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Abstract
In recent years, a significant number of studies have
indicated the potential benefits of leveraging the thermal
mass in buildings to generate flexible energy demand
through demand response schemes. However, differences
in energy-efficiency and storage capacity across buildings
give rise to the question of whether neighborhoods
populated with different building typologies are equally
capable of leveraging flexible consumption to reduce
peaks during daily operation as well as to lower the
capacity requirements that apply to initial sizing of DH
components and networks. In this study, we use hourly
smart meter data from a real district heating system and
Bayesian inference to calibrate physics-based models of
the district heating demand of single-family houses (i.e.
space heating and domestic hot water) to investigate the
flexibility potential of neighborhoods composed of
different building typologies. Using coordinated
optimization to determine the heating strategy in the
residential buildings, we document that flexible heating
consumption of the involved buildings can reduce the
needed DH capacity between 13% and 17.1% over a fiveyear period depending on which group of buildings that
are activated. Newer (i.e. more energy-efficient) buildings
were capable of realizing larger peak reductions while
also being the most efficient in doing so. It thus seems
favorable to target the most energy-efficient buildings in
a DH system first when implementing DR schemes.

extreme consumption. This, together with the significant
investment cost of centralized storage units, has led
researchers to investigate the potential benefits of a
decentralized approach to thermal energy storage that
utilizes the inherent thermal mass of buildings as a storage
medium. Although buildings in terms of storage heat
losses are clearly not as efficient at storing thermal energy
as purpose-built storage tanks, this approach has other
significant advantages. The main advantage is that the
storage medium itself is already abundantly available,
while only the technical infrastructure that enables its
utilization is lacking. Furthermore, the decentralized
nature of this storage approach means that there is
unutilized storage capacity available behind a given
hydraulic bottleneck in the network. The approach could,
therefore, be utilized to allow for more buildings to be
connected to an already fully utilized part of an existing
DH network without the need for making costly upgrades
to the distribution system (pipes, heat exchangers,
pumping stations, etc.).
The concept of actively involving consumers in the
operation of the network is often denoted demand
response (DR). In this context, a DR scheme refers to a
type of contract or agreement between a DH company and
its consumers that incentivizes the latter to adapt their
consumption in benefit of the network. Wernstedt et al.
[1] lists several potential benefits that DH companies can
achieve by utilizing flexible consumers through DR

Introduction
District heating (DH) networks are often subject to high
seasonal variations in heat load, which requires DH
companies to invest in production units and pipe
dimensions that are significantly oversized for the
majority of the time in which they are in operation. An
example of this challenge in DH network operation is
shown in Figure 1, which depicts the duration curves of
heating consumption for the years 2015-2017,
respectively, supplied by the district heating company,
AffaldVarme in Aarhus, the second-largest city in
Denmark. As the data suggests, a relatively small number
of hours each year have a disproportionate effect on the
necessary sizing of DH infrastructure. While investments
in centralized energy storage capacity can be used to
lower the necessary production capacity in a DH network,
they do not necessarily address the potential bottlenecks
that arise in the DH network during these few hours of

