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 a b s t r a c t

Urban Building Energy Modeling (UBEM) has become a critical tool for developing local heating and cooling 
plans, as required by the European Union. Despite growing interest, the reproducibility and reliability of UBEM 
studies remain limited due to data scarcity and workflow complexity. This paper presents a comprehensive 
framework to evaluate the data pipeline in UBEM, with a particular focus on data acquisition, enrichment, sim-
ulation, calibration, and information application. The approach applies three distinct UBEM workflows (CityEn-
ergyAnalyst, DistrictGenerator, and SimStadt) to the Mierendorffinsel district in Berlin, Germany. We compare 
the based on quantitative performance metrics and qualitative framework criteria. The results highlight the in-
fluence of data sources, archetype definitions, and geometric preprocessing on simulation outcomes. The CEA 
models consider between 365 and 646 buildings, depending on the scenario. The study provides guidelines for 
practitioners to enhance model transparency, reproducibility, and accuracy in urban energy modeling. Although 
official data provide more accurate building functions, the geometries need extensive preprocessing. The resi-
dential archetypes are far more refined, e.g., in the status of renovation, which reflects the amount of residential 
buildings compared to nonresidential buildings. We show that evaluation threshold criteria for the district level 
are scarce and evaluate multiple metrics. Results depend on the selected evaluation method, but observed dif-
ferences are generally higher in case of nonresidential buildings, with differences of more than 300 kWh/m2 for 
several nonresidential building types. The heated area considered differs up to a factor of 1.9, because of different 
buildings, metadata, and calculation approaches.

1.  Motivation and introduction

The European Union requires municipalities with more than 45,000 
inhabitants to draft local heating and cooling plans [61]. Urban Building 
Energy Modeling (UBEM) has gained significant interest in recent years 
and can support the creation of such plans [1]. UBEM involves the mod-
eling, simulation, and analysis of building energy demand for design, 
operation, and policymaking [2]. Consequently, a coherent understand-
ing of the data requirements, model evaluation, and the wider ecosys-
tem and standardization is crucial. The complexity of UBEM workflows, 
typically comprising five steps (data acquisition, modeling, simulation, 
calibration, and information used for a specific use case), is evident 
[3,4]. However, most studies are non-reproducible because of inacces-
sible models, data, and software tools, as well as insufficient descrip-
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tions of preprocessing steps and workflows [5]. Each step and interac-
tion within a workflow is prone to individual errors and uncertainties, 
presenting significant challenges.

Because of the extensive political and technical significance of 
UBEM, it is important to understand UBEM workflows and assump-
tions in detail and to develop criteria for their processing. However, 
guidelines on data acquisition, verification, and validation are scarce 
and would benefit all stakeholders from the respective UBEM tasks. As 
Pfenninger[6] state, understanding the individual building blocks of an 
energy system model should be promoted, not only through open-source 
software but also by increasing the adequacy of guidelines that help ex-
plain the assumptions, criteria, and agendas involved.

UBEM evaluation must differentiate the many UBEM methodologies, 
which have their own requirements, evaluation methodologies, and
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approaches to acquire, enrich, and validate data [7]. Typically, model-
ers distinguish between top-down and bottom-up approaches, and they 
further divide the latter into data-driven and physics-based methods [3]. 
In the following, we focus on physics and archetype-based single-zone 
modeling. Those approaches commonly use Reduced-Order Resistance-
Capacitance (RC) Models. RC models can provide the advantage of accu-
rate dynamic models with information about important features while 
requiring fewer data inputs than fully physics-based models, resulting 
in less computational resources [8].

As district or city-wide UBEM require significant information, de-
tailed data at the building level are often not available. Data sources like 
CityGML and OpenStreetMap (OSM) are frequently used as alternative 
data sources for modeling [5]. These data can provide information such 
as geometry or usage, which is then enriched with further data to simu-
late the energy demand of the selected buildings. However, large scale 
models may lack additional data; therefore, research involving model-
ing and simulation frequently focuses on domains like universities [9] or 
residential regions [11] where information is more accessible, or even 
on virtual structures [12].

Focusing on residential areas makes sense for various reasons. 
First, most of the buildings in the world are residential [13,14]. In 
Germany, for example, there are approximately 19.5 million resi-
dential buildings [15] compared to 2 million nonresidential build-
ings [16]. However, nonresidential building modeling tends to be 
more complex due to heterogeneity in the category of buildings and 
different zoning. Hence, research on archetype descriptions has fo-
cused mainly on residential buildings [17]. This has changed in re-
cent years because Hörner et al. [18] established a nonresidential 
building typology and made the typology publicly accessible within 
the open-source simulation tool DIBS [19]. Together with the well-
established TABULA typology for residential buildings, [21] homoge-
neous modeling of mixed-use districts is now possible in Germany. 
This is one of the novelties of the presented studies: Development 
and evaluation of a new simulation workflow that integrates both
typologies.

Another reason to focus on well-known areas such as universities is 
that the typical UBEM process has various factors of uncertainty [22,23], 
such as data, modeling, or programming errors. As one usually evalu-
ates the data and the model together, gaining a deeper understanding 
of the data helps to identify errors. However, as we argue for better un-
derstanding and guidelines, we investigate the individual steps of the 
UBEM workflow. Especially since in large areas, as with the Energy Per-
formance of Buildings Directive (EPBD) plans, a detailed model and un-
derstanding of the data is very difficult.

Therefore, we argue that researchers should study UBEM in a data 
pipeline in order to realistically evaluate the process at an urban scale 
under data scrutiny. A data pipeline is a set of data processing steps 
in which the output of an element is the input of the next, enabling 
the application and use of information [24,25]. Errors in the first steps 
can cause significant effects and propagate errors in subsequent steps, 
as researchers have demonstrated, for example, in the field of machine 
learning [26].

To examine the entire data pipeline, we conducted a case study in 
the Mierendorffinsel district of Berlin, Germany, to present three UBEM 
approaches and their evaluation. We analyze each step of UBEM data 
processing to provide criteria to modelers, scientists, and practitioners 
to build and refine validated models based on data availability. In doing 
so, we refine the criteria applied to UBEM and identify research gaps. 
Since data acquisition is the most time-consuming step in UBEM, we 
place special emphasis on it. As we will show, while there are various 
criteria for individual Building Energy Models, there is a lack of criteria 
for urban-scale models, especially under data scarcity. In addition, by 
comparing various approaches, we provide guidance on prioritizing data 
refinement in the UBEM process. This is a novelty, as the evaluation of 
tools is usually done either in literature reviews (refer to subsection 2.3), 
evaluation of single parameters in areas that are well-studied, such as 

research campuses (refer to: subsection 2.6) or Sensitivity Analysis (SA) 
(refer to subsection 2.4), software quality assessment (refer to subsec-
tion 2.3), or assessment of single data types (refer to: subsection 2.1). 
This is the case, as learning and developing modeling and simulation 
tools is a labor-intensive task [27].

Fig. 1 highlights the main objectives and the outline of this paper. 
The following section outlines the relevant literature and contributions. 
subsection 2 presents the literature and derives key factors that influ-
ence the different steps of the UBEM data pipeline. Additionally, it 
presents criteria for evaluation. Section 3 presents a framework for eval-
uation, based on the previously described criteria. Section 4 introduces 
the Mierendorffinsel, as well as the three tools and the data used. Sec-
tion 5 presents the results of the case study and applies the previously 
introduced criteria to evaluate them. Finally, Section 6 discusses the 
presented approach and states recommendations.

2.  Related literature

In this section, we provide an overview of studies that examine the 
influence of data acquisition, enrichment, modeling, simulation, and the 
application of UBEM in comparative approaches or data pipelines. The 
latter closes this section and examines the influences between different 
workflow steps. As explicit workflows are of importance to the results, 
we give examples of tools, data, and methodology within three UBEM 
modeling frameworks: City Energy Analyst (CEA) [28], the Tool for En-
ergy Analysis and Simulation for Efficient Retrofit (TEASER) [29], the 
related DistrictGenerator [30], and SimStadt [31]. In addition, the sec-
tion presents criteria considered in the literature for evaluating the dif-
ferent steps of the UBEM workflow.

2.1.  Data acquisition

Energy models draw from a diverse set of standards and data, ranging 
from ontologies, geo-related information, or those related to the Build-
ing Information Modeling (BIM) method [25]. Despite the feasibility of 
detailed data integration for individual buildings [32], publicly accessi-
ble models and data are rare. Therefore, we argue that applying highly 
detailed models and related standards is not applicable at the urban 
scale for buildings outside exemplary areas. Hence, the city or district 
scale must consider substitutes [33], such as Shapefile, CityGML, and 
CityJSON. In UBEM applications, OSM and CityGML are often the two 
data sources used for geometric information [5].

In addition to geometric data, modelers must acquire non-geometric 
building data and weather data [34,35]. Goy et al. [36] refine these data 
categories and name potential data sources. They note that modeling of-
ten requires the combination of multiple data sources and that often only 
orientation and building geometry data are accessible. Wang et al. [35] 
provide a review of data acquisition for UBEM where they differenti-
ate archetype-based enrichment from non-archetype-based approaches. 
They consider archetype availability and cost to be good in compar-
ison to other approaches. However, they suggest modelers should be 
cautious in applying deterministic archetypes due to randomness in pa-
rameters. A useful classification by Malhotra et al. [37] distinguishes 
primary (direct use), secondary (classifying), and tertiary (statistical) in-
puts. For example, an archetype represents statistical data and, together 
with secondary data that classify the building as a certain category of 
the archetype (e.g., building type, year of construction), they substitute 
primary information (e.g., U-value). However, in most cases, even sec-
ondary data are rare.

The level of detail of geometric data influences simulation results. 
For example, the area modeled as a function of the outer surface can 
differ significantly from the true inner surface and has a correspond-
ingly large influence on the simulated energy demand, as well as the 
gains through sunlight [38,39]. Consequently, Biljecki et al. [40] and 
Demir Dilsiz et al. [9] both provide refined input geometry specifica-
tions. In addition, the correct selection of weather data, which are

Energy & Buildings 346 (2025) 116070 

2 



F. Rehmann et al.

Fig. 1. The structure of the presented study. We examine the literature to collect quantitative and qualitative criteria for the steps of the UBEM process. We then 
implement different UBEM pipelines in a case study to analyze their application. Finally, we evaluate and discuss the case study using the framework proposed 
earlier.

available through test reference years (TRY) and local weather stations, 
affects the UBEM results, depending on parameters such as proximity or 
microclimate conditions [41].

Data assessment considers general criteria, such as completeness, 
uniqueness, timeliness, validity, accuracy, and consistency, as primary 
dimensions [42]. These criteria are specified for geographic data in 
ISO/TC 211 Geographic information/Geomatics [67], where Complete-
ness, Logical Consistency, Positional Accuracy, Thematic Quality, Temporal 
Quality, and three Metaqualities (Confidence, Representativity, and Homo-
geneity) are stated as data quality elements. The literature also uses more 
general criteria, such as general availability and acquisition cost, to 
evaluate data acquisition [35]. Coors et al. [43] develop an application-
specific approach to quality management in 3D city models. The appli-
cation they focus on is SimStadt. Therefore, quality criteria are related 
to the calculation of monthly energy balance and related criteria, such 
as year of construction or valid geometry. In this case, data quality is 
more about valid geometry and how to ensure it in CityGML. As the 
authors state, assessing the geometry and (if necessary) repairing it is a 
complex task, that depends on the level of detail.

Biljecki et al. [44] evaluate the quality of OSM as crowd-sourced 
geospatial information about buildings using three criteria. First, they 
assess the completeness of all attributes. Second, they evaluate the con-
sistency of attributes, because OSM provides guidelines on tagging with-
out enforcing them. Hence, users can choose different tags that refer 
to the same category. By comparing Google Street View images with 
attributes, the authors manually assess data quality, leaving an oppor-
tunity for interpretation of the data quality due to users’ perception of 
tags. Lei et al. [45] propose four categories of criteria for assessing and 
benchmarking 3D city models (such as CityGML), from the data portal 
to basic information about the model, to assess their thematic and at-
tribute content. The authors benchmarked the Berlin open data set with 
a score of 33% in the attribute content category. This highlights previ-
ous findings that metadata can be scarce, even in official datasets, and 
users must evaluate it carefully. If data about energy consumption are 
openly accessible, the yearly demand is a typical scale [46]. Models can 
use such data for evaluation and verification.

In conclusion, UBEM requires data collection, aggregation, and often 
substitution. Different organizations and entities can provide the data 
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for UBEM. Official organizations provide data sources such as 3D City 
Models (CityGML, CityJSON) based on related standards and criteria. 
While official data sources often use a standardized data schema, data 
quality does not necessarily reflect this (e.g., timeliness or complete-
ness). Various entities collect and provide data from energy consump-
tion by energy providers to crowd-sourced information (e.g., OSM) or 
archetypes (e.g., TABULA or Department of Energy (DoE)). Hence, the 
evaluation of data should consider which entities provide the data. In 
addition, it should consider whether all the data are accessible openly or 
at what cost. Furthermore, general criteria such as timeliness, validity, 
completeness of metadata, and comprehensiveness of building coverage 
reflect the scope and quality of the dataset. Finally, the level of informa-
tion contained in the input data are relevant to consider. These questions 
reflect the criteria 1C1-1C7 in Table 2.

