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 a b s t r a c t

As the share of electricity generation from non-dispatchable sources like wind and photovoltaics grows, so does 
the need for active grid stabilization. For this purpose, we use aggregated heat pumps in buildings as a virtual 
power plant. Unlike other technologies used to stabilize the grid, such as pumped hydro or natural gas power 
plants, the aggregation of buildings is not hindered by geography, nor does it incur any additional strain on the 
environment. However, a large number of buildings is required to reach a substantial level of deployable power. 
The right trade-off between cost and performance in the aggregation method is essential to be competitive with 
the more established technologies in this field. To this end, we evaluate simple and complex frameworks for 
frequency control with a simulated cluster of 1000 buildings, based on real data, and estimate their respective 
cost-effectiveness. The most complex methods, using full data access and bi-level optimization, yield the highest 
total flexibility provided and the lowest tracking error. However, the lower system costs of the less complex 
methods, relying on limited data and simplified formulations of the optimization problem, outweigh their inferior 
performance in terms of expected profitability. With the assumed tariffs, we only expect a net profit when using 
the more cost-effective methods with large buildings. To achieve profitability with small buildings within the 
specifics of our simulations, the remunerations would have to increase by a factor of two to seven.

1.  Introduction

To prevent system failure in the electric grid, a fine balance between 
production and consumption must be maintained, most commonly by 
adjusting the production to match the consumption. In case of a power 
deficit or surplus, the grid operator requests certain power plants, which 
are contracted for this purpose, to increase or decrease their power pro-
duction. However, this becomes more challenging as the share of non-
dispatchable electricity generation from wind and photovoltaics grows 
[1–3]. At the same time, the most well-suited power plants for variable 
generation face an uncertain future: Natural gas peaker plants are meant 
to be phased out under many countries carbon emission reduction goals 
[4,5]. Large hydropower plants can only be built in a few suitable loca-
tions, and may be increasingly hindered by droughts in the future [6,7]. 
Lastly, the currently existing battery technologies suitable for grid stor-
age are expensive [8], and require rare materials with vulnerable supply 
chains [9].

On the other hand, it is also possible to align consumption with pro-
duction in a similar manner. This is known as demand response and can 
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be broadly classified into two groups [10]: In price-based programs, the 
utility provider charges higher tariffs during times of high demand or 
low supply, but it is left to the consumers to shift their consumption ac-
cordingly. This can be done with a fixed schedule (time-of-use, TOU) or 
dynamically (real-time pricing, RTP). In incentive-based programs, the 
consumers agree to follow a direct request from the provider to increase 
or decrease their consumption. They are paid for providing this service, 
or penalized if they fail to do so. The advantage of price-based programs 
is that they are easier to implement technologically and legally. The 
advantage of incentive-based programs is that they allow a more con-
trollable modulation of the consumption. Naturally, demand response 
requires consumption with substantial flexibility in its scheduling.

One such category of consumption is the heating and cooling of 
buildings with electric heat pumps and chillers. Buildings account for 
around a third of the total primary energy consumption in developed 
countries, with roughly half of it being used for heating and cooling 
[11–15], resulting in around 15% of the total primary energy being 
used for heating and cooling of buildings. Almost all cooling is provided 
by electric chillers [16,17], and electric heat pumps are becoming the
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Nomenclature

𝑎 AGC signal
𝐴 state matrix
𝑏 binary activation variable
𝐵 control matrix
𝐶 observation matrix
𝐼 radiation
𝑗 scenario
𝑘 discrete time step
𝑀 number of scenarios
𝑁 prediction horizon
𝑃 power
𝑅 flexibility envelope
𝑇 temperature
𝑢 control variable for building
𝜇 control variable for cluster
𝑣 disturbance scenario
𝑤 weather/disturbance
𝑥 system state of building
𝑦 observed variable
𝛾 flexibility band (one sided)
𝜒 dystem state of cluster
AGC automatic generation control
ARX autoregressive model with exogenous inputs
CHF Swiss franc
HVAC heating, ventilation & air conditioning
MPC model predictive control
TCL thermostatically controlled load

predominant method of heating in many countries [18,19], electrify-
ing this segment of consumption as well. This large energetic volume1 
is usually complemented by substantial temporal flexibility2 stemming 
from the buildings’ thermal inertia. The usable flexibility of an indi-
vidual building depends strongly on the construction style and HVAC 
system. Typical time constants for the indoor temperature may range 
from 10min to 20min for forced-air, 30min to 120min for wall-mounted 
radiators, and 2 h to 8 h for radiant slabs.

When buildings are used for demand response, they are often aggre-
gated in large numbers to average out individual tracking errors, since 
HVAC equipment is limited in its ability to modulate power consumption 
accurately, and to address grid operators’ unwillingness to engage with 
a large number of small consumers individually. The electric power of 
heat pumps and chillers in buildings typically ranges from a few kW for 
single-family houses to hundreds of kW for large commercial buildings, 
as opposed to power plants typically ranging from hundreds of MW to 
a few GW. From the many methods to aggregate buildings for demand 
response in the existing literature [20–22], we outline three major cat-
egories that will be invoked later in this paper: The most simple ap-
proach is to control each building individually and only aggregate them 
in terms of accounting. The algorithms are thus the same as for control-
ling one building only, which has been thoroughly studied [23]. To pro-
vide some specific examples relevant to this paper, reference [24] uses 
data-driven models of multiple rooms in an office building to conduct 
a series of short-term experiments. Reference [25] evaluates an adap-
tive system identification framework to account for seasonal changes in 
a longer-term simulation study with a residential building. Reference 
[26] demonstrates an adaptive direct data-driven approach in a series 
of experiments on an isolated classroom building.

1 Total electric energy consumption of the relevant systems over the relevant 
time period.
2 Ability to reschedule energy consumption in terms of an earth mover’s dis-

tance.

On the other hand, there are methods based on flexibility envelopes, 
whose properties are well-suited for aggregated control frameworks. 
Different definitions of flexibility envelopes exist, from a set of feasi-
ble power trajectories through energy bounds [27], or time-based fea-
sible power shifts [27–29], to feasible power augmentations for fixed 
time [30]. The commonality between the different types is that they are 
primarily used for flexibility quantification rather than direct control, 
e.g., [28] uses an MPC formulation to control a building with its appli-
ances while reporting the envelopes to the system operator, and [31] 
presents a new way to consider uncertainty in the envelope prediction. 
Here, we follow the approach of [30] by computing individual flexibil-
ity envelopes and using them for the aggregated dispatch of flexibility 
requests.

Lastly, we introduce the category of thermostatically controlled 
loads (TCL), a defining feature of which is the indirect control of a de-
vice’s electricity consumption via thermostat setpoints, hence the name. 
Examples may include refrigerators, freezers, air-conditioning units and 
heat pumps, the latter being the focus of our work. The key advantage 
of this indirect control is the ability to manipulate a device’s electric-
ity consumption while leaving the local low-level control in place. The 
key disadvantage is the uncertainty of the device’s response stemming 
from said low-level controller. Despite this, the feasibility of using TCLs 
for demand response with a variety of control methods has been well-
established [32,33]. The latter reports challenges when using TCLs for 
frequency control on a sub-minute time scale, which is faster than the 
time steps used by us. Furthermore, we take previously raised concerns 
regarding privacy and thermal comfort [34] into account by introduc-
ing a supervisory control framework using only aggregated data. While 
many more approaches to building aggregation exist, we restrict the 
scope of this paper to the ones discussed above.

