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Abstract
With the increasing integration of volatile renewable en-
ergy sources into the power grid, the focus is shift-
ing from power generation to demand side management
(DSM), especially in the energy-intensive building sec-
tor. There are various methods to evaluate building mass
as an energy flexible thermal storage, similar to an ef-
ficiency label. While previous studies have investigated
factors that affect the derived storage capacity, none have
statistically quantified the effective storage capacity over
a whole year, particularly comparing the results for rule-
based and schedule-based control. In this study, we
found that in our use case the rule-based control assigns
approximately 40% less effective storage capacity to the
building mass than the schedule-based control, despite
the same average duration. This should be considered
when using standardized KPIs for evaluating the energy
flexible building mass.

Introduction
The accelerated expansion of renewable energy, and thus
volatile power sources such as wind and solar radia-
tion, requires a shift in consumption (Denholm and Hand
2011)(Morales et al. 2014). To meet the demand at
all times and to stabilize the grid, storage technologies
are already being used (Hu et al. 2017). In the future,
however, it will be necessary to balance surpluses and
shortages in the energy supply by means of an adapted
demand side (Lund and Münster 2006)(O’Malley et al.
2016). The building sector in particular offers great po-
tential for this energy flexibility (Zafar et al. 2018), ac-
counting for 40% of total energy consumption world-
wide (Nejat et al. 2015). The 2018 revision of the
European Energy Performance of Buildings Directive
(EPBD) already highlights the importance of energy
flexibility in buildings and introduces the Smart Readi-
ness Indicator (SRI). This is designed to assess a build-
ing’s ability to adapt its operation to the needs of its occu-
pants and the demands of the grid (European Parliament
2018).

Demand side management

Within the domain of electricity consumption, demand
side management (DSM) encompasses various tech-
niques, including load reduction, load increase, and
load rescheduling (Lund et al. 2015)(Gellings and Smith
1989). All measures can be categorized as either en-
ergy efficiency, which is a permanent reduction in en-
ergy demand, or demand response (DR), which is a
temporary change in energy demand (Morales-España,
Martı́nez-Gordón, and Sijm 2022). Based on this, ac-
tive demand response (ADR) describes short-term load
changes, e.g. on an hourly basis, which can be adjusted
daily by external signals (Lauro et al. 2015). In Germany,
the Act for Digitizing the Energy Transition, effective
from May 2023, mandates the integration of dynamic
pricing by 2025 (Bundesministerium der Justiz 2023),
which paves the way for more flexible energy applica-
tions in Germany and encourages consumer participa-
tion, as described by Lauro et al. (2015), Arteconi et al.
(2014), Arteconi and Polonara (2018), de Coninck and
Helsen (2016) and Luc et al. (2020). Common house-
hold appliances suitable for ADR include washing ma-
chines, dishwashers, boilers and heat pumps (Callaway
and Hiskens 2011). Heat pumps in particular can con-
tribute to short- to medium-term load shifting through
thermally activated building structures (TABS) such as
floor heating systems and the thermal inertia of the build-
ing mass (Reynders, Nuytten, and Saelens 2013)(Arte-
coni, Hewitt, and Polonara 2012), without compromising
thermal comfort (Arteconi et al. 2014).