2.2.  Data fusion and enrichment

Because available data rarely meet the necessary formats, modelers 
must fuse, enrich, and finally model them for the simulation process. We 
consider there to be three relevant criteria for data fusion and enrich-
ment: the scale at which the data enrichment process is occurring, the 
infrastructure and methodology used for data fusion and enrichment, 
and the data (archetype-based or detailed enrichment (non-archetype-
based)). This section discusses these criteria and their evaluation.

Nichersu[47] discusses the advantages and disadvantages of differ-
ent spatial scales, arguing that the consistency of buildings (compared 
to other spatial constructs with fuzzy naming such as city, town, neigh-
borhood) enables them to be the perfect entity to bring data together. 
However, the author states a variety of approaches and architectures to 
do so. Zirak et al. [48] also reflect the scale of the enrichment process 
by stating that statistics from different entities (e.g., national govern-
ment and municipality) affect the results when gathering information 
about the year of construction. Thiele et al. [49] conclude that due to 
differences in assumed data and actual conditions in buildings, solutions 
should be able to store information about individual buildings.

As the building provides a suitable scale, it is often used for data fu-
sion. For example, Chen et al. [50] fuse multiple open datasets for the 
creation of a city-building dataset for San Francisco. To achieve this, 
they map and transform various data sources, which requires intensive 
data processing. The authors indicate invalid or missing data and lack 
of standardized tagging methodology as barriers. In this and a few other 
works in the literature, CityGML and EnergyADE are suggested as stan-
dards to enrich building data at an urban scale, ranging from standard-
ized information collection [50–54] to integration into fully developed 
web applications [55]. Dabirian et al. [56] propose a central data model 
based on catalogs. They argue that such approaches provide more flexi-
bility than standardized approaches and being able to store information, 
not directly required by a specify tool. However, data still need to be in-
tegrated and interfaces need to be designed, so data can be mapped to 
simulation engines or standards.

Monteiro et al. [57] show that the optimal number of archetypes de-
pends on the number of parameters used to divide the subset of build-
ings. They note, if all archetypes use the same parameters, the peak load 
is overestimated. Hence, data enrichment needs some variation, at least 
in non-geometrical estimates (e.g., occupancy). And while parameter va-
riety can lead to better results, the same is true for detailed enrichment 
at a higher level of detail than archetype-based enrichment, as Malhotra 
et al. [54] state. In general, the granularity in enrichment must match 
the supported use case (e.g., hourly schedules for dynamic simulation 
with hourly schedules) [56].

Because buildings typically consist of multiple zones, modelers 
can apply different approaches to aggregate their characteristics. 
Lauster[58] and Remmen[22], for example, define an approach that 
uses various typical zones and weights them according to their share of 
the net floor area, based on statistical studies. Karczewski et al. [59] pro-
pose a method that adapts and weights single-zone data from the DIN V 

18599 standard [10] to align with multi-zone averages. By applying this 
technique, they represent the typical parameters of multi-zone buildings 
with a single averaged value.

To evaluate archetypes, Eisenack et al. [60] recommend quality cri-
teria for archetype analysis in general. In addition to validity, they state 
the ability to combine, suitable abstraction, and obtaining fit between 
elements. Common approaches to derive such archetypes include data-
driven, building codes-based, and hybrid methodologies [62].

Because the creation of archetypes is not the focus of this paper, we 
do not discuss the quality of the archetypes themselves. However, the 
questions in category 2C in Table 2 reflect some remarks. As Prataviera 
et al. [63] state, refined archetypes or assumptions during the data en-
richment process might reduce model calibration efforts. Hence, one 
should consider the validity of the archetypes used and whether they 
are applicable at all to their study. During archetype enrichment, one 
should consider where and how the archetypes are obtained, if they re-
flect the metadata present in the dataset, and what additional data are 
used in the study for enrichment. Although national archetypes might 
be, in general, suitable for UBEM, they cannot reflect local particulari-
ties.

2.3.  Simulation workflows and software

Several tools are available for UBEM, and various reviews have com-
pared the metrics of these tools, e.g., [7,27,64,64,65], but rarely the 
process itself. In the following section, we give a brief overview of six 
approaches that provide data and methods for the simulation of the Ger-
man building stock and discuss criteria for evaluating them.

Fonseca et al. [28] introduce CityEnergyAnalyst (CEA), a UBEM tool 
that has been under development and constantly improving ever since. 
CEA creates and simulates archetypes based on the function of the build-
ing (type of use), the year of construction and/or renovation (the CEA 
database for Germany requires both the year of construction and status 
of refurbishment) and the number of floors. The tool offers spatial and 
temporal distribution of a variety of outputs. At the core, CEA uses an 
ISO 13790 RC model [66]. CEA includes key data resources for mod-
eling, such as options to obtain weather files or input data from OSM. 
Users can provide their own geometries as well. The outputs include 
thermal energy, domestic hot water (DHW), and electricity demands. 
An advantage of CEA compared to other tools is the integration of shad-
ing calculations [68], which is especially useful in the appropriate cal-
culation of the energy demand for cooling. The software ships with two 
occupancy models, deterministic and Markov chain, though literature 
describes the implementation of other models (namely population- and 
agent-based) in the tool [69,70].

Remmen et al. [29] introduce TEASER as an UBEM tool, providing a 
variety of archetypes, from TABULA data for Germany to limited other 
archetypes such as institute buildings on campus or the KFW40 (a type 
of building that meets all the energy requirements for state subsidies). 
In addition to typical data for the archetypes (e.g., 𝑈 -values, wall-to-
window-ratio), TEASER provides detailed information about the wall 
structures, obtained by reviewing and testing material combinations 
with experts. The minimum input data required are usage, year of con-
struction, gross floor area, and cubature (obtained from footprint, num-
ber, and height of floors). Various approaches describe the integration 
with CityGML [38,71]. However, we did not use the code for this in the 
presented study as it is outdated or was inaccessible. Although TEASER 
itself provides Modelica models, other approaches integrate the tool as 
a data source, for example, Schiefelbein et al. [72]. The latter not only 
provides thermal loads but also electricity and DHW using a Markov 
Chain for occupancy modeling, based on the Python package richard-
sonpy [73,74].

Nouvel et al. [31] introduce SimStadt, which has been extensively 
updated since then, e.g., in Coors et al. [75]. The tool offers a monthly 
simulation according to DIN 18599 [10] and an hourly calculation ac-
cording to VDI 4710 [76]. The input must be a valid CityGML file with 
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information on the function of the building and its age. The tool of-
fers the benefit of repairing invalid geometry within CityGML data. The 
tool integrates the IWU residential building typology from TABULA. The 
output data are the thermal (monthly and hourly), DHW (monthly) and 
electricity (hourly) demands of the buildings.

Hillen et al. [77] presents an integration of the full European TAB-
ULA database, a 5RC model in the Open Energy Modeling Framework 
(oemof). In comparison to the previous tools and approaches, oemof 
originates in energy system analysis, highlighting the importance of un-
derstanding modeling at a spatial scale. In addition to building type, the 
tool requires the construction year, location, and status of the renova-
tion, internal heat gains, and demand time series for components. The 
tool currently does not integrate spatial relations and hence we excluded 
it from further analysis.

Bischof et al. [19] presents the development and evaluation of a sim-
plified hourly model for energy demand calculation of nonresidential 
buildings. At the core, it uses an ISO 13790 RC model. The input data is 
more detailed compared to other tools, including factors such as work-
place lighting, with a total of 36 different inputs. The outputs are hourly 
time series for heating and cooling demand. The tool integrates the non-
residential typology by Hörner et al. [18]. As this tool can only model a 
minority of the building stock, we excluded it from further analysis.

Maile et al. [78] present a tool called GenSim that automatically gen-
erates input profiles for urban simulation. In contrast to the previously 
mentioned tools, it combines German standards and archetypes with 
data and information provided by the DoE. At the core, it uses Energy-
Plus to provide heating, cooling, and electricity profiles. The interface 
enables modeling of cubic geometries; more complex geometries require 
SketchUp. We excluded the tool for two reasons. Firstly, GenSim lacks 
support for simulating DHW demand. Secondly, there is an absence of 
an accessible workflow to automatically model geometries from OSM or 
CityGML data and incorporate them into GenSim.

The literature reports multiple criteria for evaluating and choosing 
simulation software. Review articles select and evaluate tools based on 
criteria such as spatial and temporal scale, type of energy (e.g., heat-
ing, cooling, electricity) or license [7,27,64,65]. ISO/IEC 250002 is a 
relevant standard for evaluating software [79]. According to this stan-
dard, product and service quality, as well as quality-in-use, in addition 
to the previously discussed data quality, affect the software. Further 
tests refine and adapt these criteria for energy-related use cases such 
as the Building Energy Simulation Test (BESTEST) [80], the Building 
Optimization Testing Framework (BOPTEST) [81], and the German re-
search project SIMQUALITY [82]. The District Energy Simulation Test 
(DESTEST) provides measures to adapt these tests for District Energy 
Systems [83,84]. The BESTEST, BOPTEST and SIMQUALITY criteria in-
clude reference cases, data exchange standards, and KPIs. The next sec-
tion discusses the latter in more detail. BOPTEST explicitly states that 
open-source software is a criterion for validation. All presented cases 
compare different software, similar to this study. Therefore, when val-
idation with real data or verified software is not possible, comparing 
different approaches seems to be a suitable way to overcome this limi-
tation.

Considering these tools and the required inputs and outputs, some 
questions should be asked when choosing the right tool for modeling 
and simulation. In addition to the approach to modeling occupancy and 
time-varying parameters (deterministic or stochastic), the outputs and 
their time scale, as well as the additional input data required, are cru-
cial factors. Most importantly, the tool must support the functionality to 
model and simulate the required use case. Criteria 3C1–3C5 reflect the 
questions raised.

2.4.  Calibration and model evaluation

Researchers often use model calibration and sensitivity analysis (SA) 
synonymously with data quality, e.g., in Nouvel et al. [85]. Before cali-
bration, a SA investigates the influence of parameters on the model [22]. 

Calibration can be done on various spatial scales (such as zone, building, 
urban) and temporal scales (such as sub-hourly, hourly, and yearly). In 
addition to this heterogeneity, there is a certain fuzziness depending on 
the modeling approach and the related terminology.

Nouvel et al. [85] use SimStadt as a platform to assess data quality 
in 3D city models. They rank various input parameters and their im-
pact on the results of the simulation process using the annual specific 
heating demand. The data requirements are categorized into three cate-
gories: “Must-have” (building year of construction, building function, re-
furbishment information, residence type), “Relevant-to-have” (number 
of stories, information on basement, occupant profile, locally measured 
weather data), and “Nice-to-have” (LoD2 instead of LoD1, information 
on attic/roof, window-to-wall-ratio, number of occupants, heated/en-
ergy reference area). The authors describe the air change ratio, heating 
schedule, and room air temperature as parameters that have a signif-
icant impact but deem it unrealistic to collect such data at the urban 
scale. They list several reasons to approach the results of the study with 
caution, such as not considering the mutual influence between parame-
ters. However, they emphasize one universal prerequisite: adopting in-
telligent data collection strategies that prioritize relevant parameters to 
ensure accurate results.

In Mosteiro-Romero et al. [86], SA in CEA considers the heating and 
cooling demand and the impact of parameters on yearly space heating 
and cooling demand. The authors differentiate spatial, occupancy, and 
building shape effects. Smaller and non-compact buildings are more eas-
ily influenced by the properties of their thermal envelope, while larger 
buildings are more affected by air exchange rates and set point tem-
peratures. Spatial properties did not appear to have a measurable ef-
fect within the study. The same author conducted a study in Mosteiro-
Romero et al. [87], where they calibrated 34 buildings on a university 
campus and investigated cooling and electricity demand under flexi-
ble occupancy using CEA. For each building, they state the best set of 
parameters considering the set point, cooling setback, window-to-wall 
ratio, infiltration rate, and 𝑈 -value, as well as g-value. The study uses 
hourly metered data for electricity and cooling data for calibration. Both 
studies highlight the interdependence of SA.

Demir Dilsiz et al. [88] produce similar findings, by investigating var-
ious climates and building forms using CitySim. The minimum temper-
ature has the greatest impact on the heating demand, regardless of the 
weather conditions or the form of the building. Demir Dilsiz et al. [9] ex-
tend this work, by examining how different spatio-temporal resolutions 
affect UBEM calibration. The authors emphasize that errors at each level 
of the study should be highlighted. In addition, calibration should reflect 
the level of detail at which the data are used.

Remmen[22] proposes a framework for automated calibration of 
UBEM models, evaluating various levels of information, using TEASER, 
non-intrusive thermal load monitoring, and the CityGML standards. 
However, the approach requires hourly measured data supplied by heat 
meters as well as detailed information about the buildings (e.g., material 
layers). This approach requires plenty of a priori information. Hence, the 
case study presented examines a well-known area, a research campus. 
The authors confirm the hypothesis that with an increased level of in-
formation, diverging from archetypes, the quality of the model and cal-
ibration increases, underlying the importance of reliable input quality 
in the first stage. In addition, the sensitivity ranking of the parameters 
depends on the building function and age.

