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ABSTRACT

Meeting climate targets requires sustainable energy systems and proactive municipal heat
planning. This paper aims to investigate how different spatial aggregation levels impact the
accuracy of heat demand prediction. For this purpose, the energy demand calculated by a
state-provided and publicly available urban building energy model is compared with a
comprehensive high-resolution consumption dataset from the city of Krefeld in Germany. The
latter includes detailed consumption data for district heating, natural gas, heat pumps, and night
storage heaters. Box plot diagrams and statistical performance indicators are applied to evaluate
the precision of various spatial aggregation levels. The results demonstrate that aggregations at
the level of postcode areas, statistical districts and cadastral sectors can provide a reliable
foundation for planning purposes. Aggregation at the level of building blocks and heat lines
provides an improvement compared to individual parcels, but it should be applied in planning
practice with due consideration of the remaining uncertainty. This paper also examines the
model deviation between simulated and measured data based on building age class, building
type and heat carrier. Furthermore, this paper identifies an underestimation by the
state-provided Urban Building Energy Model of around 25%.
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INTRODUCTION

The building sector is a major contributor to global energy use and related greenhouse gas
emissions. It is responsible for around 30% of global final energy consumption and 26% of
global energy-related emissions [1]. In the EU, the majority of energy demand in the building
sector is used for space heating |2]. Space heating is still heavily reliant on fossil fuels [3]. With
a transition to sustainable energy being essential for reaching the European climate targets [4],
this also means a transition away from the current heating supply sources. Currently, individual
fossil-fuel boilers are the most common technology in the building sector [5]. Although gas
boilers were still the most common option sold in 2022 [5], this development is subject to
change, with the EU already proposing a ban on new sales from 2029 onwards [6]. A
prominent solution is to instead switch to electrically powered heating systems, such as heat
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pumps, based on the premise that the electricity supply will predominantly be renewable in the
future [7]. However, a significant increase in electricity demand could potentially redefine the
electricity sector. Therefore, alternative sources are also considered in order to minimise the
strain on the electricity grid and its transformation [7]. One option is the supply of heat through
district heating networks, which are considered an essential technology for the cost-effective
decarbonisation of the EU energy system |[8].

To take advantage of these benefits, thorough planning of the district heating system and
its future expansions is essential [9]. Geographic Information Systems (GIS) are commonly
used for this purpose to analyse the demand based on spatial positioning [8], [9]. To estimate
the demand, Urban Building Energy Modelling (UBEM) is becoming an increasingly useful
tool. UBEM uses computational modelling, in combination with GIS, to link urban data and
predict energy use at a city scale [10]. In recent years, it has grown in popularity for
calculating energy use for many buildings with limited resources [11]. It has helped draft new
energy policies [11] and allows planners to understand current energy expenditures and their
background [12]. A key challenge in UBEM is the limited validation of many models against
measured data [13]. As a result, most studies do not perform systematic calibration through
input adjustment to achieve convergence [14]. This potentially leads to inaccuracies in current
works due to the inherent uncertainty in UBEM models [15], which propagate to the
results [16]. This is in part due to a lack of availability of or access to the data, particularly at
the building level [17].

The development of UBEM methodologies, particularly with respect to predictive
accuracy, has been driven by increasing computational capabilities and the continued
growth of research in this domain. For example, Dilsiz et al. [18] demonstrate in a case study
of 70 university buildings that calibrating UBEMs with annual building-level data improves
accuracy compared to using aggregated data. When detailed data is not available,
aggregation by primary use type offers the best alternative, though it may mask important
building-level errors.

Johari et al. [17] developed, calibrated, and validated a UBEM for parts of the Swedish
cities of Borldnge (~2050 buildings) and Uppsala (~3500 buildings) using national open data,
including Geographic Information System (GIS) and Energy Performance Certificate (EPC)
records. The consumption data covers 10-11% of all buildings in both cities. They showed that
prediction accuracy improves particularly with spatial aggregation, as the Mean Absolute
Percentage Error (MAPE) dropped from around 22-26% at the building level to 10-13% at the
city level. This study provides detailed insights into the validation and calibration of UBEM.
Particularly noteworthy is the revalidation of the calibrated UBEM to a new area with another
consumption dataset. The results of the study are presented in detail, in particular with regard to
the deviations between simulated and measured thermal energy demand for residential
building types. However, the study does not further differentiate the spatial aggregation levels
between the parcel (property) and the district scale. As a result, it remains unclear which
intermediate aggregation level would provide an optimal balance between reduced uncertainty
and spatial resolution for planning purposes.

Nouvel et al. [19] studied the Bospolder district in Rotterdam, comprising around 1000
buildings. Two models were validated using gas consumption data at the postcode level. Both
showed strong agreement at the neighbourhood scale (deviations of 5-25%), but accuracy
decreased at finer spatial resolutions. The study examines the validation of UBEMs based on
detailed consumption data for a centrally located district within the city. The analysis is limited
to the Bospolder district without investigation of whether the results are transferable to other
districts in Rotterdam.

