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Abstract

This thesis develops and implements a transparent, rule-based pipeline to enrich remotely
sensed building footprints with semantic use types. Using CNN-derived building complex
footprints as the target geometry and OpenStreetMap (OSM) buildings, cadastral buildings,
and OSM land-use polygons as sources, we follow a union-and-resolve strategy: all intersect-
ing candidate labels are retained and deterministically resolved into a proportion vector over
four classes (residential, work, shopping, other). This design explicitly represents mixed-use
rather than forcing a single label. Applied to Berlin, the combined sources substantially in-
crease labeling coverage compared to any single source. A considerable share of buildings is
multi-class (mixture rate at � =0.05: 8.22%), and the spatial pattern of normalized entropy
shows expected centers of mixed use. External validity checks support plausibility: area-
weighted residential share correlates with census population density (Spearman r=0.52), and
zones designated as mixed use exhibit distinctly higher mixture rates than single-use zones.
A case study uses the pipeline to enrich building footprints with tenure proxies and links
them to block-level migrant shares in a multilevel model. We find that houseownership
patterns are dominated by centrality and built form, with a modest positive association
with migrant share. We provide a well-documented, reproducible Python implementation.
Limitations include sensitivity to small geometric overlaps and city-specific thresholds. The
resulting dataset supports applications in infrastructure planning, exposure modeling, and
urban policy.
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1. Introduction

Buildings are central to social and economic life. In addition, they play a key role in
environmental challenges. Knowing a building's function therefore supports diverse domains,
yet reliable function classi�cation remains challenging. Mixed uses within a single structure,
together with the demands of scalability, temporal currency, and reliability, make functional
classi�cation the most di�cult kind of building classi�cation tasks (Li et al., 2022).

Why building functions matter. Accurate information on building functions is central for
population exposure estimation in natural hazards and the assessment of potential economic
losses. For instance, Schug et al. (2021) show that building use type information is crucial
for deriving �ne-scale population estimates from gridded population data. Beyond risk, the
urgent energy transition towards renewable energy and lower emission increases the need for
functional detail: function labels inform models of building energy demand (Chen et al., 2024;
Milojevic-Dupont et al., 2022; Wurm et al., 2021). Thus, they enable for example low-CO2

district heating strategies. On broader sustainability agendas, semantic building information
is needed for targeted renovation and for advancing carbon-neutral settlement development
(Hecht, 2014). For Germany speci�cally, Krause et al. (2022) wrote an urgent call for better
building data. The proposed and plannedbuilding and apartment registryaims to assign
unique identi�ers to buildings and apartments { building use type is among its core attributes.
In energy systems analysis, function-enriched building data improve infrastructure planning
Bandam et al. (2022). Even the optimal locations for electric vehicle charging stations can
be based on building function data. A current DLR project explores, how this data can help
approximating where and when demand for electricity is high (Hellekes, 2025).

Brief overview of data sources.Existing research uses mainly three kinds of sources for build-
ing function data.

First, using machine learning (ML) to detect and classify buildings on remote sensing
imagery can serve as a potential source. While these approaches perform well at extracting
building footprints (Hertrich et al., 2025; Stiller et al., 2019), deriving �ne-grained semantic
attributes such as building functions is still a challenging task (Li et al., 2024b). Second,
volunteered geographic information (VGI), particularly OpenStreetMap (OSM), o�ers up-
to-date semantics contributed by local mappers. However, this free and openly available
data comes with the drawback of uneven completeness and consistency (Herfort et al., 2023;
Zhou et al., 2022). Third, o�cial cadaster datasets provide authoritative geometry and
attributes but often lag in time (Li et al., 2020) and vary widely across jurisdictions even
within Germany. Zhao et al. (2019, p. 237) urgently called for, \the combination of OSM
and remote sensing images for e�cient urban scene recognition". In practice, approaches of
recent years combine these and additional sources to bene�t from their respective strengths
while mitigating weaknesses.

Scope of this thesis.Our pipeline integrates all of these source types: footprints of building
complexes detected by a convolutional neural network (CNN) are used as the (geometric)
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baseline. They are enriched with (functional) use type information from OSM and cadastral
data. While the empirical focus of the thesis is Berlin, the methodology and implementation
are designed to generalize to other German cities. A case study on migrant home ownership
illustrates how the resulting dataset can be applied in the social sciences.

Central contributions.

ˆ We combine the complementary strengths of di�erent datasets: the currency and com-
pleteness of CNN footprints, the semantic richness of OSM, and the authoritative detail
of cadaster data.

ˆ We provide a methodology that allows for �ne-grained di�erentiation of use types.