Figure 1 Duration curves of heating consumption in the
DH system of AffaldVarme Aarhus for years 2015-2017.
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schemes, including lower production costs, reduced usage
of fossil fuel, running production units in their most
efficient states, increasing the net profit of electricity sales
from combined heat and power plants, handling capacity
issues in existing DH systems, dimensioning production
portfolios for a lower (reserve) capacity and preventing
network upgrades to accommodate new demand.
The potential for utilizing buildings for thermal energy
storage lies in the thermal inertia of buildings, which
allows HVAC control schemes to significantly alter the
daily consumption profile of the building without
sacrificing the thermal comfort of the occupants. Several
previous studies have found more energy-efficient
buildings (new or retrofitted) to be more suitable for DR
purposes compared to their older counterparts. This is
partly due to the lower demand for space heating of these
buildings, which allows them to be thermally autonomous
for a longer period before heating again is necessary to
maintain a comfortable indoor environment [2–4]. Some
control schemes may engage in preheating of the building
before peak events to increase the duration at which they
remain autonomous. In these cases, an energy-efficient
building envelope also reduces the additional heat loss
occurring during this initial preheating phase, where the
indoor air temperature is increased to facilitate heat flow
into the thermal mass of the building.
In the context of heating energy flexibility, a less fortunate
consequence of high energy efficiency is that the overall
lower energy consumption limits the effective storage
capacity of the building: one cannot reduce consumption
that one was never going to consume. The higher baseline
consumption of older buildings thus represents a larger
potential in this regard – a trait that comes at the cost of
lower storage efficiency. These contradictory effects of
energy efficiency raise the question of which buildings a
DH operator seeking to implement a DR scheme should
prioritize. Similarly, the composition of old and new
buildings in a neighbourhood may be an important factor
when determining the viability of DR schemes.
In this study, we use the construction year to segment the
building stock of single-family houses into groups of
buildings constructed under different sets of energy
performance requirements. A bottom-up modelling
approach based on Bayesian inference was used to
calibrate models of the district heating energy
consumption in single-family houses (SFH). The models
were calibrated with hourly consumption data recorded
and remotely transmitted by district heating smart meters.
Using coordinated optimization, we use these models to
compare the DR performance of different building
segments. The emphasis of the analysis is to investigate
and compare the theoretical potentials, while more
practical concerns related to the utilization of DR such as
the impact of inaccurate weather forecasts or occupant
behaviour remain outside the scope of the analysis.

Methodology
The analysis is based on a case study of a hypothetical –
but realistic – residential area supplied with district
heating from a single connection to a larger distribution

Figure 2 Hypothetical DH network typology of the case
study featuring an initial residential neighbourhood (red)
that has underwent two build-out phases (blue, green).
pipeline, see Figure 1. The case can be considered a city
expansion scenario, where a residential neighbourhood
over many years has gone through two build-out phases
that were not sufficiently accounted for in the initial sizing
of the DH infrastructure supplying the area. The new
demand thus results in the network being underdimensioned during the peak demand of the coldest days
of the year.
Due to space limitations, we only consider the three
building segments depicted on Figure 2, where each of the
highlighted areas consists of 100 residential buildings
from the indicated building segment. The three groups of
buildings were each constructed under building
regulations with significantly different energy
performance requirements compared to those of the other
groups. The consumption in each of the resulting 300
buildings was represented by a unique pair of models
describing the DH demand for space heating (SP) and
domestic hot water (DHW), respectively. As such, the
demand of each group is the sum of 100 different
consumption profiles. Both models were calibrated using
relevant weather data, building meta-data from publicly
available registers as well as hourly district heating
consumption data recorded by the DH energy meters
already installed in the buildings. The following sections
provide details on the models as well as the optimization
problem that is used to investigate DR performance.
Building model
The building model represents the space heating
consumption in each building and was based on the model
initially proposed in [5]. The model is a second-order
adaptation of the first-order model that was a part of the
Simple hourly method in EN/ISO 13790 [6]. The main
merit of this model for this application is that it provides
a physics-based framework that enables the modeller to
specify meaningful values or priors for parameters that
are either not relevant or not possible to infer from the
data – e.g. due to a lack of excitation. An example hereof
is the thermal capacity of the building, which is only
revealed through dynamic excitation of the building such
as through step responses or similar temperature
fluctuations. Given that temperature measurements for the
buildings are unavailable, we can only rely on the subtle
excitation that is imposed by changing weather conditions
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(e.g. solar radiation) and their transient impact on the
heating demand of the building. Because of the lack of
proper excitation, we guide the calibration of the thermal
capacity present in each building with a strong prior and
lower/upper boundaries to ensure realistic values in the
range specified in the ISO standard. Further details on the
building model are available in the original work [5].
Domestic hot water
With the space heating accounted for by the building
model, the second component of the DH consumption is
that used for the preparation of DHW. It is necessary to
model these two components separately for two reasons:
1) to remove (or reduce) the impact of the DHW
consumption on the inference of the building model
parameters, and 2) to enable a distinction between flexible
and inflexible demand. Here, the flexible demand refers
to the demand for space heating, while the DHW
consumption is considered inflexible. This is due to the
strong relationship between the daily routines of
occupants and their DHW consumption, which suggests
that adapting this consumption in the absence of a local
storage tank would result in a significant loss of qualityof-service for the consumers.
The domestic hot water model used in this study was
initially proposed in [5] and further refined in [7]. The
model is based on a set of DHW consumption profiles that
together describe the consumption pattern of an average
week. These profiles are then used to describe demand
across the whole year. The analysis presented in [7]
revealed that four 24-hour profiles were sufficient to
describe a full week due to the repetitive nature of DHW
consumption. Here, the DHW consumption pattern each
day was found to be largely governed by the work/offwork status of 1) the current day and 2) the following day.
This partitioning of the weekdays led to one profile
representing Monday-Thursday, while the remaining
weekdays were each assigned a unique profile. For each
building, all four DHW profiles were calibrated in parallel
with the parameters of the building model such that we
maximize the joint posterior probability of the
consumption data given the parameters. For further
details, we refer to the original work [5].
Model validation
All models were trained using consumption data for the
full calendar year of 2017. Figure 3 depicts the measured
and predicted consumption aggregated across all 100
buildings in each area for a previously unseen validation
period. The depicted metrics (CVRMSE and NMBE)
were evaluated on a validation dataset comprised of
measurements from the full calendar year of 2018, while
the time series of Figure 3 only depicts the last half of this
year to improve readability.
The time series depicted in Figure 3 suggest that the
models are capable of predicting the aggregated DH
consumption of the three groups of buildings with
relatively high accuracy in the heating season, while the
consumption during summertime is seen to be
overestimated for especially Group 1 and 2. Since present