Yang et al. [20] studied 29,030 residential buildings in Leiden, located in the Netherlands,
and validated their four model variants using gas consumption data from 14,321 buildings. The
models differed in the inclusion of refurbishment measures, occupant heating schedules, and
weather data. The best model incorporated all three factors, which substantially improved
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accuracy. This model overestimated total gas use by only 6%, although achieving high
accuracy at the individual building level remained challenging due to the lack of detailed
building and occupant data. The other three model variants showed deviations ranging from
8% to 20%, depending on the variations of the applied factors. In this study, only measurement
data aggregated at the building block level were available for validation, preventing a detailed
assessment at the individual building level.

Grundahl et al. [21] analysed a heat atlas for the whole country of Denmark. Denmark has
an extensive database containing measurement data on heat consumption for over 1.2 million
buildings from 2010 to 2015, which were analysed in this study. The results show a deviation
of 3.6% at the national aggregation level, while most districts deviate by only 5-10%. The
study shows how randomly selected samples affect accuracy depending on the number of
buildings aggregated and how the accuracy of an urban zone depends on the number of
buildings examined. The study does not address how to manage the potentially high
uncertainty of simulated data in planning contexts where only a subset of a heat atlas is used.

In summary, the accuracy and applicability of UBEMs strongly depend on the availability
and resolution of measurement data. While national datasets can provide sufficient information
for calibration and validation, most studies rely on aggregated data at the building block [20] or
city level [17], which limits detailed assessment at the individual building level. Spatial
aggregation generally improves prediction accuracy, as shown by Johari et al. [17] and Dilsiz
et al. [18]. Studies on single districts, such as Bospolder in Rotterdam [19], or larger datasets
like the one in Leiden [20] indicate that finer-scale validation is often constrained by data
aggregation. Even with extensive national databases covering over 1.2 million buildings in
Denmark [21], the results show that accuracy improves with increased aggregation and larger
sample sizes. Analyses should consider fine-grained spatial aggregations as well as thematic
aggregations, such as building age classes and residential building types, to obtain a
comprehensive understanding of the simulated heat demand in UBEMs. While previous
studies have highlighted the effects of aggregation on UBEM accuracy, detailed citywide
analyses covering multiple districts remain scarce. Grundahl [21] is based on a substantially
larger dataset than most comparable investigations and, therefore, enables a more
comprehensive city-wide assessment. In particular, in contrast to this work, which examined
large-scale regional structures, this study explicitly focuses on the effects of different
aggregation levels within a single city, thereby providing differentiated insights at the
municipal planning scale. To address this gap, this paper analyses heat demand data for
34,504 buildings in the city of Krefeld, Germany, using a large-scale UBEM provided by the
state of North Rhine-Westphalia (NRW) and including real usage data for gas and district
heating. The aim is to investigate how different spatial aggregation levels, from individual
buildings up to larger districts, as well as thematic aggregations, such as building age classes
and residential building types, influence the accuracy of demand predictions and improve
understanding of simulated heat demand in UBEMs.

To examine the deviation between the simulated and measured consumption data, this
study performs different analyses, summarising the results using box plots. In addition, metrics
such as the Mean Absolute Percentage Error (MAPE), the Coeftficient of Variation of the Root
Mean Square Error (CVRMSE), and the Normalized Mean Bias Error (NMBE) are used to
evaluate accuracy. The analysis includes various geographical and thematic aggregations.
Although accuracy improves noticeably at the building block and heat line level compared to
individual parcels, it is not consistently reliable across all heat lines and building blocks to
support fine-grained planning. The findings of this study highlight that aggregations up to
cadastral sectors have a very low distribution. Furthermore, smaller aggregations such as
building blocks and heat lines also significantly improve the accuracy in direct comparison to
individual parcels. Finally, this study shows that the state-provided UBEM consistently
underestimates the measured consumption of residential buildings.
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METHOD

This section describes the methodological approach applied to investigate the influence of
spatial and thematic aggregation on the predictive accuracy of the state-provided UBEM. The
methods section is structured in four consecutive parts. First, the two underlying datasets are
introduced. Second, the case study context is described in detail. Third, the data preprocessing
and harmonisation steps are outlined. Finally, the comparative evaluation and the descriptive
indicators used to quantify model accuracy are presented.

The State-Provided UBEM

To investigate how spatial aggregation affects the accuracy of UBEM predictions, this
paper analyses a large-scale UBEM using real consumption data from district heating, gas,
and electricity in the entire city of Krefeld in Germany. This paper compares two datasets. The
first dataset, "Data for Municipal Heat Planning NRW", has been published by the North
Rhine-Westphalia Office of Nature, Environment, and Climate (LANUK) to support
municipal heat planning in the federal state of NRW, which became mandatory in December
2024 [22]. It contains collected and estimated data on the building stock, based on a
bottom-up archetype model [23] using IWU’s TABULA typology of buildings in
Europe [24]. Since the model is based on the results of the TABULA project, the heat demand
is calculated using U-values for the various components of the building type. The model also
uses climate data from the German Weather Service (DWD) for each region, known as the
climate reference year. The UBEM of LANUK, from here on referred to as the LANUK
dataset, includes construction age, building types, thermal properties, and heat gains,
providing specific space heating and hot water demand values at the individual building
level [23]. Data are assigned to cadastral sectors (groups of parcels), building blocks (variable
number of buildings enclosed by streets), and district heating routes (potential or existing
supply routes) [23].