Key performance indicators

A key challenge for recognizing the role of building en-
ergy flexibility in future energy grids is to develop a
methodology to assess and quantify the building mass
potential (Airò Farulla et al. 2021). The five most popu-
lar key performance indicators (KPIs), according to Li
et al. (2021), are peak power reduction (Cetin 2016),
flexibility factor (Le Dréau and Heiselberg 2016), self-
supply and self-consumption (Vanhoudt et al. 2014),
ADR capacity and efficiency (Reynders, Saelens, and
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Diriken 2015), and flexibility index (Vigna et al. 2019).
The method of Reynders, Saelens, and Diriken (2015)
focuses on quantifying the storage capacity, rather than
directly considering the monetary savings resulting from
optimized DSM. With this approach, the setpoint room
temperature is increased temporarily and the thermal en-
ergy stored in the activated building is evaluated (Luc
et al. 2020)(Le Dréau and Heiselberg 2016)(Foteinaki
et al. 2018). The setpoint temperature adjustment can
be controlled by a fixed schedule or by rule-based re-
sponses to an external signal, such as electricity mar-
ket prices (Arteconi and Polonara 2018)(Luc et al.
2020)(Arteconi, Mugnini, and Polonara 2019)(Foteinaki
et al. 2020). The factors affecting thermal capacity and
efficiency in terms of ADR have been the subject of
numerous studies, including a comparison of buildings
of different ages and insulation thicknesses by Vivian
et al. (2020). In a previous study, we have already ex-
amined one rule- and one schedule-based control strate-
gies through a one-year simulation to quantify the ef-
fective storage capacity of the building mass (Reber,
Kirschstein, and Bishara 2023).

Research Aim

In this study, we quantify the energy flexibility of the
building mass using the storage capacity, as presented
in Reynders, Saelens, and Diriken (2015). We con-
sider two control strategies, rule-based and schedule-
based, through a dynamic building energy simulation.
To eliminate the influences of different boundary condi-
tions and to generalize the results of Reber, Kirschstein,
and Bishara (2023), two schedules are examined. The
novelty lies in the impact of different control strategies
on the statistical evaluation of the effective storage ca-
pacity of the building mass over the period of one year.
The results are intended to show a possible difference in
the resulting effective storage capacity due to the choice
of control strategy and thus underlying the need for
standardized key performance indicators for the energy-
flexible use of TABS.

Methodology
The objective of the study is to demonstrate the dis-
crepancy of different control strategies in quantifying the
flexibility potential of the building mass. It is based on
a building energy simulation of a new residential dis-
trict and the storage capacity metric introduced by Reyn-
ders, Saelens, and Diriken (2015). To receive represen-
tative results for thermally activated building structures
(TABS), the investigations are performed statistically on

data obtained from the simulation of a whole year.

Building energy simulation (grey box model)

To implement the investigated control strategies for en-
ergy flexibility a grey-box model of a new residential dis-
trict planned in Darmstadt, Germany, consisting of 140
apartments in 8 buildings, is used. The model is de-
veloped using the simulation software Trnsys, which is
a graphical software environment for simulating the be-
havior of transient systems (TRNSYS 2023). The floors
are grouped into thermal zones, which is a good com-
promise between simulation speed and accuracy (David
Bewersdorff 2021). In this study, only the results of
one zone are presented for the sake of clarity, as high-
lighted in figure 1. The buildings themselves are de-
signed with a high standard of insulation, i.e. U-values of
0.118 - 0.151 W·m−2·K−1 for the exterior walls, 0.078 -
0.104 W·m−2·K−1 for the roof and 0.78 W·m−2·K−1

for the windows. The total floor area is 9827 m2, of
which about 75% is thermally activated by floor heating
with a supply temperature of 40 ◦C in a 0.065 m-thick
screed. The floor heating system is implemented using
the heat exchanger effectiveness approach as described
by Kirschstein et al. (2023). For the simulation over one
year with time steps of one minute, the minimum air ex-
change rate of 0.44 h−1 and the internal heat gains of
90 Wh·m−2·d−1 are used according to DIN V 18599.
The room setpoint temperature during the heating sea-
son (September 30 - April 30) is set to 20.5 ◦C. For the
comparison of the control strategies, the weather data of
the test reference year 2015 of the German Meteorologi-
cal Service is selected, which represents an average and
typical year for Darmstadt. No explicit days or weeks
(cold, moderate, warm) are deliberately chosen, because
the focus is on comparing effective storage capacities as
they might occur in real operation. The annual heat de-
mand results in 23.22 kWh·m−2·a−1.

Figure 1: N-W-view of the modeled district section. The
presented study is limited to the white marked floor.