Beyond the control algorithms per se, a meta-review of the literature 
[10,35–40] has revealed a number of more contextual topics that merit 
further investigation, two of which we address in this study: (1) The de-
sign of reliable and deployable hardware (sensors, communication, etc.) 
to harness buildings for demand response. (2) The evaluation of the cost 
effectiveness and energy efficiency of using buildings for demand re-
sponse. To this end, we simulate incentive-based demand response with 
a cluster of 1000 buildings with heat pumps. The building models are 
based on real-world operational data, detailed in Section 2.1. The de-
mand response scheme is based on secondary frequency control in the 
Swiss national grid. The operation of the heat pumps is shifted within 
a flexibility band around a baseline, as shown in Section 2.2. The two 
core research questions of this study are: (1) Can more complex control 
frameworks deliver better performance for frequency control, compared 
to simpler alternatives? (2) If so, does the improved performance jus-
tify the higher expected system costs? Correspondingly, we introduce 
four different frameworks in Sections 2.4–2.7, ranging from the upper 
to the lower end of a reasonable spectrum of complexity, as we judged 
it. Section 3 compares the results in terms of the amount of load shifting 
provided, as well as their tracking errors. Furthermore, we provide cost 
estimates for each variant to evaluate their respective cost-effectiveness, 
and gain insights into the marginal benefits of the more complex, i.e. 
more expensive, control frameworks. Section 4 discusses the limitations 
of our study, before final conclusions are drawn in Section 5.

2.  Methodology

2.1.  Building cluster model

In a series of selection steps, 1000 buildings are selected from an ini-
tial dataset of almost 60 000, identified from donated real-world opera-
tional data in [41]. The authors of the original paper fit linear gray-box 
models with one to five states to the data in an iterative process, pub-
lishing the most accurate one for each building. Since only temperature 
measurements and total heating runtime were collected, but not the ac-
tual heating power, a uniform heating input is reconstructed to identify 
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the models. Correspondingly, these models are inherently normalized 
in terms of heating power. For each building, the model structure, the 
parameters, their statistical significance, a quality of fit category, and a 
series of root mean square errors for open-loop predictions over varying 
horizons are given.

In the first step of the selection, we identify every building that meets 
the following criteria: (1) A fifth order model. This includes the majority 
of the buildings. (2) Located in Köppen climate zones Dfa3 or Dfb4. This 
encompasses cities like Chicago, Toronto and Boston. (3) Fit qualified 
as “good” by the authors of [41], as opposed to “close” or “poor”. (4) 
The presence of a heating system.

This reduces the selection to 9441 buildings. Considering that the 
dataset includes buildings with extreme parameters, whose validity the 
authors themselves call into question (despite the “good” fit), we then 
exclude every building that has a physical parameter in the top or bot-
tom 5% of the statistical distribution of this parameter out of the first 
selection. This further reduces the selection to 4692 buildings.

Next, we generate a continuous-time state-space model of the form 
𝑥̇ = 𝐴𝑥 + 𝐵𝑤𝑤 + 𝐵𝑢𝑢 for each of them, with the normalized heating 
power as the input 𝑢, the ambient temperature and global horizon-
tal solar radiation as disturbances 𝑤 =

(

𝑇𝑎𝑚𝑏 𝐼𝑔𝑙𝑜
)⊤, the state 𝑥 =

(

𝑇𝑠𝑒𝑛𝑠𝑜𝑟 𝑇𝑚𝑎𝑠𝑠 𝑇ℎ𝑒𝑎𝑡 𝑇𝑒𝑥𝑡𝑒𝑟𝑛 𝑇𝑖𝑛𝑡𝑒𝑟𝑖𝑜𝑟
)⊤, representing the temper-

atures of the thermostat sensor, internal mass (walls and furniture), 
heating system, external walls and internal air. This is completed by 
the output 𝑦𝑘 = 𝑇𝑠𝑒𝑛𝑠𝑜𝑟,𝑘 = 𝐶𝑥𝑘. Each building model is discretized using 
the Matlab c2d command5 with the zero-order hold method and a step 
size of 1min, which is sufficient to capture the fastest dynamics found 
in the cluster. Each model is completed by an on-off controller for the 
zone temperature with a hysteresis of 1K.

In the third selection step, we simulate these buildings from Novem-
ber through February with randomly switching temperature setpoints. 
Corresponding to the aforementioned climate zones, we use EnergyPlus 
weather data for Chicago O’Hare6. Buildings with a mean absolute track-
ing error above 1K over this four-month simulation are excluded, reduc-
ing the selection to 4476 buildings. In the fourth step, we exclude build-
ings whose average heating power over the simulation period is below 
35% or above 80% of the nominal power, since buildings that need ei-
ther very little heating, or almost permanent heating, are ill-suited for 
demand response. A building that requires almost permanent heating 
just to maintain a target indoor temperature is limited in its upward 
flexibility by its nominal power, and limited in its downward flexibil-
ity by its lower temperature constraint. The inverse applies to buildings 
that require almost no heating. In practice, it can be assumed that a 
provider of such a service to grid operators has some kind of screening 
process in place to exclude ill-suited buildings from their pool. This step 
strongly reduces the number of considered buildings to 1067. It is un-
clear if the excluded buildings in fact have such unusual behavior, or if 
poor operational data resulted in the identification of poor models. For 
the final selection step, we choose the first 1000 buildings, based on the 
order in which they are listed in the dataset, to comprise the building 
cluster for this study. We note that this is not a selection of 1000 ran-
dom buildings, but a selection of 1000 buildings reasonably well-suited 
to demand response.

For the purpose of this study, we assume a heat pump for each build-
ing. As mentioned before, the original building models provided by [41] 
are normalized with regard to heating power. Since a collection of build-
ings is unlikely to have uniform heating power in reality, we randomly 
assign each building’s heat pump a nominal electric power between 
2 kW to 10 kW with equal probability, to diversify the cluster for the 

3 Dfa: Continental, no dry season, hot summer
4 Dfb: Continental, no dry season, warm summer
5 https://mathworks.com/help/control/ref/dynamicsystem.c2d.html
6 https://energyplus.net/weather-location/north_and_central_america_wmo_

region_4/USA/IL/USA_IL_Chicago-OHare.Intl.AP.725300_TMY3

subsequent simulations. The total nominal power of the resulting build-
ing cluster is 5.9MW. In the process of identifying linear models, various 
nonlinearities and disturbances that are present in real buildings are im-
plicitly approximated in first order. For the scope of this paper, we thus 
omit the reintroduction of nonlinear components, such as internal gains 
or the temperature dependence of a heat pump’s coefficient of perfor-
mance. The impact thereof and the possibility of a follow-up study with 
more detailed building models are discussed in Section 4.

2.2.  Secondary frequency control framework

As mentioned in the introduction, we aim to participate in the sec-
ondary level of frequency control of the Swiss national grid, which 
has three distinct levels: Primary frequency control, which is activated 
within seconds; secondary frequency control, which is activated within 
minutes; and tertiary frequency control, which is activated should an 
imbalance last longer than 15min [42]. For buildings, we consider the 
secondary level to be the most appropriate one. The faster primary 
level would impose an excessive strain on the mechanical components 
of the heating system by requiring fast switching. The slower tertiary 
level would be sub-optimal for buildings with a light construction style, 
which have faster thermodynamic time constants than heavy brick- or 
concrete-based buildings. The general sensibility and feasibility of us-
ing buildings for frequency control, beyond the arguably simpler price-
based schemes, has been previously established by multiple publications 
[43–48].