Chen and Hong[39] investigate another important parameter in 
UBEM, the zoning configuration. The authors state the significant im-
pact on the final energy demand but do not compare them to approaches 
considering another impact. Not only operational parameters and build-
ing characteristics, but geometric uncertainties affect UBEM (e.g., wall 
thickness, building volume) [63]. The latter are often neglected in SA 
because, in single-building studies, fewer geometrical uncertainties exist 
because of known geometries.

The quality of the SA and the calibration depend on the availability 
of the data. Additionally, the temporal resolution and the model itself, 
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Table 1 
Input Data for UBEM and its importance on the results based on sensitivity analysis studies. We calculated the input parameters’ relative impact calculated for 
single impact studies and [85]. For each study, we considered the parameters in the first third of the ranking high impact, the second third medium impact, and 
the final third low impact.
 Input Data Description Impact on heating demand (Relative ranking)  Impact Discussed by
 Number of floors Number of floors in the building Medium  [85]
 Geometric zoning How many zones are in the building and their 

configuration.
–  [39]

 Reference area Area that is heated or cooled Low  [85]
 CityGML LoD2 CityGML LoD2 instead of LoD1 Low  [85]
 Building proportions Information about windows, roof, etc. Low (roof and window-to-wall ratio); High (Window Area)  [22,85]
 Building characteristics Information about material in walls, windows, etc. High (Energy transmittance through windows); High, 

(heating and window 𝑈 -value); High (Wall thermal 
resistance)

 [22,36,86]

 Building age Year of Construction of the building. High  [85]
 Building use Typical use of the building –  [22]
 Retrofit status Retrofit Status of the building High  [85]
 Building function Main use of the building (e.g., residential) High  [85]
 Control strategy Control strategy, e.g., setpoints High; High  [22,36]
 Appliances Information about appliances (e.g., number of computers) 

and type of lighting within a building.
Medium to Low  [22]

 Occupancy data Information about whether a building is occupied and at 
what times

High (Type of vacancy), Medium (Occupant profile), Low 
(Number of occupants)

 [85]

 Ventilation/ Infiltration Infiltration or ventilation rate (air leakage) High to Medium; High Impact  [22,86]
 Local weather data Weather data, containing information about local 

temperature, e.g.
Medium  [85]

including factors such as the archetypes, significantly influence the rank-
ing of parameters. These aspects are frequently examined under varying 
conditions, which leads to differences in the presentation of the findings. 
Consequently, it is not feasible to provide an absolute assessment of the 
order of the parameters. For Table 1, we extracted the relative rank-
ing of the cited articles. We consider the parameters that were in the 
first third of the ranking high impact, the second third medium impact, 
and the final third low impact. It is questionable whether the calibrated 
model reflects the actual building properties or merely matches the data 
investigated. Data are often implicitly contained within other informa-
tion. For example, occupancy profiles are frequently derived from the 
assumed building archetype. Still, they may be an independent variable 
or the conclusion of different assumptions, such as vacancy rate, max-
imum occupancy, and occupancy profile. For example, regarding the 
occupancy profile and the cause of energy demand, a study considers 
the set point as a proxy or as an assumption that it is fixed. Addition-
ally, the kind of data available may vary between regions and the access 
of research groups to non-publicly available data.

UBEM calibration is closely linked to the use of key performance 
indicators (KPIs) and thresholds for their evaluation. In the following, 
we discuss both. Since the first generation of UBEM, a variety of KPIs 
such as yearly demand per square meter [89] or time series energy de-
mand output data [23] have been used to evaluate the results of the 
simulation. The often-used KPI of energy consumption per square me-
ter is applicable to UBEM use cases such as building stock assessment 
or the provision of retrofitting strategies. As Saad and Eicker[90] note, 
this approach standardizes the comparison between various geometric 
calculation assumptions by using different reference areas (floor, enve-
lope, or space). However, because of the increased flexibility of energy 
consumption and greater potential insights, the analysis of time series 
has become more relevant.

Typical indicators to evaluate building simulation time series can be 
described as absolute, relative, and forecasting evaluation [91]. The ab-
solute evaluation indicators used for the simulation performance anal-
ysis are the Mean Bias Error (MBE), the Mean Absolute Error (MAE), 
and the Root-Mean-Square Error (RMSE). The suggested relative In-
dicators are the Coefficient of Variation of the Root-Mean-Square Er-
ror (CV(RMSE)) and the Normalized Root-Mean-Square Error (NRMSE). 
Relative indicators have the advantage and disadvantage of relating the 
absolute value to a reference, usually the measured value, which is af-
fected by the boundary conditions. The authors of Johari et al. [92] 

suggest using MAE and Mean Absolute Percentage Error (MAPE) at 
the district level. The authors note that the accuracy of simplified 
methodologies generally increases with lower spatial and temporal
resolutions.

Oraiopoulos and Howard[93] conclude that UBEM studies should 
strive for transparent applied evaluation metrics and a case-based use 
context (energy efficiency retrofit analysis, energy demand quantifica-
tion, energy systems integration, and climate resilience). They consider 
CV(RMSE), RMSE, MBE, NMBE, R2 and % as a difference between the 
measured and simulated energy demand. They compare a variety of 
studies with the ASHRAE Guideline 14–2002 [94]. Oraiopoulos and 
Howard[93] note, that these metrics often neglect important factors, 
such as hourly shifting demand. Other commonly applied benchmark 
thresholds [90,95] include the Federal Energy Management Program 
Monitoring and Verification Guide (FEMP) [96] and the International 
Performance Measurement and Verification Protocol (IPMVP) [97]. All 
three criteria reflect the level of the building, and the urban level is 
currently neglected in the verification and criteria for this evaluation 
[9,93]. A further problem in this study is that these thresholds apply 
monthly and hourly criteria. Data at this level are not publicly available 
in Germany on an urban scale.

In addition to these thresholds, model comparison between models 
is a common approach. For example, in the DESTEST [83,84]. For eval-
uation, the authors suggest using NMBE, CV(RMSE), and CV(RMSE) of 
daily amplitude (to evaluate the building dynamics). To evaluate yearly 
demand, modelers can evaluate their results against reference values, 
e.g., those provided by TABULA [11]. Hence, comparing a new model 
with a verified model can be a valid approach to measuring and evalu-
ating a model’s performance.

The SA, calibration and evaluation of UBEM significantly depend on 
model/tool selection and spatial and temporal resolution. As Table 1 
shows, the exact ranking of the parameters affecting UBEM parameters 
varies according to the case study context, climate conditions, spatial 
scales, and the granularity of available data. Due to this variability, it 
is not possible to establish an universal hierarchy of parameters [22]. 
Instead, the study should prioritize the parameters based on the spe-
cific objectives, available data, and spatial and temporal scale. The key 
parameters for examination can rank from more abstract levels (such 
as retrofit level) to setpoints or occupancy presence. UBEM can use the 
metrics and thresholds stated in this section to conduct the evaluation, 
from the building level to the comparison between models or defined 
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Table 2 
Criteria for the assessment of UBEM. For each of the five key steps, we propose criteria for evaluation.

 UBEM pipeline category  Criterion

Data Acquisition

 1C1 – Do the data have a valid format?
 1C2 – Are the data recent (within the last 5 years)?
 1C3 – Are the data obtained from verified sources and provided by recognized entities?
 1C4 – Does the dataset cover all relevant buildings?
 1C5 – Does the dataset provide complete metadata?
 1C6 – Does the data include detailed geometry information?
 1C7 – Are all the data in the study open to access?

Data Fusion and Enrichment

 2C1 – Are the archetypes obtained from a single source?
 2C2 – Are multiple archetypes used in this study?
 2C3 – Do the archetypes reflect all building functions and age groups?
 2C4 – Is the spatial scale of the data adequate for the study’s objective?
 2C5 – Is the temporal scale of the data adequate for the study’s objective?
 2C6 – Do the buildings have consistent identifiers?
 2C7 – Is standardized terminology used for mapping the attributes during enrichment?
 2C8 – Is additional non-geometric used for enrichment?
 2C9 – Are zone simplifications applied in the study?
 2C10 – Is there noticeable variation within the data for a single archetype?
 2C11 – Are the data used for enrichment openly accessible, including the archetypes?
 2C12 - Can other studies apply these archetypes effectively?

Simulation

 3C1 – Is the simulation done using open-source software?
 3C2 – Is a uniform approach applied for the modeling of non-building, time-dependent parameters?
 3C3 – What are the minimum required input data for simulation?
 3C4 – Is every building included in the data acquisition simulated?
 3C5 – Is the code openly accessible?

Calibration and Model Evaluation

 4C1 – Is sensitivity analysis conducted on key model parameters?
 4C2 – Is the calibration performed at an appropriate temporal resolution?
 4C3 – Is the calibration performed at an appropriate spatial resolution?
 4C4 – Are standard verification metrics used to validate the model?
 4C5 – Are predefined thresholds applied for model verification?

Information Application
 5C1 – Is the Urban Energy Model applied to a practical use case?
 5C2 – Do the results have a temporal resolution that aligns with the intended application?
 5C3 – Does the approach allow the infrastructure to be reusable or updated?
 5C4 – Are the results openly available?

test cases (see also subsection 2.3. The questions 3C1–3C5 in Table 2 
reflect these considerations.

2.5.  UBEM spplication

A model should be evaluated against only the background of its in-
tended use. Hence, the quality term needs to reflect this intended use, 
which is an application or use case of the model. Biljecki et al. [98] iden-
tify 29 use cases for 3D City Models. The main differentiation stated 
is visualization-based and non-visualization-based use cases. However, 
due to fuzziness in terminology, classification provides ambiguity, and 
often use cases are related to a certain extent. The authors list estima-
tion of solar irradiation and energy demand, semantic enrichment, and 
cadasters as exemplary use cases that are related to UBEM.

Modeling of building energy demand at the urban scale has seen an 
increasing number of applications in recent years. Ang et al. [4] state 
four applications for UBEM: urban planning and new neighborhood de-
sign, stock-level carbon reduction strategies, building-level recommen-
dation, and building-to-grid integration. The review by Hong et al. [2] 
has a different terminology, however their applications are almost the 
same. Nevertheless, they state energy auditing and benchmarking, as 
well as climate resilience, as additional tasks. The authors of Schildt 
et al. [99] propose using the energy model and the related material for 
life cycle assessment at the district scale, embedding carbon emissions 
from Ökobaudat within the material in UBEM.

The information contained in the model should reflect the use 
cases. The higher the required spatial and temporal resolution, the 
finer the calibration and input data should be. If building-level rec-
ommendations are the chosen level of application, modelers must con-
sider building-level data and calibration. For tasks such as life cycle 
assessment, 𝑈 -values are not sufficient and models must embody ma-

terials. In addition, developers and users of tools should consider the 
re-usability of the results, and they can increase it by using standard-
ized terminology. Finally, openly sharing the results and methods ap-
plied can increase understanding. The criteria 5C1-5C4 reflect these
considerations.

2.6.  Data pipelines and full workflows

In this section, we provide an overview of studies that examine the 
influence of data acquisition, enrichment, modeling, simulation, and the 
application of UBEM in comparative approaches or data pipelines. In 
contrast to the previous sections, the presented studies evaluate various 
ways of processing data or tools. Hence, the studies are comparable to 
the presented study.

Saad and Eicker[90] investigate data pipelines for energy models, 
comparing various data sources for geometry (i.e., input data, model 
complexities). To our knowledge, this is the most advanced investigation 
of data pipelines so far. However, the authors compare the criteria for 
a single building and do not provide criteria for urban scale. They find 
that different pipelines lead to different geometric errors and suggest 
standardized evaluation (demand per conditioned floor area, building 
envelope area, and conditioned space volume) results.

Dochev et al. [100] calculate the energy demand in a mixed-use area 
in Berlin using SimStadt and compare it to the so-called specific heat 
demand (SHD) approach. The authors compare a variety of parameters 
(heated volume, building typology, 𝑈 -values, surface temperature, win-
dow area, and heat demand) between both approaches and additional 
data, such as data gained through window recognition. Due to the lack 
of publicly available data at the time, the authors do not give a final 
statement on which approach they considered superior. Because these 
data are available now, it is possible to continue with the evaluation.
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Fig. 2. Potential errors in the UBEM workflow or data pipeline. Each step has potential errors that can affect the result and applicability to a specific use case.

Malhotra et al. [11] investigate two workflows using CityGML mod-
els, TEASER, and information on the age and usage of the building. 
The authors simulate residential buildings and highlight inconsisten-
cies in GML-based and Amtliche Liegenschaftskatasterinformationssystem
(ALKIS)-based building type assessment. In addition, they state the im-
portance of information on remodeling on an urban scale. To deduce the 
refurbishment state at a larger scale, the authors suggest simulating var-
ious refurbishment states and comparing them against measured data. 
The authors also recommend conducting further comparisons with other 
simulation approaches. Building on this recommendation, we conduct a 
comparative analysis of three simulation tools.

