries are calculated by the methods explained in Section 2.5. When the
upper and lower boundaries are exceeded by the power consumption, NA-fines occur, since the
portfolio is not able to deliver the capacity required according to the corresponding bid size. This
does not happen, since the bid size is chosen so that no fines will occur, leading to an availability of
100% with the ‘always reliable’ strategy. This is illustrated in Figure 5. The reliable bid size is therefore
limited by the most extreme (upper or lower) values of the power consumption.

limited by the most extreme (upper or lower) values of the power consumption.
When the bid size exceeds half the portfolio capacity (5 MW), the lower boundary will become
larger than the upper boundary, making it impossible for the portfolio to remain between the
boundaries and deliver the required flexibility. In these cases, the availability drops to 0%, which
results
in NA-fines
for every measurement. Since the boundaries resulting from the ‘always available’
Appl.
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strategy are extreme, they are not displayed in Figure 5.

Figure 5. Power consumption (blue line) of the portfolio and boundaries (red dotted lines) at the
Figurebid
5. size
Power
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reliable
of 3.1
MW.
reliable bid size of 3.1 MW.
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of the portfolio
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whereas the reliability represents the fraction of the week in which
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frequencydropping
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size
of
3.1
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0%
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a
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5.0
MW.
Availability
reduction
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0%
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a
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between portfolio availability and reliability is that the reliability is strongly influenced by the frequency
5.0 RFP,
MW whereas
is explained
by the fact
that the portfolio
not be able
to power
deliverconsumption
100% flexibility
on a
and
the portfolio
availability
is solely will
dependent
on the
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symmetrical
market
when the bid size exceeds half the maximum capacity. Therefore, in the model,
portfolio
and the
bid size.
the Figure
availability
is aalways
reduced in
toavailability,
0% when the
bid size
exceeds
5.0 MW. Inatcontrast
the
6 shows
steep decrease
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from
100% availability
a reliabletobid
availability,
the
will not
0%.ofEven
at extremely
highreduction
bid sizes, to
when
theafrequency
size
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toreliability
0% availability
atdrop
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Availability
0% at
bid size
50 MW
Hz, zero
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of frequency
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is discussed
Section to
3.3.the availability,
availability
is Prevalence
always reduced
to 0% when
the bidoccurrence
size exceeds
5.0 MW. Inincontrast
the reliability will not drop to 0%. Even at extremely high bid sizes, when the frequency is 50 Hz, zero
flexibility is required, and the portfolio is still able to respond correctly. This frequency-dependency is
the main reason that the reliability shows a less-steep decline compared to the availability. Prevalence
of frequency deviation occurrence is discussed in Section 3.3.
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Figure 6. Availability and reliability against the bid size.
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the original dataset, the effect of the actual resampling method on the main results is considered
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4. Discussion
Results show that availability is a stronger limiting factor to bid size and revenue than reliability.
To make this effect visible, an ‘always reliable’ strategy was implemented, in which 100% availability
was not a prerequisite. With this strategy, NA-fines were calculated, but did not affect the bid size and
revenue. The NA-fines were displayed to give insights into the fines that would result if the aggregator
would apply this strategy. Given the high risk of fines, the ‘always reliable’ strategy does not seem
realistic to apply in practice. However, implementing it in the model shows that it is difficult for the
TSO to apply NA-fines in practice. For the ‘always reliable’ strategy to be implemented successfully, a
perfect knowledge about frequency deviations is required. In practice, prediction algorithms might
make a rough estimation of the frequency deviations, but perfect knowledge about the frequency
deviations one week in advance is not feasible. Therefore, selecting a bid size with the ‘always reliable’
strategy is merely a theoretical concept.
An important factor when switching heating systems for DR is that the comfort of households
should not be jeopardized. Ideally, the effect of heat pump switching on household temperature should
