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Abstract: Heat demand of buildings and related CO2 emissions caused by energy supply contribute
to global climate change. Spatial data-based heat planning enables municipalities to reorganize
local heating sectors towards efficient use of regional renewable energy resources. Here, annual
heat demand of residential buildings is modeled and mapped for a German federal state to provide
regional basic data. Using a 3D building stock model and standard values of building-type-specific
heat demand from a regional building typology in a Geographic Information Systems (GIS)-based
bottom-up approach, a first base reference is modeled. Two spatial data sets with information on the
construction period of residential buildings, aggregated on municipality sections and hectare grid
cells, are used to show how census-based spatial data sets can enhance the approach. Partial results
from all three models are validated against reported regional data on heat demand as well as against
gas consumption of a municipality. All three models overestimate reported heat demand on regional
levels by 16% to 19%, but underestimate demand by up to 8% on city levels. Using the hectare grid
cells data set leads to best prediction accuracy values at municipality section level, showing the
benefit of integrating this high detailed spatial data set on building age.

Keywords: GIS; building stock model; residential buildings; census data sets; construction period;
building typology; municipality sections; hectare grid cells; heat demand density; district heating
potential

1. Introduction

It is widely agreed that global carbon dioxide (CO2) emissions need to reach net-zero
around the year 2050 to mitigate global warming to below the internationally agreed upon
threshold of 1.5 ◦C above pre-industrial levels. As part of this emission reduction process,
a rapid, global transformation of the energy and building sectors will be necessary within
the next few decades. This includes the prevailing use of renewable energy resources
accompanied by a steep increase in energy efficiency to reduce energy demand in terms of
electricity and heat [1].

Today 74% of Europe’s population live in cities and urbanized areas [2], which goes
alongside an enormous demand for heating and the use of warm water at these places.
Heat demand for buildings adds up to almost 80% of the total heat demand, which again
makes up around 50% of the final energy demand in the member states of the European
Union [3]. In addition to measures that reduce the overall heat demand, like refurbishment
of old buildings, the use of more efficient heating systems is needed to substantially reduce
energy related CO2 emissions. With the expected future increase in air temperatures due
to climate change, heat demand may decrease in winter seasons, but energy demand for
cooling of buildings in summer may grow [4].
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In 2018, only round 21% of the EU-27′s total energy demand for heating and cooling
was covered based on renewable resources [5]. District heating can offer a solution to
increase the share of renewable energy in the heating sector, especially in densely built-
up and inhabited areas like cities. It provides the ability to integrate different locally
available renewable heat resources like deep geothermal and solar thermal energy or
industrial excess heat as well as often necessary seasonal heat storages into renewable
energy systems [6,7].

To support heat planning at various scales in general and to establish new local heating
networks, preferentially operating with heat from renewable resources, reliable data on
heat demand for a given area is essential [8–14]. Areas probably suited for district heating
can be detected based on information on heat demand density [15]. Since measured data
on heat consumption are usually not publicly available, various mapping approaches have
been developed, helping to quantify heat demand of buildings and to localize the potentials
for district heating. These approaches are often based on Geographic Information Systems
(GIS) and range from the scale of a district [16,17], a municipality or a city [18,19] up to
national [15,20–23], continental [24,25] and even global levels [26].

However, heat demand modelling and mapping is highly limited by the availability
and quality of input data sets. In many cases, 3D building stock models are used as base
data for heat demand mapping. They provide the geometrical information of individual
buildings and information about the building’s use for the building stock of a district, city
or state [27–30]. Nowadays, 3D building stock models are available in several European
countries [19,31–33]. Usually, semantic information (e.g., construction year or period,
number of floors or floor heights, refurbishment status), which is known to be crucial for
calculating heat demand [30,34–37] is missing. This information needs to be added to a
building stock database [29,38].

Data on the building age are essential here [34], since most heat demand modelling
approaches use building archetypes from building typologies to quantify heat demand.
Building typologies are often derived from statistical records based on regional or national
building stock registers or from detailed models of single buildings of a certain type and
age [38–41]. They provide information on average heat consumption per unit area for each
building archetype of a certain construction period.

Detailed building stock registers, stating each building’s year of construction are only
available for a limited number of countries [7,41,42]. In other cases, the required data need
to be laboriously collected by on-site mapping or from local building cadasters [28,29],
commercial data sets [17,37], from remote sensing data [43] or directly from house owners
and occupants [44]. In this paper we present an alternative approach using readily available
census data in order to optimize the prediction of building-related heat demand from
regional to sub-regional scales.

Recently, results of the European Union population and housing census 2011 [45], that
include data on building stock age, are made available by EU and national authorities in high
spatial resolution [46,47]. This census has been conducted in all EU member states and its
data comprise different levels of aggregation, ranging from state to address level. These data
are suited to support heat demand mapping at the various spatial scales [24,34,38,48–51].