For our simulations, we implement the secondary frequency control 
based on the work of [24,49] as follows: A baseline power consumption 
and a flexibility band 𝛾 are calculated ahead of time at midnight for the 
following day, and communicated to the grid operator, corresponding to 
the first plot of the simplified visualization in Fig. 1. The flexibility band 
is symmetrically applied to both sides of the baseline and constant over 
each day. Within this band, the power consumption is then modulated 
based on the instantaneous automatic generation control (AGC) signal 
from the grid operator, which has a range of [−1, 1], corresponding to 
the minimum and maximum power of the pre-calculated flexibility band 
(Plots 2 and 3). The resulting reference trajectory must then be tracked 
with a specified accuracy (Plot 4). Since the grid operator rewards the 
amount of flexibility provided, we seek to maximize the width of the 
flexibility band, occasionally at the expense of optimal energy efficiency.

From [24,49], we also have one year of AGC data with a 1min res-
olution. This dataset was artificially generated to match the statistical 
properties of a sample of real data from the Swiss national grid operator. 
The frequency decomposition in Fig. 2 shows that some of the strongest 
components are in the range of minutes to hours, which buildings are 
well-suited to cover. Because we do not want to switch the heat pump 
more frequently than every 15min, we resample the original AGC signal 
correspondingly. We note that doing so attenuates some of the sharper 
peaks in the original data. Fig. 3 shows the weather and AGC signal for 
the entire simulation period. The top plot shows harsh ambient temper-
atures of as low as -20◦C and large temperature changes of up to 30K
within a few days. The middle plot shows moderately sunny conditions. 
The AGC signal in the bottom plot is close to zero for most of the time, 
with a few pronounced spikes around days 6, 27 and 44.

2.3.  Control overview

Sections 2.4–2.7 detail the four control schemes used for this study 
in descending order of complexity. The ideal variant makes the most 
favorable assumptions regarding state knowledge and control fidelity, 
with a separate bi-level control scheme for each building, and serves 
as a semi-hypothetical best-case scenario. The individual variant uses 
the same overall architecture with individual control of each building, 
but non-ideal identified models. The intermediate variant restricts state 
knowledge to the heat pump power of each building, which it can over-
ride if needed, but uses an aggregated optimization for the whole cluster. 
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Fig. 1. Baseline power, flexibility band 𝛾 and AGC signal are merged into a reference power to be tracked with the heat pump.

Fig. 2. Spectral decomposition of AGC signal.

The minimalist variant uses no building-level knowledge, only the aggre-
gate power consumption. It only controls the heat pumps indirectly, by 
overriding the thermostat setpoint within a defined band. As the name 
suggests, we aim to keep this variant as simple as possible. A visual 
comparison is given in Fig. 4. For all four frameworks, the time step for 
optimization is 15min. The zone temperature limits are 20◦C to 24◦C, 
with a default value of 22◦C. The evaluation period covers January and 
February. For the variants that require system identification, it is per-
formed from mid-November through December. The objective for all 
controllers is to maximize load shifting and minimize tracking error, 
while avoiding violations of the zone temperatures. All variants have 
access to ideal forecasts of the weather 36 h into the future, and the AGC 
signal 6 h into the future, except for the intermediate variant, which uses 
an AGC forecast of 24 h.

2.4.  Ideal control

For the ideal control scheme, every building has its own day-ahead 
planner and a subordinate MPC for execution. Both use perfect models 

and full state knowledge. The control variable is the normalized com-
pressor speed, i.e. electric power, of the heat pump, which is treated as a 
continuous variable, meaning that we neglect the minimum speed that a 
real compressor would have. As the name of the variant indicates, these 
are highly idealized assumptions, which are meant to approximate an 
upper bound of the theoretically achievable control performance.

The planner (1) calculates a baseline consumption and flexibility 
band for the following day once per day at midnight. Doing so is a ro-
bust optimization problem of an unusual nature: The disturbance under 
which we seek to guarantee constraint satisfaction is not some undesired 
process noise, but the AGC signal we want to track, which is unknown at 
this stage of the optimization. Conventional robust optimization tends 
to be very conservative and assume uniform noise [50]. Since neither 
of these properties are desired for our application, we use the scenario-
approach to robustness, which optimizes over a number of measured 
sample disturbances, called the scenarios, trying to achieve constraint 
satisfaction for all of them [51]. This method has been applied to build-
ings in several publications [52–54]. There is theoretical work on how 
many scenarios to use, but it is highly conservative. Reference [54] re-
ports good performance with four scenarios, capturing the uncertainties 
of the weather forecast and internal gains, in a building control study, 
when the theory suggested to use 4799 scenarios. We use a selection of 
𝑀 = 10 scenarios, that is well-diversified and reasonably representative 
of the whole AGC dataset, shown in Fig. 5.

The planning horizon is 36 h, i.e. 𝑁𝑝 = 144. This covers the 24 h of 
the current day, the 6 h horizon of the low-level controller at the end of 
the day, plus an additional 6 h to prevent turnpike behaviors at 30 h, as 
shown in Fig. 6.

These scenarios7 𝑣 are applied in the dynamics constraints (1b). Mul-
tiplied by the flexibility band 𝛾, they act as an input disturbance, cre-
ating 𝑀 different state trajectories, all of which should satisfy the out-
put constraint (1c). We note that since constraint satisfaction cannot 
be guaranteed, it is actually implemented as a soft constraint, which 
is omitted from the equations for the sake of legibility. The input con-
straint (1d) assures the ability to track the reference in the moment, 
since 𝛾 is the maximum amount by which we will be asked to deviate 

7 To avoid confusion, we use the symbol 𝑎 for the actual and predicted AGC 
signal, but 𝑣 for the scenarios, which are comprised of AGC signal trajectories.
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Fig. 3. Ambient temperature, global horizontal radiation and AGC signal for the whole simulation period.

Fig. 4. Comparison of all four control schemes. Three-dimensional boxes indicate one instance for each building. Flat boxes indicate one instance for the whole 
cluster. Ideal and individual variants are equivalent in their general structure.

from the baseline power during execution. 
max
𝑥, 𝑢, 𝛾

𝛾 (1a)

s.t. 𝑥0 and 𝑤[0∶𝑁𝑝−1] known
𝑥𝑗𝑘+1 = 𝐴𝑥𝑗𝑘 + 𝐵𝑤𝑤𝑘 + 𝐵𝑢(𝑢𝑘 + 𝛾𝑣𝑗𝑘) (1b)

𝑇𝑚𝑖𝑛 ≤ 𝐶𝑥𝑗𝑘 ≤ 𝑇𝑚𝑎𝑥 (1c)

𝛾 ≤ 𝑢𝑘 ≤ 1 − 𝛾 (1d)

𝛾 ≥ 0 (1e)

∀𝑘 ∈ {0,…, 𝑁𝑝 − 1}

∀𝑗 ∈ {1,…,𝑀}

From the planner (1), we obtain an optimized baseline 𝑃𝑏𝑎𝑠𝑒 = 𝑃𝑛𝑜𝑚𝑢∗

and flexibility band 𝛾∗. Together with the ACG signal, we get the track-
ing reference 𝑃𝑟𝑒𝑓 ,𝑘 = 𝑃𝑏𝑎𝑠𝑒,𝑘 + 𝛾∗𝑎𝑘. This reference is tracked by the sub-
ordinate MPC (2) with a shorter horizon of 6 h, i.e. 𝑁𝑚 = 24. Since we 
use an actualized AGC signal at this point, the scenarios and flexibility 
band are not longer present in (2b) and (2c). 

min
𝑥, 𝑢

‖𝑃𝑛𝑜𝑚𝑢 − 𝑃𝑟𝑒𝑓‖
2
2 (2a)

s.t. 𝑥0, 𝑤[0∶𝑁𝑚−1] and 𝑎[0∶𝑁𝑚−1] known
𝑥𝑘+1 = 𝐴𝑥𝑘 + 𝐵𝑤𝑤𝑘 + 𝐵𝑢𝑢𝑘 (2b)

𝑇𝑚𝑖𝑛 ≤ 𝐶𝑥𝑘 ≤ 𝑇𝑚𝑎𝑥 (2c)
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Fig. 5. The ten AGC scenarios for the day-ahead planner.