Johari et al. [92] examine various zoning configurations for three 
types of residential buildings in IDA ICE, TRNSYS, and EnergyPlus. At 
the building level, the complexity of the building shape, the simulation 
tool, and the zoning configuration affect the results. At the district level, 
regardless of the zoning configuration used, evaluation metrics improve.

Prataviera et al. [63] perform a sensitivity analysis using Monte Carlo 
sampling for two different RC models (ISO 13790 and VDI6007). The au-
thors concluded that the peak power ratio is better after sampling and 
closer to reality, for two reasons: First, a temporal variation in the as-
sumed operation times leads to a more realistic pattern by flattening the 
peak; Second, classical archetypes tend to systematically overestimate 
parameters such as building envelopes and indoor temperature patterns. 
Therefore, refining assumptions can enhance UBEM by yielding more 
realistic results.

Chen and Hong[39] investigate the impacts of geometry preprocess-
ing, such as zoning, in the context of UBEM using EnergyPlus. The au-
thors state that the selection of zones and floors can significantly impact 
equipment sizing. Similar, Dogan and Reinhart [101] present and in-
vestigate an algorithm for abstracted multi-zone urban building energy 
model generation called Shoeboxer. They find that in well-insulated con-
struction (e.g., retrofit, new construction), geometric errors tend to have 
higher impacts on the simulated energy demand.

Wang et al. [35] review acquisition approaches for geometric and 
non-geometric data in UBEM and evaluate their performance, avail-
ability, and cost. The authors reflect data quality and derivations in 
geometric and non-geometric data. The authors consider probabilistic 
archetype approaches to have the potential to increase simulation ac-
curacy at the urban scale while increasing operation time. The study 
reflects on criteria but does not apply them to a use case.

Demir Dilsiz et al. [9] investigate various levels of spatiotemporal 
aggregation of data and their impact on the UBEM process for the calcu-
lation of cooling demand. They observe that while a calibration process 
can improve results at the annual and aggregated levels, it might worsen 
accuracy at the building level. Hence, the authors conclude that there 
should be more detailed reporting metrics, proposing four levels of de-
tail that modelers should consider for each of the following five dimen-

sions: Building geometry layer; Building-thermal zoning layer, Model cali-
bration/validation-temporal resolution layer, Model calibration/validation-
spatial resolution layer, and Model accuracy layer.

The findings of the literature review highlight the impacts on the 
UBEM pipeline, depending on building characteristics, and the impor-
tance of detailed and reliable data. Various studies highlight the neces-
sity of choosing appropriate tools and approaches for specific use cases, 
reflecting the intended application, whether it is urban planning, en-
ergy auditing, or life cycle assessment. Errors at each step of the UBEM 
pipeline can affect the whole process; for example, the acquisition of in-
correct data or unsuitable model calibration can have negative impacts 
on subsequent steps. Fig. 2 highlights several potential sources of errors 
identified in the UBEM workflow in Sections 1 and 2. Although calibra-
tion can solve potential errors in acquisition or enrichment, the errors 
can also be pervasive throughout the workflow. We consider the figure 
a motivation for the evaluation presented later. Although this section 
reviews existing literature on the interdependence present in various 
pipelines, there remains a lack of research dedicated to the compara-
tive analysis of multiple approaches and the enhancement of accuracy 
in urban-scale modeling.

3.  Framework creation

Subsection 2 identifies relevant data and evaluation criteria for 
UBEM. Based on these findings, this section introduces a framework 
and questions for evaluation of the UBEM process. As discussed in other 
studies, the terminology is sometimes fuzzy and open to interpretation 
[44,45]. The idea of the proposed criteria and framework is to help mod-
elers, developers, and users to reflect on the interdependence of the dif-
ferent steps of the UBEM process and provide further criteria to evaluate 
the impact of choices along the UBEM pipeline. We have intentionally 
omitted weighting or prioritization for the checklist. Weighting would 
imply universal priorities, yet the literature shows that priorities need 
to be tool- and application-dependent, as summarized in Table 1.

4.  Methodology – use case

4.1.  Mierendorffinsel

As a representative district, we consider the Mierendorffinsel in 
Berlin, Germany, home to approximately 15,000 residents. This district 
is of significant relevance due to its infrastructure, which exemplifies 
the heterogeneity and key challenges of the German energy transition 
within urban areas. The diversity in ownership structures, building us-
age, and building ages present on the island highlight these complex-
ities. Furthermore, Mierendorffinsel is undergoing substantial change, 
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Fig. 3. The area for the case study. Fig. 3a highlights the levels of statistically reported data. The study examines the blue areas. Highlighted in green are the 
buildings considered for the study, based on a footprint calculation of the Berlin open 3D City Model. The three figures on the right display the reported energy 
demand at the block level. In blocks with fewer than three potential users of the energy form, for privacy reasons no data are available. It is also visible, that in 
some cases data availability changed in between years at block level due to unknown reasons. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.)

with its population expected to grow to 22,000 inhabitants. Various re-
search projects investigated this dynamic environment [102,103].

In modeling the district, we rely exclusively on publicly available in-
formation supplemented by archetypes described in our study. For CEA, 
we use the integrated OSM data extraction tool within the software. We 
sourced CityGML data from the Berlin Open Data Portal, provided in 1x1 
km tiles [104]. The relevant information for Mierendorffinsel spans four 
such tiles. We obtained the energy consumption data for 2020, 2021, 
and 2022 from the Energy Atlas of Berlin at the block level [105]. In 
this context, a block represents the smallest unit within Berlin’s regional 
statistical reporting system. Mierendorffinsel comprises 44 blocks, 40 of 
which are included in our study, covering approximately 1.47 km2. In 
addition, we used the available data on the age of residential buildings 
per block in this study. Fig. 3a illustrates the study area and the energy 
consumption data used. As shown in Fig. 3b to d, the availability of en-
ergy consumption is subject to change and is only available in blocks 
with more than three buildings, due to privacy concerns.

4.2.  Archetype enrichment

Since nonresidential buildings are completely absent in SimStadt and 
individual assumptions are missing in CEA, this section provides a brief 
overview of the data and assumptions used. Furthermore, the residential 
typology lacks information about apartment blocks from 1979 onward. 
It is challenging to estimate the number of buildings in Germany that fall 

into this group, as official reports use a different age group system. Ac-
cording to the German census, buildings that potentially belong to this 
age group represent less than 0.71–2.17% of the total German build-
ing stock [106].1 Consequently, these buildings generally do not play a 
particularly relevant role in a country-specific national context, but are 
significant in urban areas.

The research project Data:NWG provides an overview of the German 
nonresidential building stock [18]. As stated previously, the DIBS sim-
ulation engine provides a software side and a database implementation 
of this [19]. This database provides information on typical 𝑈 -values, 
building sizes, and window and wall areas for thirteen building cate-
gories and three age groups. In contrast to Loga et al. [21], only average 
𝑈 -values are present, and there is no information on the structure of 
the wall or possible retrofits. Ceruti et al. [107] describe the implemen-
tation, which provides the archetypes for Germany for CEA. The im-
plementation follows a similar approach by using typical 𝑈 -values for 
both residential and nonresidential buildings. DistrictGenerator imple-
mented these data in an object-oriented manner, similar to the original 

1 Depending on the calculation, between 141,925 and 433,585 out of a to-
tal of 19,957,268 residential buildings could belong to this building group. The 
first number only counts buildings with more than 13 apartments, and the sec-
ond number also includes all kinds of other buildings constructed since 1970, 
according to census data from 2022.
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Fig. 4. The different steps for the workflow for the case study. Output of the steps is displayed in blue boxes. Grey boxes are different scenarios. (For interpretation 
of the references to colour in this figure legend, the reader is referred to the web version of this article.)

approach from TEASER [29]. Both SimStadt and DistrictGenerator ag-
gregate the typical material and properties for wall structures to match 
TABULA values. For nonresidential buildings DistrictGenerator uses the 
same envelope data as the CEA database [18,107].

Two recent investigations report the electricity consumption of non-
residential buildings in Germany and provide information on the con-
figuration (low, medium, high) of appliances [108,109]. DistrictGener-
ator randomly assigns one configuration to each building. We obtain 
data on maximum occupancy by considering fire protection guidelines 
as maximum capacity [110]. For occupant presence we consider the 
Swiss Society of Engineers and Architects (SIA) profiles originally used 
in CEA [111]. In the absence of similar German standards, these pro-
files are expected to be comparable to typical German occupancy pro-
files or extend them [19]. In addition, we obtain data for comfort data 
and control strategy settings from Karczewski et al. [59]. Both District-
Generator and Scenario E5 implement all data on set points, maximum 
number of occupants, and average electrical consumption. Where multi-
ple configurations are available, the medium setting corresponds to the
CEA setting.

4.3.  UBEM workflow

Each of the workflows requires its own specific steps, which are ex-
plained in the respective sections. However, there are a few general data 
preparation steps. We prepared the data using Python and GeoPandas. 
We spatially joined the data at the level of the extracted ground surfaces. 
To meet the 2D requirement of GeoPandas we transformed the CityGML 
dataset from 3D to 2D. For this, we developed a Python library, called 
TECDEM - Tool for Efficient CityGML District Energy Modeling. The library 
integrates with the DistrictGenerator and enables the extraction of in-
formation from CityGML and EnergyADE files. We used this library to 
calculate the area and shared walls and map the type of building for sim-
ulation. Subsection 4.3.1 gives a complete mapping of use types based 
on building function. This process is fuzzy, as for example, the CEA zone 
helper uses the OSM tag Building as the default source for building types, 
leading to labels that do not match any building use type, such as Yes.

The data merging process involves aligning attributes with the 
largest overlapping block shape. We estimated the age of each build-
ing based on the average age of the predominant construction period 
of residential buildings within its block. This approach assumes that 
nearby buildings generally share a similar construction time period. For 
example, if ten buildings were built between 1911 and 1920, and four 

were built between 1951 and 1960, the approach assumed that all build-
ings in the block date from around 1915. Fig. 4 shows the workflows 
and the general approach. Further limitations included invalid shapes 
in the CityGML, where building footprint polygons were not closed or 
had overlaps.

We ran a single simulation for each year (2020, 2021, and 2022) 
to reflect the possible variety in stochastic simulation. For residential 
buildings we set the indoor temperature to 20 ◦C, for nonresidential it 
varies depending on the use type.

4.3.1.  Mapping of building functions
Archetype enrichment requires mapping the attributes of the ex-

tracted building function with those of similar or matching character-
istics. Mapping archetypes is fuzzy, as different typologies and differ-
ent standards lack a common schema or standardization. Appendix A 
presents the proposed mappings for the study. All approaches use the 
metadata of the respective geometric input data. To explore the limita-
tions of the existing archetypes, in the first scenario for CEA (E1), we 
only simulated existing construction archetypes. In all other CEA sce-
narios, we modeled the apartment blocks built after 1979 as multifamily 
houses, by modifying the mapping accordingly.

4.3.2.  CityEnergyAnalyst
Subsection 2.3 introduced CEA. This study used version 3.39. CEA 

is the first tool to integrate both the German residential and nonres-
idential typologies; hence we consider this database and approach as 
benchmarks. Ceruti et al. [107] describe the integration and verification 
that the benchmarks use. Because the authors describe the lack of data 
for nonresidential buildings, we develop an updated database which we 
evaluate against the original database. Subsection 4.2 describes the up-
dated database. We use the CEA graphical interface to acquire the in-
put OSM data and conduct all other steps (e.g., data enrichment) us-
ing Python. For each simulation, a Python function maps the archetype 
data from the respective database and a Python script runs all simula-
tion steps. For each scenario, the simulation script copies and cleans the 
original OSM by removing buildings’ shapes that are invalid archetypes.

4.3.3.  DistrictGenerator
The DistrictGenerator is based on the work by Henn et al. [30] and 

integrates a variety of aspects previously described in work such as 
Remmen et al. [29], Schiefelbein et al. [72] to generate load profiles for 
residential districts with low-level data input used in UBEM (Year of 
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Table 3 
Overview of the experiments conducted at district level.
   Experiment Description Comparability  
 E1: CEA Baseline, original building functions, and no 
retrofit

Examination if there are no archetypes for apartment 
blocks after 1979.

E2  

 E2: CEA Benchmark, updated building functions and no 
retrofit

Same as E1, but modeling apartment blocks with the year 
of construction after 1979 as MFH

E1 for the number of simulated 
buildings E6, E7, E10 for archetypes

 

 E3: CEA Benchmark normal retrofit, updated building 
functions, and normal retrofit

Same as E2, but all apartment buildings set to normal 
refurbishment.

E8, E11  

 E4: CEA Benchmark advanced retrofit, updated building 
functions, and advanced retrofit

Same as E2, but all apartment buildings set to advanced 
refurbishment

E9, E12  

 E5: CEA updated database, multi-zone average database Same geometry as E2, but multi-zone average database for 
nonresidential buildings and not setbacks.