Figure 3 Comparison of measured and predicted
aggregated consumption profiles for a validation data set.
Metrics were evaluated on the full calendar year of 2018
(validation data). Red rectangle on the upper figure
indicates the period depicted in the zoom-ins.
analysis focuses on the coldest periods throughout the
year where peak consumption takes place, the summertime inaccuracy is considered acceptable. A comparison
of the CVRMSE metric between the three groups of
buildings shows that the predicted consumption in the
newest buildings is the least accurate. One factor that
contributes to this is that the CVRMSE metric is the root
mean square error normalized by the mean of the
dependent variable. This means that the difference in the
average consumption between newer and older buildings
would result in an absolute error of a certain size
producing a higher CVRMSE value for a new building
with low consumption than an older building. Inspection
of the consumption time-series in the newest buildings
(lower part of Figure 3), also suggests a much more
volatile consumption pattern in these buildings. A factor
that contributes to this is the fact that the overall share of
energy used for the preparation of DHW is higher for new
buildings. However, since the fluctuations are higher even
if one attempts to disregard the space heating component
(i.e. looking at the size of the fluctuations alone), it seems
likely that the space heating consumption in these newer
buildings contributes to the observed fluctuations. This
could be due to several reasons, including new buildings
possibly being more exposed to solar heat gains, the use
of newer and more sensitive thermostats, or increased use
of digital thermostats capable of operating with schedulebased set points to implement night setback or similar
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energy-saving control strategies. Since no temperature
data was available for the buildings, the model inference
was carried out under the assumption of a fixed set point
rather than a setpoint schedule. The latter could, therefore,
explain some of the discrepancies observed in wintertime
between the predicted and measured consumption levels
of the newest building segment. We regard a more indepth investigation of these matters an interesting topic
for future research studies.
Demand response scheme
Several studies have previously investigated the potential
of utilizing flexible consumers through price-based
demand response schemes [3,5,8–11]. These schemes rely
on a broadcasted price signal to incentivize consumers to
adapt their consumption in benefit of the electricity grid
or DH network in question. A distinct advantage of the
price-based approach is that the decision-making process
remains with the consumers, who adapt their control
strategy to maximize their own financial benefit. This
decentralized approach reduces the computational
challenges that would befall the aggregator tasked with
coordinating a large group of buildings. Similarly, the
price-based approach may be contractually simpler to
implement, as the aspect of time-varying prices is already
familiar to most consumers. Introducing time-varying
prices that reflect real operational costs may thereby be a
conceptually simple approach to implementing DR in
practice. However, this individualistic approach may also
be a hindrance to the full utilization of the DR potential.
The challenge in this regard is that the optimal strategy
for the individual rarely coincides with the strategy that
best addresses the supply-side challenges that prompted
the DR initiative in the first place. While it may be
possible to partially address this issue by designing
elaborate (albeit less transparent) pricing schemes to
provoke a certain response from consumers, it is
impossible to achieve the same optimal response from
consumers as centralized coordination would yield using
a single price signal. Therefore, we investigate the
potential of flexible consumers through an incentivebased approach to DR that relies on centralized
coordination of all the buildings engaged in the DR
scheme. The control strategies of the buildings are
coordinated by solving an optimization problem that
incorporates the thermal dynamics and relevant
constraints of all these buildings at once.
The optimization problem is defined by equations (1) –
(6), where the use of slack variables to represent certain
constraints has been omitted for readability. Although the
complexity of such coordination hinders its applicability
for larger groups of buildings and thereby in real DH
networks, it is a suitable tool for investigating the
theoretical potential of full utilization of buildings within
the context of this study. Furthermore, the computational
feasibility of coordinating large groups of buildings may
be reduced through a variety of techniques not
incorporated in this study. These include distributed
optimization techniques as well as the use of clustering to
represent buildings with similar thermal dynamic