The LANUK dataset includes the calculated heat demand for individual buildings. The
dataset enables a holistic analysis of all buildings and can thus improve the efficiency and
accuracy of heat planning.

Case Study

The city of Krefeld is investigated as an exemplary case study, providing the empirical
basis for this validation. Krefeld covers an area of approximately 137 km? and has a
population of around 230,000 inhabitants [25]. The local energy supplier, NGN
Netzgesellschaft Niederrhein mbH (NGN), provided consumption data for the years
2018-2022 [26]. This dataset includes annual consumption data for district heating (DH),
natural gas (Gas), as well as contracted heat pumps (HP) and heating devices using night
storage heating tariffs (NSH). Heat pumps are sometimes billed at reduced electricity tariffs
and are registered with the local energy supplier only in such cases. It is a plausible
assumption that there are heat pumps in Krefeld which are not billed under their own tariff and
are, therefore, not included in the dataset. Since it was outside the scope of this paper to
identify HPs and their electrical draw from general meter data, only those identified in special
heat pump tariffs were included. The data for each consumption point are listed for individual
metering points, which are localized via addresses. While this real consumption data provides
insights into the actual energy demand at defined measuring points, it does not provide any
information about the supplied buildings. This means that information like the status of
renovation, the number of buildings supplied by a single metering point, the number of
occupants and their behaviour, building extensions, or the use of additional fuels not supplied
via networks, was not directly analysed.
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Data Processing

In this study, the NGN consumption data are linked with the current energy demand
estimated from the LANUK dataset. This enables the combination of metering points with
building information and thus also a validation of the UBEM. Figure 1 presents the flowchart
of the preprocessing and analysis method. In multiple steps, these datasets were merged into a
total of two databases.
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Figure 1. Flowchart of data processing steps to incorporate the NGN consumption
data and the LANUK dataset into comparable databases

The LANUK dataset contains geographic coordinates for each building, as well as street
names, house numbers, and address suffixes. The NGN consumption data includes addresses in
the format of postal code, street name, house number, and address suffix. In Step 1, the address
formatting was standardized and consolidated into a "standard address format" key, which was
later used to merge the datasets.

Step 2 involves climate adjustment of all NGN consumption data. The LANUK dataset is
based on the so-called "Test Reference Years" of the DWD [27]. These provide climate factors
at the postal code level to convert past consumption data to an equivalent of the test reference
year allowing comparison across years despite weather fluctuations [27]. Using these climate
factors, the NGN consumption data for all five years and all heat carriers distributed via
networks were climate-adjusted to compensate for the influence of varying weather conditions.
Climate adjustment of the consumption values Cy.,, Was performed according to Equation (1)
using the climate factors CFye,, of the corresponding year, resulting in the climate-adjusted
consumption Ccp year- In Step 3, the median of the 5 climate-adjusted consumption values
from 2018 to 2022 was calculated. This method reduces the impact of outliers compared to an
arithmetic mean.

CCA,Year = Cyear " CFyear (D

The climate-adjusted consumption data were assigned to the database at the building level
using the address keys and set to always correspond to a main building on a parcel in the
database at the parcel level. Figure 2 schematically illustrates this process. The LANUK
dataset distinguishes between main and auxiliary buildings on a parcel. For an auxiliary
building, there can be either a space heating demand (e.g., building extensions) or no space
heating demand (e.g., garages). Since these auxiliary buildings do not have their own metering
points, the consumption values and estimated space heating demand of these buildings were
aggregated for each parcel in Step 4. An example is shown in Figure 2. This last step is
essential to enable a meaningful comparison of the datasets, thus serving as the foundation for
all further aggregations and analyses.
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Figure 2. Illustration of the distribution of consumption for different buildings
and auxiliary buildings according to type to form individual parcels

Krefeld is home to industrial facilities, such as steel processing and chemical industry,
which results in a very high energy demand. To exclude these industrial consumers, this paper
focuses exclusively on parcels where the main buildings are classified as residential.
Mixed-use parcels with partial residential use, such as residential apartments above a
restaurant, were also included. As illustrated in Figure 2, the following analyses include only
parcels for which both the actual consumption data (yellow dot) and a demand estimate (dark
green) are available, and where the main building is classified as a residential building. For heat
pump tariffs, a seasonal coefficient of performance of 3.5 is assumed to calculate the heat
demand from electricity consumption [28]. The underlying UBEM database comprises
approximately 148,941 buildings in total. After excluding all buildings not covered by the
NGN consumption dataset and removing parcels used exclusively for industrial purposes,
62,843 buildings remain included in the analyses.