Active demand response (up event)

Several measures are possible to implement active de-
mand response (ADR) strategies within demand side
management (DSM). To use the building mass as a flexi-
ble thermal storage, TABS can be controlled via the room
setpoint temperature. Temporary limited temperature in-
creases are used to exploit the so called upward flexibil-
ity and temperature decreases for the so called downward
flexibility. Since we expect the temperature increase to
be more acceptable to users, only upward events are con-
sidered in this study, denoted as up events. In the overall
optimization of flexibility potential, down events should
also be considered, especially during the heating sea-
son, to temporarily minimize the electrical load on the
grid. Within a defined comfort band of Tlow = 20.5 ◦C
and Tup = 22 ◦C, consistent with other publications such
as Arteconi, Mugnini, and Polonara (2019), the setpoint
temperature is raised to Tup during an up event, result-
ing in three phases: In the charge phase, there is an addi-
tional heat demand compared to a reference control with-
out increasing the setpoint temperature. The activated
building mass is charged with heat. Once the setpoint
temperature Tup is reached, a slightly increased heat de-
mand remains to compensate for the increased transmis-
sion heat losses. This phase is called steady state. As
soon as the set temperature is reduced to Tlow, the dis-
charge phase begins, in which the additional heat stored
in the activated building mass is used. Compared to the
reference control, energy is now saved until the room
temperature reaches the setpoint temperature Tlow again.
The concept of an up event is shown in figure 2.
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Figure 2: Scheme of an up event with its three typical
phases.

In order to characterize the up events that occur in a year,
the duration t, the additional heat demand Q and the addi-
tional averaged heating load P, compared to a reference

control with constant set point temperature Tlow, are used
in this study and are calculated as follows:

tcharge = t1 − t0 (1)

tsteady state = t2 − t1 (2)

tdischarge = t3 − t2 (3)

Qcharge =
∫ t1

t0
(Pup −Pref) dt (4)

Qsteady state =
∫ t2

t1
(Pup −Pref) dt (5)

Qdischarge =
∫ t3

t2
(Pup −Pref) dt (6)

Pcharge =
Qcharge

tcharge
(7)

Psteady state =
Qsteady state

tsteady state
(8)

Pdischarge =
Qdischarge

tdischarge
(9)

According to the definition of Reynders, Saelens, and
Diriken (2015), the additional heat demand in a charge
phase is the storage capacity of the building mass acti-
vated by the ADR strategy (eq. 10). However, since there
are always different boundary conditions per up event
in this study, especially the real room temperature influ-
enced by solar gains etc., the storage capacity is averaged
over all events and defined here as the effective storage
capacity (eq. 11). The reduced heat demand in the dis-
charge phase can be additionally used to determine the
efficiency of the charge and discharge phase (eq. 12) or
of an total up event (eq. 13).

CADR = Qcharge (10)

Ceff =CADR =
1
n

n

∑
i=1

Qcharge,i (11)

ηcharge/discharge =
|Qdischarge|

Qcharge
(12)

ηup =
|Qdischarge|

Qcharge +Qsteady state
(13)

To correctly identify the respective phases (charge,
steady state, discharge) in the individual up events of the
annual simulations, the algorithms presented and verified
by Reber, Kirschstein, and Bishara (2023) are used.