ˆ Our approach allows to represent mixed use by assigning percentage shares to building
complexes, avoiding forced single-label reconciliation.

Terminology and de�nitions. We use bothbuilding function and building use typeto denote a
class of usage (e.g., residential, commercial, shopping, other). By contrast, the broader term
building type can refer to any categorization, including function, shape, age, or roof form.
The CNN building complex footprint dataset supplied by DLR is referred to asunlabeled
footprints or the target domain. OSM and cadaster polygons are calledlabeled data, source
data, or source polygons. The words label and tag are used synonymously.

In this thesis, semantic enrichmentmeans augmenting existing building geometries with
attributes (such as building functions). The termgeospatial indicates that an observation
has a geometry at a speci�c location on Earth's surface.Orthophotosare the geometrically
corrected high-resolution aerial imagery with uniform scale that are commonly used in remote
sensing building detection. In the thesis, we useremote sensing imageryto refer more
generally to all forms of overhead imagery.

Research questions.We investigate the complementarity of data sources and evaluate the
external validity of the results. Speci�cally, we assess how much OSM and cadaster jointly
increase label coverage and the richness of mixtures for previously unlabeled footprints. The
second major question concerns the external validity of function mixtures: do mixture pat-
terns reproduce expected urban structure when evaluated against external datasets as quality
measures? Section 2.4 provides a detailed overview of research questions and hypotheses, mo-
tivated by gaps in current literature.

Thesis structure. The remainder of the thesis is structured as follows. Chapter 2 analyses the
current state of the art of building type enrichment and concludes with our research hypothe-
ses. Chapter 3 introduces the di�erent datasets used and Chapter 4 explains the methods
applied to obtain the result dataset and test the hypotheses. An in-depth description of the
implementation strategy in Chapter 5 is followed by the presentation of results in Chapter
6. Chapter 7 contains an application case study of migration share and home-ownership
in Berlin. Our work then �nishes with a discussion of the �ndings and its limitations and
summarizes the thesis in a conclusion.
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2. Related Work

This chapter reviews the academic literature on identifying building use types, with a
particular focus on enrichment approaches using VGI and cadastral data. It discusses the
data sources employed in previous studies, summarizes their methodological strategies, and
compares their respective strengths and weaknesses. In addition, it outlines the theoretical
framework of this thesis and highlights gaps in the literature that motivate the research hy-
potheses. An aggregated overview of selected central studies on enriching building footprints
with semantic use type is provided in Table 1 at the end of the chapter.

The review is restricted to the building level. It does not cover research that classi�es
functions at broader spatial scales, such as functional urban zones or building blocks, nor does
it focus on studies that infer building use types indirectly from neighborhood-level variables
(e.g., block statistics).

As discussed in the previous chapter, building use type information is crucial for a wide
range of applications. However, it is rarely available without additional processing. O�cial
cadastral datasets typically provide reliable and detailed geometries, yet often lag several
months or even years behind reality (Krause et al., 2022; Li et al., 2020). By contrast,
VGI projects such as OSM can supply up-to-date footprints and rich semantic tags, but
their completeness and standardization remain limited. As a result, many studies combine
multiple sources { including VGI, cadasters, remote sensing imagery, land-cover datasets,
census information, road networks, and points of interest (POI) { and apply various methods
to infer and enrich buildings with functional information.

Research on building function enrichment forms part of the broader literature on building
type enrichment. The latter aims to classify buildings according to speci�c characteristics,
which may be physical (e.g., height, roof type, morphology (Persello et al., 2023)) or semantic
(e.g., function, ownership, or tenure (Xue et al., 2021)). Semantic enrichment, in particular,
poses greater challenges, as functions cannot be directly observed from physical attributes
(Chen et al., 2024; Li et al., 2022, p. 1217). Nevertheless, semantic information often provides
higher value for both applications and research (see Section 1).

Following Xue et al. (2021), semantic enrichment requires a given exterior geometry that
is complemented with semantic information. Sacks et al. (2017) describe the process in more
detail as comprising three components: input, rules, and output. Inputs consist of an existing
building model and additional data from other sources. Rules de�ne how topological, spatial,
geometric, and other relationships between the model's objects are evaluated. The output is
a digital building model enriched with newly derived semantics.

A representative example of building use type enrichment is provided by Milojevic-Dupont
et al. (2022). Rather than enforcing full harmonization or extensively auditing input quality,
the authors apply minimal cleaning, thereby allowing highly diverse and fragmented datasets
to be integrated into a single, usable product. In their work, geospatial vector geometries are
enriched with a categorical usage attribute (residential vs. non-residential) based on OSM
and cadastral data.