Comparative Result Analysis

The ratio p between two corresponding data points is determined as shown in Equation (2)
using the base value Epg;y (NGN consumption data) and the estimated demand E; 4yyx for
space heating and hot water (LANUK dataset). It is assumed that in most cases, hot water
production is already included in the measured consumption data [29], meaning it is provided
directly by the heating system.

E
p = LANUK @)

ENGN

Box plots (BPs) are used in this study to present the data comparison. They are suitable for the
structured representation of numerical values, even if they are not normally distributed, and
provide an overview of their location and spread. All BPs display the median as a light red
central line within the box, which spans from the first quartile (Q1, 25" percentile) to the third
quartile (Q3, 75™ percentile). This range, known as the interquartile range, represents the
central 50% of the data. The whiskers extend to data points that lie within 1.5 times the
interquartile range from the lower and upper quartiles, respectively. Data points beyond this
range are classified as outliers and are shown separately, using individual markers.

The ratio p; for each aggregation i is calculated using Equation (3). For this, the LANUK
data for space heating and hot water are summed for all i parcels in an aggregation that meets
the criteria, described as ); Ejanyk ;- Additionally, the sum of all NGN consumption data
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points for the parcels is calculated, described as }; Eygy ;. From this, the corresponding ratio
p; between the datasets is derived.

_ iELanukii

pi = 3)

' XiEnconi
In addition to the ratio p;, which provides insights into model accuracy across different
aggregation levels through box plots, two further metrics are considered essential for
evaluating the UBEM: model deviation and the uncertainty of the results, expressed as the

dispersion around the mean. These metrics are quantified using the MAPE (Equation (4)), the
NMBE (Equation (5)), and the CVRMSE (Equation (6)).

n
MAPE = l . Z ELANUZ.'i — Engni .
" i=1 NGN,i
NMBE = Z?=1(ELANUK,§1— ENGN,i) .
n—-1) - Zi=1 Enens

: 2

CVRMSE \/ﬁ . Z?:l(ELANUK,i - ENGNJ.) o
= n .

Yic1 Encn,i

MAPE provides a measure of the average magnitude of errors relative to observed values,
independent of their direction, and thus captures the overall deviation of the model’s
predictions. NMBE reflects systematic bias in the model by indicating whether predictions
tend to over- or underestimate actual consumption. CVRMSE expresses the variability of
prediction errors relative to the mean observed value, capturing the spread or uncertainty of the
results across all analysed data points. Together, these metrics complement the ratio p; and box
plots by providing both central tendency and dispersion measures, enabling a comprehensive
assessment of the UBEM’s predictive performance.

RESULTS

The following section presents the results of the analysis. First, the general characteristics of
the dataset are described, including the distribution of buildings by building age classes and
residential building type. Subsequently, the impact of spatial aggregation on model accuracy is
examined. The analysis then proceeds to thematic aggregations, considering building age classes,
residential building types, and a combination of residential building types with heating systems.

Sample Characteristics: Age and Building Type Distribution

The database at the building level, based on the LANUK dataset, includes a total of 148,941
buildings distributed across 55,036 parcels in Krefeld. Out of these parcels, 32,155 were
included in the analysis. This number deviates from the number of buildings because, in some
cases, several main buildings are located on one parcel. Each parcel contains a space heating
demand estimate from the LANUK dataset and consumption data from the NGN dataset. In
addition, at least one building on the parcel is classified as a residential building. Figure 3
shows the distribution of buildings categorised by age group across the entire city of Krefeld,
compared to the buildings that were analysed. Most of the analysed buildings were constructed
before 1970. Interestingly, the period between 2000 and 2010 saw the fewest new buildings,
with only around 580 buildings.
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Figure 3. Distribution of the building age classes in the city of Krefeld in
relation to the ones analysed in this study

Figure 4 shows the same distribution for the residential building types. As can be seen, the
figure shows that most single-family houses, terraced houses, and apartment buildings were
included in the analysis, while large apartment buildings are represented only to a lesser limited
extent.
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Figure 4. Distribution of the building types in the city of Krefeld in relation to
the ones analysed in this study

Spatial Aggregation Analysis

The diagram in Figure 5 shows, from left to right, a single value and six BPs. The first
individual value represents the largest aggregation, which is the comparison across the entire
city area. The ratio for the city of Krefeld, pxrefera, is 76%, meaning the LANUK UBEM
underestimates consumption. The BPs for the remaining aggregations contain increasingly
more values due to their finer resolution. The leftmost BP shows the comparison of the
11 postal code areas in Krefeld. This is followed by the 45 statistical districts, 223 cadastral
sectors, 2,225 building blocks, and 4,143 heat lines. The last BP shows the results for the
individual parcels.
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Figure 5. BP diagram of p sorted by different aggregation levels