characteristics as a single building archetype. The
potential of the latter approach was investigated in [12],
where a clustering-based approach for coordinating large
groups of buildings was demonstrated to significantly
reduce the computational burden of coordination with
only a negligible loss of accuracy in the representation of
the buildings.
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For each optimization, only one of the three groups of
buildings is participating in the DR scheme, while the
other two groups remain passive consumers. The DR
actions of each individual group always aim to reduce
peaks in the combined consumption profile of all three
groups, thus making the results obtained for the three
groups directly comparable despite the differences in their
consumption levels. The objective function of equation
(1) features a fixed energy price 𝑐 that is applied to the
consumption for space heating 𝒖 and aggregated for all
of the 𝑛 buildings enrolled in the DR scheme. The
resulting control behaviour is therefore one that attempts
to fulfil the remaining constraints of the control problem
while minimizing energy consumption. Therefore,
whenever the controller in a building is not required to
deviate from typical operation to facilitate load shifting, it
tracks the lower boundary of the specified temperature
comfort range. Equations (2) – (3) incorporate the thermal
dynamics of the buildings that are represented by statespace models. Here, the vector 𝒙 contain the states of the
model, 𝒖 is the control variables (space heating) and 𝒅
are uncontrollable disturbances that affect the thermal
conditions in the building (e.g. solar radiation). The state
matrix 𝑨 , , input vector 𝑩 and disturbance matrix 𝑬 ,
contain the building-specific parameters of each model. In
all cases, subscript 𝑏 refers to a given building, while
subscript 𝑡 refers to a time step in the simulation. As
indicated by the subscripts, matrices 𝑨𝒃,𝒕 and 𝑬𝒃,𝒕 contain
temperature-dependent variables and are thus timevarying. Finally, the vector 𝑪 is used to extract the indoor
air temperature from the states of the model.
The incorporation of the building models in the
optimization problem allows for the introduction of
thermal comfort constraints through equation (4), which
specifies that the room air temperature in all buildings
must remain within a comfortable range of temperatures
at all times. In this analysis, this boundary was specified
as between 19.5°C and 23.5°C, thus allowing a 4°C
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temperature range to be exploited for thermal storage.
This constraint was implemented via slack variables to
ensure the existence of a feasible solution for all
optimization problems considered. Equation (5) limits the
heating output that can be delivered in each building to
realistic levels. These limits were defined as the heat
required to maintain a room temperature of 20°C with an
external temperature of -12°C with an assumed additional
redundancy of 25%. The redundancy was included due to
the heating systems in many residential buildings being
oversized – in some cases to an extent where even older
houses could be heated by low-temperature DH without
requiring new radiators [13]. Finally, equation (6)
incorporates the hypothetical bottleneck by imposing an
, on the aggregated consumption
upper limit, Φ
in the area within each time step. As seen in the equation,
this bottleneck limits both the consumption related to SP
and DHW consumption in the DR-active group as well as
the consumption, Φ
, of the remaining 200
buildings that act as passive consumers in the given
optimization.
Since the objective function of Equation (1) ensures that
energy consumption is minimized, and since load-shifting
results in an increase in the overall consumption due to
added heat losses, the optimal solution to the optimization
problem only involves the exact amount of load shifting
that is required to avoid violating the bottleneck
constraint. Furthermore, this formulation ensures that the
required load shifting is conducted in the buildings that
are most efficient at doing so first, while less efficient
buildings remain inactive until their participation can no
longer be avoided.