Fig. 6. Visualization of the 36 h planning horizon.

0 ≤ 𝑢𝑘 ≤ 1 (2d)

∀𝑘 ∈ {0,…, 𝑁𝑚 − 1}

2.5.  Individual control

The individual control variant works like the ideal variant, except 
that the perfect models and state estimates are replaced with identified 
sixth-order autoregressive models with exogenous inputs (ARX). These 
being input-output models, no state estimators are needed. Identifica-
tion data is collected by applying random step inputs to the thermostats 
from mid-November through December. Even with this well-excited 
data, identifying models for the individual buildings proved challeng-
ing. Since the basic ARX methodology frequently resulted in models with 
slightly unstable poles, we enforce stability by constraining the autore-
gressive parameters to be larger or equal to zero and their sum to be 
smaller or equal to 0.999, forcing the state of the model to converge to 
zero over time8. The optimization problems for the day-ahead planner 
and MPC are the same as (1) and (2), except for the different models. 
We thus omit them for the sake of brevity.

2.6.  Intermediate control

To fill the gap between the ideal and minimalist variants, we im-
plement an intermediate control variant based on the work of [29,30]. 
While the ideal variant assumes full knowledge of the individual build-
ing states, and the minimalist variant assumes no knowledge thereof, 
this variant assumes that we measure the power of the individual build-
ings, but estimate their thermal states using the virtual storage model 
approach presented in [29], which consists of three parts: The baseline 
consumption model predicts a building’s power consumption based on 
the weather forecast, and functions independently of the following two 
parts. The baseline state model predicts the thermal state of charge of a 
building, which is bound by the zone temperature constraints of 20 ◦C
to 24 ◦C, during normal operation. Since the default controllers of the 

8 Proof in Appendix A.

buildings aim to maintain a constant zone temperature, this model tends 
to converge toward a neutral point, but is offset by hot or cold weather. 
Lastly, the virtual storage model predicts how a buildings’ thermal state 
changes, as a function of requests to increase or decrease its heating 
power. This is the component that enables the optimization of load shift-
ing. For a more comprehensive description, we refer the reader to the 
corresponding papers9.

To identify the baseline consumption and state models, both of which 
are kernel ridge regression (KRR) models, data of normal operation is 
collected from mid-November to mid-December. To identify the virtual 
storage model, randomized requests to increase or decrease the heating 
power are applied during the second half of December.

From this virtual storage model, we estimate a flexibility envelope 
for each building as follows: Given the predicted baseline power of one 
building denoted by 𝑃 ∈ ℝ𝑁𝑏 , we define the minimum and maximum 
relative power levels (with respect to the baseline) 𝑅𝑡 ∈ ℝ𝑁𝑏  and 𝑅̄𝑡 ∈
ℝ𝑁𝑏  that can be held for 𝑡 time steps without violating the constraints of 
the identified virtual storage model. The flexibility envelope 𝑅𝑡 is then 
defined as [𝑅𝑡, 𝑅̄𝑡]. Each building can be activated once per day for up to 
𝑡 time steps. In the experiments, we use 𝑁𝑖 = 96 as optimization horizon, 
with a 15min time step. Furthermore, we chose 𝑡 = 15, so we assume the 
availability of each building for up to 3.75 h. In line with [30], we define 
the scheduling problem (3), which simultaneously computes the 𝛾 at the 
start of each day. 
max
𝑏, 𝛾

𝛾 (3a)

s.t. 𝑏𝑖,𝑘 ∈ {0, 1} (3b)
𝑁𝑏−1
∑

𝑘=0
𝑏𝑖,𝑘 ≤ 1 (3c)

𝑛𝑏𝑙𝑑
∑

𝑖=1

𝑘
∑

𝑙=𝑘𝑠

𝑏𝑖,𝑙𝑅
𝑡
𝑖,𝑙 ≤ 𝛾𝑎𝑘 (3d)

𝑛𝑏𝑙𝑑
∑

𝑖=1

𝑘
∑

𝑙=𝑘𝑠

𝑏𝑖,𝑙𝑅̄
𝑡
𝑖,𝑙 ≥ 𝛾𝑎𝑘 (3e)

0 ≤ 𝛾 ≤ min
{

min{𝑃𝑏𝑎𝑠𝑒}, 𝑃𝑛𝑜𝑚 − max{𝑃𝑏𝑎𝑠𝑒}
}

(3f)

∀𝑘 ∈ {0,…, 𝑁𝑏 − 1}

∀𝑖 ∈ {1,…, 𝑛𝑏𝑙𝑑}

where 𝑏𝑖,𝑘 is the binary variable denoting whether building 𝑖 is ac-
tivated at step 𝑘, 𝑘𝑠 = max{𝑘 − 𝑡 − 1, 0} is the starting index to consider 
activation of a building in the last 𝑡 time steps, 𝑛𝑏𝑙𝑑 denotes the num-
ber of buildings, 𝑃𝑏𝑎𝑠𝑒 denotes the aggregate baseline consumption of all 
buildings, and 𝑃𝑛𝑜𝑚 denotes the aggregate nominal power of all build-
ings. Constraint (3c) ensures that each building is only activated at max-
imum once per day. Constraints (3d) and (3e) ensure that the flexibility 
of all activated buildings covers the request with the optimal 𝛾 for all 
time steps, both in negative and positive direction.

The reference 𝑃𝑟𝑒𝑓  is then tracked by disaggregating the relative re-
quest between all active buildings as follows, while non-active buildings 
consume according to their predicted baseline. For 𝑎𝑘 < 0, we have

𝑢𝑖,𝑘 =
𝑃𝑖,𝑘 + 𝑏𝑖,𝑘

𝛾𝑎𝑘
𝑃 𝑡𝑜𝑡,𝑘

𝑃𝑛𝑜𝑚,𝑖
, 𝑖 = 1,… , 𝑛𝑏𝑙𝑑

with 𝑃𝑖,𝑘 being the baseline consumption of building 𝑖 at step 𝑘, and 
𝑃 𝑡𝑜𝑡,𝑘 =

∑𝑛𝑏𝑙𝑑
𝑖=1

∑𝑘
𝑙=𝑘𝑠

𝑏𝑖,𝑙𝑅𝑡
𝑖,𝑙 being the total decrease potential of the ac-

tive buildings. Equivalently, the dispatch can be defined for 𝑎𝑘 > 0 with 
𝑃𝑡𝑜𝑡,𝑘 =

∑𝑛𝑏𝑙𝑑
𝑖=1

∑𝑘
𝑙=𝑘𝑠

𝑏𝑖,𝑙𝑅̄𝑡
𝑖,𝑙 being the total increase potential. These in-

puts are applied as long as they do not lead to temperature constraint 
violations in the building, in which case the internal controller tries to 
counteract the violation.