To our knowledge, the question to what extent the integration of this census data on
different spatial aggregation levels contributes to improvements in heat demand mapping,
i.e., to minimizing the estimation error, is unresolved.

Based on a regional 3D building stock model of a German federal state, supplemented
by regional information on building age from the census of 2011 aggregated on two different
spatial levels, we test the prediction quality of modeled heat demand against reported heat
demand and measured gas consumption data.

In more detail, the objectives of this study are (I) to present a GIS-based bottom-up
approach, operating on available, official regional geo and census data, used for modelling
and mapping building heat demand at the regional and sub-regional scales, (II) to quantify
the estimation error of calculated heat demand by comparing differently composed sets of
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census data against a reference and measured data, and (III) to demonstrate the practical
use of the outlined, improved heat demand mapping approach for heat planning.

2. Materials and Methods
2.1. Study Region

The north German federal state of Schleswig-Holstein (Figure 1) produced 23 TWh
of electricity from renewable resources in 2018. This exceeded its total electric power
demand by 53% and therefore positions the state as a forerunner in the German energy
system transition in terms of electricity. Nevertheless, in the heating sector, the federal
state so far covers just 14% of its total heat demand from renewables, just like the whole
of Germany. Heat demand (40 TWh) dominates the overall energy demand of the federal
state, if compared to the electricity (15 TWh) and traffic sectors (22 TWh). The biggest share
of the annual heat demand (78%) is caused by residential and commercial buildings with
their demand for space heating and hot water provision [52].
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Figure 1. 3D building stock model for the German federal state of Schleswig-Holstein and major cities.

The share of district heating in the federal state was at 11% at the time of the European
census in 2011. In the capital, the City of Kiel, already 30% of residential buildings were
connected to an existing district heating system, and this was even 91% in the City of
Flensburg. In most other cities and municipalities, the heating sector is dominated by gas
and oil-fired central heating [47].

A well informed, structured heat planning process could help to identify areas with
further district heating potential (as well as nearby renewable heat resources) in order to
increase the share of renewable heating to more than 22% already in 2025 as stated in the
climate protection act of the federal state [52].

Unlike in the electricity sector, cities and municipalities have to plan and organize the
transformation of the local heating sector on their own. Therefore, the climate protection act
of the federal state enables them to do structured heat planning for their territory. Recently,
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a first geo data set, giving municipalities an overview on the spatial distribution of regional
heat demand, has been available for the federal state [53], but it is based on a top-down
method using regionalized input data of European scale [24].

2.2. Input Data
2.2.1. 3D Building Stock Model

For this study, a regional 3D building stock model for the whole area of the study
region was provided by the federal state’s surveying authority [54]. About 1.8 million build-
ing models (Figure 1) represent the regional building stock as modeled by the surveying
agency at the end of the year 2017.

All buildings are modeled in a “level of detail 1” (LoD1), meaning surveyed building
footprints are extruded by the building height (Figure 1). Building height was measured
by the surveying authority via airplane by light detection and ranging (LiDAR) with a
height accuracy of +/−5.0 m. Heights in the models represent the averaged roof top
heights detected.

For most of these building models, information on the type of usage is available. All
buildings without any information on usage (14%) were excluded from further processing.
A random sampling by the authors showed that these building models mostly represent
small unheated garages or sheds. Moreover, all building models with a non-residential
usage (42%, including mixed used buildings) were disregarded in this study, since infor-
mation on building age from the census was only available for pure residential buildings,
as described in the following. In total 808.485 residential building models remained and
were used in the heat demand modelling approach.

2.2.2. Spatial Census Data Sets on Construction Period

Two different spatial data sets on building age were used in this study: a regional
cadaster, as well as a national data set, both containing aggregated results of the census
from 2011 (Figure 2).
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In the regional cadaster [55], the original address-based census results were aggregated
by the regional statistics authority in 10 construction period classes for about 13,000 munic-
ipality sections representing most municipalities in the study area (Figure 2 left). Unfortu-
nately, the cadaster did not cover the four major cities of the federal state (Kiel, Lübeck,
Flensburg, Neumünster), since they have independent local departments for statistics, who
did not participate in the cadaster project. Nevertheless, for this study it was possible to
use the spatial information on the construction period for residential buildings for all other
municipalities. Due to protection of data privacy, original information for some age classes
in some municipality sections had been changed by the regional statistics authority via an
algorithm. This was to ensure that a minimum of 3 residential buildings with the same
construction period class were present or no information for this class is reported. In total,
9397 municipality sections contained information on the number of residential buildings
per construction period.

A second spatial data set with aggregated results of the census was published by
the statistical offices of the German federal states [47]. It contains a grid identifier that
allowed the joining of the information to an existing, nationwide spatial grid. This grid
has a spatial resolution of one hectare and is provided by the national surveying authority.
For this study, all grid cells representing the study region Schleswig-Holstein (including
the area of the four major cities) were selected from the national grid and joined with
the regional census results in a spatial database. Each hectare grid cell then reports the
number of residential buildings in this specific area for each of 10 predefined classes on the
construction period (Figure 2 right). Again, some aggregated data had been changed in a
privacy protecting way by the regional statistics authority. In total 84,876 cells contained
information on the construction period for residential buildings.