be included in the model by simulating household temperature. However, the dataset lacked the
information required to perform this kind of analysis. Therefore, instead of temperature boundaries, a
limit was set in this model on the length of time that heat pumps could be continuously switched. This
limit was set to 15 min, after which a period of non-availability was implemented. During this period,
the power consumption of the heat pump follows the baseline, as it would without any interference of
a third-party aggregator.
An important factor for discussion in this study is the low data quality and availability resulting
in many gaps and periods with irregular values. According to the method described, these gaps
and constant values were either filled or filtered out, resulting in a small but reliable sample of data.
Part of the data was excluded, decreasing the amount of viable data. Eight weeks of data were
missing in December and January, usually the coldest months with the highest heating potential,
which might lead to a slight underestimation of the potential for FCR. To correct for the small sample
size, the portfolio of households has been scaled up to mimic a larger portfolio. By doing so, data
has been duplicated to generate a 10 MW portfolio. This process might influence the results of this
study, since these duplication methods lead to multiple heat pumps with the same fluctuation. In
practice, 20,000 heat pumps, each with a unique baseline, will generate a more stable baseline when
combined. With the frequency data, these problems did not occur. Certain research design choices were
implemented to provide a reliable but rather conservative estimation of the economic and technical
potential of residential heat pumps in the Dutch FCR market. This was due to the implications of
the data availability and quality originating from this early pilot demonstration project. The main
contribution of this paper is the proposed framework and the method and logic behind the model,
which can be replicated for similar studies.
Another factor that may influence the outcome of this study is the resolution of the dataset.
The household data was provided on a 5-min basis, whereas the frequency data was provided on a
10-second basis. In order to reduce the complexity of the model, the 5-min resolution was used as the
model resolution. The frequency data was therefore down sampled from 10 s. to 5 min by using the
methods described in Section 2.4
As a consequence, short term frequency deviations (within a 5-min time framework) could not be
taken into account. For this reason, the FCR specification of 30 s response time could not be taken into
account either.
TSO-regulation on what is considered an IR-event or NA-event is ambiguous. Therefore, in this
research, an IR-event is defined as one 5-min interval in which the aggregator was unable to respond
correctly. An NA-event is defined as one 5-min interval in which the portfolio has insufficient capacity
to respond to an extreme (100% portfolio activation) deviation. In addition, the model holds the
assumption that an IR-event or NA-event will lead to a fine in all cases. In practice, this might not be
the case, since TSOs do not have the capacity to assess and verify every IR- or NA-event and respond
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accurately according to the fine regime. With an increasing participation of decentralized small assets
in ancillary services markets, it would require automated verification methods to support the financial
settlement. To obtain more accurate results, more specific information regarding TSO-regulation is
required, as well as a higher resolution and quality of the dataset.
5. Conclusions and Recommendations for Further Research
5.1. Conclusions
The main research question concerned the technical potential, and the economic potential of heat
pumps to deliver ancillary services in the Dutch FCR market. The results show that both the technical
and economic potential depend strongly on the bid strategy; the revenue resulting from this study is
€0.22 per household per week in the ‘always available’ strategy, versus €1.00 per household per week
in the ‘always reliable’ strategy. Bid sizes vary from 1.7 MW with the ‘always available’ strategy to 3.1
MW with the ‘always reliable’ strategy.
The significant difference in potential between the two strategies shows that availability is a
stronger limiting factor to the potential for FCR than reliability. Table 3 shows that punishments for
not being available to respond correctly to extreme frequency deviations are severe, even though these
extreme frequency deviations seldom occur. It might be worthwhile reassessing the structure of the
markets for ancillary services to investigate whether more flexibility could be unlocked.
Even though the results show that a considerable amount of revenue could be generated, and
flexibility could be delivered, this has to be divided among 20,000 households. In order to make such
a project economically feasible, marginal costs per household need to be kept extremely low. This
would be challenging for any aggregator. However, the households in this model were equipped
with small heat pump systems that have a peak power of only 0.5 kW. Households with larger heat