Control strategies for an up event

Various control strategies can be used to implement ADR
strategies, such as up events. Depending on the cho-
sen strategy, different frequencies and durations of the
individual events result. In this study, a rule-based con-
trol is compared with two different schedule-based con-
trols. In all variants, the setpoint temperature is raised
from Tlow = 20.5 ◦C to Tup = 22 ◦C. The rule-based
control uses the German electricity market prices for the
year 2021 (Bundesnetzagentur 2023) as an external sig-
nal, which are available with a resolution of 15 minutes.
Adapted from Foteinaki et al. (2020), the lower quartile
of the electricity prices is calculated monthly and defined
as a threshold value pth. When the electricity price falls
below the threshold, the set temperature is increased to
Tup. If the electricity price rises above the threshold, the
set temperature is lowered again. Accordingly, different
durations of the up events are possible and new charge
phases can occur without the previous discharge phase
having ended. Since the corresponding additional heat
demand of the charge phase is strongly dependent on
the duration (Foteinaki et al. 2018), the average value of
all charge phases over one year in the rule-based control
(2.5 h) is used as a fixed duration for the two schedule-
based controls to ensure comparability. Since the sched-
ules have fixed start and run times, two simulations with
different schedules are examined to identify a possible
influence of the time of day. The first starts at 10:00 am
and ends at 12:30 pm. The second is intended to provide
a preheating so that tenants or owners find a heated home
in the evening after work. It starts in the afternoon at
2:00 pm and ends at 4:30 pm. The concept of rule-based
and schedule-based control is illustrated in figure 3.
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Figure 3: Comparison of the two control strategies
(fixed schedule and electricity price-based rule).

Statistical analysis and data visualization

To obtain representative values for quantifying storage
capacity, the simulated time period is one year and all
up events are included in the evaluation. Since the gen-
eration and evaluation of data is time-consuming, the
time period to be studied and the temporal resolution
of the simulation models should not be arbitrarily large.
However, the reliability of statements about a measured
variable increases with the amount of data obtained. In
particular, if several data sets are to be compared with
each other, there must be a high probability that the ex-
isting distributions will not lead to different results in
further measurements. Transferred to the field of build-
ing energy simulations and energy flexible control of
TABS, this raises the question of how many heating pe-
riods must be simulated in order to obtain representative
values for quantifying the storage capacity in the dif-
ferent control strategies. In this study, one heating pe-
riod is simulated and the results for the different control
strategies are statistically evaluated using the Brunner-
Munzel test (Brunner and Munzel 2000). Based on the
assumption that the obtained data sets are only a snap-
shot of the real distribution of the data, the Brunner-
Munzel test checks the stochastic difference between two
non-normally distributed data sets. The tested statement,
called null hypothesis, is that both data sets are based
on an identical stochastic distribution and a possible dif-
ference is therefore not significant. With a probabil-
ity of p ≤ 0.05, the null hypothesis is rejected and any
difference that occurs, e.g., between the means of the
two data sets being compared, can be considered signif-
icant and therefore comparable. At a higher probability
of p > 0.05, either the available data sets are not large
enough to detect a significant difference, or the data sets
are indeed similar. The following notation is used in the
results:

• p > 0.05: ns (not significant)

• p ≤ 0.05: * (significant)

• p ≤ 0.01: ** (significant)

• p ≤ 0.001: *** (significant)

• p ≤ 0.0001: **** (significant)

Since the data sets do not fit any statistical distribution
model, such as the normal distribution, characterization
by simple metrics is also limited. For this reason, the re-
sults are presented using box plots, which provide a brief
visual summary of the variability of the values in the data
sets. The median, mean, upper and lower quartiles, and



5% and 95% whiskers are shown. However, to reduce
complexity, the mean is chosen in the description.

Results & Discussion
In this section the results of the distribution of each phase
in all up events over one year for the different control
strategies are presented, statistically analyzed and dis-
cussed. The duration, the additional heat demand and the
additional heating load are used for the evaluation. From
this, the average used storage capacity is derived, which
is referred to as the effective storage capacity. An up
event is defined by the temporary increase of the setpoint
temperature from 20.5 to 22 ◦C. The schedule-based con-
trol is examined in two simulations: a morning schedule
from 10:00 am to 12:30 pm and an afternoon schedule
from 2:00 pm to 4:30 pm. The fixed duration is derived
from the previously determined average duration of all
rule-based up events. The statistical difference between
the data sets is evaluated using the Brunner-Munzel test.
The abbreviation n.s. (not significant) means that the
data sets to be compared are similar and that an identical
distribution is likely if the data set is enlarged through
further simulations. Since there is no normal distribution
of the data sets, the median, which is less sensitive to
outliers, is shown in the graphs in addition to the mean.
However, for ease of reading, only the mean is reported
in the text. Unless otherwise noted, mean values are
listed as follows: (mean: rule / schedule 1 / schedule 2).