Results
This section presents the results obtained by solving the
optimization problem defined by Equations (1) – (6) for
each of the three groups of buildings. Previous studies
have indicated that especially the duration that a given
building has to shift its load affects how efficiently the
building may be used as thermal storage [2]. Since both
the amplitude of a peak and its duration is influenced by
weather conditions, it is necessary to evaluate the
theoretical potential of reducing peak demand through DR
for multiple years. We, therefore, consider the years 2015
to 2019 (both included) for which historical weather data
of sufficient quality were available. For each combination
of year and DR-active building group, the DR potential
was evaluated by solving the optimization repeatedly
while each time lowering the bottleneck constraint by 1%
of the reference peak demand of that year – a process that
continued until further reductions could not be achieved
without violating the imposed comfort constraints. Since
the bottleneck constraint applied to the full year, the
objective of the DR scheme was essentially to shave off
as much of the top of the duration curve as possible.
Figure 4 depicts the consumption time series of the annual
peaks for the years 2017 and 2019, respectively. The
black line indicates the aggregated consumption in the
reference case where no buildings are engaged in DR.
Each of the other lines shows the aggregated consumption
of the neighbourhood in the last successful optimization,
and thereby the highest achieved capacity reduction, for
each of the three groups of buildings. Since the buildings
by default track the lower boundary of the specified
comfort range to minimize their consumption in general,

Figure 4 Comparison of the reference simulation and the response from of the three building groups when they each
realize the highest possible capacity reduction. Left) Time series of consumption surrounding the highest peaks in 2017
and 2019, respectively. Right) Duration curves for the two years with only the first 500 hours depicted.
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they increase their consumption prior to the peaks to
warm up the thermal mass of the building, thus allowing
them to reduce their consumption to offset the peaks
without compromising comfort. The time series from the
scenarios depicted in Figure 4, where the buildings deliver
the highest possible capacity reduction, indicate that this
preheating can begin 1-2 days before the first peak. This
preparation time thereby sufficiently short to enable the
DH supplier to predict the need for DR actions using
typical weather forecasts. Due to space limitations, the
figure does not include the time series of the temperature
conditions in the buildings. However, since the most
efficient storage approach is to delay preheating as much
as possible and then maintain the building at the upper set
point until the beginning of the peak, this happens in all
the buildings. The reason why the time series from 2017
indicate a reduction in consumption levels around January
5th, is that maintaining a higher heating rate would result
on the upper temperature boundary being violated.
The right side of Figure 4 shows the impact of the DR
initiative on the first 500 hours of the duration curve. The
weather conditions of these two years resulted in the
lowest (12 % for 2019) and highest (20 % for 2017)
achieved capacity reductions across the five years
included in the analysis. For both years, the results
suggest that the most energy-efficient group of buildings
(Group 3) were capable of not only realizing the largest