E7  

 E6: CEA stochastic, stochastic occupancy Same as E2, but stochastic occupancy E2, E7, E10  
 E7: DistrictGenerator no retrofit DistrictGenerator 13790 model, no retrofit E2, E7, E10  
 E8: DistrictGenerator normal retrofit DistrictGenerator 13790 model, normal retrofit for 

residential buildings
E3, E11  

 E9: DistrictGenerator advanced retrofit DistrictGenerator 13790 model, advanced retrofit for 
residential buildings

E4, E12  

 E10: SimStadt no retrofit SimStadt model, considering no retrofit for residential 
buildings. DIN 18599 for yearly demand,

E2  

 E11: SimStadt normal retrofit Same es E10, but normal retrofit for residential buildings E3, E8  
 E12: SimStadt advanced retrofit Same es E10, but advanced retrofit for residential 

buildings.
E4, E9  

Construction, Renovation Status –Original, Retrofit, Advanced Retrofit–,
Building Type –Single Family Home, Terraced House, Multi Family 
Home and Apartment Block–, and Floor Area) for typical years. This ap-
proach presents an enhanced version that considers the nonresidential 
typology of the IWU and related tertiary data. DistrictGenerator uses 
the Teilenergiekennwerte (TEK) method for calculating DHW load pro-
files, closely resembling the DIBS methodology presented by Bischof 
et al. [19]. TEK is a methodology that uses comparative metrics for a 
specific energy parameter, which simplifies the estimation of nonresi-
dential and area-related energy demand.

In addition, we developed a tool (TECDEM)that reads and writes 
GML files, enabling visualization and further refinement of data at the 
building level in Python. This tool extracts the building metadata (e.g., 
function or renovation status), as well as the building area, from the 
GML data and creates the input simulation data for DistrictGenerator. 
For the calculation of geometry and shared walls, TECDEM uses City-
DPC [112]. TECDEM provides a simulation scenario file, which District-
Generator requires to run the simulation. To calculate the heated area, 
we introduce a factor based on [113] that scales the outer area to the 
heated area. SimStadt and CEA use a similar approach. If the CityGML 
files contain no information about floors, we assume an average floor 
height of 3m, as is in CEA. Because DistrictGenerator normally gen-
erates simple load profiles, the basic version considers no interaction 
between buildings, for example, shared walls. In this presented version, 
TECDEM extracts the geometry of buildings from CityGML and adjusts 
the simulation input accordingly. However, we must integrate shading 
from surrounding buildings into future versions.

4.3.4.  SimStadt
For SimStadt, we made no further adjustments regarding program-

ming or archetype enrichment. We prepared the CityGML files as XML, 
merging four tiles into one and adding the average year of construction 
per block. For this and further preprocessing we used Python. For the 
simulation, SimStadt preferred GML building parts over entire build-
ings. In the latter case, SimStadt only detected 131 buildings detected 
for the simulation. SimStadt also requires the weather data to follow the 
TMY3 format, for which we had to transform the EPW files. For each of 
the years, a single SimStadt workflow was performed. SimStadt mod-
els five categories of archetypes based on the TABULA typology: Single 
Family Home (Einfamilienhaus, EFH), Terraced House (Reihenhaus, RH), 
Multi-Family Home (Mehrfamilienhaus, MFH), Apartment Block (Großes 
Mehrfamilienhaus, GMH), and High-Rise (Hochhaus, HH). We selected a 
100% retrofit quote to generate retrofit scenarios. Although SimStadt 

considers multiple building functions for the simulation of heating and 
DHW demand, it considers only residential buildings for electricity and 
envelope data. To simulate residential electricity demand, SimStadt uses 
a function that generates random load profiles using an auto-regressive 
stochastic model based on measured data [114]. SimStadt can generate 
hourly DHW profiles, by soft-linking its output to DHW calc [75]. The 
presented work does not use this feature.

4.4.  Overview of experiments

This section lists all the experiments we modeled and simulated 
in the study. We consider multiple scenarios for CEA, SimStadt, and 
DistrictGenerator. For all of the tools we consider no retrofit, normal 
retrofit, and advanced retrofit scenarios. The strategies model the en-
velope according to the respective TABULA retrofit standards. For CEA, 
we consider three additional scenarios. First, in scenario E1 we do not 
model apartment blocks (AB) if they are constructed after 1979, because 
no envelope archetype data are available for this. In all other scenarios, 
the archetype data (e.g., 𝑈 -value for the walls) is adapted from the age 
group of MFH. In both cases, we select the occupancy profile of the 
Multi Residential home. Second, in scenario E5, we consider the multi-
zone average data from Karczewski et al. [59], evaluating the zoning 
configurations for nonresidential buildings. This results in adapted set 
points, occupancy, and electrical configurations, matching the District-
Generator settings. In addition, the scenario does not consider nightly 
setbacks. Finally, in scenario E6, we consider stochastic modeling of oc-
cupancy to investigate the effect of simultaneity in the evaluation of time 
series and compare it against the electricity modeling in SimStadt and 
the occupancy modeling in DistrictGenerator. Table 3 lists an overview 
of all experiments conducted at the district level, their description, and 
comparability.

5.  Results

5.1.  Data acquisition evaluation

This section evaluates the CityGML and OSM input data according 
to the framework in Section 3. Fig. 5 gives an overview of the shape 
file data, separated between CityGML and OSM. In contrast to CityGML 
the OSM contains newer buildings and also very small buildings, such 
as sheds. The OSM data obtained has a total of 791 buildings, and the 
CityGML data 673.
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Fig. 5. Comparison of the geometric input data for CityGML and OSM. Although both input formats contain most buildings, OSM contains more up-to-date data as 
well as smaller, non-permanent buildings (sheds).

Table 1 compares the criteria. As DistrictGenerator and SimStadt 
both use CityGML as input data, the results are given in a single col-
umn. Although the metadata are complete in all scenarios, the validity 
of the data is sometimes unrealistic. For example, the height of build-
ings can be as low as 0.424m. Additionally, the CityGML data provided 
by Berlin tends to have unrealistic or invalid geometries (e.g., a wall 
being only 6 cm in height). Although the OSM dataset provides com-
prehensive details about floors above and below ground level, a manual 
review reveals inaccuracies; for instance, a multi-story AB building is 
incorrectly listed as a single-story. SimStadt has numerous functions to 
repair such invalid CityGML geometries, which can lead to errors, see 
examples of this in the comparison of Fig. 6b and c. In the case of Berlin, 
courtyards are a typical feature of the local construction method. The 
repair functionalities of SimStadt repair those geometries both correctly 
and incorrectly.

Arguably, the most significant aspect derived from the obtained ge-
ometry is the heated area. The heated area differs between 1,152,177m2

in SimStadt (factor 5.58 to the ground floor area), 1,626,205.9m2 in 
DistrictGenerator (factor 5.97 relative to the ground floor area), and 
855,103m2 in CEA scenarios E2–E6 (factor 2.68 relative to the floor 
area). Consequently, the heated area calculated by the DistrictGenera-
tor model is 1.9 times larger than that in the CEA model. Given that the 
average building in the area comprises between four and six floors, and 
noting that buildings are only partially heated, it is probable that both 
DistrictGenerator and SimStadt overestimate the heated area (Table 4).

5.2.  Data fusion and enrichment evaluation

This section discusses the data fusion and enrichment process and 
presents the results in Table 5. As discussed previously, there are two 
data sources for archetypes that are publicly available in the related 
case. All three approaches partially implement the typology of the res-

idential buildings of TABULA. CEA and DistrictGenerator additionally 
implement the nonresidential typology. All three tools support the im-
port of new archetypes. CEA supports creations within CSV databases. 
SimStadt offers two tools (Building Physics Library Editor and Building 
Usage Library) that enable the addition of new archetypes. Finally, the 
DistrictGenerator requires knowledge of Python to add new archetype 
data.

In the case study, SimStadt assigns eleven different usage categories. 
SimStadt has enabled mapping of archetypes and use types, similar to 
the pipeline from DistrictGenerator. CEA has a catalog of 26 use types. 
DistrictGenerator has richardsonpy for residential buildings and nine 
SIA use types for nonresidential buildings. To estimate the total number 
of archetypes for envelope properties we calculate each year, retrofit 
variant and building category. We exclude archetypes that are not fully 
implemented (e.g., the KFW40 is included in TEASER but not in Dis-
trictGenerator) or that are not designed for Germany (e.g., in CEA, 
the Swiss standard values). In addition, we exclude potential varia-
tions (e.g., changing shading types). In SimStadt, 85 SFH, 76 TH (Row 
House), 86 MFH, 61 AB, and 29 High-Rise are supported out of the 
box. Only one building from the former East Germany (GDR) is im-
plemented (HR, 1979–1983), while for the other categories full and 
partial Energieeinsparverordnung (EnEv) retrofit options are included. In 
DistrictGenerator, 39 versions for SFH and MFH are included, as well 
as 15 apartment blocks and 33 types of terraced houses. In addition, 
DistrictGenerator supports 33 nonresidential building categories. Cur-
rently, CEA is the only tool that supports the full TABULA typology, 
including the former GDR, out of the box. In total, CEA supports 190 
archetypes, including an additional category of nonresidential build-
ings, a reference building by the Federal Ministry of Transport, Building 
and Urban Affairs. As previously stated, DistrictGenerator varies the as-
sumptions in between buildings of the same archetype, while CEA and 
SimStadt apply deterministic modeling as default.
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Fig. 6. Comparison of the input data of the different modeling approaches. The images display the buildings considered in the heat demand simulation after data 
enrichment and processing. Different approaches present different archetypes based on input data. The circles highlight potential errors that occurred during the 
processing.

Table 4 
Evaluation of criteria 1C.
   Criterion CEA model DistrictGenerator and SimStadt models  
 1C1 – Do the data have a valid format? Which? Yes, OSM shapefile Yes, CityGML  
 1C2 – Are the data recent (within the last 5 years)? Yes Yes (January 2023)  
 1C3 – Are the data obtained from verified sources and 
provided by recog- nized entities?

Yes, OSM, crowdsourced data 3D City Model Berlin, Senate Department for Urban 
Development, Building and Housing

 

 1C4 – Does the dataset cover all relevant buildings? Yes, all buildings (791) in the area included Yes, all buildings (673 DistrictGenerator/ 1304 SimStadt) 
in the area included

 

 1C5 – Does the dataset provide complete metadata? Yes, Building Function (100%), Building height 
(100%), Floors above and below ground (100%)

Yes, Rooftype (100%), Building function (100%), 
Measured height (100%), Actuality of floor plan (100%)

 

 1C6 – Does the data include detailed geometry 
information?

LoD0 LoD2  

 1C7 – Are all the data in the study open to access? Yes Yes  

Table 5 
Evaluation of criteria 2C.
   CEA DistrictGenerator SimStadt  
 2C1 – Are the archetypes obtained from a 
single source?

No No Yes  

 2C2 – Are multiple archetypes used in this 
study?

Yes, 19 (E1), (22) (E2–E6) Yes, 42 Yes, 19  

 2C3 – Do the archetypes reflect all 
building functions and age groups?

No, only a subset selected No, only a subset selected No, only a subset selected  

 2C4 – Is the spatial scale of the data 
adequate for the study’s objective?

No, data at block level No, data at block level No, data at block level  

 2C5 – Is the temporal scale of the data 
adequate for the study’s objective?

Yes, yearly Yes, yearly Yes, yearly  

 2C6 – Do the buildings have consistent 
identifiers?

No (different scenarios can assign the 
same ID to different buildings)

Yes Yes  

 2C7 – Is there standardized terminology 
used for mapping the attributes in 
enrichment?

No (because of study design) Yes Yes  

 2C8 – Is additional non-geometric used 
for enrichment?

Average building age at block level Average building age at block level Average building age at block level  

 2C9 – Are zone simplifications applied in 
the study?

Yes, one zone building (E1–E6); 
Multi-zone averages for nonresidential 
buildings (E7)

One zone per residential building and 
multi-zone averages for nonresidential 
buildings

One zone per building  

 2C10 – Is there a noticeable variation 
within the data for a single archetype?

No (E1–E5); Yes, (occupancy - E6 -) Yes, occupancy, equipment (low, 
medium, high)

No, (heating); Yes (occupancy for 
electricity load profiles)

 

 2C11 – Are the data used for enrichment 
openly accessible, including the 
archetypes?

Yes Yes Yes  

 2C12 - Can other studies apply these 
archetypes effectively?

Yes Yes Yes  
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None of the tools implements one archetype by itself; instead, they 
often combine multiple data sources (e.g., SIA and DIN 18599) and of-
fer the user to adjust these combinations. We determine whether the 
data can be exported and used in other studies by two factors: First, 
whether the data are accessible outside the program, e.g., in the form of 
a CSV file; this is true (Yes) for all tools. The second factor is, whether 
archetypes can be combined, e.g., by using features from one archetype 
(e.g., 𝑈 -values or mapped occupancy) with another; this is also true 
(Yes) for all tools as they implement the archetypes in categories (e.g., 
envelope separated from setpoints).