9 The original formulation in [29] uses a risk parameter 𝛼, which we omit for 
the scope of this study.
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Note that this approach does not determine the baseline consumption 
in the optimization procedure, but instead uses the predicted baseline 
for each building. Because of this, the maximum achievable values for 
𝛾 are bounded as in constraint (3f). Additionally, we restrict the dura-
tion for which a building is available to provide flexibility per day. For 
these reasons, this variant is more conservative in its utilization of the 
flexibility potential, compared to the ideal and individual variants.

2.7.  Minimalist control

For the minimalist variant, we treat the entire building cluster as one 
plant. Each building has a minimum and maximum room temperature, 
with the mean thereof treated as the default value. The control variable 
𝜇 ∈ [−1, 1] for the frequency control is the fraction of buildings being in-
structed to shift their thermostat setpoint from the default value to either 
the maximum (positive value, increased power) or minimum (negative 
value, decreased power). Hence, we treat the buildings as thermostati-
cally controlled loads. The output of the system is the aggregated power 
of all the heat pumps. The activation of the buildings is sequential. If 
more buildings need to be activated, the ones with the lowest total ac-
tivation time up to that moment are activated first. If fewer buildings 
need to be activated, the ones that have been in a state of activation the 
longest are deactivated first.

To identify a corresponding model of the building cluster, data is 
collected by applying random steps to 𝜇 from mid-November through 
December. We use the Hammerstein-Wiener model (4) with no input 
nonlinearity, a model order of 𝑛ℎ𝑤 = 8, and an identified output satura-
tion, constraining the output to a range from 𝑃min = 0 to 𝑃max = 5.9MW. 
The Matlab command nlhw is used with a regularization weight of 100. 

𝑃𝑘 =

⎧

⎪

⎨

⎪

⎩

𝑃𝑚𝑎𝑥, if 𝟏⊤𝜒𝑘 > 𝑃𝑚𝑎𝑥

𝑃𝑚𝑖𝑛, if 𝟏⊤𝜒𝑘 < 𝑃𝑚𝑖𝑛

𝟏⊤𝜒𝑘, otherwise
(4a)

𝜒𝑘+1 =
𝑛ℎ𝑤
∑

𝑘=1
𝐵𝜇 ⊙ 𝜇̃𝑘 + 𝐵𝑤 ⊙ 𝑤̃𝑘 − 𝐹 ⊙ 𝜒𝑘 (4b)

With 𝜒 ∈ ℝ3 the internal state of the model10, the shorthand no-
tation ⋅̃𝑘 for 

(

⋅𝑘 ⋯ ⋅𝑘−𝑛ℎ𝑤+1
)

, and ⊙ the element-wise multiplica-
tion. In the following, we denote this model as 𝑃𝑘 = 𝑓 (𝜒𝑘) and 𝜒𝑘+1 =
𝑔(𝜒𝑘, 𝜇̃𝑘, 𝑤̃𝑘).

Unlike the other variants, we cannot optimize the size of the flexibil-
ity band for this one. We thus calculate a baseline consumption over the 
planning horizon 𝑁𝑝 from the aforementioned model and the weather 
forecast, assuming 𝜇 = 0. Based on the results of the ideal variant in 
Section 3, we heuristically choose a fixed 𝛾 = 2000 kW. The actual 𝛾 of 
the ideal variant is greater than that around 75% of the time, so we 
consider 2000 kW to be a moderately conservative value. Should adding 
this value to the baseline estimation result in a violation of the known 
power limits, it gets cropped correspondingly. The resulting reference 
power 𝑃𝑟𝑒𝑓  is tracked with the MPC (5) by optimizing the constrained 
control variable 𝜇 of the building cluster. 
min
𝑃 , 𝜇, 𝜒

‖𝑃 − 𝑃𝑟𝑒𝑓‖
2
2 (5a)

s.t. 𝜒0, 𝜇̃0, 𝑤[−𝑛ℎ𝑤+1∶𝑁𝑚−1] and 𝑎[0∶𝑁𝑚−1] known
𝑃𝑘 = 𝑓 (𝜒𝑘) (5b)

𝜒𝑘+1 = 𝑔(𝜒𝑘, 𝜇̃𝑘, 𝑤̃𝑘) (5c)

𝜇𝑚𝑖𝑛 ≤ 𝜇𝑘 ≤ 𝜇𝑚𝑎𝑥 (5d)

∀𝑘 ∈ {0,…, 𝑁𝑚 − 1}

The initial state of the model 𝜒0 ∈ ℝ3×𝑛ℎ𝑤  comes from a log of the 
most recent predictions of 𝜒∗

1 , which we obtain from solving the MPC 
problem. To account for the prediction errors, which are expected when 

10 The Matlab command uses a model order equal to the number of inputs.

fitting a simple model to a complex system, and the process noise, which 
stems from the heat pumps switching on and off, the optimized output 
(i.e. power) trajectory from the MPC is used as a setpoint for a cas-
cading PI controller11 with a 1min time step. The proportional gain is 
1∕(6 × 𝑃𝑛𝑜𝑚), the integral gain 1∕(𝑃𝑛𝑜𝑚 × 60 s) and the integrator is limited 
to a range of ±1. Incidentally, this controller also addresses the state es-
timation problem, albeit in an inverted manner. While a state estimator 
accelerates, if its prediction falls behind the measured output (and vice 
versa), the cascading controller increases the control input, if the mea-
sured output falls behind the prediction. Trials with a dedicated state 
estimator, as would be standard practice, resulted in decreased control 
performance. We explain this with the aforementioned counteracting 
nature of the cascading controller and the state estimator.

3.  Results

The key performance indicators of all four variants are compared in 
Table 1. The total 𝛾𝑡𝑜𝑡 is the mean value ̄𝛾 integrated over the evaluation 
period of 59 days. We introduce the total energy shifted for frequency 
control 𝐸𝑓𝑐 , the default energy consumption 𝐸𝑑𝑒𝑓 , and the activation 
ratio 𝑟𝑎𝑐𝑡 = 𝛾𝑡𝑜𝑡∕𝐸𝑑𝑒𝑓 . For our building cluster 𝐸𝑑𝑒𝑓 = 3989MWh from 
January through February with constant thermostat setpoints of 22 ◦C. 
The tracking error is defined as 𝜀 = |𝑃𝑎𝑐𝑡 − 𝑃𝑟𝑒𝑓 |. The total error is 𝐸𝑒𝑟𝑟 =
∑𝑁𝑠𝑚𝑝

𝑘=1 𝜀𝑘 and the normalized average error 𝜀̂ = 1
𝑁𝑠𝑚𝑝

∑𝑁𝑠𝑚𝑝
𝑘=1 𝜀𝑘∕𝛾𝑘, with 

𝑁𝑠𝑚𝑝 the number of samples. Analogously to the activation ratio, we 
also define the error ratio 𝑟𝑒𝑟𝑟 = 𝐸𝑒𝑟𝑟∕𝐸𝑑𝑒𝑓 . The computation time 𝑡𝑐𝑜𝑚𝑝
includes the building simulation and optimization, with the latter being 
the dominant component.

Unsurprisingly, the ideal variant has the highest cluster activation, 
the smallest tracking error and the highest computation time. A track-
ing error of zero might be expected for the ideal variant, however, the 
ideal model includes the dynamics of the air and temperature sensors, 
which are often faster than the time step of the MPC, which leads to 
numerical problems, resulting in suboptimal solutions. Moreover, the 
scenario-approach is only an approximation of the disturbances from 
the AGC signal. A particularly large request to shift loads may force an 
unforeseen correction. The individual variant has a slightly lower acti-
vation ratio and computation time, but a much larger tracking error of 
1%. In contrast to the ideal variant, this can be explained by the identi-
fied models, which are not a perfect match, and fail to capture some of 
the buildings’ faster dynamics, but pose fewer numerical problems.

