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Abstract. A data set of heat load measurements for 197 buildings from different building categories (apartment
blocks, hotels, nursing homes, offices and schools), have been analysed to evaluate the potential for peak shaving.
A moving average filter is applied to investigate how smoothening of the load profiles can reduce the peak loads.
It is shown that for short term peak shaving, apartment blocks and hotels have the highest potential (around 8%
for a two hour period), while for longer term peak shaving, the results are more even for all the building categories.
Schools stand out, with a large difference in heat consumption between inside and outside opening hours, leading
to a large flexibility potential on daily basis, but this would require a large amount of stored energy. As it is difficult
to control, and thereby reduce the peaks for unknown loads, a prediction model is applied to the data, to analyse
the predictability. It is shown that the peak shaving potential is reduced 90-30 % when analysing only the
predictable loads. The biggest difference is in the short-term potential for apartment blocks and hotels, while
difference is smaller in the long-term (24-hour) peak shaving potential.

1. Introduction

The Clean Energy Package of the European Union highlights the importance of utilizing demand side
flexibility to support the de-carbonisation of the energy system [1]. In Norway, about 80 % of the
building sectors' heating demand is met by electricity either with heat pumps or direct electric heating
[2,3]. In addition, fossil oil as heating source is to be phased out by (2020), which will further increase
the need for electricity as a heating source. Hence, shifting the heating use of buildings comprises a
large flexibility potential for the electrical system. Regarding the power grids in European countries, the
main reason for the utilization of building energy flexibility is to adjust the load to the availability of
renewable energy, while in Norway, the main goal is to reduce the maximum peak load and thereby to
reduce the strain on the distribution grid. Regarding district heating networks, demand side flexibility is
of interest because it can reduce the need for costly energy sources typically applied during peak hours.
Flattening electricity and heat load profiles is thus beneficial for reducing the installed peak capacity as
well as for the operation of individual energy systems [4]. Energy-efficient heat supply systems, such
as ground source heat pumps (GSHP), are usually installed as base load units, whereas the peak load is
covered by a less energy-efficient unit, e.g. an electric boiler [5]. Reducing both peak power and energy
demands during peak periods, will lead to an increased utilization of the base load system and decrease
the total operation cost of the system [6]. To enable a flexible operation, thermal energy storage is
required, examples are water storage tanks for domestic hot water (DHW) or the utilization of the
thermal inertia of buildings [7—-10]. With the implementation of automatic metering systems (AMS) the
availability of data will increase drastically. The data can be used to estimate the buildings flexibility
potential. This works seeks to find a simplified way of doing this.
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This work aims at investigating the flexibility potential for several building categories by analysing
hourly heating demand measurements of 197 buildings. A Linear regression model has been fitted on
the data for each building. The main focus is on peak load reduction, and therefore, the emphasis is put
on prediction of the winter season. The available information is restricted to the heat load profile, the
building category and the location of the buildings. The measurement data has been studied with regards
to daily load variations and capacity to forecast the loads based on available parameters.

2. Description of dataset

Heat load measurements have been collected from district heating substations for a range of buildings,
including 120 apartment blocks, 31 office buildings, 16 hotels, 15 nursing homes and 15 schools, located
in a Nordic climate. For each building, the dataset contains hourly measurements of the heat consumed
by the building for a period of one year (2017).

There are large variations in the quality of the measured data samples resulting from the limited
information on the datasets. This entails several challenges:

(1) The resolution of energy metering with regards to district heating measurements. Often, energy
meters accumulate to a given threshold before the signal is logged. Commonly-used thresholds
are 1, 10 or 100 kWh. If this threshold is too high relative to the energy consumption of the
building, the hourly measurements may be inaccurate, also affecting the flexibility potential.

(2) It is unknown, whether additional energy sources, other than district heating, are applied in the
buildings. In that case, the measured energy consumption and load profile will not be
representative for the energy needs of the building.

(3) The lack of information on the building size (heated floor area) and year of construction can
make it difficult to draw conclusions with certainty.

3. Methodology

The data analysis is split into two parts. First, the theoretical peak shaving potential for each building in
each category is investigated by smoothening the load profiles. Secondly, we fit a linear regression
model to the measurements for each building.