Duration of the three phases in up events

In figure 4 the duration of all phases of the individual
up events using the three control strategies (rule and two
schedules) are shown. The number of phases is indi-
cated above the upper whisker in each case, e.g. n = 163
for the charging phases in the rule-based control for one
year. The mean duration of the charge phase of the three
control strategies (mean: 2.18 / 2.00 / 2.09 h) differ less
than 10% from each other, which is advantageous and
intended for the comparability of the additional heat de-
mand.
Also the evaluation according to Brunner-Munzel is to be
regarded as positive in this case. Since the up events in
the rule-based control do not have a time limit, the steady
state phases are comparatively longer (mean: 1.72 /
0.74 / 0.65 h). The schedule-based controls do not ex-
ceed 2.5 hours in the charge and steady state phases, as
these were previously defined as max. duration. For all
control strategies, the discharge phases are significantly
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Figure 4: Comparison of the duration in the three
control strategies, separated into the individual phases

of the up events. p-values indicate statistical
significance (***p ≤ 0.001, ****p ≤ 0.0001).

larger than the charging phases (mean: 4.60 / 6.24 /
6.77 h). This is due to the high energy standard of the
considered buildings, which results in low transmission
heat losses. Unlike the schedule-based variant, the rule-
based variant may initiate a next up event before the dis-
charge phase is completed, resulting in shorter duration.
Together with short periods of low energy prices, this is
one of the reasons why not all available storage capacity
can be used during the charge phase. Therefore, in ad-
dition to the use of electricity prices, further constraints
should be introduced for a reasonable operation of rule-
based control.

Additional heat demand

The additional heat demand compared to a reference
control with no up event is shown in figure 5. In the
charge phase, the rule-based control stores on average
40% less additional heat in the building mass per up
event than the schedule-based control (mean: 28.4 /
49.3 / 48.6 Wh·m−2). The two schedule-based controls,
on the other hand, differ only slightly. As described in
the methodology, the additional heat can be understood
as the effective storage capacity of the thermally acti-
vated building mass. In the steady state phase, the upper
setpoint temperature is reached and only the increased
transmission heat losses compared to the reference con-
trol without up events are compensated (mean: 5.9 / 4.7 /
4.1 Wh·m−2). The longer duration in the rule-based con-



trol are reflected in this case.
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Figure 5: Comparison of the additional heat demand in
the three control strategies, separated into the

individual phases of the up events. p-values indicate
statistical significance (****p ≤ 0.0001).

The efficiency of the thermal storage can be determined
from the ratio of the additional heat demand in the charge
and discharge phases, but requires a clear assignment of
the individual phases. This is particularly complex in
rule-based control, since new up events can occur even
before the previous discharge phase is complete. How-
ever, if the quotient of the cumulative energy of all dis-
charge phases and the cumulative energy of all charge
phases is formed, the following values are obtained for
the three controls: 93% / 94% / 96%.

Additional heating load

From the duration and the additional heat demand of the
individual phases, the average additional heating load
can be derived, as shown in figure 6. Similar to the
heat demand, it can be seen that the rule-based control
reaches approx. 33% lower values in the charge phase
than the variants with the schedule-based control (mean:
15.2 / 23.8 / 22.6 W·m−2). Thus, the discrepancy in heat
demand cannot be explained by duration dependence.
Similar behavior is observed in the steady state phase,
where especially higher transmission heat losses have
to be compensated, compared to the reference variant
(mean: 4.5 / 6.8 / 7.0 W·m−2). Reasons for this behav-
ior may include the occurrence of up events at different
times of the day, in particular ambient temperature and
solar gains, which were not investigated further.
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Figure 6: Comparison of the additional heating load in
the three control strategies, separated into the

individual phases of the up events. p-values indicate
statistical significance (*p ≤ 0.05, ****p ≤ 0.0001).