Based on the selected buildings and the data enrichment process, 
we generate the final data set considered for simulation. Fig. 6 shows 
these data which are the result of the spatial aggregation of the aver-
age residential age and the function of the building. We do not con-
sider areas in the simulation where the open data does not state in-
formation on the residential age. This restriction reduces the amount 
of considered blocks from 40 to 30. As shown in the comparison of 
Fig. 6b and c, the geometric processing of the CityGML data is rele-
vant but leads to errors in itself. For example, the building encircled 
in the DistrictGenerator geometry correctly contains six courtyards but 
also has overlaps. SimStadt correctly repairs such errors, but also in-
correctly repairs some courtyards, as highlighted in the graphic. In 
the CEA case, errors in the OSM data lead to the false inclusion of
buildings.

Regarding the temporal and spatial scale, we considered the yearly 
energy demand adequate but not the spatial aggregation (block-level). 
In this study, we obtained the OSM geometry via the CEA interface. 
During this process, CEA assigns an ID to each building (e.g., B1013), 
which is the same for all scenarios with the same input. This leads to 
two limitations in this workflow: First, in comparing two scenarios with 
an overlap, those buildings might have different IDs. Second, the OSM 
terminology is not standardized to map with the archetypes in the Ger-
man CEA. Hence, we consider SimStadt and the presented version of 
DistrictGenerator a Yes for questions 2C6 and 2C7, while we consider 
CEA a No.

5.3.  Simulation evaluation

Both CEA and SimStadt provide an interface for simulation. All three 
approaches provide an API. Although CEA and DistrictGenerator are 
open-source, SimStadt is distributed as free software, but the source 
code is not publicly available. In all three examined pieces of software, 
stochastic simulation is possible to at least some extent. In CEA, stochas-
tic simulation is optional, in DistrictGenerator, it is the default for resi-
dential buildings, and in SimStadt, it is included for electricity.

The evaluation of question 3C4 highlights the importance of having 
archetypes for all building age classes while considering the availability 
of the various tags. The comparison of scenarios E1 and E2 shows that 
without modeling AB after 1979 as MFH, 35% of the acquired buildings 
are not considered within the further UBEM pipeline (Table 6).

5.4.  Calibration and model evaluation

This section presents the evaluation criteria and thresholds for as-
sessing the modeling and simulation approaches. Initially, we compare 
the results of the entire district with the reported data, followed by an 
inter-model comparison at the block level. We aggregate DHW and heat-
ing demand for each simulated building, comparing this data with pub-
licly available gas and district heating information at the block scale. We 
consider this approach due to the absence of data on building equipment 
and measured data. As measured data at the building level are unavail-
able, we refrain from applying thresholds to verify models at this scale. 
Instead, we employ MAE and MAPE to evaluate the district comprehen-
sively at the block level. Furthermore, we compare and discuss results 
at the archetype level. Finally, we evaluate the time series comparisons 
using CV(RMSE). MAE and MAPE clearly illustrate the interpretability 
of results. Assessing archetype demand enables us to avoid the influ-
ence of differences in geometric processing. Using CV(RMSE) allows us 
to evaluate how closely the simulated energy demands align at the block 
level.

5.4.1.  Full district
To evaluate the entire district, we calculate the MAE and MAPE at the 

block level by comparing the results of the annual simulations of heat-
ing and DHW to the annual sum of the gas and district heating demand. 
Fig. 7 displays the results. As expected, the MAE and MAPE change 
with the retrofit level. The MAPE exceeds 300% in multiple cases, all of 
which have in common that the measured energy demand is low com-
pared to other blocks. For example, block 20,029 has a measured en-
ergy demand of 74.7MWh for 2020 while the neighboring and compa-
rable block 20,030 has a measured district heating and gas demand of 
1568MWh. In Block 19742, multiple buildings are present that lack an 
archetype in scenario E1. Hence, the baseline model in CEA is signifi-
cantly worse. In most cases, for all three tools, the MAE is higher for no 
retrofits, indicating that the buildings might have undergone some kind 
of renovation or that the non-retrofit scenarios lead to larger errors. The 
worst block in all CEA simulations is a block with industrial buildings 
and a former power plant; some of these buildings lack geometries in 
the underlying OSM files. The block 21,061 is characterized by indus-
trial buildings and a former power plant, leading to a large error in all 
simulations due to the untypical building.

The MAE is relatively high for the three DistrictGenerator scenar-
ios, which is in proportion to the simulated energy demand, which is 
higher than in SimStadt and CEA. In most cases, the DistrictGenerator 
No Retrofit model performed the worst, as the model’s results exceed the 
measured data. The large heated area, combined with a comparatively 
high energy demand per archetype, causes this overestimation. SimStadt 
tends to perform better, for the likely reason that SimStadt repairs the 
geometries, and thus the building areas are lower for many buildings. 
This is especially the case in block 20036. The block contains two large 
AB, which are a single building in the GML file, with a respective ground 

Table 6 
Evaluation of criteria 3C.
   Criteria CEA DistrictGenerator SimStadt  
 3C1 – Is the simulation done using 
open-source software?

Yes Yes No (but software is free to use)  

 3C2 – Is a uniform approach applied for 
the modeling of non-building, 
time-dependent parameters?

Yes, Deterministic (E1–E5); No, stochastic 
(E6)

No, Stochastic (richardsonpy) for 
Residential, Stochastic Modeling of 
occupants and electrical settings for 
Nonresidential

Stochastic for Electricity, Deterministic 
for Heating

 

 3C3 – What are the minimum required 
input data for simulation?

Building function, year of construction, 
refurbishment status

Area (extracted from CityGML file), 
building function, year of construction, 
refurbishment status

CityGML file, ALKIS building function and 
year of construction

 

 3C4 – Is every building included in the 
data acquisition simulated?

No, ( 365 / 791 - E1 - , 646 / 791 - E2–E6) No, (520 / 673) No, (794 / 1204)  

 3C5 – Is the code openly accessible? Yes Yes Yes  
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Fig. 7. Comparison of the MAE and MAPE for the different simulation approaches, regarding the simulated DHW and heat demand, as well the open gas and district 
heating demand. The MAPE 𝑦-axis is cut off at 300. The results show the comparison between simulated heating and DHW demand and measured gas and district 
heating demand. All metrics refer to the period 2020–2022.

floor area of 6789m2 and 5507m2 in DistrictGenerator. The SimStadt 
geometry processor calculates the areas as 3006.1m2 and 3006m2.

Fig. 8 displays the MAE and MAPE for the electricity demand. For 
most blocks, the MAE is reduced in comparison to the previous analysis. 
One potential explanation for this phenomenon is the presence of a uni-
form and centralized electricity demand reporting. This is attributable 
to the fact that the district in question has fewer decentralized tech-
nologies in electricity. Similarly to the previous analysis, block 21061, 
characterized by industry and the power plant, is among those blocks 
with the highest MAE. Since SimStadt models the building stock deter-
ministically (but not the occupancy), the distributions do not change, as 
the figure shows. In DistrictGenerator, the stochastic modeling of elec-
trical demand has a significant impact, so the MAE changes in between 
scenarios. In CEA, the same configurations produce identical results, 
as expected. In CEA, the stochastic modeling of occupancy affects the 
energy demand and, consequently, the MAE, as demonstrated by the 
comparison between scenarios E2 and E6. Scenario E1 has an increase 
in MAE compared to scenarios E2–E4, highlighting the relevance of the 
missing archetype.

Fig. 9 displays the annual energy demand per square meter per resi-
dential archetype for all the pipelines considered. For this, we calculated 
the average of all three years and divided it by heated area. The 𝑦-axis is 

cut off at 350 kWh/m2 for better visibility. Both DistrictGenerator (SFH 
B, no retrofit) and SimStadt (SFH D, no retrofit) have a single outlier 
building that exceeds that energy demand.

This comparison shows that the different data pipelines use differ-
ent mapping approaches, which leads to different archetypes and the 
number of them, visualized by the size of the dot. This visual inspec-
tion also makes it evident that SimStadt implements archetypes that do 
not exist in TABULA, apartment blocks (1984–2013 and after 2014). 
The SimStadt analysis also includes more buildings overall because the 
model uses building parts instead of buildings. As expected, the energy 
demand decreases with increasing levels of retrofit, and as the building 
construction year increases, the differences in energy demand between 
the retrofit classes also diminish. The maximum energy demand varies 
for the three tools depending on the archetype. As expected in scenario 
E5, the waiver of the nightly setback leads to an increased energy de-
mand.

To contextualize the results displayed, the energy demand for older 
buildings (e.g., SFH C in original state has an end energy demand of 
3796 kWh/m2 per year) seems to be to low compared to the results sug-
gested by TABULA [21]. For higher retrofit levels and increased year of 
construction this gap between simulated and reported energy demand 
narrows.
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Fig. 8. Comparison of the MAE and MAPE for the different simulations approaches regarding the electricity consumption. The MAPE 𝑦-axis is cut of at 300. All 
metrics refer to the period 2020–2022.

Fig. 10 presents the annual energy demand per square meter for 
the nonresidential archetypes as simulated by both CEA and District-
Generator. For readability, the 𝑦-axis is cut off at 500 kWh/m2. Four 
CEA archetypes exceed that threshold: IWU Generalized (2) Production 
Buildings A (all scenarios), IWU Production, Workshop, Warehouse or 
Operations (all scenarios), and Sports Facilities A (only scenario E5). 
The selected pipeline approaches again yield different distributions of 
archetypes, a result that stems from differences in the underlying meta-
data. DistrictGenerator simulations reflect the stochastic variability in 
building equipment, while CEA simulations, except for the updated 
database approach (E5), consistently produce similar outcomes across 
scenarios.

Compared to the residential buildings, a more pronounced diver-
gence between the approaches is noticeable. Several factors may explain 
this: First, due to the smaller number of buildings, outliers exert a greater 
impact on the average. Second, while the typology establishes common 
aspects, such as 𝑈 -values for the walls, which both approaches imple-
ment, CEA and DistrictGenerator have for example, differences in the 
calculation of the DHW requirements. Third, the typology establishes 
features that both tools neglect, such as rooftop windows. Furthermore, 
certain buildings in the CEA simulations exhibit a very low energy de-
mand. We investigated this anomaly, but could not identify irregulari-

ties in the underlying databases. We further describe this phenomenon 
in subsubsection 5.4.2.

Although the nonresidential building typology only specifies the av-
erage specific useful heating energy requirement [18], we can approxi-
mate comparisons with the total heat demand for water and space heat-
ing. For example, supply and disposal buildings in age group B report 
an energy demand of 330 kWh/m2, suggesting that DistrictGenerator 
underestimates the energy demand. In contrast, office, administrative, 
and government buildings in age group A report an average specific 
heating demand of 108 kWh/m2, which aligns closely with DistrictGen-
erator’s estimates.

5.4.2.  Block inter-model analysis
For detailed inter-model analysis, we evaluate the CV(RMSE) of all 

blocks. As SimStadt does not support the export of hourly DHW demand, 
this part of the study only considers the demand for heating and electric-
ity. The calculation of CV(RMSE) involves determining the mean across 
all scenarios and years that share similar retrofit assumptions, which is 
then used as a reference to compare the mean of each individual sce-
nario. For example, we calculate the mean of all three advanced retrofit 
scenarios and then compare the three advanced retrofit scenarios against 
it to calculate CV(RMSE).
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Fig. 9. Yearly energy demand in kWh per square meter for each residential archetype and all pipelines considered in the study. The size of the marker indicates the 
amount of archetypes in the respective simulation. As the graphic shows, different approaches lead to different archetypes and quantities of archetypes.

Fig. 10. Yearly energy demand in kWh per square meter, for each nonresidential archetype and all pipelines considered in the study. The size of the marker indicates 
the amount of archetypes in the respective simulation. As the graphic shows, different approaches lead to different archetypes and quantities of archetypes.
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Fig. 11. Comparison of the average hourly simulation demand for the years 2020–2022 for the block 20045. To aid clarity, we only visualize the retrofit scenarios 
with the aim to highlight the effects of different modeling assumptions of the non-envelope parameters. For example, in case of CEA the setback is visible.

To improve the understanding of the tools and the simulated en-
ergy demand, Fig. 11 presents the average hourly heating demand. To 
aid clarity, the figure visualizes and compares only the retrofit scenar-
ios. These scenarios provide similar assumptions in the envelope, and 
hence the comparison enables the interpretation of effects related to 
other modeling aspects. The figure displays block 20045, for which 
we assumed that the year of construction is 1905. In CityGML, the 
block comprises 17 buildings (14 residential, two churches, and one 
commercial building), whereas in OSM it comprises eleven buildings 
(nine residential, one church, and one commercial building). When in-
specting the graphs, two effects become apparent: First, the energy de-

mand in CEA is significantly lower and regularly drops to zero, espe-
cially at night, which reflects the setback in the default model. Fur-
thermore, in the CEA and DistrictGenerator scenarios, the buildings 
have a longer heating period compared to SimStadt. The CEA ad-
vanced retrofit demand is close to zero, which is probably an error. 
In that case, residential buildings have no heating demand. However, 
a thorough inspection of 𝑈 -values and g-values showed no deviation 
from the TABULA typology. In addition, we inspected the advanced 
retrofit archetypes by selecting normal retrofit modeling parameters 
(e.g., ventilation), which had no effect on the energy demand of res-
idential buildings. Hence, the energy demand of the CEA advanced 
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Fig. 12. Comparison of the CV(RMSE) of the average hourly heating demand at block level for the years 2020–2022. We determine the CV(RMSE) by evaluating 
similar retrofit scenarios. For instance, we compute the average for all three years across all three advanced retrofit scenarios at the block level. Subsequently, we 
determine the CV(RMSE) for each scenario.

retrofit archetypes for heating is too low and mostly driven by DHW
demand.