2.3. Heat Demand Modelling Approach
2.3.1. Data Processing

Preparation and processing of input data, modelling of heat demand and final map-
ping of results was performed using two different combinations of Geographic Information
Systems (GIS) (ArcMap, QGIS), geodatabases (file geodatabase, PostgreSQL database with
spatial extension PostGIS) and programming languages for scripting (Python, R) in parallel,
in order to test and show simple reproducibility and transferability of the applied method.

2.3.2. Modelling of Heat Demand Density

Annual heat demand of residential buildings was modeled according to the German
building energy saving ordinance [56]. In a first step, the number of floors (NF) had to be
derived from the building height (bh) according to (1), assuming a floor height (fh) of 3.50 m:

NF = bh [m]/fh [m] (1)

According to [56] the heated floor area of a residential building should be calculated
based on the combined volume of all heated building parts. In this study, the heated
building volume (HBV) is simply based on the overall cubic content of the building
model. It is calculated according to (2) by multiplying the ground floor area (gfa) with the
building height:

HBV = gfa [m2] × bh [m] (2)

Due to the comparatively large assumed floor height of 3.50 m, a special formula (3)
from [56] was used to calculate the heated area (HA) of buildings based on the HBV:

HA = (1/fh [m] − 0.04 [m−1]) × hbv [m3] (3)

According to [57], residential buildings with a total HA below 55 m2 can be regarded
as unheated in Germany. Therefore, these building models were excluded from the further
processing steps and 770,252 heated residential buildings remained for heat demand
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modelling. They were further subdivided into single-family houses (SFH) and multi-family
houses (MFH). Following again [57], all heated residential buildings with a ground floor
area of more than 250 m2 or more than 2.5 floors can be regarded as MFH in Germany as
well as in the study region. This resulted in 689,282 SFH and 80,970 MFH, which were
combined with information on the construction period from the two spatial census data
sets (Figure 3).

Energies 2021, 14, x FOR PEER REVIEW 6 of 18 
 

 

They were  further  subdivided  into  single‐family  houses  (SFH)  and multi‐family  houses 

(MFH). Following again [57], all heated residential buildings with a ground floor area of more 

than 250 m² or more than 2.5 floors can be regarded as MFH in Germany as well as in the 

study region. This resulted in 689,282 SFH and 80,970 MFH, which were combined with in‐

formation on the construction period from the two spatial census data sets (Figure 3). 

A base reference model was created first, in order to later evaluate the usefulness of 

the  two  different  spatial  census  data  sets  to  improve  heat  demand mapping  (Figure 

3a,c,d). For  the base  reference,  the annual heat demand  (HD) of all heated  residential 

buildings was calculated according to (4), using just two building‐type specific standard 

heat demand (SHD) values for SFH (171.3 kWh/m²) and MFH (150.5 kWh/m²): 

HD = HA [m2] × SHD [kWh/m2 × a−1]  (4)

These two SHD values were taken from a building typology for the study region [58]. 

This regional building typology further provides more differentiated heat demand values 

for SFH and MFH archetypes from different construction periods (Table 1). Therefore, the 

summed‐up information on the heated area per construction period from the two differ‐

ent census data sets was used with these construction period specific SHD values to cal‐

culate the annual HD for the municipality sections and the hectare grid data again for two 

improved models (Figure 3e,f). 

 

Figure 3. Data processing and method flow schema: the provided 3D building stock model (a) and two 

available spatial census data sets (b) were combined with building type or construction period specific 

standard heat demand values from a regional building typology (c) to create a base reference data set 

(d) and two enhanced data sets (e,f) on the heat demand of residential buildings. 

From the two spatial census data sets, municipality section and hectare grid cell IDs 

were assigned to all remaining heated residential buildings; if they spatially intersected 

(Figure 3c), the first intersecting ID was joined to each building in the building stock data‐

base. This was possible for most (86%) of the remaining residential building models; never‐

theless, some building footprints are located outside municipality sections and hectare grid 

Figure 3. Data processing and method flow schema: the provided 3D building stock model (a) and
two available spatial census data sets (b) were combined with building type or construction period
specific standard heat demand values from a regional building typology (c) to create a base reference
data set (d) and two enhanced data sets (e,f) on the heat demand of residential buildings.

A base reference model was created first, in order to later evaluate the usefulness of
the two different spatial census data sets to improve heat demand mapping (Figure 3a,c,d).
For the base reference, the annual heat demand (HD) of all heated residential buildings was
calculated according to (4), using just two building-type specific standard heat demand
(SHD) values for SFH (171.3 kWh/m2) and MFH (150.5 kWh/m2):

HD = HA [m2] × SHD [kWh/m2 × a−1] (4)

These two SHD values were taken from a building typology for the study region [58].
This regional building typology further provides more differentiated heat demand values
for SFH and MFH archetypes from different construction periods (Table 1). Therefore,
the summed-up information on the heated area per construction period from the two
different census data sets was used with these construction period specific SHD values to
calculate the annual HD for the municipality sections and the hectare grid data again for
two improved models (Figure 3e,f).