reductions in the required DH capacity but also that they
did so more efficiently than the other two groups of
buildings. Utilization of these buildings allowed for a
capacity reduction of 362 kWh/h and 187 kWh/h for the
years 2017 and 2019, respectively. The large difference
between the reductions these two years suggests that the
single consumption peak of 2017 was far less challenging
to offset than the series of consecutive, but more
moderate, peaks observed in 2019. This is despite the
2017 consumption peak being over 16% higher than the
2019 peaks. Large peaks of limited duration may be far
less of a challenge to offset than the prolonged peaks of
more moderate amplitude that may arise during
consecutive days (or even weeks) of cold weather.
To facilitate a more straightforward comparison of the DR
performance of each building group across the five years
considered, Figure 5 presents the results of the analysis as
a function of the requested capacity reduction. The DR
performance is quantified using two metrics. The first
metric is the cost of realizing a given capacity reduction,
which here is expressed as the percentage-wise increase
in the annual consumption for each year relative to the
reference scenario. This additional consumption is
depicted in the left-hand column of plots in Figure 5. In
all cases, the increase in consumption is limited to below
0.15% of the annual consumption, which agrees well with
the previous observation that a relatively small number of

Figure 5 Evaluation of each building group’s DR performance as a function of the realized peak reduction relative to the
reference peak consumption in the given year. The left column of plots quantifies the cost of a given capacity reduction
in terms of the increase in overall consumption. The right column shows the average storage efficiency of each group.
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hours each year represents a significant portion of the
required capacity as clearly seen in Figure 1. The righthand column of plots in Figure 5 quantifies the DR
performance in terms of the average storage efficiency,
which describes how much of the energy invested in
preheating of the buildings is utilized. As such, a storage
efficiency of 66% implies that approximately one-third of
the additional energy used for preheating of the building
is never recovered when compared to the reference
demand. Here, the results show that the oldest buildings
for the lower achieved capacity reductions for each year
lose approximately 5% more of the energy used for
preheating than both groups of newer buildings – a
difference that only grows as the bottleneck is intensified
and more significant load shifting is required. In the five
years considered, the oldest buildings delivered their
highest achieved capacity reductions at a storage
efficiency between 51% and 57%, while, for comparison,
the newest buildings were capable of delivering the same
reductions with efficiencies between 77% and 81%.
Despite these differences, the results indicate that all three
groups of buildings were capable of realizing significant
capacity reductions across all the years considered, with
the 20% reduction realized in 2017 being the largest. The
lowest reductions were seen for 2019, where a series of
moderate but prolonged peaks meant that the capacity
could only be reduced between 9% and 12% depending
on the group. However, since 2019 were also the warmest
of the five years and therefore characterized by the lowest
peak consumption, the capacity reductions when
evaluated across the entire 5-year period were higher.
Here, the building groups 1, 2, and 3 were capable of
realizing 13%, 16%, and 17.1%, respectively. Although
these results are theoretical and therefore difficult to fully
achieve in practice, the results do suggest that effective
utilization of DR initiatives could provide significant
reductions in the capacity requirements used in the
dimensioning of DH infrastructure. When interpreting
these results, however, it is worth noting that the analysis
assumed one-third of the buildings to be engaged in DR
in all optimization runs. Whether it is possible to achieve
similar participation rates in practice is considered highly
case-specific.