Fig. 12 presents a block wise comparison of the CV(RMSE) of the 
heating demand. The plot highlights the relationship between the simu-
lated energy demand and the large spread between the various scenar-
ios. The average of the no retrofit scenarios follows the CEA results, as 
these are four out of six no retrofit scenarios. In addition, the graphic 
highlights previous findings. For example, the no retrofit DistrictGen-
erator model is above average, due to effects such as the larger heated 
area. The figure shows that the stochastic modeling of presence affects 
the outliers by comparing the CEA No Retrofit and CEA Stochastic mod-
els. However, this effect is random and can vary in strength depending 
on the respective simulation.

The CV(RMSE) is large compared to the threshold of 15% from 
ASHRAE [94]. There are several reasons for this: First of all, the 
CV(RMSE) compares the average of different models against each other. 
The considerable large CV(RMSE) is therefore a result of the assump-
tions previously discussed. The assessment examines the simulated en-
ergy demand, influenced by varied factors in present archetypes (e.g., 
nightly setback), calculation of heated area, and different buildings in 
input data. In summary, the notably large CV(RMSE) underscores the 
impact of varying modeling pipelines on the CV(RMSE), as evidenced 
by its considerable large size.

Fig. 13 displays a block wise comparison of the CV(RMSE) of the 
electricity demand. Overall, it can also be observed that the electrical 
simulations diverge less from one another than for the thermal simu-
lations. Again, SimStadt and DistrictGenerator have higher CV(RMSE) 

scores, indicating the relevance of the calculated area. As expected, the 
box-plots highlight the variation in modeling of CEA scenarios.

Based on the findings, Table 7 presents the answers to the question 
4C1-4C5 of the framework. Due to the lack of measured data, we con-
sider no calibration or threshold at building level to verify the models.

5.5.  Information application evaluation

Table 8 presents the evaluation of the information application. All 
three applications simulate the energy demand for heating, DHW, and 
electricity. However, SimStadt does not support the hourly simulation 
of DHW without soft linking it to DHW calc. Since the results and code 
are openly available, the answers to questions 5C1, 5C2, and 5C4 do not 
differ. Whether the approaches offer infrastructure to make the results 
reusable and update them depends on the definition of reusable. Sim-
Stadt best illustrates integration into further applications, for example 
in the work by Eicker et al. [115]. Additionally, using standardized data 
formats and consistent identifiers, both provided by CityGML, can in-
crease reusability. However, users currently need to model information 
about the buildings themselves (such as function and year of construc-
tion) with Python in the GML files.

CEA can enable users to update individual parameters through both 
APIs and the provided interface. However, if the automated zone gener-
ator based on OSM is used, CEA automatically generates building names 
(e.g., B1000), which hinders the comparison of different pipelines. 
DistrictGenerator, as the newest tool, so far offers the least integra-
tion into other infrastructures and currently does not support updating
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Fig. 13. Comparison of the CV(RMSE) of the average hourly electricity demand at block level for the years 2020–2022. We determine the CV(RMSE) by evaluating 
similar retrofit scenarios. For instance, we calculate the mean for all three years across all three advanced retrofit scenarios at the block level. Subsequently, the 
CV(RMSE) for each scenario is determined.

Table 7 
Evaluation of criteria 4C.
   Criteria CEA DistrictGenerator SimStadt  
 4C1 – Is sensitivity analysis conducted on 
key model parameters?

Retrofit, Comparison of single zone vs. 
multi-zone average profiles

Retrofit Retrofit  

 4C2 – Is the calibration performed at an 
appropriate temporal resolution?

None None None  

 4C3 – Is the calibration performed at an 
appropriate spatial resolution?

None None None  

 4C4 – Are standard verification metrics 
used to validate the model?

Yes, MAE, kWh/m2 Yes, MAE, kWh/m2 Yes, MAE, kWh/m2  

 4C5 – Are predefined thresholds applied 
for model verification?

No No No  

Table 8 
Evaluation of criteria 5C.
   Criteria CEA DistrictGenerator SimStadt  
 5C1 – Is the Urban Energy Model applied to a practical 
use case?

Yes, comparison of 
UBEM pipelines

Yes, comparison of 
UBEM pipelines

Yes, comparison of 
UBEM pipelines

 

 5C2 – Do the results have a temporal resolution that 
aligns with the intended application

Yes, yearly and 
hourly

Yes, yearly and 
hourly

Yes, yearly (DHW, 
heating, and 
electricity and 
hourly (heating and 
electricity)

 

 5C3 – Does the approach allow the infrastructure to be 
reusable or updated?

Yes, by using the API 
or interface

No Yes, by sharing 
EnergyADE models

 

 5C4 – Are the results openly available? Yes Yes Yes  
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Fig. 14. The figure summarizes the (potential) observed errors identified in the study. Each step in the UBEM data pipeline influences the subsequent steps, and 
these errors can either accumulate or cancel each other out.

parameters other than the archetype identifiers without programming 
knowledge. Based on this assessment, we consider SimStadt and CEA 
Yes in rating, while we give DistrictGenerator a No in category 5C3.

6.  Discussion

6.1.  Contribution

This study introduces a new workflow for modeling mixed-use dis-
tricts. For this purpose, we integrate CityGML and a nonresidential 
building typology by Hörner et al. [18] into DistrictGenerator by Henn 
et al. [30]. To highlight interdependence in large-scale modeling, we 
evaluate the tool together with CEA and SimStadt in a district in Berlin 
using open data. To conduct the evaluation, we apply an integrated ap-
proach based on data pipelines. For each step, we formulate several 
questions that aim to help modelers evaluate and reflect on their deci-
sions. We derive the questions from an extensive literature discussion. 
This section critically discusses those contributions. By developing new 
UBEM pipelines, such as DistrictGenerator, and comparing them against 
existing pipelines (e.g., CEA, SimStadt), we provide a comparative anal-
ysis for each step and its respective interdependence within the data 
pipeline. In this section, we link the observed errors to the initial UBEM 
data pipeline presented in Fig. 14. The respective sections present and 
discuss the observed errors.

6.2.  General discussion

This paper combines both quantitative and qualitative approaches 
for UBEM, evaluating these methods under varying assumptions. The 
methodology highlights various approaches that yield different results 
and provides examples for their comparison and evaluation. Although 
there are more detailed approaches for individual buildings with high 
data availability, both time and data availability can represent signif-
icant obstacles to generating calibrated models at the building scale. 
The initially discussed heating and cooling plans require innovative so-
lutions in large urban areas, where suitable standards are still lacking, 
as discussed in subsection 2.4. Such standards should consider the com-
plexities inherent in the complete UBEM pipeline, as discussed in this 
paper.

6.2.1.  Data acquisition
In this paper, we rely on publicly available information for data ac-

quisition using crowd-sourced data (OSM) and official data (CityGML, 
block-level data). Although open data portals using standards like 
CityGML or platforms such as OSM offer building information, data are 
often invalid or have inconsistent quality. For example, file errors are 
common, information may be incomplete, and mapping standards are 
inconsistent. In our study, the OSM data tended to be more current; 
however, the quality of the Building tag was variable and often subjec-
tive (for example, binary values such as Yes). However, the format ex-
hibited fewer geometric errors, such as missing building footprints and 
inconsistent methods for representing surface areas.

A key data shortage in this study is the lack of building-level infor-
mation. Because of privacy concerns, there are currently no data about 
building energy end use and building age that are publicly available. 
As discussed in subsection 5.4, not only the geometric data, but also the 
energy data have potential errors. The data have unrealistic values, such 
as very high or low demand or missing values for some years.

In addition, simulating energy use over multiple years reflects 
changes in the built environment during the observation period. For ex-
ample, in the OSM files, different buildings are present than in CityGML. 
If building-level energy data are not available that match the measured 
energy with the simulated energy demand, this can introduce errors. 
The Data Acquisition category of Fig. 14 lists the observed errors.

6.2.2.  Data fusion and enrichment
As demonstrated in Figs. 9 and 10, different pipelines produce dif-

ferent archetypes. Although this variance may be manageable in small-
scale scenarios (where detailed knowledge about individual buildings 
or manual inspections are feasible), in urban-scale scenarios, it becomes 
a significant factor. For example, where SimStadt models buildings as 
single-family homes (TH homes), major discrepancies become appar-
ent across archetype categories. This is a potential error in the data en-
richment process, as the area of investigation has limited single-family 
homes. In addition, the absence of metadata (CityGML) regarding the 
number of stories necessitates estimating the heated area. As demon-
strated in subsection 5.1, these missing metadata or errors (OSM) influ-
ence the aggregate energy demand on the block scale, along with the 
general threshold in buildings analyzed by the methods studied.
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As the comparison between the geometries extracted by the pre-
sented approach and SimStadt highlights, fewer data processing and 
enrichment steps are necessary to process the OSM data. Hence, the 
OSM CEA integration simplifies the data utilization process. However, 
CityGML, as an official data source, provides more detailed information 
on building usage. This is especially relevant in nonresidential buildings, 
where the typology is less dependent on other factors, such as the size 
of the building. In contrast, as Fig. 9 highlights, highlights, the process 
of identifying and classifying residential buildings has more ambiguity.

Moreover, the reviewed tools only partially support regional speci-
ficity. Although data for former GDR buildings are largely missing, addi-
tional local variations are also absent. SimStadt includes modern apart-
ment blocks, yet other necessary data are lacking. And while the total 
AB constructed in Germany after 1979 are few, a lack of such archetypes 
in urban areas can lead to a corresponding error, as found in this study. 
By comparing the approaches E1 and E2, this work highlights the need 
for archetype substitution in the case study examined. Although all tools 
support the integration and modification of archetype data, this task can 
be complex. The integration of the database within CEA or the built-in 
tools in SimStadt appear to be viable solutions to facilitate this process.

A further limitation is the estimation of the year of construction. Cur-
rently, there is only open data about the distribution of the year of con-
struction of residential buildings openly available. To reduce complex-
ity, we assumed the full block to be the majority age. This neglects build-
ings of younger or older construction and affects the simulated energy 
demand. While this impacts block level MAE, MAPE and CV(RMSE), the 
simulated energy demand for the archetypes and general effects remain 
valid. As the aim of the study is to highlight how different pipelines 
affect the result, we consider this as an example of how one modeling 
choice to reduce complexity has manifold impacts on the output. The 
respective section of Fig. 14 summarizes the discussion of data fusion 
and enrichment.

6.2.3.  Simulation
Although all three tools provide documentation, there is always the 

possibility of errors in handling tools or data processing. For example, 
CEA requires the initialization of new databases, which can be a poten-
tial error in scenario E6. Additionally, the vast assumption of internal 
modeling criteria might not be suitable for one use case. For example, 
the data availability for the residential archetypes is higher (e.g., in-
formation about material layers), and the reference simulation for the 
nonresidential archetypes [19] has higher data requirements (e.g., light-
ing configurations at the workplace). These data are hard to implement 
at the archetype level that matches the TABULA typology, because such 
data is currently not systematically collected. In addition, there might 
be potential simulation errors. For example, as visible in Fig. 9, there are 
buildings that have a very high energy demand per square meter in Sim-
Stadt. To us, it is unclear where this error originates. We also emphasize 
that using multiple parameters for evaluation allows us to identify such 
errors and deepens the understanding of the evaluation.

The investigated area also contains buildings that the metadata iden-
tifies as production buildings, or other more technical buildings (e.g., 

the power plant). Although it is already difficult to estimate the energy 
demand of normal equipment in nonresidential buildings [109], evalu-
ating heating needs is even more dependent on the respective business 
and the process needs.

Subsection 5.3 describes and evaluates methods for software verifi-
cation linked to Calibration and Model Evaluation. This study does not 
explore the origins of errors that are from data, archetypes, or the soft-
ware itself. This represents a limitation that this study addresses through 
a comparison of various tools, comparable archetypes, and different 
KPIs. Yet, an independent analysis is not within the scope of this study. 
Achieving such a task would require comprehensive test cases and uni-
form data, both of which are currently unavailable for the scenario pre-
sented. Instead, the study provides an explicit and detailed discussion 
of potential error sources. Further, expert users (in best case the de-
velopers) are suggested to avoid pitfalls of incorrect usage. Category 
Simulation of Fig. 14 summarizes the potential errors outlined in this 
section. In addition, we also omit the analysis of computational effort. 
Generally, the computational burden increases with stochastic model-
ing, potentially imposing constraints in larger case study contexts.