The diagram incorporates an additional horizontal dark red line to provide a visual
reference. This value indicates the point at which the LANUK dataset and the NGN
consumption data are entirely aligned, suggesting no deviation exists between the two. The
green area below 100% is intended to indicate that there is an expected difference between the
two datasets, with its gradient visually representing that this is not a hard limit but rather a
range of expected deviations. Out of the analysed heat sources, gas is the least efficient energy
source included, with an expected efficiency in conversion of at least 90%, as evidenced by
the findings reported in [30]. The actual distribution of the construction years of the gas
boilers is unknown and cannot be estimated more precisely. Other factors, such as user
behaviour and ventilation patterns, may also contribute to these deviations. Therefore, the
expected deviation between the UBEM and the measured data should be within this
green-marked range.

Figure 5 illustrates how increasing spatial aggregation affects the distribution of the
results. With higher aggregation levels, the spread of deviations narrows and the number of
outliers decreases. Initial improvements are visible at the level of building blocks and heat
lines compared to the parcel level, while cadastral sectors further reduce the spread. Across
all aggregation levels, the median values in Figure 5 indicate that the LANUK model
consistently underestimates space heating demand compared to measured NGN
consumption. The box plots in the figure provide a visual overview of the results, while the
corresponding values in Table 1 complement this impression with detailed statistical
performance indicators.

Table 1 summarises the key descriptive metrics and error indicators for the UBEM
across different levels of spatial aggregation, complementing the insights provided by the
box plots in Figure 5. At coarse aggregation levels, such as postal codes or statistical
districts, the model exhibits the smallest deviations, with MAPE values around 22-24% and
CVRMSE values of 25-30%, while the negative NMBE indicates an underestimation of
actual consumption. As aggregation becomes finer, moving from cadastral sectors to
individual parcels, MAPE and CVRMSE increase markedly, reflecting both higher
variability and larger deviations at building-level resolution. Notably, at the parcel level,
extreme outliers contribute to the very high MAPE and CVRMSE values, highlighting
substantially reduced model accuracy at this aggregation level. Although median ratios
remain relatively stable across aggregation levels, the overall magnitude of model deviation
exceeds the anticipated range. Overall, Table 1 demonstrates how spatial aggregation
affects both systematic and random components of model error and reinforces the
observations derived from the box plots.
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Table 1. Model accuracy metrics for different spatial aggregation levels

Aggregation MAPE NMBE CVRMSE Median Outliers

level [Yo] [%o] [Yo] [%o] [Yo]
Krefeld 24 - - 76 0 1

Postal code 24 —26 25 74 9 11

Statistical districts 23 —24 30 77 11 45

Cadastral sectors 35 —24 38 78 11 223
Building blocks 31 —24 61 76 6 2225
Heat lines 42 -21 54 75 5 4143
Parcels 250 —24 201 75 7 32155

Thematic Aggregation: Building Age Classes

Figure 6 shows a BP diagram at the parcel level, grouped by the twelve building age
classes based on the definition of the LANUK dataset. The greatest spread is observed for
pre 1900 buildings. Buildings from 2010-2022 show the smallest spread, but also the highest
deviation. Overall, the actual energy demand from the NGN consumption data is
underestimated by the LANUK dataset for all building age classes.
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Figure 6. BP diagram of p arranged by building age classes

Table 2 illustrates that approximately 70% of the buildings in Krefeld were constructed
between 1900 and 1970, accounting for roughly 80% of the total residential heat demand. This
group also exhibits some of the highest MAPE values. For modern buildings (2010-2022), the
table shows that NMBE ranges between -48% and -53%, indicating that simulating these
building age classes is particularly challenging for the analysed UBEM. These energy-efficient
buildings collectively account for only 1.7% of Krefeld’s total heat demand and represent
around 4% of the building stock.
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Table 2. Model accuracy metrics for different building age classes

Aggregation MAPE NMBE CVRMSE  Median z Epanuk i

level [%] [%] [%] [%] (%] n
Before 1900 161 —23 136 84 0.71 168
1900 — 1945 246 ~19 102 80 3486 9947
1945 — 1960 348 —23 186 74 27.26 8078
1960 - 1970 325 —25 287 75 1861 4965
1970 — 1980 265 —20 91 77 6.41 2069
1980 — 1985 61 ~32 289 74 5.24 2096
1985 — 1995 117 —27 227 78 3.93 2476
1995 — 2000 46 ~31 58 68 0.96 836
2000 — 2005 42 —27 96 84 0.17 178
2005 — 2010 45 —26 65 78 0.16 127
2010 — 2015 55 —48 116 44 0.47 337
2015 — 2022 120 _53 160 45 1.23 1044

Thematic Aggregation: Residential Building Types

Figure 7 shows a BP diagram aggregating the parcel data by four residential building types
classified by the UBEM. The values for single-family houses (SFH) have the smallest spread,
but also the highest deviation between consumption and space heating demand estimates. In
contrast, the consumption of terraced houses (TH) and large apartment buildings (LAB) is less
underestimated.
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Figure 7. BP diagram of p sorted by residential building type