4

2.1. Enrichment Data Sources

To enrich building footprints with function labels, additional data is needed. This subsec-
tion expands the brief overview on enrichment data sources given in Section 1 and discusses
the academic literature utilizing these data.

Remote sensing{based building footprints.Classifying urban land use from remote sensing
imagery has a long tradition. As Sacks et al. (2017) emphasize, semantic enrichment requires
an existing building footprint, and remote sensing{derived footprints are often used for this
purpose. These data come with the advantages of remote sensing imagery: low cost at large
spatial extents, regular updates, and very high resolution, particularly in the case of aerial
imagery. Considerable research has therefore focused on extracting building footprints, where
convolutional neural networks (CNNs) and other ML methods achieve very high detection
accuracies. A milestone for the community was the release of Microsoft's building footprint
dataset in 2017, which now contains 1.4 billion footprints worldwide and is continuously
updated and freely available (Bing, 2025).

Expanding from footprint detection to building classi�cation, Dimassi et al. (2021) demon-
strate that CNNs with transfer learning on high-resolution RGB imagery can reach an accu-
racy of 94.8% in both detecting footprints and distinguishing residential from non-residential
buildings. However, moving beyond such coarse categories remains di�cult. Inferring �ne-
grained building functions directly from imagery is challenging because many building use
types have strong physical similarities (Huang et al., 2022). Moreover, supervised ML models
depend on large amounts of costly, often manually labeled training data (Huang et al., 2022).
Even with today's computational resources, large-scale applications can still be prohibitively
expensive and slow (Bandam et al., 2022, p. 3).

In short, while ML excels at recognizing spatial patterns such as \building vs. non-
building" in remote sensing imagery, it is far less e�ective at attributing semantic meaning.
Distinguishing basic forms like single-family versus semi-detached houses can be reliable
(Hertrich, Moritz, 2024), but deriving the function of multi-story urban buildings remains
problematic. As Huang et al. (2022, p. 1420) put it, \the function of buildings is a latent
feature which can only partially (sometimes not at all) be derived from the appearance".

Accordingly, remote sensing is most e�ective for delineating geometric footprints, while
semantic use types are typically classi�able only at broad levels (e.g., residential vs. non-
residential (Hartmann et al., 2024; Hertrich, Moritz, 2024)). A promising strategy, therefore,
is to combine remote sensing for footprint detection with alternative, more reliable sources
for building functions. Bhuyan et al. (2023) exemplify this approach: they detect footprints
using deep learning on 80 cm RGB imagery, then annotate them with OSM building and
land-use labels as well as expert knowledge.

Volunteered geographic information.Another widely used data source is volunteered geo-
graphic information (VGI). The concept was introduced by Goodchild (2007), who de�ned it
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as \created, assembled, and disseminated geographic information provided voluntarily by in-
dividuals." The best-known example is OpenStreetMap (OSM), which today counts millions
of active contributors worldwide.

VGI is attractive for building function classi�cation and enrichment for three main rea-
sons. First, it is freely and publicly available, with OSM data easily downloadable from a
central source. Second, the number of contributors and the volume of data have grown enor-
mously over the past two decades. Third, building functions in VGI are labeled by humans
who often contribute local knowledge and adapt categories to on-the-ground realities. Yet,
these very strengths also pose challenges: data quality varies substantially across regions,
complicating cross-regional comparison (Zhou et al., 2022). Also, human errors inevitably
occur in labeling and coverage remains uneven, depending on contributor activity. For in-
stance, Huang et al. (2022) found OSM coverage to be far smaller in Beijing than in Munich.

Among VGI projects, OSM is by far the most prominent (OpenStreetMap contributors,
2025). As of August 2025, it counted 2.3 million contributors and nearly 18 billion edits,
with 1.3 billion edits in 2024 alone (Br•ommel, 2025). Map elements in OSM are described
through tags|key{value pairs whose use is guided by conventions but not enforced (Wiki,
2025b). Buildings are represented by geometries with the keybuilding , intended to mark
the outline of permanent man-made structures (Wiki, 2025a). An optional value can specify
the architectural type, which researchers often use as a proxy for functional type (Milojevic-
Dupont and Wagner et al., 2023). In this thesis, we refer to this optional property as the
function label.

The coverage and completeness of OSM buildings have been an active area of research
(Zhou et al., 2022). In 2012, OSM captured only 30% of the building footprints in the Ger-
man cadaster (Hecht, 2014, p. 131). Since then, coverage has grown substantially, fueled by
the integration of remote sensing{derived footprints (such as Microsoft's dataset), the inclu-
sion of cadastral data, and continued community contributions. For Berlin, the estimated
completeness in 2022 reached 86.8% (Zhou et al., 2022). Today, OSM generally provides
dense geometric coverage but still sparse or inconsistent function tags, at least in Germany
and the US (Atwal et al., 2022; Huang et al., 2022). To compensate, Bandam et al. (2022)
enrich OSM footprints with census, land-cover, and building-height data to train models that
infer missing functions.