6.2.4.  Calibration and model evaluation
Because of the lack of building-level information, we did not conduct 

a calibration at the building level. This lack of calibration is one of the 
main limitations of this study. To address this limitation Table 1 high-
lights the impact of different parameters on the presented UBEM tools. It 
is important to understand, which impact the chosen model parameters 
have on the results and if they are similar in all chosen engines. This can 
impact for example, the ranking of suggested measures in building-level 
recommendations.

For the evaluation, we selected and discussed several metrics. Vari-
ous uncertainties influence the modeling and evaluation of energy end-
use beyond the model itself and the assumed input data. In the presented 
case study, we faced a limitation in the evaluation due to the absence of 
certain technologies in the available statistics. In Fig. 15, we display the 
Energy Performance Certificate (EPC) for a building in Mierendorffinsel, 
which we obtained by scraping a real estate advertisement. The certifi-
cate identifies oil as the energy carrier. However, municipal authorities 
in Germany do not systematically collect such data of decentral tech-
nologies, which impacts our evaluation process, as we do not categorize 
it as measured data within this study.

This study addresses the limitations by evaluating archetypes, block 
level simulation, and inter-model data. The use of multiple metrics helps 
to circumvent potential disadvantages associated with relying on a sin-
gle evaluation criterion. The intermodel comparison uses CV(RMSE). 
The altercated scores far exceed typical verification thresholds. How-
ever, as this study aims to investigate heterogeneity in modeling, we 
calculate the CV(RMSE) by comparing the models. As expected, the sce-
narios have different energy demand at block level, resulting from var-
ious factors. The large CV(RMSE) highlights the impact of intelligent 
data collection and verification strategies, in cases of large scale UBEM 
models.

Fig. 15. Energy Performance Certificate (EPC) of a building on the Mierendorffinsel obtained from a real estate advertisement webpage. The EPC highlights oil (Öl) 
as the energy carrier, which the publicly available energy consumption does not report. This can result in an error in the comparison of the reported measured and 
simulated energy demand.
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There are other strategies to verify the modeling and simulation re-
sults, that we have not discussed in detail. For example, comparison 
with other studies (e.g., Brandt et al. [102]), verification with experts 
or EPC data. We do not consider them in more detail, as they are un-
likely to scale to large scale applications or are inaccessible to us. A 
scalable method applicable in the modeling of grid-scale energy sys-
tems, as demonstrated by Booshehri et al. [116], could involve the use 
of ontology-based comparisons of input data and modeling techniques 
to further investigate potential discrepancies.

6.2.5.  Information application
As discussed in subsection 5.5, there are a variety of applications 

for UBEM. This study evaluates the resulting energy demand of various 
UBEM workflows. Accordingly, any scale that meets this objective in all 
compared workflows is sufficient.

However, the overarching goal of this study is to illustrate how the 
different steps of the UBEM pipeline influence the results and how these 
effects can impact real-world decisions, such as the energy plans re-
quired by the EPBD. These decisions should be transparent and, con-
sequently, reproducible. As demonstrated in this study, reproducibility 
remains a significant challenge. To address this, we strive to ensure re-
producibility by relying on publicly available data and established ap-
proaches and by providing access to the source code. However, a po-
tential challenge arises from the different development environments 
(e.g., varying Python versions) used by the three approaches, which can 
complicate reproducibility and increase installation efforts.

6.2.6.  Framework
The objective of the proposed framework is to provide guidance for 

researchers, practitioners, and other stakeholders to enhance their un-
derstanding by highlighting the trade-offs they must consider when sim-
ulating at a spatial level other than the building level. To ensure prac-
ticality, the framework must make several compromises, such as de-
termining the number of questions or the required level of detail. The 
design of the questions aims to achieve an appropriate balance in this 
trade-off. Consequently, the selection of questions remains somewhat 
subjective and may vary depending on the applied methodology. The 
questions are formulated to allow for simple Yes or No responses for a 
quick assessment, while still enabling more detailed answers if neces-
sary. This approach aims to facilitate a quick and accessible introduc-
tion to the framework. By applying the framework to this case study, the 
framework itself is effectiveness is evaluated and iteratively refined; re-
sulting in the presented set of questions. Because archetype-based UBEM 
originally informed this framework, it does not necessarily guarantee 
full transferability to other regions or contexts. In the examined region, 
we observed reduced data availability due to General Data Protection 
Regulation (GDPR) regulations. Therefore, using an archetype-based ap-
proach and evaluating areas above the building level seem appropriate 
in this context. However, the situation may differ in other regions of the 
world, where alternative approaches might be more suitable, because 
of better data availability. However, the concept of integrated analysis 
in form of data pipelines and the conclusion of smart data management 
strategies is generally transferable.

6.3.  Outlook

Future studies should investigate whether the proposed qualitative 
criteria enhance both the understanding and comparability of simula-
tion workflows across broader application contexts. Researchers may 
adopt or adapt the developed framework to assess a wider range of stud-
ies from the existing body of literature. Further, we intend to strengthen 
the integration of future versions of DistrictGenerator with the CityGML 
ecosystem to facilitate standardized data exchange and improve inter-
operability.

Subsequent research should also evaluate which methodological ap-
proaches are most suitable for different data enrichment tasks. Incor-

porating innovative enrichment techniques may improve the interpre-
tation of uncertainty factors. For instance, the data-driven methodol-
ogy proposed by Blanco et al. [117] for estimating building age intro-
duces distinct types of uncertainty compared to those encountered in 
our own framework. In this context, the Smart City paradigm and associ-
ated data governance principles provide promising foundations for han-
dling such factors. They may support the reproducibility of simulation 
studies by enabling continuous data updates, promoting data quality 
assurance, and facilitating systematic integration across platforms and
stakeholders.

6.4.  Recommendations

This section provides modeling recommendations, complementing 
general guidelines for modeling energy or power systems, such as those 
by Hirth[118] and Pfenninger et al. [119]. As noted above, the EPDB 
requires municipalities to prepare energy plans. While data availability 
often presents a major challenge [120], researchers and modelers must 
also consider the interdependence among data sources and systems, as 
emphasized in this study. As presented, large scale simulations must 
consider multiple effects, from geometric input data, to metadata, or 
data for enrichment.

Hence, energy reports should document not only the models but 
also data used as input and used for enrichment, as well as potential 
factors of uncertainty. The TABULA typology, for example, remains a 
strong resource because it encompasses most European countries [21]. 
However, it lacks coverage for specific building types, such as modern 
large multi-family housing or nonresidential structures. Researchers can 
address and replace these gaps, by extending the database as done by 
Hörner et al. [18] or as demonstrated in this study. However, as dis-
cussed in this study, it is virtually impossible to the vast amount of ex-
plicit and implicit assumptions and the resulting calculations. The choice 
of well documented and established tools helps to avoid such erroneous 
assumptions.

Modelers must select tools based on the specific requirements of 
their applications. The appropriate level of spatial or temporal reso-
lution should guide this decision, as also highlighted by Höffner and 
Glombik[64]. However, additional factors matter. This study illus-
trates two such cases. First, limited archetype data constrains tools like 
CEA and DistrictGenerator. Second, although TABULA includes regional 
archetypes such as GDR-era buildings, SimStadt and DistrictGenerator 
do not implement them. While we strongly recommends using open-
source tools and codebases to promote broader adoption, facilitate vali-
dation, and disclose implicit and explicit assumptions, users must verify 
whether the tools have already integrated the database components rele-
vant to their context. Tools such as SimStadt and CEA include graphical 
interfaces that enable non-programmers to adopt and exchange them 
more easily.

A key consideration concerns whether modelers should invest time 
and resources in collecting data at a higher level of detail or focus first 
on broader data collection. Based on this study, we propose several con-
clusions.

First, it is essential to clearly identify the factors that influence the 
results. Based on our findings, we recommend using average energy con-
sumption per square meter per year as a benchmark to assess the validity 
of the archetypes. However, as we illustrate in subsection 5.1, signifi-
cant variations in input data can strongly affect outcomes, so modelers 
should examine them as a priority. Given the dynamic conditions in 
urban environments, the lack of publicly available data, and the insuffi-
cient documentation of existing datasets, many actors still struggle to ob-
tain coherent and consistent data. Nevertheless, modelers must make ef-
forts to ensure the accuracy of the most critical data inputs-specifically, 
building floor area, energy demand, and the set of buildings included 
in the analysis. Our comparison of the two CityGML approaches shows 
that correctly processing geometric input data has a greater overall 
impact than improving the accuracy of archetypes. Furthermore, our
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comparison of SimStadt and DistrictGenerator demonstrates that select-
ing an appropriate building scale significantly influences the results. So-
lutions such as Smart City data platforms could improve data quality by, 
for example, repairing broken geometries or updating changes in build-
ing functions [20]. We agree with Nouvel et al. [85], for example, that 
modelers should treat the data quality of the models informing urban 
planning as a relevant criterion and report it transparently. The research 
of Biljecki et al. [44] and Lei et al. [45] can inform the development 
of such metrics. Our analysis shows that multiple factors influence the 
quality of acquired energy demand data. In regions where these factors 
play a significant role and become apparent during equipment acquisi-
tion, metrics such as energy demand should reflect and highlight these 
potential inaccuracies.

A diverse set of usage-type profiles influences the peak ratio at larger 
aggregation levels beyond individual blocks. When actual data at the 
single-building level is unavailable, modelers can apply this approach 
to generate more realistic peak demand estimates. However, as the pre-
sented use cases demonstrate, they must account for the randomness of 
the effect.
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Table A.9 
The mapped archetypes across different standards and data sources. A ‘–’ indicates that this category is not present in the standard or respective data sources. 
ALKIS (used in the Berlin CityGML data) provides more data types, but for mapping, we only used those present in our case study. Ten types have been excluded 
from the mapping, such as 31001_2612 for public toilets.
IWU / 
DistrictGenerator

 CEA  OSM  18599  TEK  SIA ALKIS CityGML  SimStadt

AB  MULTI_RES  yes, residential, apartments  Wohnen (EFH)  –  Wohnen (MFH) 31001_1000, 
31001_1221, 
31001_1231,

 1000, 1010

MFH  MULTI_RES  yes, residential, apartments  Wohnen (MFH)  –  Wohnen (MFH) 31001_1000, 
31001_1221, 
31001_1231, 
31001_1130

 1000, 1010

SFH  SINGLE_RES  house  Wohnen (EFH)  –  Wohnen (EFH) 31001_1000, 
31001_1331

 1000

TH  SINGLE_RES  –  Wohnen (MFH)  –  Wohnen (EFH) 31001_1000, 
31001_1321,

 1000

IWU Hotels, 
Boarding, 
Restaurants or 
Catering

 HOTEL  Hotelzimmer  Hotels / Pensionen  Hotelzimmer 31001_2071, 
31001_2083

IWU Office, 
Administrative, or 
Official building

 OFFICE  office  Gruppenbüro  Bürogebäude  Einzel-, Gruppenbüro 31001_2020, 
31001_2030, 
31001_2050,31001_3010, 
31001_3015

 OFFICE_1P  Einzelbüro  –  – –
IWU Trade Buildings  RETAIL  Einzelhandel  Verkaufs-stätten  Fachgeschäft 31001_2000, 

31001_2010, 
31001_2054, 
31001_2055, 
31001_2210,

-  FOODSTORE  –  –  – –
-  RESTAURANT  –  –  – –
IWU Technical and 
Utility (supply and 
disposal)

 INDUSTRIAL  industrial  Industriehallen – schwer  –  Produktion 31001_2500, 
31001_2520 - 
31001_2523

IWU School, Day 
Nursery and other 
Care

 SCHOOL  school  Klassen-zimmer  Schulen  Schulzimmer 31001_3021, 
31001_3065

IWU Health and Care  HOSPITAL  Bettenzimmer  Beherbergungs-stätten  Bettenzimmer 31001_3060, 
31001_1022

IWU Sports Facilities  GYM  Turnhalle  Sporthallen  Fitnessraum 31001_3211, 
51006_1440

-  SWIMMING  –  –  – –
-  SERVERROOM  –  –  – –
IWU Transport  PARKING  Parkhaus  Verkehrs-gebäude  Parkhaus 31001_2460, 

31001_2461, 
31001_2462, 
31001_2463

-  COOLROOM  –  –  – –
-  LAB  –  –  – –
IWU Culture and 
Leisure

 MUSEUM  Ausstellung-sräume  Ausstellungs-gebäude  Ausstellungs-halle 31001_3041, 
31001_3044

-  LIBRARY  –  –  – –
IWU Research and 
University Teaching

 UNIVERSITY  Hörsaal  Hochschule  Hörsaal 31001_3020, 
31001_3023

IWU Generalized (1) 
Services building

 OFFICE  office  –  Verwaltungs-gebäude  Einzel-, Gruppenbüro –

IWU Production, 
Workshop, 
Warehouse or 
Operations

 INDUSTRIAL  industrial, warehouse  Industriehallen – mittel  Gewerbliche Gebäude  Produktion 31001_2100, 
31001_2111, 
31001_2120

IWU Generalized (2) 
Production buildings

 INDUSTRIAL  –  Industriehallen – mittel  Gewerbliche Gebäude  Lagerhalle –
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