From the two spatial census data sets, municipality section and hectare grid cell IDs
were assigned to all remaining heated residential buildings; if they spatially intersected
(Figure 3c), the first intersecting ID was joined to each building in the building stock
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database. This was possible for most (86%) of the remaining residential building models;
nevertheless, some building footprints are located outside municipality sections and hectare
grid cells (e.g., residential buildings built after the census was conducted in 2011). These
buildings were left without information on the construction period.

Table 1. Construction period classes used in the two spatial census data sets against classes of the regional building typology
as well as corresponding standard heat demand (SHD) values for single- and multi-family houses (SFH and MFH) and
values used in the presented method.

Construction Period Class
in Spatial Census Data Sets

Construction Period Class
in Building Typology

SHD (kWh/m2 × a)
Building Typology

SHD (kWh/m2 × a)
Used in Method

SFH MFH SFH MFH

“before 1919” “before 1919” 186.6 162.3 186.6 162.3

“1919–1948” “1919–1948” 197.2 165.0 197.2 165.0

“1949–1978”

“1949–1957” 200.5 160.4

193.0 157.3“1958–1968” 194.9 158.6

“1969–1978” 183.7 152.8

“1979–1986” “1979–1987” 155.4 133.8 155.4 133.8

“1987–1990”
“1988–1993” 144.0 125.7 144.0 125.7

“1991–1995”

“1996–2000” “1994–2001” 114.4 117.8 114.4 117.8

“2001–2004”
“2002–2009” 91.3 98.4 91.3 98.4

“2005–2008”

“after 2009” 84.5 1 91.8 1

no information on construction period (base reference model) 171.3 150.5
1 SHD of a slightly refurbished residential building built in the period 2002–2009

Summary statistics for each municipality section and grid cell were created, stating the
summed-up HA for all SFH and MFH in this specific area. Additional information on the
number of residential buildings per construction period were also joined to the two spatial
data sets. Based on this second information, the share of buildings of a certain construction
period in each municipality section and hectare grid cell was calculated and transferred
to the HA of SFH and MFH in this area. This allowed the calculation of the residential
building heat demand in each municipality section and grid cell by multiplying the share of
summed-up HA per construction period class of SFH and MFH with annual heat demand
values from the regional building typology (Figure 3c), as described in the following.

If information on the number of residential buildings from certain periods of construc-
tion was available in a municipality section or a hectare grid cell, the share of a certain
period at the overall summed up HA in this area was multiplied with the SHD value of the
corresponding SFH or MFH building archetype in the typology (Table 1).

Not all construction period classes, predefined in the census data sets by the statistics
authority, fit to the classes of the building typology (Table 1). For the census construction
period class “1949 to 1978” a mean value from SHD values of three classes of the building
typology was used. If no information on the construction period was available, the heated area
of SFH and MFH in this municipality section or grid cell was multiplied with the respective
SHD values (171.3 or 150.5 kWh/m2) as already done in the base reference model.

In order to provide basic information for heat planning, the modeled annual HD per
municipality section was further divided by the municipality section’s total area in order
to state the heat demand density (HDD) in the same way as for the hectare grid cell results.
An HDD of more than 150 MWh/(ha×a) indicates possible areas suited for district heating
in the study region [24,53,59].



Energies 2021, 14, 1029 8 of 18

In summary, the two available census data sets were used to assign more appropriate
standard heat demand values to the summed-up heated area per construction period class
in each municipality section and hectare grid cell to create two improved spatial data sets
on annual heat demand density for the study region.

2.3.3. Validation of Results

Official statistical data on residential building heat demand for the whole federal state,
for two cities and for a county in the study region were available from authorities and local
energy concepts. They were used for a first rough validation of the modeled heat demand
on regional and sub-regional scale.

For a more detailed validation on a sub-regional level, measured gas consumption
for about 25,000 individual gas meters, located in residential buildings of a city in the
study region, were provided by a local utility company [60]. After joining the originally
address-based locations of the meters to the corresponding residential building models,
excluding outliers (cut-off 0.05) and adjusting the measured data to the long-term average
weather and climate conditions in the region via postal code zones, finally 11,626 gas
consumption values remained for validation.

In order to state and compare the goodness of fit for the three models (base reference
without any information on the construction period, methods enhanced with the munici-
pality sections data set and with the hectare grid data set), pairs of measured and modeled
heat demand for individual residential buildings were aggregated on municipality level.
The fit was then described by calculating the statistical measures Mean Absolute Percentage
Error (MAPE), Root Mean Squared Error (RMSE), and the coefficient of determination (R2)
using the software environment “R” [61].