Empirical assessments show a nuanced picture. Atwal et al. (2022) report that while
function information is incomplete in their US study areas, the rate of misclassi�cation is
negligible. Similarly, Biljecki et al. (2023) manually veri�ed OSM building functions via
Google Street View and found 84.4% agreement with existing tags. They consider this to
be relatively high, given the large number and sometimes ambiguous de�nitions of OSM
building types. Beyond measuring completeness and accuracy, some studies actively expand
OSM's functional coverage. For example, Bast et al. (2015) apply logistic regression and
random forests to predict functions from other OSM features, such as land-use units and
nearby amenities.

Although OSM dominates VGI-based research, scholars also creatively exploit other
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sources. Zhong et al. (2014, p. 150) use transportation data from surveys and smart card
systems, while Chen et al. (2020) leverage labeled features from Baidu and Gaode maps in
China. Chen et al. (2024) incorporate POI data from Tripadvisor, and several studies use
street-view imagery from Google or Baidu (Deng et al., 2022; Ho�mann et al., 2019). So-
cial media has likewise been utilized, for instance by Ho�mann et al. (2022), who classify
buildings based on geotagged Flickr images.

Cadastral data. A third main category of enrichment source data are cadasters. According
to Henssen (1995), a cadaster is a methodically organized public inventory of property data,
based on surveys of parcel boundaries, answering the questionswhere and how much. Here,
the term refers speci�cally to building datasets issued by state or regional authorities. As
T•ornros et al. (2015) note, o�cial datasets frequently rely on precise cadastral surveying,
making them a reliable source of geospatial building information.

Whereas OSM is accessible through a single platform, cadastral data come in many forms.
Authorities have numerous distinct data models, each according to their local requirements.
Milojevic-Dupont et al. (2022) face the challenge of harmonizing cadastral building data
across European countries, including varying levels of detail and con
icting de�nitions of
buildings and labels. For creating the EUBUCCO database, they collect and harmonize
dozens of fragmented national datasets and combine it with OSM to get a pan-European
building stock. However, in order to \�nd an approach that works across all datasets and
that is not prohibitively time-intensive", the authors use a coarse functional categorization
of residential versus non-residential. Comparing to forms of o�cial building data sources,
Hecht (2014) in his early work on building functions in Germany reports that cadasters and
3D city models achieve higher classi�cation accuracy (90{95%) than traditional topological
raster maps (76{88%).

Nevertheless, cadasters in Germany also exhibit gaps. One reason is the time lag between
building completion and inclusion in the dataset; another is that only those buildings con-
sidered su�ciently important (e.g., by size or function) are recorded (Krause et al., 2022).
Moreover, given federal structures that lead to di�ering rules and practices, no uniform na-
tionwide cadaster exists (Krause et al., 2022). Biljecki et al. (2023) therefore recommend
combining government datasets with OSM to \mitigate each other's gaps".

2.2. Enrichment Methods

Such a combination can also be referred to as multi-source approach, which is found to
typically outperform single-source strategies when characterizing buildings (Niu et al., 2017).
Li et al. (2022) come to a similar conclusion when identifying multi-source data fusion as
appropriate approach for building function classi�cation. However, there are various methods
to fuse these data sources for building function enrichment. In our work, we group approaches
to combine data sources into two main clusters: Machine learning and geometric matching.

Machine learning approaches to classi�cation include for example convolutional neural
networks (CNN), random forests, and support vector machines. They are supervised (i.e.,
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they need training data) and predict building functions by learning from geometric and
contextual features. In contrast, geometric matching approaches focus on integrating multi-
source geospatial data using spatial relationships like overlapping areas or proximity analysis.

Machine learning. With renewed academic interest in recent years, many studies apply ML
methods for building detection and classi�cation from remote sensing imagery. Advantages
include scalability due to abundant imagery and the capacity of modern ML, as well as
applicability in countries lacking other building data (Jochem et al., 2021). Nevertheless,
limitations are signi�cant: misclassi�cations are inherent, supervised models require costly
training data, and transferability is often limited due to regional di�erences in building
characteristics (Gevaert & Belgiu, 2022). Class imbalances also require careful handling
(Dimassi et al., 2021). Hertrich, Moritz (2024) �nds that CNNs perform best at distinguishing
residential from non-residential buildings when classifying function. Huang et al. (2022) used
building footprints from OSM and manually re�ned them according to high-resolution remote
sensing imagery. While this process was extremely labor-intense, it allowed the authors to
train a CNN model that outputs a dataset with �ne-grained function labels at individual
building level. Fill et al. (2024) use OSM building and CORINE land cover maps to classify
building footprints by using a Graph Neural Network.