Limitations

Grouping the floors into zones is a good compromise be-
tween simulation speed and accuracy, but also leads to a
change in temperature dynamics within a simulated day.
The different solar gains per side of the building through-
out the day are assigned equally to a zone rather than
to specific rooms. However, assuming that the rooms
are heated equally, the difference in heating loads of the
individual rooms should be averaged over the floor. A
more accurate statement can only be made by simulat-
ing both variants. Since the focus of this work is on the
comparison between the control strategies, no further in-
vestigations were carried out in this regard for the time
being.
The temporary increase of the room setpoint tempera-
ture is used to exploit the upward flexibility and the re-
sulting reduced load on the power grid, as well as to
save electricity costs on the consumer side. However,
the higher room temperature is associated with higher
heat transmission losses and therefore higher final en-
ergy demand. Nevertheless, the calculation of the annual
electricity costs related to the provision of heat is not in-
cluded in this paper. In order to make a well-founded
statement about the most cost-effective control strategy,
an individually optimized operation and optimization of
the individual constraints is required. For example, in
the rule-based control strategy, the lower quartile for the



electricity price limit is selected based on literature, but
no parameter variation or sensitivity analysis was addi-
tionally performed, since the focus was on the quantifi-
cation of the effective storage capacity under comparable
boundary conditions, here the average charge duration.
The electricity costs associated with the results would
therefore not be universally valid.

Conclusion
In this study, the influence of active demand response
(ADR) strategies for thermal activated building struc-
tures (TABS) was investigated using building energy
simulation over one year for a new residential district.
The focus was on the impact of different control strate-
gies on the quantification of the effective storage capac-
ity. For this purpose a rule-based control system was
used, which increases the setpoint temperature depend-
ing on electricity market prices, as well as two inde-
pendent, schedule-based controls (10:00 am to 12:30 pm
and 2:00 pm to 4:30 pm). Despite comparable duration
in the different control strategies, the rule-based control
results in an average of 40% less effective storage ca-
pacity across all up events than the two schedule-based
controls. The same applies to the additional heating
load, which has about 30% lower mean value in the rule-
based control. The following general observations can
be made:

• The schedule-based control leads to a higher use
of the flexible storage capacity then the rule-based
control under comparable boundary conditions.

• The associated average heating load is correspond-
ingly lower in the rule-based control than in the
schedule-based control.

• Optimal use of flexible storage capacity in rule-
based control requires further constraints to ensure
reasonable operation in addition to the simple use
of electricity market prices. This could include a
minimum run time or minimum available storage
capacity based on the current room temperature.

• The efficiency of the thermal storage, calculated
from the ratio between the charge phases and the
discharge phases, is greater than 90% in all control
systems (taking into account the high energy stan-
dard).

• Assigning efficiencies to individual charge phases
is particularly challenging in rule-based control be-
cause new charge phases may occur before the pre-
vious discharge phase is complete.

These results emphasize the need to consider con-
trol strategies when creating standardized KPIs for the
energy-flexible use of TABS. In particular, building own-
ers can obtain a realistic value for the cost-benefit ratio
of the effective storage capacity during the design phase.
The construction of the activated components can thus
be optimized accordingly.
It was not within the scope of this study to investigate
the reasons for the difference in effective storage capac-
ity between the control strategies. However, we excluded
the influence of duration by ensuring the same average
duration for the charging phases in both control strate-
gies. In particular, solar gains and ambient temperatures
are likely to have an important influence. In addition to
the boundary conditions, future work could also investi-
gate the differences in quantifying downward events to
temporarily minimize the electrical load on the grid, es-
pecially during the heating season.

Nomenclature
DSM Demand side management
DR Demand response
ADR Active demand response
KPI Key performance indicator
TABS Thermally activated building structures
TES Thermal energy storage
ns Not significant
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