3. Results: Heat Demand Mapping at Regional and Sub-Regional Scales
3.1. Base Reference Model

Figure 4 shows the resulting spatial distribution of annual residential building heat
demand in the study region for the base reference model. Modelled heat demand is
mapped on the two different spatial aggregation levels used in this study. In total, an
annual heat demand of 25,783,181 MWh was modelled for the whole study area, when
using no information on the construction period.
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In 89% of the 12,876 municipality sections of the federal state (Figure 4 left), heated
residential buildings were located and the annual heat demand could be modeled. On
average, 1850 MWh per year are demanded by a municipality section. The maximum
heat demand per section reached 112,106 MWh while the minimum was at 10 MWh per
year. As mentioned above, for the four major cities no census data and therefore also no
municipality section geometries were available in the provided cadaster data. Therefore,
results were aggregated on the total municipality area for these cities. For the capital,
the City of Kiel, a total residential building heat demand of 1,682,738 MWh per year was
modeled (Table 2).

Table 2. Annual residential building heat demand per city and county in the study region for the
base reference model without any information on building age and for the two models enhanced by
spatial data sets on the construction period of residential buildings.

City County Federal
State

Heat Demand (GWh/a)
Base Reference

Model
Municipality Sections

Data Set Model
Hectare Grid Cells

Data Set Model

Kiel 1683 1683 1751
Flensburg 689 689 697

Neumünster 620 620 640
Lübeck 1655 1655 1715

Pinneberg 2445 2382 2435
Stormarn 2075 2005 2059
Segeberg 2287 2225 2248

Ostholstein 2089 2058 2109
Herzogtum Lauenburg 1734 1684 1740

Steinburg 1295 1303 1320
Rendsburg-Eckernförde 2553 2513 2563

Plön 1234 1214 1240
Schleswig-Flensburg 2044 2016 2035

Nordfriesland 1949 1925 1960
Dithmarschen 1430 1445 1455

Schleswig-Holstein 25,783 25,417 25,969

Mapping the base reference model on hectare grid level (Figure 4 right), the total heat
demand is located in only about 10% of the 1.6 Mio. ha representing the study region, due
to the spatial concentration of the heated (multi-family) residential building stock in urban
areas like in the City of Kiel. On average, annual heat demand is 164 MWh per hectare, but
with a standard deviation of 186 MWh. The highest heat demand per hectare (5134 MWh)
is located in a densely built-up residential area, while the lowest value of 9 MWh represents
a single residential building in a grid cell. In just about 4% of all 1.6 Mio hectare grid cells
representing the study region, the threshold value for demand density of 150 MWh per
year, indicating a possible suitability for a district heating network, is exceeded. For the
City of Kiel this is the case for 25% of the 11,852 hectares representing the city, summing up
to 1,620,328 MWh (96%) of the city’s annual heat demand in the base reference model.

3.2. Comparison of Base Reference Model against Model Using Municipality Sections Data Set

Integrating the municipality sections data set with spatial information on the con-
struction period of residential buildings into the modelling process resulted in a total
annual residential building heat demand of 25,417,136 MWh for the whole study region.
This is a decrease of 1.4% compared to the base reference model result described above.
Nevertheless, this reduction of 366,045 MWh is around a third to a half of the residential
heat demand of an average city in the study region.

Comparing these enhanced results with the base reference model on city and county
levels (Table 2) shows that, in the four major cities (including the City of Kiel), no changes
in the results can be observed when using the municipality sections data set, due to the
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missing spatial information on the construction period in these areas. For the remaining
11 counties of the study region, just minor differences in the aggregated modelled annual
heat demand occur.

When comparing this first enhanced model with the base reference model results in
more spatial detail for the 11,423 municipality sections (without the 4 major cities), the
mean annual heat demand slightly decreased by 1.7% to 1818 MWh while the maximum
value increased by 3.6% to 116,112 MWh. The minimum residential building heat demand
stayed more or less the same with about 10 MWh. Nevertheless, for individual municipality
sections, changes in the range of +15% to−49% with a maximum increase of 4015 MWh and
a maximum decrease of 7418 MWh occur (Figure 5 left), when enhancing the heat demand
modelling process by including the municipality sections data set with information on the
construction period.
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without any information on building age.

3.3. Comparison of Base Reference Model Against Model Using Hectare Grid Cells Data Set

Integrating the hectare grid cells data set with information on the construction pe-
riod of residential buildings into the modelling method, resulted in a total annual res-
idential building heat demand of 25,968,973 MWh for the whole study area. This is a
0.7% (185,792 MWh) increase when compared to the base reference model result, where
no information on the construction period was used. Compared to the results of the
model enhanced with the municipality sections data set presented above, this is a 2.1%
(551,837 MWh) increase in modeled total heat demand.