Machine learning methods are known for their ability to deal with unseen data. In the
building function enrichment context, this means that they are capable of classifying buildings
even in the absence of explicit labels. However, this requires that the model was trained on
enough and similar data. Another drawback of ML approaches is that explainability is often
not given, i.e. classi�cation decisions can not be traced back.

Geometric matching. Bhuyan et al. (2023) use a geometric matching approach in their en-
richment of building footprints with OSM building and land use data. After spatially joining
all auxiliary data at the building level, a majority rule approach is applied to assign a single
label to each unit. Other scholars use the ratio of the overlapping area of features from di�er-
ent datasets to enrich building data (Memduhoglu & Basaraner, 2022). Stiller et al. (2021)
use geometric matching as well when enriching remote sensing-based building footprints with
land use classes from OSM. Atwal et al. (2022) spatially join buildings with OSM land use
polygons to extract information on the use of the land that the buildings are located on.

Geometric matching-based approaches are less robust to missing data in the input datasets:
If a building footprint does not intersect with a labeled building/POI/land use unit, it will not
get a function class assigned. However, this comes with the advantage of full explainability
and a transparent and traceable enrichment process.

2.3. Mixed-Use Buildings
Having outlined the available data sources and methodological approaches for enriching

building functions, the following subchapter shifts the focus to mixed-use buildings. As Du
et al. (2024) emphasize in their review of urban functional zones, scale dependency is critical
for building use type research. A building labeledcommercial as a whole may contain
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sub-units of type housing and should therefore correctly be labeled as mixed-use building.
The interplay of multiple functions within a single footprint poses particular challenges and
opportunities for enrichment strategies. Unfortunately, none of the data sources explicitly
captures mixed use. While ML can sometimes infer function from physical characteristics in
aerial imagery, it cannot classify mixed-function buildings (Deng et al., 2022). OSM allows
only a single value for thebuilding key, and German cadastral data also record only one
label per building.

With the exception of Deng et al. (2022), few studies allow for mixed-use building clas-
si�cation. Some studies even explicitly avoid it, for example by assigning the major type to
mixed-use buildings, thereby ignoring minor types (Chen et al., 2020). Other authors, such
as Huang et al. (2022), tackle the challenge of mixed-use buildings by restricting multi-label
annotations to two reasonable situations for their areas of interests. Although this simpli�ca-
tion eases modeling and evaluation, it fails to represent urban reality, where buildings often
host multiple functions (often on di�erent 
oors). As Ho�mann et al. (2022) note, \especially
in dense, urban centers mixed uses are the dominant class".
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Table 1: Overview of Selected Studies on Enriching Building Footprints with Semantic Building Use Types.

Paper Data sources Classi�cation scheme Method/
Algorithm

Spatial extent Evaluation

Milojevic-
Dupont and
Wagner
et al. (2023)

OSM and cadaster data residential vs.
non-residential

Geometric
matching

202 million buildings in
28 European countries

none

Chen et al.
(2020)

Baidu & Gaode Map,
POIs, building
footprints, land use
polygons, roads

hospital, hotel, o�ce,
residence, restaurant,
retail, school

NLP-based ap-
proaches

Beijing, China, 440,000
building footprints

Manual interpretation
based on Baidu street
view

Atwal et al.
(2022)

OSM, adjacent types of
roads, proximity to
parking lots, building
size

residential/non-
residential/unknown

Binary decision
tree

Three study areas in the
USA

Cadaster data

Bandam
et al. (2022)

OSM, raster census,
Corine land cover,
Copernicus building
height

15 categories across
residential and
non-residential

Random forest 29 million buildings in
Germany

Publicly available
statistical data

Deng et al.
(2022)

Gaode Map, POIs, road
vectors, land use, high
res. RS images, Baidu
Street View

residential, commercial,
o�ce, warehouse, public
service, mixed-use

Geometric
matching and
decision trees

Yuexiu district in
Guangzhou city,
Guangdong Province,
China

Street view images and
�eld data

Ho�mann
et al. (2019)

OSM, Google Street
View, Bing Map

commercial, residential,
public, industrial

CNN, Model
Fusion

Continental United
States

US states split in
train/test/validation

Memduho�glu
et al. (2024)