Discussion
Several practical concerns affect the degree to which the
results obtained in this study can be realized in practice.
An important factor is the influence that occupant
behaviour may have on the achievable capacity
reductions. Prolonged periods of elevated indoor
temperatures to preheat the thermal mass of the buildings
may be vulnerable to certain occupant behaviours such as
excessive venting in the case when the indoor
environment is experienced as being too warm. To
prevent occupants from engaging in such activities that
are detrimental to the DR strategy, it is most likely
necessary to allow the occupants to specify their own
level of comfort flexibility themselves. To investigate the
impact of this choice, the analysis was repeated for
building Group 3 with more conservative comfort ranges
spanning 1, 2, and 3 degrees, respectively. These results
are presented in Figure 6 alongside the previously
obtained results that assumed a 4-degree comfort range.
This sensitivity analysis indicates that a lower comfort
range limits the achievable capacity reduction in both
years. This is because the reduced comfort ranges
essentially reduce the size of the thermal energy storage
available. On the other hand, the results also show that,
depending on the comfort range, more moderate capacity
reductions can be realized at a similar cost and storage
efficiency as with the higher comfort ranges.
Several other factors should be considered in future
research. One of these is the impact of consumers wanting
certain parts of their homes to remain passive throughout
parts of the day – e.g. to ensure cold bedrooms during the
night time or moderate temperature levels in dining rooms
when guests are coming over or during festive events.
Here, it is worth considering how the latter may happen
simultaneously in many buildings (Christmas, New
Year’s Eve, or similar). Therefore, to enable DH suppliers
to incorporate the potential of DR schemes in their
calculations for the sizing of DH infrastructure, it seems
necessary that the consumers at least in principle could be
contractually obligated to respond to a DR request from
the DH supplier.

Figure 6 Impact of consumer comfort preferences on achievable capacity reduction. Results depicted for Group 3
(newest buildings) for comfort ranges spanning 1 to 4 degrees.
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From a hardware point of view, implementing DR
schemes similar to the one investigated here does not
require the development of new components, but rather
increased interconnectedness between already existing
technology. The main obstacle is on the building side is
the task of obtaining suitable models of the thermal
dynamics of the buildings, which are used to compute the
control strategies used to realize DR objectives without
compromising comfort. In this paper, we rely on
relatively coarse data from smart meters to obtain such
models. In practice, however, the inclusion of indoor
temperature measurements and higher quality
consumption data is desirable to improve the ability of the
models to predict the indoor temperature in the buildings
as a function of heating strategy and weather conditions.
Once suitable models of the buildings are established, the
building-side mainly requires temperature sensors and
digital thermostats suitable for tracking time-varying
temperature setpoints without significantly compromising
the cooling of the DH water. From the aggregator or DH
supplier perspective, the main challenge is to develop
methods that allow them to effectively orchestrate large
groups of buildings to achieve supply-side objectives.
Proposed methods include indirect price-based
approaches such as that proposed by Junker et al. [14], as
well as archetype based approaches which rely on
centralized coordination [12].

Conclusion
In this paper, we presented a study on the potential for
lowering the need for capacity in a residential
neighbourhood through the utilization of coordinated
demand response. The analysis compared the DR
effectiveness of three groups of 100 buildings, each
constructed under different requirements for energy
efficiency. The district heating consumption in each of
these 300 buildings was modelled using consumption data
of hourly resolution from smart energy meters. The goal
of the DR scheme was to shift energy consumption away
from the relatively few hours each year that has a
disproportionate effect on the DH capacity need, thus
lowering the dimensioning peak of the area. To achieve
this, the buildings were allowed to engage in preheating
before periods of critical demand, thus enabling them to
lower consumption without compromising the thermal
comfort of occupants. To investigate the differences in the
DR potential of the three groups, each group was
evaluated separately. The results indicated that significant
capacity reductions could be achieved: 13%, 16%, and
17.1% over a five-year period depending on the group of
buildings that was utilized. For each of the five years
considered, the results indicated that the newer and more
energy-efficient buildings were not only capable of
realizing larger peak reductions but also that they could
do so more efficiently. The results thereby suggest that,
although all three building groups realized significant
capacity reductions, it is favourable to target newer and
more energy-efficient buildings first when implementing
DR schemes.
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