Table 3 presents the model accuracy metrics for the different residential building types. As
already evident from Figure 5 and Table 1, the overall high MAPE values primarily result
from the comparison at the parcel level and are, therefore, consistent with expectations. Of
particular note is the exceptionally high MAPE for LAB, indicating that uncertainty in this
building category is especially pronounced. Furthermore, the NMBE for SFH is considerably
higher than for the other residential building types, showing that the model underestimates this
category to a greater extent. SFH also represent the largest group, accounting for
approximately 50% of the buildings in the dataset.
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Table 3. Model accuracy metrics for different building types

Aggregation MAPE NMBE CVRMSE Median Z Epanuk,

level [%] [%] [%] [%] (%] n
Single-family _
houses (SFH) 199 31 143 66 35.40 16251
Terraced houses
(TH) 274 —16 74 86 26.28 11962
Apartment
buildings 189 -19 95 80 12.92 2124
(AB)
Lange apartment _
buildings (LAB) 566 17 182 89 25.40 2037

Thematic Aggregation: Residential Building Types and Heating Systems

In Figure 8, the data are again grouped by residential building types, and each of the four
BPs shown in Figure 7 is further subdivided by four types of heating systems. It becomes
evident that night storage heating (NSH) exhibits a very large spread for all residential
building types. Only heat pumps (HP) for apartment buildings (AB) show a comparable
spread.
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Figure 8. BP diagram of p sorted by residential building type and heat carrier

Table 4 presents the model accuracy metrics for the different residential building types in
combination with the respective heat carriers. Gas dominates as a carrier for heat supply
systems across all building types. The largest deviations occur for HP and especially NSH,
while DH generally exhibits the lowest MAPE values. Notably, the high MAPE for
gas-supplied LABs reflects the high uncertainty already observed in this building type from
Table 3 and is not necessarily attributable to the combination of gas and LAB. Overall, the
table demonstrates that the combination of building type and heat carrier can influence model
validation.
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Table 4. Model accuracy metrics for different building types and heat carrier

Aggregation MAPE NMBE CVRMSE Median ZELANUKJ

level (%] [%] [%] (%] "
Single-family DH 47 -22 113 73 2.05 291
b ouscs Gas 150 -33 144 65 29.50 14193
(SFH) HP 642 —38 81 54 1.43 1155
NSH 417 13 136 113 2.09 887
DH 50 -9 89 107 0.77 441
Terraced  Gas 261 -18 73 84 23.30 11016
houses (TH)  HP 62 -31 79 63 0.12 100
NSH 602 24 106 135 1.67 632
Apartment DH 45 -25 87 79 1.02 131
buildings Gas 168 -20 93 79 10.91 1925
(AB) HP 112 10 116 98 0.19 34
NSH 540 17 92 111 0.86 140
Lange DH 76 -23 106 87 5.93 367
apartment ~ Gas 647 -17 205 89 18.11 1618
buildings HP 49 —-19 60 73 0.20 41
(LAB) NSH 617 46 140 124 1.85 135
DISCUSSION

In this section, two key aspects of the analysis are discussed separately. The first aspect is
analysing the effects of different aggregations on the distribution of data. During the course of
the analysis, a second aspect was observed: the discrepancy between the datasets. Therefore,
this study also examines this aspect in order to identify possible causes for the deviation
between calculation and reality and to provide insights into the model’s deviation for different
thematic aggregations.

The results in Figure 5 for parcels agree with previous studies [17], [31], [19], [20],
and [21]. These studies show that an analysis at the parcel level is plagued by greater data
variability due to individual occupant behaviour or the status of renovation and, therefore, has
limited accuracy for urban heat energy planning. In the present study, the MAPE at the parcel
level is around 250%, considerably higher than in other studies, for example Johari etal. [17],
where it was 78% for the uncalibrated model. Figure 5 also confirms the hypothesis that
geographical aggregation reduces the uncertainty in calculated demand. The analysis
demonstrates a noticeable improvement in MAPE already at the building block and heat line
levels. However, the spread of the data, expressed by the CVRMSE, remains relatively high. At
the cadastral sector level, this variability is substantially reduced, indicating a more stable
model prediction. While MAPE values remain high even at higher aggregation levels, their
consideration together with the NMBE shows that the simulated data from the cadastral sector
level onward are promising. For comparison, Johari et al. [17] achieved an improvement of
approximately 10% between the district level and the city level. Based on an estimate of
building to population ratio, the district level roughly corresponds to the building block level of
this study. Grundahl [21] demonstrated a reduction in data distribution for sample sizes of
around 100 buildings. This roughly corresponds to the size of cadastral sectors and, in practical
applications, represents too large a spatial unit to support decisions such as where to construct a
new district heating pipeline.