pumps will be able to deliver more flexibility, thereby lowering the number of households, and
thus leading to lower costs. By focusing on projects with high-capacity heat pumps, the number of
households, and therefore the investment costs, can be reduced, whilst different revenue streams could
be explored; for example, operating on different balancing markets or enhancing self-consumption of
photovoltaic-generated electricity.
Since a strong correlation exists between outside temperature and heat pump capacity, the
potential to deliver flexibility with heat pumps is strongly dependent on season. Results show
that with the case study portfolio, 71% of the IR-events were IR-down events, which indicates that
downward flexibility is a limiting factor in delivering FCR.
5.2. Recommendations for Further Research
In order to obtain more accurate results, a dataset of higher quality is required. With such a dataset,
the effect of heat pump power consumption on room temperature can be estimated. With this effect
known, households and their temperature behavior could be simulated, mimicking a real-life situation
with high accuracy. In so doing, the maximum switch time, non-activity time and compensation
algorithm would not be needed. An alternative solution to this approach would be to create a
thermodynamic model that simulates household behavior based on insulation values and outside
temperature. A sensitivity analysis could investigate the effects of the maximum switching time,
non-availability factor and several FCR product specifications on the potential for FCR. The product
specifications could be included in the sensitivity analysis to investigate the effect of TSO-regulation
on the bidding strategies of aggregator parties. This would require cooperation between the TSO and
the aggregator to clearly design the detailed regulations.
Results show that NA-fines comprise of a stronger limiting factor to the bid size and revenue
compared to IR-fines. In practice, this means that the aggregator receives high fines for inability to
deliver 100% flexibility, while this situation seldom occurs. Further research should aim to investigate
the quality and potential of FCR by DR with a different regulation structure.
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The scope of this study lies in the potential for residential heat pumps to offer flexibility on the
FCR market. Further research could be performed by extending the model to operate on other markets
or other technologies as well. In the Netherlands, the model could be extended to secondary or tertiary
reserves, other technologies and the effect of combining different technologies on other markets.
Eventually, comparisons could be made between countries and their regulations to determine how
the balancing system can be optimized at the European level. The model can be used in a predictive
manner, with a given portfolio, to predict in which markets the most profits can be achieved.
In this study, a portfolio is used consisting solely of residential heat pumps. In practice, given
the high seasonal dependency and the fact that combining heat pumps with other DR-assets will
increase the potential for FCR, it is unlikely that an aggregator will bid on the FCR market with a
portfolio consisting solely of heat pumps. Future research may focus on combining the heat pumps in
an integrated DR portfolio, thereby increasing the overall potential.
Author Contributions: J.P. developed the model and performed the experiments. J.P., I.L., W.S. and W.v.S. together
defined the problem, formulated the research goal, revised the model, analyzed the results and wrote the paper.
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work has received funding in the framework of the joint programming initiative ERA-Net Smart Grids Plus as
part of the CESEPS project.
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Appendix A. —TenneT TSO Fine Regime
To calculate the magnitude of the IR- and NA-fines, regulations that are described in a framework
agreement concerning primary reserve are used [13]. In article 8, section 3.A of the framework
agreement, the fine regime for NA-fines is described as follows:
‘In the event of Non-Availability, supplier owes TenneT a Non-Availability Payment in proportion
to the relevant Non-Availability period (which is rounded up to whole hours). The amount of the
payment is calculated as follows: (10 × bid price × volume non-available power = Non-Availability
payment). The bid awarded to supplier for the relevant period of the supply contract with the highest
bid price is used as bid price.’
In article 9, section 1 of the framework agreement, the fine regime for IR-fines is described
as follows:
‘For each event where a power change (∆P) of a technical unit is demonstrably (graph) insufficient:
deduction of one 24-h period payment (= sum of the awarded bids to the supplier for the week in
question), in proportion with the primary reserve which is reserved for the technical unit in question
(from allocation message of supplier). For every supply contract, the compensation for inadequate
response by supplier to TenneT is maximized at 3 times the sum of the awarded bids to supplier for
the week in question.’
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Appendix B. —Number of Households per Week
Week Number