OSM buildings, spatial
arrangement, POI
density, population
density

residential, commercial,
industrial, and
institutional building

Decision trees,
large language
models

Three US cities, Berlin,
Madrid, Liberec

Cadaster data

Chen et al.
(2024)

Microsoft building
footprints, Tripadvisor
POIs, Google Maps land
use parcels

residential, hospital,
hotel, school, shop,
restaurant, o�ce

Support Vector
Machine, ratios
of POIs and
land use

50 US cities Cadaster data

Arruda et al.
(2024)

OSM buildings, OSM
landuse, OSM POI

residential vs.
non-residential

Unsupervised
learning

51 US states/territories Cadaster data

Huang et al.
(2022)

SuperView & Gaofen-2
imagery, OSM, Google
Maps

residential, commercial,
industrial, public, other,
and some multi-use

Manual annota-
tion and CNNs

Munich and Beijing Manual
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2.4. Literature Gaps and Research Questions

The review of the existing literature reveals that building function classi�cation bene�ts
from combining remote sensing-based building footprint data with VGI, o�cial cadasters,
and land use data. While ML models using geometric and morphological features attain
high accuracy, they do so only for broad classes (mainly residential vs. non-residential).
Therefore, gaps remain regarding more detailed categories and the explicit treatment of
mixed-use buildings. Integrative work
ows such as those of Bandam et al. (2022) and Hart-
mann et al. (2024) o�er a promising foundation on which this thesis builds. Playing into this,
Hecht (2014) notes that integrating user-generated data such as OSM may remedy mediocre
use type classi�cation, provided that \suitable concepts of data integration" are developed
(Hecht, 2014, p. 272).

Research questions.In sum, the literature shows that each data source for building use types
has distinct strengths and weaknesses: remote sensing is strong for footprint extraction but
weak for function attribution; VGI is timely and 
exible but inconsistent; and cadasters are
accurate but often outdated and heterogeneous. Methods range from simple enrichment to
ML-based classi�cation, with best performance at coarse levels such as residential versus non-
residential. However, major gaps remain in more detailed categories and in handling mixed-
use buildings. This thesis addresses these gaps by developing a standardized framework for
merging remote sensing-derived building footprints with building and land use attributes
from OSM and cadaster. Unlike reconciliation approaches that enforce a single label, we
encode disagreement as proportional use type shares, thereby allowing for mixed-function
buildings. The goal is to provide an easy-to-use methodology that integrates existing sources
into a dataset of buildings with associated use type shares, whose plausibility is assessed
through ecological structure.

We therefore focus on two research questions (see Table 2 below) that drove the design
of the enrichment pipeline. We derived hypotheses from these questions, which we test by
calculating a set of metrics.
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Table 2: Research Questions, Hypotheses, and Evaluation Metrics for Enrichment and Ex-
ternal Validity Analyses.

Research Question Hypotheses Key Metrics

RQ1 | Complementarity
& enrichment
To what extent do OSM and
cadaster jointly increase label
coverage and the richness of
mixtures on previously
unlabeled building footprints?

ˆ H1a : Combined enrich-
ment lifts building-level
coverage above either
source alone.

ˆ H1b : A substantial share
of buildings become multi-
class (� 2 non-zero classes),
re
ecting real mixed use.

ˆ H1c : Source contributions
are class-speci�c (e.g., OSM
boosts shopping, cadaster
boosts residential).

ˆ Coverage lift; per-class
coverage lift

ˆ Share multi-class; av-
erage entropy

ˆ Source-attribution
shares by class

RQ2 | External validity
of mixtures
Do building function patterns
(especially high-entropy
buildings/areas) reproduce the
expected urban structure?

ˆ H2a : Aggregated residen-
tial share correlates with
census data.

ˆ H2b : Areas zoned for
mixed use show higher me-
dian entropy than single-
use zones.

ˆ Correlations with in-
dependent aggregates
(census population,
built-up area use type)

3. Data

This chapter elaborates the peculiarities of Berlin as study area. It further presents and
discusses the input datasets' properties.

3.1. Area of Interest: Berlin

As the CNN-based building footprint dataset is limited to Berlin for now, we focus our
study on this city. Germany's capital houses approximately 3.7 million inhabitants on 891
km2. It's 
at landscape is characterized by dense urban building patterns as well as large
forests and numerous waterways and lakes.
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Berlin's urban structure is special because of its unique history of destruction, division and
reuni�cation. This left behind a polycentric layout with multiple hubs rather than a single
dominant center, as it can be found in other European cities such as London or Paris. Its
large stock of pre-war housing, combined with socialist-era buildings and post-reuni�cation
projects, creates an unusually diverse building landscape (Schwedler, 2001a). Compared
to other European capitals, Berlin maintains a strong presence of mixed-use neighborhoods,
with housing, work, and cultural functions combined at �ne spatial scales. This heterogeneity,
combined with ongoing transformation in formerly industrial and border areas and a strong
gentri�cation, makes Berlin particularly challenging and interesting for classifying building
use types. Especially between former East and West Berlin, a split is still visible because of
the \extremely di�erent urban development paradigms of the previous �fty years" (Schwedler,
2001b).