Compared to the variants with a separate optimization for each 
building, the more aggregated intermediate variant shows a significantly 
lower activation ratio, which can be explained by its more conservative 
approach to planning flexibility. However, it slightly outperforms the in-
dividual variant in terms of tracking error, which can also be explained 
with its more conservative approach. The total computation time is im-
proved by a full order of magnitude, which is unsurprising, consider-
ing its more aggregated nature. The fully aggregated minimalist variant 
shows a higher activation ratio than the intermediate variant, which is 
due to its more aggressive, partially hand-tuned approach to the flexi-
bility planning. As was expected, due to its indirect control of the heat 
pumps, it has by far the largest tracking errors. Its fully aggregated ap-
proach results in the fastest computation time in the comparison, being 
around three times faster than the intermediate variant.

The ideal, individual and minimalist variants are implemented in 
Matlab and executed using all eight cores of an Intel Core i9-11900K
processor. The intermediate variant is a product under development at 

11 In an effort to create an even simpler control scheme, we implemented a 
power tracking with a pure PI controller, instead of the MPC and the cascading 
controller. However, the tracking periodically broke down when the control 
variable reached its upper or lower limit. In contrast, the MPC leverages one 
of its inherent strengths, which is to account for constraints, and avoids this 
problem.
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Table 1 
Load shifting, tracking error, constraint violation and computation 
time for all variants.

 Unit  Ideal  Individual  Intermediate  Minimalist
𝛾̄  kW  2129  2066  1656  1724
𝛾𝑡𝑜𝑡  MWh  3015  2952  2344  2441
𝑟𝑎𝑐𝑡  %  75.6  74.0  58.8  61.2
𝐸𝑓𝑐  MWh  305.0  288.1  213.2  243.4
𝐸𝑒𝑟𝑟  MWh  4.2  25.8  20.7  33.8
𝑟𝑒𝑟𝑟  %  0.11  0.65  0.52  0.85
𝜀̂  %  0.14  1.0  0.95  1.48
𝑇 𝑢𝑝
𝑣𝑖𝑜𝑙  Kh/d  0  0.01  0  0.76

𝑇 𝑙𝑜𝑤
𝑣𝑖𝑜𝑙  Kh/d  0.15  0.15  0.18  0.28

𝑡𝑐𝑜𝑚𝑝  s 60 430 51 849  5379  1805

the institution of the second author. For reasons of protecting intellec-
tual property, the corresponding simulations were contributed by them, 
using Python and a ten-core Intel Core i7-1355U processor, which has 
roughly 60% of the performance of the i9-11900K12. The computation 
times would likely be different on the hardware used for actual deploy-
ment, but for the scope of this study, the values reported in Table 1 pro-
vide a reasonable approximation of their relative computational cost.

Lastly, 𝑇 𝑢𝑝
𝑣𝑖𝑜𝑙 and 𝑇 𝑙𝑜𝑤

𝑣𝑖𝑜𝑙  denote the average upper and lower tempera-
ture constraint violations, expressed in K h per day and building. Even 
with default control, some buildings fail to maintain 𝑇𝑚𝑖𝑛 = 20 ◦C when 
the ambient temperature drops very low. The resulting temperature vi-
olations are equal to the ideal variant, meaning that the ideal variant in-
troduces no additional constraint violation. The individual variant adds 
slight violations of the upper bound. The intermediate variant adds a 
similarly negligible violation to the lower bound. The minimalist variant 
adds more significant violations of both bounds, which is unsurprising, 
considering the thermostat setpoints are shifted to the bounds and the 
low-level heat pump controllers have a hysteresis of ±0.5K. Neverthe-
less, we consider a combined constraint violation of 1.04K h per day to 
be acceptable.

The three-day extract of active frequency control for all four vari-
ants in Fig. 7 reveals additional insights into their differences. The ideal 
and individual variants, which aim to utilize each building as much as 
possible, show some jittering on their flexibility bands, compared to the 
intermediate and minimalist variants, which lump all the buildings into 
one collective optimization, resulting in a smoother trajectory. In the 
bottom plot around day 27.4, the minimalist variant fails to track the 
positive spike in the AGC signal, which is unsurprising, considering it 
is the only variant relying on purely indirect control of the heat pumps. 
Some grid operators impose rules about the allowed normalized track-
ing error. Fig. 8 shows that no variant can contain all errors to less than 
1%. Among the non-ideal variants, only 50% to 80% of the errors are 
below 1%, with the minimalist variant performing by far the worst. If a 
more relaxed threshold of 5% error is considered, all non-ideal variants 
converge toward a probability of around 95%, while the ideal variant 
reaches a reliability of over 99%. However, the performance of the ideal 
variant is of little practical relevance in this context, only serving as a 
high-end benchmark for the non-ideal variants.

3.1.  Cost estimate

In this section, we provide an estimate of the cost-effectiveness of 
each variant, assuming a number of generally favorable conditions, 
which are specified below and whose impact on the conclusions is dis-
cussed in Section 4. First, we introduce Eq. (6) for the expected financial 

12 https://www.cpubenchmark.net/compare/5317vs3904/
Intel-i7-1355U-vs-Intel-i9-11900K

Table 2 
Annual components of cost estimate.

 Unit  Individual  Intermediate  Minimalist
 Central computing  CHF  250 - 500  0  250 - 500
 Cluster identification  CHF  0  0  500 - 1000
 Building computing  CHF/bld  250 - 500  0.25 - 0.5  0
 Building identification  CHF/bld  10 - 20  10 - 20  0
 Administration  CHF/bld  20 - 50  20 - 50  20 - 50
 Remuneration 𝑐𝑓𝑐  CHF/MWh  10  10  10
 Penalty 𝑐𝑒𝑟𝑟  CHF/MWh  100  100  100

gain per year 𝐺.
𝐺 = 𝑐𝑓𝑐 𝛾𝑡𝑜𝑡 − 𝑐𝑒𝑟𝑟 𝐸𝑒𝑟𝑟 − 𝐶𝑐𝑒𝑛 − 𝑛𝑏𝑙𝑑 𝐶𝑏𝑙𝑑 (6)

With the remuneration for flexibility provided 𝑐𝑓𝑐 , the financial 
penalty for the tracking error 𝑐𝑒𝑟𝑟, the centralized system costs 𝐶𝑐𝑒𝑛 and 
the system costs per building 𝐶𝑏𝑙𝑑 . The variables 𝛾𝑡𝑜𝑡 and 𝐸𝑒𝑟𝑟 refer to 
annual values in this section. Table 2 shows cost estimates in Swiss 
Francs13 (CHF) for the centralized and building-level system compo-
nents, and the payment structure for frequency control. The ideal vari-
ant is omitted since we do not believe that there is a meaningful cost 
estimate for a perfect building model and state estimator.

We assume that the building cluster is managed by a pre-existing util-
ity provider, so the technical staff and office space are already available. 
Based on the simulation times in Table 1, we account for one CPU core 
in an existing server system to execute all the centralized computation. 
The minimalist variant also requires the identification and maintenance 
of a cluster model. Since the methodology described in Section 2.7 can 
be mostly automated, we assume between five and ten work hours per 
year at a rate of 100 CHF/h.