3.1. Theoretical peak shaving potential

Local storages can be applied to reduce the peak loads by smoothening the profile (seen by the
distribution grid). To investigate the theoretical potential for smoothening the load profile, a Simple
Moving Average (SMA) function is applied. SMA is an arithmetic average of the n previous values.
The flexibility potential is evaluated by calculating the ratio between the maximum peak load of the
filtered load profile (Qwmam)) and the measured hourly profile (Qmeas), as shown in equation 1. This ratio
will always be equal or smaller than 1 and represent by how much it is possible to reduce the overall
peak.

_ max(Qumagm)
maX(QMeas)

Pflex - (1)

3.2. Regression analysis

Several linear regression models with the limited number of explanatory variables was tested. The linear
regression model shown in equation 2 and 3 was selected and has been fitted to each building. The
dataset is split into three seasons: winter (des-feb), shoulder (mar-may+sept-nov) and summer (jun-aug).
Workdays and weekends are separated. This results in 6 models for each building.

Pth = f(tday) + ﬁlTLPL? + & (2)

TLP? = aTLPY_ ;+ (1 —a) * T? 3

The regression model is shown in equation 2, where the explanatory variables in the model are time

of day (tday) and outdoor temperature (T°). f(tqay) is a spline function to describe the diurnal profile. TLP°
(t) (equation 3) is the filtered ambient temperature after application of a first order low pass filter with
the smoothening factor a. The lowpass filter enables the model to include the dynamic effects of the
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building (due to thermal inertia and insulation). During the model fitting, o is optimized for each
building by minimizing the RMSE of the models. a is equal for all the 6 models describing one building.
B describes the slope of the temperature dependency curve and is equal for all hours within each model,
even though this has shown not to be the most accurate solution [11]. € is the error term.

4. Results and discussion

4.1. Theoretical peak shaving potential

Figure 1 shows the resulting flexibility potential from smoothening the load profiles with different
averaging periods. The histogram shows the share of buildings with the respective flexibility potential
(Psex) for each building category and for 2-, 6- and 24-hour moving averaging periods. Paex=0 means
no potential for peak load reduction, while Prex=0.5 means a potential for 50% peak load reduction.
From the results, it can be seen that about there is a potential for peak shaving by load shifting
(smoothening the load in the peak hour out) over a period of only two hours for about 60 % of the
apartment blocks. The potential ranges from 5-15 %. A similar tendency is can also be seen for hotels.
Both these building categories have short term peaks, typically driven by DHW consumption in the
morning and/or temperature increase in the morning after night set-back periods. For longer averaging
periods, high short-term peaks are less influential and the differences between the building categories
evens out. For the 24-hour averaging period, schools stands out with a high peak shaving potential. As
shown in Figure 2, this is mainly due to the large difference in energy consumption between operating
and non-operating hours. One could expect similar results for offices, however it is dependent on how
well the HVAC system is controlled. A longer averaging periods would also imply the need for larger
available thermal energy storages. Table 1 (a) summarizes the results by showing the mean Pgex-value,
and the range within each building category.
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Figure 1. Histograms of resulting Pnex from smoothening the load profiles with different averaging periods.
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4.2 Heat load prediction

Figure 2 shows examples of predicted daily heat demand profiles, normalized by the total daily
consumption, for one selected building per building category with constant outdoor temperature
of -15°C (left) and 0°C (right). Both figures are generated for working days using the winter model.
Here, the relative daily variation, and thereby the relative flexibility potential, is reduced with reduced
outdoor temperature. Thus, the relative potential for peak shaving is larger on warmer days. However,
the absolute potential for peak reduction might be similar. Figure 2 also shows that schools have very
clearly defined opening hours, and in most cases the indoor temperature is reduced, and the ventilation
is reduced or turned off outside opening hours followed by a peak demand before opening, connected
to the start of ventilation. Figure 2 shows just one selected building from each category. There are large
variations in the profiles within each building category, but the selected buildings are representative for
the buildings with high quality measurement data.
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Figure 2. Normalized heat load profile for a day with outdoor temperature at -15°C (a) and 0 °C (b)
for selected buildings.