Another feature of Berlin are its many allotment gardens. They pose a special challenge
for building function enrichment, as many of them are not included in o�cial cadaster and/or
OSM data sources.

After introducing the geographical focus of the thesis, we now turn to the four input
data sources that underpin the building function enrichment pipeline. As overview, Table 3
summarizes the input datasets' key metrics.

Table 3: Overview of Input Data Sources. All Calculations Done in Python.

Dataset Name Number
of Poly-
gons (in
thousands,
rounded)

Proportion
in % of
Berlin's
Area

Unit of Observa-
tion

Source

CNN Building
Footprints

446 13.08 Building complex
footprint

Internal from Ger-
man Aerospace
Center

Cadaster Buildings
with Use Type

970 11.40 Individual building
footprint

Bundesamt f•ur
Kartographie und
Geod•asie (2025)

OSM Buildings
with Use Type

265 7.69 Individual building
footprint

OpenStreetMap
contributors (2025)

OSM Landuse with
Use Type

44 79.17 Land use polygon OpenStreetMap
contributors (2025)

3.2. CNN Building Complexes as Target Domain
Building detection using remotely sensed imagery has a long tradition and a successful

track record (Li et al., 2024a). The ever-increasing availability of both satellite- and airplane-



13

carried sensors and the cheap cost per area make it a perfect basis for up-to-date building
footprint datasets.

DLR provided us with vector building complex footprints for Berlin based on classi�cation
of 10cm RGB aerial imagery using a CNN. In addition, the CNN used a Digital Surface Model
to include the height. Manually corrected and completed cadaster data were used as ground
truth for training, validation, and testing of the CNN model. With 0.92 precision, 0.95 recall
and reaching an overall accuracy of 0.98, this binary building footprint dataset can be seen
as highly reliable. Nevertheless, the model pays for the very high recall (i.e., catching almost
all true buildings) with a slightly lower precision (i.e., labeling some non-building areas as
building). These areas of false positive building detection are usually very small and do not
harm much when arti�cially \increasing" building areas slightly. Even better, isolated small
false positive areas can easily be corrected via an area �lter (c.f. Section 4). Therefore, the
resulting dataset shows building footprints nearly \as is" and for the same time stamp over
a large area. This is why we use the CNN-derived building footprints as target domain and
ground truth in our work
ow.

The map in Figure 1 shows an example of the binary building footprint dataset. Apart
from the geometry, it contains no attributes at all.
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Figure 1: CNN-Detected Building Footprints (Unlabeled) at Alexanderplatz.

3.3. Building Data with Function Label

With CNN-based building footprints serving as target domain (i.e., to be enriched), use
type-labeled building data are required to serve as source (i.e, to enrich from). This subsection
is about datasets with building functions, their availability, and their characteristics.

There are commercial providers of building function data targeted at geo-marketing pur-
poses, such as Nexiga, GfK, or infas360. However, their data are not freely available. Plus,
some of them do not even have geometries for the buildings, but only provide aggregate
statistics on zip code or municipality level. In addition, these datasets are often based on the
same source data (i.e. cadaster and OSM) as our methodology, in some cases even simply
selling the raw cadaster or VGI data.

It is therefore desirable for DLR to be independent of commercial providers and be able
to create an own, reliable dataset of buildings and their functions.

3.3.1. O�cial Data: Cadaster Buildings
One non-commercial data source are cadaster data. The cadaster data we use are based

on the o�cial 3D building model of Germany. In its Level of Detail 2 version, it contains
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attributes on building function Landesamt f•ur Digitalisierung, Breitband und Vermessung
Bayern (2025). The German Aerospace Center (DLR) provided us with the surface-projected
building models. While the geometric coverage for Berlin is about the same as that of the
combined OSM buildings, cadaster buildings have building function data for each and every
of its polygons. While the full cadaster building data are only available for a limited circle
of authorized users, spatially limited extracts can sometimes be downloaded from local and
regional governments' Open Data websites. However, they usually do not represent the
current state of the cadaster data, but rather several years old versions. Hecht et al. (2015)
compared the performance of several German authoritative spatial datasets in building type
classi�cation. They found that vector datasets (as our Level of Detail 2 cadaster data)
perform better than topographic raster map data, especially so in larger cities.