In Figure 5 to Figure 8, outliers can be observed at the parcel level, frequently caused by
unusually low consumption data points in the NGN consumption dataset. In some examined
cases, the measured consumption was lower than a realistic space heating demand. This
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indicates that these buildings are also using fuels that are not supplied via networks, in addition
to the recorded consumption. However, when analysing the data aggregated at the cadastral
sector level, these outliers are already substantially reduced shown in Figure 5.

The results in Figure 5 for various aggregation levels show a deviation of approximately
25% between LANUK demand estimates and real consumption data from NGN. This deviation
is higher than expected based on the efficiency of the heating systems prior to the analysis.
Occupant behaviour plays an important role in the estimation and inevitably causes a high
spread of data at the parcel level, which is in line with the underlying assumptions. However, the
systematic underestimation cannot be explained in this way. For the comparison, consumption
data from 2018-2022 are used. Unusually frugal heating by occupants can, therefore, be ruled
out, as the recent war-induced price increases only started in 2022 and thus do not affect the vast
majority of the data [32]. In addition, particularly economical heating below the actual heat
demand would reduce the deviation between the UBEM and measured data.

Figure 6 and Table 2 show the results for all 12 building age classes. Their NMBEs
correspond to the medians calculated for the different aggregation levels (Figure 5), with
slightly larger deviations between -19% and -32%. This is consistent with the wider
distribution of data at the parcel level. However, a particularly striking observation is that
buildings constructed from 2010 onwards exhibit a larger deviation between the datasets of
-48% and -53%. A comparable effect could also be observed in the investigation of Yang et
al. [20]. They show in a BP diagram that even the best UBEM variants for the building age
class 2006 to 2014 is about 50% higher on a median level than the measured value. This
indicates a possible systematic error in the way the heat demand is estimated in modern
buildings. Further study is needed for a better understanding of the underlying causes. As
demonstrated by [33] and [34], a possible cause could be the occupant as the actual
consumption can deviate considerably from calculated demand due to behavioural factors.
Linked to this are studies that have shown that modern, thermally insulated buildings often
exhibit higher room temperatures than older structures [28][35]. For example, [35] showed that
warm water production in old buildings constructed before 1977 accounts for an average of
16.6% of heating consumption. In buildings with EnEV 2002 insulation standards, this figure
rises to 27.9%. In individual cases, the proportion of warm water heating in new buildings can
rise to up to 50% [35]. In addition, the room temperature rises from ~18°C in old buildings to
~20°C or higher for buildings with EnEV 2002 insulation standards [35]. Residents tend to be
less cautious about energy consumption in better-insulated buildings, counteracting the
expected savings. This so-called "rebound effect" highlights the importance of occupant
behaviour.

Figure 7 and Table 3 show that the NMBEs for the calculated heat demands of the four
residential building types range from -16% to -31%. The heat demands of TH and LAB are
calculated most accurately, with an underestimation of only 16% (TH) and 17% (LAB). With
an underestimation of 31%, the calculation of SFH heat demands represent the greatest
challenge for the UBEM. The variance of the SFH heat demands is greater than that of the other
residential building types, and they may, therefore, be particularly challenging to simulate.

Figure 8 and Table 4 provide insights into which consumption data are most suitable to
validate a model. The data distribution for district heating and gas is narrower for most building
types compared to NSH. The assigned NSH data shows high variability, which may be due to
some of the data being a partial measure and not the full consumption. This greater variation
could be due to the specific use of NSH for heating individual rooms within a housing unit. For
these reasons, it seems ineffective to continue using night storage heating data for model
validation. The figure also shows a noticeably wider distribution of data for HP in AB
compared to other building types. The underlying cause for this should be investigated in more
detail in future studies. In comparison, the results of Grundahl [21] indicate that detached SFH
can be represented most accurately due to the extensive dataset available for model
development. A comparable data collection was not available to LANUK during the
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development of their model. These results highlight the importance of real measured data at the
building level to optimally support the development of UBEM for heat planning.

The analysis attempts to identify a systematic cause using box plots and statistical
performance indicators for different building age classes, residential building types, and heat
sources. Except for the more recently constructed buildings, the difference appears to be
consistent across all building age classes. This suggests that calibration could be achieved
using correction factors depending on the building type. It should be noted that heat source also
influences the heat consumption, but this factor varies by building type.