Comparing the results on city and county level with the municipality sections data set
results (Table 2), shows an increase in modeled heat demand for the four major cities in the
study area, since now detailed spatial data on the construction period were available for
the areas of these cities. This led to more spatially differentiated results based on the local
periods of construction, emphasizing the often above-average old building stock with a
high share of big multi-family houses in the city centers and old-towns. Their high heat
demand is not compensated or leveled by the lower heat demand modeled at the outskirts
of the cities, representing often new single-family residential buildings in new developed
housing areas with a lower heat demand (Figure 5 right).

The modeled residential building heat demand for the City of Kiel therefore increased
by 4% to 1,752,221 MWh compared to the results of the method enhanced by the municipal-
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ity sections data set and the base reference results. Looking at the county level also reveals
an increased heat demand for all 11 counties in the range of 1% to 3%, when compared to
the results of the method enhanced by the municipality sections data set (Table 2).

The mean modeled heat demand per hectare grid cell is now at 165 MWh per year,
compared to 164 MWh in the base reference results, but with an increased standard
deviation of 192 MWh. The highest annual demand per hectare decreased to 4967 MWh,
while the lowest heat demand per hectare decreased to just 5 MWh, when compared to
the hectare grid results of the base reference. In individual hectare grid cells, the changes
in modeled heat demand, compared to the reference results, range from −51% to +15%
(Figure 5 right).

Heat demand density exceeds the threshold value of 150 MWh/(ha×a) now in just
60,962 grid cells, compared to 61,574 in the base reference results. This represents a
decrease of 612 ha in the potentially suited area for district heating. Within the City of Kiel,
2890 hectares with a district heating potential are located (24% of the city area) that sum
up to 1,657,030 MWh annual heat demand which is a share of 95% of the total residential
building demand modeled for the city.

3.4. Validation of Results

In Table 3 available official statistical data from 2018 on total annual heat demand for
space heating and hot water in residential buildings for the whole federal state [52] are
compared to the results of all three heat demand models described above.

Table 3. Comparison of reported and modelled residential heat demand on different spatial levels.

Region Year

Residential
Heat

Demand
Reported
(GWh/a)

Residential Heat Demand Modeled and
Mapped (GWh/a) Deviation from Reported Heat Demand (%)

Base
Reference

Model

Municipality
Sections Data

Set Model

Hectare Grid
Cells Data
Set Model

Base
Reference

Model

Municipality
Sections Data

Set Model

Hectare Grid
Cells Data
Set Model

Federal state of
Schleswig-Holstein 2018 21,920 25,783 25,417 25,969 +17.6 +16.0 +18.5

County of
Dithmarschen 2017 1219 1430 1445 1455 +17.3 +18.5 +19.4

City of Flensburg 2016 749 689 689 697 −8.0 −8.0 −6.9

City of Kiel 2014 1754 1683 1683 1751 −4.1 −4.1 −0.2

In general, all three models overestimate the reported heat demand on these regional
aggregation levels by 16% to 19%. The model improved with spatial information on the
construction periods from the municipality sections data set shows the lowest overesti-
mation on the federal state level. Using the hectare grid data set with information on the
construction period results in an even higher overestimation of the reported numbers than
in the base reference model on this regional level.

For the county of Dithmarschen, residential heat demand estimated and reported in
an energy concept [62] is also overestimated by all three approaches, but to the smallest
extent in the base reference model without spatial information on residential building
construction periods.

Nevertheless, on sub-regional levels, compared to reported annual residential heat
demand from a climate protection masterplan for the City of Kiel [63] and compared
to reported data for heat consumption from the district heating network of the City of
Flensburg [64], the model enhanced by the hectare grid data set very well represents
the reported heat demand for 2014 and 2016, respectively, while the base model and the
model enhanced with municipality sections data show higher deviation, underestimating
reported demand.

Using metered gas consumption from a city in the study region for validation purposes,
also reveals an underestimation of measured heat consumption. Absolute heat and gas
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consumption values are not shown here due to data privacy reasons. Demands modeled in
the base reference deviate with +/−8% to 24% from measured consumption, depending
on the municipality section. When using information on the construction period from the
municipality sections data set, these absolute deviations change to a range of +/−10% to
23%. Using the hectare grid data set, the range of absolute deviation goes down to +/−8%
to 22%. All three approaches show a tendency to underestimate the real metered heat
consumption in this example city.

In general, lower MAPE and RMSE as well as a higher R2 are calculated for most
of the 17 municipality sections of this city when enhancing the modelling and mapping
approach with spatial information on the construction period (Table 4). Results from the
model enhanced with the hectare grid cells data set show lowest MAPE and RMSE as well
as a highest R2 values in most sections.

Table 4. Statistical measures stating prediction accuracy on the municipality section level when validating modeled
residential building heat demand with gas consumption data via address-based pairs.