On the building level, we assume that basic smart home capabilities 
are already given. This includes an internet connection, a thermostat, 
and a power meter for the heat pump14. The necessary computation 
power per building varies greatly between the variants. We assume one 
CPU core on a cloud service per building for the individual variant, one 
core per 1000 buildings for the intermediate variant, and one central-
ized core for the entire cluster for the minimalist variant. The cores for 
the intermediate variant are expressed as a cost per building, but would 
actually be centralized. The individual and intermediate variants require 
the identification and maintenance of a model for each building. Based 
on our experiences implementing Sections 2.5 and 2.6, we assume one 
work hour per year at a rate of 100 CHF/h for 10% to 20% of the build-
ings to manage potential malfunctions, respectively inaccurate models. 
The last cost component is a general administration cost for every build-
ing enrolled in the cluster. The remuneration and penalty cost are based 
on data from the Swiss national grid operator [55]. For better gener-
alizability, we use the aforementioned two parameters to approximate 
the true payment mechanism, which is specific to the grid operator, and 
may differ significantly from the methods used by other providers.

Since the cost-effectiveness depends on the number and size of the 
buildings in the cluster, which may vary greatly in reality, we aim to de-
couple the cost estimate from the specifications at hand by dividing the 
total energy of flexibility provided into the activation ratio, the number 
of buildings and the averaged default energy consumption per building 
𝛾𝑡𝑜𝑡 = 𝑟𝑎𝑐𝑡 𝑛𝑏𝑙𝑑 𝐸̄𝑑𝑒𝑓 , and analogously the error 𝐸𝑒𝑟𝑟 = 𝑟𝑒𝑟𝑟 𝑛𝑏𝑙𝑑 𝐸̄𝑑𝑒𝑓 . For 
the scope of this estimate, we treat the activation and error ratios in 
Table 1 as variant-specific constants. Furthermore, we assume the num-
ber of buildings in the cluster to be large enough to neglect the central 

13 On the 25th of February, 2025, the exchange rate according to Google Finance
is 1 CHF = 1.11 USD = 1.07 EUR.
14 Without this assumption, we almost never expect a profit, since their instal-
lation by a technician alone would likely cost over 1000 CHF. With an amorti-
zation time of 10 years, this would add over 100 CHF/a per building.
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Fig. 7. Extract of flexibility band and tracking performance for all four variants.

cost components15. We thus obtain the simplified expected profit per 
building (7).
𝐺̄ = (𝑐𝑓𝑐 𝑟𝑎𝑐𝑡 − 𝑐𝑒𝑟𝑟 𝑟𝑒𝑟𝑟) 𝐸̄𝑑𝑒𝑓 − 𝐶𝑏𝑙𝑑 (7)

Fig. 9 shows the expected annual profit range per building for the 
three non-ideal variants as a function of the building’s annual energy 
consumption. As a reference, the average default annual energy con-
sumption of a building in our cluster is 10.6MWh, a newly built single-
family house in Switzerland is around 2MWh. With the assumed remu-
neration, the expected profits for the individual variant are negative. 
The intermediate and minimalist variant are expected to break even at 
a size of around 10MWh∕a. We thus invert the question and calculate 

15 For the minimalist variant with 1000 buildings, using the high-end estimate 
for central costs and the low-end estimate for building-level costs, the central 
costs account for 7% of the total costs. We consider 1000 buildings to be toward 
the lower end of reasonable cluster sizes.

the remuneration necessary to break even for the intermediate and min-
imalist variants in Fig. 10, maintaining a penalty-to-remuneration ratio 
of 10. It can be seen that the remunerations would have to increase by 
a factor of around two to seven to break even with small buildings. It 
is unclear how likely such a stark increase of the remuneration is in the 
near future. At the current time, we thus conclude that the expected 
profit is only positive when using the simpler control frameworks with 
larger buildings.

4.  Discussion

For the scope of this study, we made a number of simplifying as-
sumptions. The models generated from [41] are linear, which is not 
a true representation of real buildings and heat pumps. Moreover, the 
authors of [41] state that many of the building models have been iden-
tified from sub-optimal data, and show physically implausible parame-
ters. While we made an effort to exclude extreme outliers, as described 
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Fig. 8. Cumulative distribution function of the normalized tracking errors.

Fig. 9. Range of expected annual profit as a function of building energy con-
sumption and control variant.

Fig. 10. Range of flexibility remuneration necessary to break even as a function 
of building energy consumption and control variant.

in Section 2.1, some questions regarding the accuracy of the models re-
main. Among them are the very powerful heating systems of the building 
cluster, running at around 30% of their cumulative maximum power on 
average during ambient temperatures of -20◦C to -10◦C. On the other 
end of the spectrum are the some building models that occasionally fail 
to maintain a zone temperature of 20 ◦C. However, we argue that for 
the purposes of this study, a few inaccurate building models are accept-
able, as long as the cluster is sufficiently diverse. Buildings failing to 
maintain their target zone temperature under extreme weather condi-
tions cannot be ruled out in the real world, thus the control algorithms 
should be resilient to it to a reasonable extent. Furthermore, the preva-
lent construction style in North America differs from that of Switzerland, 
which we base the grid service framework and cost estimates on. A more 
geographically appropriate building cluster may yield different result, 
although it is unclear to which extent. While building models of higher 
quality and more representative of the Swiss (or European) building 
stock would have been preferred, no corresponding dataset is publicly 
available at the current time, to the best of our knowledge.

In one particular aspect, the simplifying assumptions made for our 
simulation model actually aggravate a problem, potentially to the detri-
ment of one of the control variants: The process noise from the switching 
of the heat pumps for the minimalist variant is rather strong, because 
we use binary on-off controllers on the building-level, and because the 
cluster size is moderate with 1000 buildings. Heat pumps with inter-
nal variable-speed controllers, as well as a cluster with more buildings 
would mitigate the noise. In turn, the minimalist variant would likely 
be more negatively affected by a cluster with fewer buildings, compared 
to the other variants.

Regarding the boundary conditions for the simulations, two simpli-
fying assumptions made by us are the ideal forecasts of the weather and 
the AGC signal, since we do not have access to corresponding datasets 
with real forecasting errors, and we are not aware of an established 
method to artificially generate such data for either the weather or the 
AGC signal. The control performance may have benefited from these 
idealized conditions, although estimating the impact thereof, compared 
to more realistic forecasts, is no trivial task. Since the ideal, individual 
and minimalist variants use the same ideal forecasts, they are unlikely 
to have caused a bias in the direct comparison of their performance. An 
exception to this is the intermediate variant, which uses a 24 h forecast of 
the AGC signal, as previously mentioned in Section 2.3. Its relative per-
formance, compared to the other three variants, would likely decrease 
if realistic AGC forecasts were used.

As indicated in Sections 2 and 3, we believe there is room for im-
provement for all the data-driven system identification methods used 
in this study. The same model structure is applied to every building in 
the individual variant. Considering the diversity of building’s thermal 
behavior, one may consider an iterative tailoring of the models for each 
building. Different model orders and stability constraints could be eval-
uated for each model. While less important for the simplified building 
models used in this study, nonlinear models may be worth considering 
for real buildings. Based on our experiences with the intermediate and 
minimalist variants, we propose KRR or Hammerstein-Wiener models 
with input and/or output saturations as potential candidates. Another 
direction would be to use different time steps depending on the time 
constants of the building. For the sake of aggregation, it may be benefi-
cial to choose steps sizes which are multiples of each other, i.e. 15min, 
7.5min and 5min.