Figure 3 shows the predicted load profiles for two days around the peak load hour for the same buildings
as in Figure 2. It shows that the ability of the models to predict the peaks are variable. In general, the
models are not able to predict the maximum peaks, probably due to occasional effects. For hotels, the
predicted peak load is much lower than the measured values. This is probably due to the fact that data
on the number of guests are not available for the model. With this model, the peak shaving potential is
low, but for a model designed for peak shaving at a selected hotel, predicted guest data would be
available from the booking system. The buildings shown in Figure 3 have above average R?-values. For
the total dataset the average R2-value is 0.63, and the median is 0.70.

4.3. Flexibility potential

Table 1 shows the flexibility potential for different types of buildings and time frame. There are several
reasons why it is challenging to exploit the full flexibility potential shown in Table 1 (a). The flexibility
potential is calculated based on the measured load profiles, where the maximum peaks normally are
caused by occasional user-behavior-driven effects (especially for apartments and hotels), in addition to
the outdoor temperature and the diurnal routines. These maximum peaks are difficult to predict (as
shown in Figure 3, and thereby also difficult to shave. Peaks are very dependent on how the building is
controlled. Additionally, flexibility means different use of the existing systems but it maybe the need
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for storage that may or not be previously in the building. Storage means investment, but also higher

energy use which may not be interesting unless peak power is priced.

Table 1 (b) shows the theoretical peak shaving potential performed on the predicted values for the
same year. It is shown that the peak shaving potential by smoothening the load profiles is significantly
lower for the predicted load profiles. This is partly due to the smaller peaks, as mentioned above. The

results for the predicted load profiles will be less affected by potential outliers in the data set.
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Figure 3. Predicted vs. measured values for 2 days around yearly peak for selected buildings.

Table 1. Theoretical peak shaving potential (Pflex) from (a) moving average test on measured values
and from (b) moving average test on predicted values (Range is defined by the 20% and 80%
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quantiles to disregard the abnormal buildings).

Short term Medium term Long term
(2 hour MA) (6 hour MA) (24 hour MA)

Building category # buildings Mean Range Mean Range Mean Range

(a) Moving average of measured values
Apartment blocks 120 8%  3-12% 19% 10-24% 29% 18-38%
Hotels 16 8 % 4-13% 17% 9-23%  26%  22-30%
Nursing homes 15 3% 1-5% 11% 5-17% 24%  15-36 %
Offices 31 4% 1-7 % 9% 3-14% 24% 12-33%
Schools 15 5% 1-8% 12% 5-17% 40% 34-49%

(b) Moving average of predicted values
Apartment blocks 120 1% 0-2 % 7% 3-9% 15% 10-19%
Hotels 16 2% 0-3 % 8% 5-10% 16% 12-19%
Nursing homes 15 2% 1-3% 6 % 3-8% 13% 8-16 %
Offices 31 1% 0-2 % 4% 2-7% 16%  825%
Schools 15 2% 1-2 % 6 % 3-8 % 26%  21-29%

5. Conclusions

The presented work has analyzed a large data set of heat load measurements from different building
categories, to evaluate the theoretical potential for peak shaving. It is shown that for short term peak
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shaving, apartment blocks and hotels have the highest potential, with an average of 8 %. For longer term
peak shaving, the results are more similar for all the building categories, with a higher potential, but a
wide variance between individual buildings (from 12-39 %). Schools stand out, with a large difference
in heat consumption between inside and outside opening hours, leading to a large flexibility potential
on daily basis, but this would require a large amount of stored energy.

As it is difficult to control, and thereby reduce the peaks for unknown loads, a prediction model is
applied to the data, to analyze the predictability. As a prediction model will not predict the maximum
peaks, the peak shaving potential is reduced when analyzing the predicted values. This is clearly seen
when the moving average analysis is performed on the predicted heat load. For example, the average
peak load shaving potential for apartment blocks is reduced from 8 % to 1%. For more long-term peak
shaving, the difference is less significant. This difference might be reduced by improving the prediction
model, either by adding more parameters, or improving the data quality (fault detection and installing
new meters).

The results can further be utilized to investigate how the building flexibility can reduce investment
and operational costs in the grid, and how the flexibility can be harvested by thermal energy storage
systems.
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