Section No. of
Pairs

MAPE (%) RMSE (MWh/a) R2

Base
Reference

Model

Municipality
Sections
Data Set
Model

Hectare
Grid Cells
Data Set
Model

Base
Reference

Model

Municipality
Sections
Data Set
Model

Hectare
Grid Cells
Data Set
Model

Base
Reference

Model

Municipality
Sections
Data Set
Model

Hectare
Grid Cells
Data Set
Model

1 18 * 31.04 * 31.34 * 36.31 * 19.34 * 20.00 * 18.57 * 0.50 * 0.50 * 0.58 *
2 2 * 12.65 * 13.53 * 21.83 * 3.90 * 4.03 * 5.38 * 1.00 * 1.00 * 1.00 *
3 933 39.77 39.62 37.91 21.65 21.65 20.10 0.76 0.77 0.77
4 591 37.66 37.45 30.71 18.47 17.96 17.22 0.81 0.81 0.82
5 622 40.40 37.94 34.03 19.08 19.13 18.74 0.58 0.58 0.60
6 719 31.05 28.54 28.32 17.65 19.33 18.14 0.60 0.61 0.60
7 1172 29.68 29.82 28.90 16.06 15.83 14.55 0.73 0.73 0.75
8 883 33.59 31.67 30.87 13.02 12.44 12.15 0.82 0.82 0.83
9 653 34.07 33.91 32.20 26.10 25.91 25.38 0.66 0.66 0.66

10 310 30.98 30.48 30.74 20.41 20.24 19.79 0.79 0.79 0.78
11 543 34.95 34.65 31.37 24.57 24.26 23.72 0.86 0.85 0.85
12 1181 34.64 33.57 31.37 21.29 20.90 20.50 0.77 0.77 0.78
13 747 34.60 34.43 34.51 17.61 18.14 16.37 0.77 0.77 0.75
14 545 32.47 31.24 29.50 17.72 17.15 16.50 0.66 0.66 0.70
15 933 32.46 31.94 30.24 13.72 12.85 12.42 0.36 0.37 0.38
16 1298 31.80 31.77 30.42 17.76 17.93 16.56 0.57 0.57 0.58
17 476 33.22 33.28 31.71 21.34 21.25 20.73 0.75 0.74 0.76

* no of validation pairs too small, low informational value.

4. Discussion
4.1. Heat Demand Mapping at Regional and Sub-Regional Scales

Compared to results of other studies, percental deviations in the above-mentioned
ranges between reported, respectively, measured and modeled heat demand seem rea-
sonable when using a 3D building stock model with a level of detail (LoD) 1, enriched
with spatial information on the year of construction or construction period of buildings for
residential heat demand modelling.

For example [16] also used LoD 1 models of buildings in a district in the City of
Rotterdam combined with available information on the year of construction for each
building. They overestimated the total heat demand of the district by 25% and reported
a MAPE of 49% on zip code level, compared to the measured gas consumption of the
same district.

As [34] and also [36] showed, these deviations decrease when using more detailed
geometric and semantic input data as for example a LoD2 building stock model enriched,
besides the year of construction, with information like renovation dates or the actual
counted numbers of floors. A method developed by [65], based on LoD 2 building stock
data enriched with information on the number of floors and the construction period from
a local cadaster was used by [66] to model heat demand of an area in a district of Berlin,
stating an average percental deviation of 19%.

The influence of using a more complex geometric input data set in combination with
rich semantic data was again shown by [67] when comparing modeled heat demand per
building block to recorded gas consumptions of two districts in German cities. First a LoD
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1 building stock model was used in combination with detailed semantic information on
the year of construction, on refurbishment dates, window-to-wall ratios and basements for
each building. Second a LoD 2 building stock model was used. Reported mean deviation
for the total heat demand in the study area when using the LoD 1 was 21%. On building
block level overestimation of heat demand in the range of +5% to +30% were reported with
the LoD 1. When using the LoD 2 building stock model and comparable semantic data in
another study area, mean deviation of the total heat demand was reduced to 7% compared
to gas consumption data, while on individual building level deviations of −18% to +32%
were observed.

Looking at studies applying statistical methods instead of building archetype ap-
proaches, [68] used building parameters available from an LoD 2 building stock model of
the canton of Geneva in Switzerland combined with information taken from the Geneva
building cadaster including address-based information on the number of floors and year
of construction in several regression analyses for different building types. For residential
buildings they reached an MAPE of 17.8%.

Instead of a 3D building stock model, [22] used a Danish building cadaster with
detailed, address-based information on age class and other semantic data for all buildings
in the country as well as reported energy consumption for around 300,000 buildings. They
combined it with a building typology to model heat demand of all buildings in the country
and reached deviations of 1% to 15% per building compared to recorded gas and district
heating consumption, while higher deviations were found for non-residential buildings.

Applying a building parameter-based statistical modelling approach to downscale
zip-code aggregated gas demand to single buildings with a multiple linear regression
analysis for the city of Rotterdam, the authors of [69] were able to reached a MAPE of 13%
with an absolute deviation of the total average heat demand per building of just 2%.