For the KRR models used for the intermediate variant, some adjust-
ments were made to the hyperparameters, after we found the models to 
perform poorly for some buildings, which did not happen to the same 
extent in the previous studies conducted with this method [29,30], indi-
cating that there is potential left to improve its robustness. For the min-
imalist variant, we identify two potential areas for improvement: Since 
process noise is inherent to the indirect control of the heat pumps, a 
stochastic model may help to manage it more effectively. Furthermore, 
the heuristically chosen, fixed flexibility band of this variant may be 
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replaced with a dynamic solution in the future, similar to the virtual 
state model from Section 2.6. These two aspects may interfere with each 
other in non-trivial ways. It may even be sensible to merge the quan-
tification of the process noise with the optimization of the flexibility 
band. However, most of the alternative methodologies proposed above 
would increase the computational requirements. Considering the signif-
icance of the computational component of the cost estimates, the cost-
effectiveness for each of these alternatives would have to be reevaluated, 
even if superior performance were achieved. All four variants use hand-
tuned hyperparameters. It may be possible to improve the performance 
of each by introducing some form of auto-tuning. Because the sphere of 
potentially applicable algorithms is extensive and intricate, we refrain 
from speculating about the extent of their hypothetical impact on the 
performance.

Should one desire to practically implement the minimalist variant in 
its current form, i.e. without any of the aforementioned extensions, a 
simpler replacement for the fixed flexibility band derived from the re-
sults of the ideal variant would have to be found. A possible solution 
is to commence operation with a conservatively chosen band, maybe 
10% of the nominal power. Subsequently, this band may be gradually 
widened until increased tracking errors for spikes in the AGC signal be-
gin to emerge, at which point the system has probably reached its limit.

For the cost estimate, we chose values based on our experience, and 
some consultation by industrial partners, in Switzerland. They may be 
less appropriate in the future or for different locations. We leave it to 
the interested reader to repeat our calculations with alternative values, 
based on their own experiences and estimations. Moreover, we assume 
that a connected thermostat and a power meter for the heat pump are 
already present in each building. Without these assumptions, the costs 
per building are far too high, considering the low remuneration for the 
provided load shifting. Currently, this assumption strongly limits on the 
pool of suitable buildings, but may do so less in the future, as smart home
automation systems become more prevalent [56–58]. Lastly, a hard limit 
on the maximum allowed tracking error could pose a significant problem 
for our methods, since the error distributions shown in Fig. 8 have high 
variances, including some normalized tracking errors above 5%.

Calling back to the findings of the literature search in Section 1 re-
garding the reliability, costs and practical validation of demand response 
with buildings, we believe that there is significant value in a continua-
tion of this line of research, further improving the control performance 
and particularly the cost-effectiveness. First in simulations, but eventu-
ally in real buildings as well.

5.  Conclusion

Comparing four different methodologies for secondary frequency 
control with a building cluster, we find an unsurprising positive rela-
tionship between the complexity and performance of each variant un-
der the assumed regulatory framework, with the ideal variant having a 
normalized tracking error of 0.15%, compared to 1% for the individual 
variant, 0.95% for the intermediate variant and 1.48% for the minimal-
ist variant. Similarly, we find the ideal variant to have the highest av-
erage activation of the building cluster’s load shifting potential with an 
average flexibility band of 2129 kW, compared to 2066 kW, 1656 kW and 
1724 kW for the individual, intermediate and minimalist variants respec-
tively, compared to a nominal power of 5.9MW. Should strict limits on 
the maximum allowed tracking error be applied, none of the non-ideal 
variants are likely to meet the corresponding accuracy thresholds.

Taking the estimated costs of the three non-ideal variants into ac-
count, we find the minimalist and intermediate variant to deliver their 
performance at a fraction of the cost of the individual variant, mostly 
stemming from the difference in computational requirements. However, 
with the assumed remunerations for providing frequency control, we 
expect the financial gains to be insufficient to offset the system costs in 
most cases. We expect a positive net profit when using the simple control 
variants for buildings with a large energy consumption, because they 

have the potential to shift greater loads, while we assume the system 
costs per building to be independent of size. For small, energy-efficient 
buildings, the remunerations would have to increase by a factor of two 
to seven to result in a net profit within the specifics of our simulations, 
even with the most cost-effective control variants.
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Appendix A.  Proof of stability constraint

Theorem 1. Consider the autoregressive system
𝑦𝑘+1 = 𝑎0 𝑦𝑘 +⋯ + 𝑎𝑛 𝑦𝑘−𝑛. (A.1)

If ∑𝑛
𝑖=0 𝑎𝑖 < 1 and 𝑎𝑖 ≥ 0, 𝑖 = 1,… , 𝑛, then the discrete-time dynamical sys-

tem given by
𝑥𝑘+1 = 𝐴𝑥𝑘 (A.2)

with 𝑥𝑘 =
(

𝑦𝑘 𝑦𝑘+1 … 𝑦𝑘−𝑛
)⊤ and 𝐴 =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝑎0 𝑎1 … 𝑎𝑛−1 𝑎𝑛
1 0 … 0 0
0 1 … 0 0
0 0 ⋱ 0 0
0 0 … 1 0

⎤

⎥

⎥

⎥

⎥

⎥

⎦

 is asymptotically stable.

Proof.  To show that (A.2) is asymptotically stable, we need to show 
that |𝜆𝑖| < 1 for all eigenvalues 𝜆𝑖 of 𝐴.

First, we use that 𝜌(𝐴) ≤ ‖𝐴‖ for any natural matrix norm ‖ ⋅ ‖, where 
𝜌(𝐴) denotes the spectral radius of 𝐴. Since ‖𝐴‖∞ = max

‖𝑥‖∞=1 ‖𝐴𝑥‖∞ is 
a natural matrix norm, we have 𝜌(𝐴) ≤ 1.

Next, we assume that 𝑎𝑛 > 0. This is not a restrictive assumption, as 
we could otherwise consider the largest 𝑖 with non-zero 𝑎𝑖 and prove 
stability for the reduced system. 𝑎𝑛 > 0 guarantees that the matrix 𝐴
is irreducible. Together with the non-negativity of the entries of 𝐴, we 
can use the Perron-Frobenius theorem, stating that 𝜌(𝐴) = 𝜆̄ where 𝜆̄ is a 
simple eigenvalue of 𝐴 with a corresponding eigenvector 𝑣 with positive 
entries.

Assume 𝜆̄ = 1. Let 𝑣𝑘 = max𝑖=0,…,𝑛 𝑣𝑖 be the maximum entry of 𝑣 and 
consider the scaled vector 𝑣̄ = 1

𝑣𝑘
𝑣. Note that 𝑣̄ is still an eigenvector of 

𝐴 with eigenvalue 𝜆̄, and 𝑣̄𝑘 = 1, 𝑣̄𝑗 < 1 for 𝑗 ≠ 𝑘.
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Since we assume 𝜆̄ = 1, we can use the eigenvalue equation recur-
sively to obtain
𝐴𝑘𝑣̄ = 𝜆̄𝑣̄ = 𝑣̄. (A.3)

We focus on the 𝑘-th row of the equation. Due to the structure of 𝐴, 
we have (𝐴𝑘)𝑘 =

(

𝑎0 𝑎1 … 𝑎𝑛−1 𝑎𝑛
)

. Expanding the 𝑘-th row 
of the left-hand side of (A.3), we get

(𝐴𝑘𝑣̄)𝑘 =
(

𝑎0 𝑎1 … 𝑎𝑛−1 𝑎𝑛
)

𝑣̄ =
𝑛
∑

𝑖=0
𝑎𝑖𝑣̄𝑖 <

𝑛
∑

𝑖=0
𝑎𝑖 < 1 = 𝑣̄𝑘.

(A.4)

This leads to a contradiction with the eigenvalue property. Therefore 
𝜆̄ < 1, which concludes the proof. ∎
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