From

To

Households

Without Gaps

Deleted

1

3-10-2016

10-10-2016

22

21

1

2

10-10-2016

17-10-2016

20

20

0

3

17-10-2016

24-10-2016

22

19

3

4

24-10-2016

31-10-2016

23

23

0

5

31-10-2016

7-11-2016

19

18

1

6

7-11-2016

14-11-2016

19

19

0

7

14-11-2016

21-11-2016

24

24

0

8

21-11-2016

28-11-2016

23

22

1

9

28-11-2016

5-12-2016

21

21

0

10

5-12-2016

12-12-2016

22

19

3

11

12-12-2016

19-12-2016

21

20

1

12

19-12-2016

26-12-2016

21

0

21

13

26-12-2016

2-1-2017

0

0

0

14

2-1-2017

9-1-2017

0

0

0

15

9-1-2017

16-1-2017

0

0

0

16

16-1-2017

23-1-2017

0

0

0

17

23-1-2017

30-1-2017

0

0

0

18

30-1-2017

6-2-2017

0

0

0

19

6-2-2017

13-2-2017

13

0

13

20

13-2-2017

20-2-2017

16

16

0

21

20-2-2017

27-2-2017

16

16

0

22

27-2-2017

6-3-2017

15

13

2

23

6-3-2017

13-3-2017

19

17

2

24

13-3-2017

20-3-2017

20

19

1

25

20-3-2017

27-3-2017

19

16

3

26

27-3-2017

3-4-2017

19

19

0

27

3-4-2017

10-4-2017

22

17

5

28

10-4-2017

17-4-2017

22

20

2

29

17-4-2017

24-4-2017

23

22

1

30

24-4-2017

1-5-2017

19

19

0

480

420

60

Total
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Ploskić, A.; Wang, Q.; Sadrizadeh, S. Mapping relevant parameters for efficient operation of low-temperature
heating systems in Nordic. Appl. Sci. 2018, 8, 1973. [CrossRef]
Li, X.; Wu, W.; Zhang, X.; Shi, W.; Wang, B. Energy saving potential of low temperature hot water system
based on air source absorption heat pump. Appl. Therm. Eng. 2012, 48, 317–324. [CrossRef]
Fischer, D.; Wolf, T.; Triebel, M. Flexibility of Heat Pump Pools: The Use of SG-Ready from an Aggregator’s
Perspective. In Proceedings of the 12th IEA Heat Pump Conference 2017, Rotterdam, The Netherlands, 15–18
May 2017.
Bhatarai, B.P.; Bak-Jensen, B.; Pilai, J.R.; Maier, M. Demand flexibility from residential heat pump. In
Proceedings of the 2014 IEEE PES General Meeting | Conference & Exposition, National Harbor, MD, USA,
27–31 July 2014.
Hong, J.; Johnstone, C.; Torriti, J.; Leach, M. Discrete demand side control performance under dynamic
building simulation: A heat pump application. Renew. Energy 2012, 39, 85–95. [CrossRef]
Fischer, D.; Madani, H. On heat pumps in smart grids: A review. Renew. Sustain. Energy Rev. 2017, 70,
342–357. [CrossRef]
Koliou, E.; Eid, C.; Chaves-Avila, J.; Hakvoort, R. Demand response in liberalized electricity markets:
Analysis of aggregated load participation in the German balancing mechanism. Energy 2014, 71, 245–254.
[CrossRef]

Appl. Sci. 2019, 9, 590

24.

25.

26.
27.

17 of 17

TenneT. Productspecificatie FCR. 2015. Available online: https://www.tennet.eu/fileadmin/user_upload/
Company/News/Dutch/2016/productspecificatie_FCR_-_Europese_System_Operation_Guideline.pdf
(accessed on 16 February 2018).
Energie Nederland. Response to the ENTSO-E Consultation on “FCR Cooperation” Potential Market Design
Evolutions. Available online: http://www.energie-nederland.nl/app/uploads/2017/02/E-NL-responseFCR-consultation-final.pdf (accessed on 16 December 2018).
Energiekoplopers. Eindrapport van EnergieKoplopers Fase 1 (2015–2016). Available online: https://www.
energiekoplopers.nl/ (accessed on 14 November 2017).
Parkinson, S.; Wang, D.; Crawford, C.; Djilali, N. Comfort-constrained distributed heat pump management.
Energy Procedia 2011, 12, 849–855. [CrossRef]
© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