In a review article on Urban Building Energy Modelling (UBEM) which includes, in
contrast to heat demand mapping, beside building geometry data and building archetypes,
also information on used materials, construction standards, local climate and weather, and
usage patterns of dwellers. The authors of [70] name typical deviations to measured heat
demand in the range of 7% to 21% for annual heat loads and 1% to 19% when looking at
results for specific heat demand values.

4.2. Limitations of the Presented Approach

Modelling of building geometry in the LoD1 building stock model is based on av-
eraged heights derived from laser scanning data or by photogrammetry with a height
accuracy of +/−5 m. Since in the heat demand modelling approach, the number of floors
is derived from the individual building’s height, this can lead to an over- or underestima-
tion of the real number of floors, influencing the assigned building type (single family or
multi-family house), the applied specific heat demand value as well as the heated area.
For some building models no information on the usage was provided which leads to an
exclusion from heat demand modelling and, consequently, to an underestimation of total
heated area in the study region. The assumption of a uniform floor height of 3.50 m brings
further inaccuracy into the modelling process since this height is different for certain types
of building and periods of constructions in reality. Consequently, the applied formula (3)
from [56] may not always fit. Furthermore, no information on basements, of which some
may be heated in the study region, was provided in the 3D building stock model.

The two spatial data sets with information on the construction period of residential
buildings are based on a census from 2011, while the 3D building stock model represents
the state of 2017; therefore, residential buildings and their heated area built after 2011
will not be attributed with an age-dependent specific heat demand value but just with a
standard value. This leads to an overestimation of the heat demand in residential areas
developed in the study area after 2011.

The census itself is based on a questionnaire filled in by house owners which brings in
uncertainty into the data sets from the beginning. Due to German data privacy law, the
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originally address-based census data were aggregated on area units representing at least
three buildings with the same attributes. Otherwise, the data were excluded or changed in
a privacy-protecting way. This brings in uncertainty, especially in rural communities with
low numbers of residential buildings per unit area.

Further inaccuracy is added by the age-dependent specific heat demand values de-
rived from the regional building typology which are based on averaged heat consumption
values measured from 2007 to 2009 [58]. Since in the meantime each year roughly 1% of the
residential building stock was refurbished, the used specific heat demand values will not
be representative for some parts of the residential building stock in some areas of the study
area anymore. Relating the specific heat demand values to the total heated area based on
the percental share of the periods of construction, again based on the count of buildings
from a certain period, increases the inaccuracy in the modeled heat demand for some areas,
especially if a mixture of residential buildings from different periods of construction is
present in the area.

Other aspects influencing the annual heat demand of residential buildings, like va-
cancy and the different individual user behaviors, leading to different patterns of space
heating and hot water usage in the same type of residential building, could not be consid-
ered in this study due to missing spatial information and data sets on these topics.

Regarding the mapped heat demand density, demand of non-residential buildings
was not modeled and mapped in this study. Therefore, a part of the total heat demand is
missing and mapped heat demand densities above 150 MWh/(ha*a) just show suitability
for district heating when connecting residential buildings. Adding further heat demand of
non-residential buildings like offices, stores and mixed used buildings would increase the
number of areas potentially suitable for district heating.

5. Conclusions and Outlook

This study showed how different available spatial data sets with information on the
construction period of residential buildings from the European census of 2011 can improve
a 3D building stock model and a GIS-based bottom-up approach to model and map regional
and sub-regional heat demand of the residential building stock at the example of a German
federal-state.

Compared with official heat demand data on a regional level, modeled heat demand
generally tends to overestimate reported demands and this even increases, when using
spatial data sets on the construction period in the modelling process, especially when using
the hectare grid cells data set.

Nevertheless, when validating the results on city and municipality section level,
results tend to better agree with reported data and measured gas consumption and model
fit parameters improve, again especially when using the hectare grid cells data set.

In conclusion, the data set aggregating census information on construction periods
on a hectare grid turned out to be better suited than the municipality sections data set
to improving the presented heat demand modelling approach in terms of accuracy on
sub-regional level. It better represents the small-scale spatial variations in the age structure
which allows a better allocation of the heat demand of older and new developed residential
areas in the building stock of the study region.

To improve the results further, future work should use a buildings stock model with a
higher level of detail, which could more precisely represent the number of floors and heated
area. In addition, information on the number of residential buildings already connected to
district heating, which is also provided in the spatial census data sets, could be combined
with the mapped heat demand densities in order to identify areas with additional district
heating potential. Moreover, prediction of spatially distributed heat demand may assist
local heat planning when also considering the various renewable energy resources (e.g.,
geothermal energy, biomass or solar thermal energy) that exist in the vicinity of a planning
district by linking demand and supply sides.
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Looking ahead, Urban Building Energy Modelling (UBEM) [70], based on more
detailed LoD2 building stock models, semantically enriched with increasingly available big
data and in combination with trending technologies like machine learning, is a promising
future field of research to provide more precise basic information for urban energy planning
in the context of climate change mitigation and adaptation.
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