In comparison to Johari et al. [17], Nouvel et al. [19], Yang et al. [20] and Grundahl [21],
the deviations in this paper tend to lie at the upper end. Johari et al. [17] quantify model
deviations with a MAPE of 22-26% at the building level, decreasing to around 20% at the
neighbourhood level, and to about 10% at the city level. These results are based on 2,044
buildings in Borldnge and 3,526 buildings in Uppsala, using EPCs for calibration and
validation. In this paper, data for 32,155 out of a total of 55,036 parcels were used, enabling a
more detailed and city-wide analysis. The study by Nouvel et al. [19] examines 1,000
buildings in one district. They refer to this area as block or neighbourhood level. This
aggregation level corresponds to the size of a cadastral sector in this paper. The deviation
between the two models is between 5 and 25%. In Yang et al. [20], the total of 29,000
buildings in Leiden (Netherlands) are distributed across a total of 2,950 postal code areas.
Yang et al. [20] evaluate 1,292 postal code areas. This corresponds approximately to the
aggregation at the corridor or building block level in this study. Four variants of a UBEM were
examined; the deviations ranged from 6 to 20% depending on the variant. In a direct
comparison, the UBEM of the LANUK examined in this study most closely corresponds to
model variant 2, which is architecture-based, uses average weather data, and takes the state of
renovation into account. This model 2 has a deviation of 12% in Yang et al. [21]. Furthermore,
Grundahl [21] investigates a heat atlas for the country of Denmark. Most regions achieved an
agreement of 5-10% compared to measured data, while the most challenging region still
reached 89% agreement. These regions are presumably comparable to the scale of an entire
city in this study.

A possibility to improve the robustness of the results is a more detailed investigation of
outliers and the application of an appropriate filtering strategy prior to evaluation. For instance,
parcels with measured consumption values far below the simulated heat demand may indicate
partially heated or temporarily vacant buildings, or buildings that rely on additional
non-network energy sources. Such cases could distort the comparison between calculated
demand and measured consumption. The present results do not strongly suggest that such
filtering would reduce the observed underestimation, since excluding unusually low
consumption values would rather increase the distance from the 100% line. Nevertheless,
implementing a systematic filtering procedure could be beneficial in future studies to further
enhance the reliability of model validation.

In the present study, for all examined building blocks and heat lines, more than one
measurement value was available. However, the number of buildings within a heat line or a
building block can vary considerably. This may affect the statistical robustness of the
respective aggregation level. A possible follow-up study could, therefore, place greater
emphasis on the sample size within each aggregation unit and systematically investigate the
minimum number of buildings required to obtain reliable results at the level of building blocks
or heat lines.

This study clearly demonstrates the importance of validating a UBEM with real
measured data prior to its application in order to ensure reliability. Based on the presented
results, it is recommended that any municipality conduct a preliminary assessment before
applying the UBEM locally. Only a single region of the UBEM was examined in this paper,
for which data were available, and it remains uncertain whether the same systematic
deviations would be observed in other cities or municipalities. For Krefeld, however, it is
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likely that a calibration of the UBEM based on the findings of this paper could be
successfully implemented.

CONCLUSION

For accurate energy planning, it is important to understand how different spatial
aggregation levels affect the accuracy of space heating demand predicted by UBEM. This
study focuses on a single city, Krefeld, within the NRW region, as access to measured
consumption data was only available for this area. While the analysis is therefore, limited to
one municipality, the findings provide insights that can be relevant for other cities and
municipalities across NRW. The results suggest that deviations between the UBEM
predictions and actual measured consumption may be considerably larger than expected and, in
some cases, differ in direction from initial assumptions. Such deviations highlight potential
uncertainties not only in the present heat demand but also in modelled projections for future
consumption, which could have implications for municipal heat network planning, particularly
regarding the sizing, design, and expansion of distribution infrastructure.

Further research should focus on how cities and municipalities can strategically use
measured data to adapt UBEMs to local conditions. Based on the present study conducted in
Krefeld, the development of a standardized calibration procedure using existing consumption
data from municipal utilities could help reduce model uncertainties while ensuring compliance
with data protection requirements. Such an approach would enable more accurate predictions
of heating energy demand at all geographical aggregation levels and provide a reliable basis for
municipal heat planning.

Although only one municipality has been examined in detail so far, the findings suggest
that the deviations observed in Krefeld may also occur in other cities in the region. The
similarity in the historical development of the building stock, particularly for buildings
constructed after World War 11, as well as the comparable regulatory and climatic conditions in
many North Rhine-Westphalian cities, support the potential transferability of these results.
These parallels underscore the importance of local validation and calibration before applying
UBEMs in other municipalities.
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NOMENCLATURE

Symbols

C Consumption [kWh]
CF Climate factor [-]

E Energy [kWh]
n Number of elements in one boxplot [-]

p Ratio [-]
Subscripts and Superscripts

CA Climate-adjusted

LANUK Value from LANUK dataset

NGN Value from NGN consumption data
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Abbreviations

AB Apartment building

BP Boxplot

CVRMSE Coefficient of Variation of the Root Mean Square Error
DH District heating

DWD Deutscher Wetterdienst (German Weather Service)

EPC Energy Performance Certificate

GIS Geographic Information System

HP Heat pumps

IwWu Institut Wohnen und Umwelt GmbH

LAB Large apartment building

LANUK North Rhine-Westphalia Office of Nature, Environment and Climate
MAPE Mean Absolute Percentage Error

NGN NGN Netzgesellschaft Niederrhein mbH

NMBE Normalized Mean Bias Error

NRW North Rhine-Westphalia

NSH Night storage heating

SFH Single-family house

TH Terraced house
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