An aspect to keep in mind with cadaster data is that they contain stacked layers. This can
be seen on the map in Figure 2, which visualizes the number of overlaps for each polygons.
The map was created with Keith Jenkins'Count Polygon Overlapmodel in QGIS.1

1https://github.com/kgjenkins/qgis-count-polygon-overlap
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Figure 2: Overlap Count of Cadaster Polygons at Alexanderplatz, Berlin. White: 1 Polygon.
Dark Red: 4 Polygons.

3.3.2. Open Data: OSM Buildings
In contrast to data from commercial providers and cadaster data, the latest version of

OSM can be freely downloaded by everyone. It is continually updated by its vast number of
active users. While in 2015, OSM building footprint data were deemed \currently not suitable
for large area applications due to the low degree of completeness and a strong heterogeneity
in the geometrical modeling of the buildings" (Hecht et al., 2015, p. 23), nowadays numerous
scholars use the data successfully in their research (c.f. Section 2.1).

As discussed, the OSM structure (c.f. Section 2.1) allows for only one single tag for each
feature (Ho�mann et al., 2019). Therefore, a building can only have one value, i.e. function la-
bel. We downloaded OSM polygons for Berlin via the Python package OSMnx Boeing (2025)
and �ltered them for polygons with a building tag key. According to Milojevic-Dupont and
Wagner et al. (2023), this is the most common approach to identify OSM polygons as build-
ings. In a second step, we excluded those building footprints with the basic tag valueyes, as
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it provides no further information on the building function. We will refer to OSM buildings
having a building tag key other thanbuilding=yes as labeled OSM buildings. While the
general building footprint coverage in Berlin is very high, almost half of the polygons are
not labeled, as shown in Table 4. Throughout the rest of the thesis, we talk about only the
labeled buildings when referring to OSM building data. The unlabeled half was removed in
a data cleaning step.

In 2025, the building function-labeled OSM footprints count for Berlin is approximately
27% of the count and 67% of the area compared to the o�cial cadaster. The low number
count-wise is due to a much higher detail of the cadaster data. E.g., while terraced houses
are represented as individual geometries in the cadaster, they are usually one big geometry in
OSM. Table 4 shows that labeled OSM buildings are on average larger than unlabeled ones.
Even though only half of the buildings in Berlin are labeled, they make up approximately 68%
of the total OSM building area in the city. This pattern is clearly visible in the histogram in
Figure 3 as well: unlabeled OSM buildings tend to be smaller than labeled OSM buildings.

Interestingly, in contrast to cadaster data, polygon overlaps almost never occur in OSM
building data (one notable exception being the central train station).

Table 4: Statistics on Labeled vs. Unlabeled OSM Buildings.

OSM buildings Count Total area (km2) Mean area (m2) Median area (m2)

With label 265 163 68.50 267.41 113.17
Without label 262 339 34.84 132.82 79.32
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Figure 3: Histogram of OSM Building Areas. Buildings with vs. withoutbuilding Label.

Figure 4 compares the three building input datasets by showing the Brandenburger Tor
and Reichstag in Berlin. Note that the CNN model detects buildingcomplexes, whereas OSM
and cadaster representindividual buildings. Then again, cadaster does this in more detail
than OSM. Figure 5 clearly shows that in a histogram of building areas. CNN footprints
tend to be much larger than both OSM and cadaster buildings. OSM buildings are slightly
larger than cadaster buildings
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(a) CNN (unlabeled) (b) Cadaster (labeled) (c) OSM (labeled)

Figure 4: Comparison of the Three Building Footprint Sources.
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Figure 5: Comparison of Building Areas for the Three Building Data Sources.

3.3.3. OSM Land Use Data
Land use geometries tend to cover considerably larger areas than building footprints. OSM

land use is no exception, with even the median area that a polygon covers being 1 500m2,
with very large outliers. Each OSM land use polygon has a land use type assigned (i.e., no
missing data), and together they cover almost 80% of the area of Berlin.

Table 5 below provides an overview and comparison of the four input datasets regarding
the total area of their polygons and their coverage of Berlin's area.

Table 5: Comparison of Area Coverage of Input Datasets.

Layer Area (km2) Share of Berlin's area (%)

CNN footprints 116.56 13.08
Cadaster buildings 101.55 11.40
OSM buildings 68.50 7.69
OSM landuse 705.50 79.17

4. Methodology

This chapter explains the steps taken to enrich unlabeled building footprints with use type
data, starting from pre-processing the datasets and enriching the CNN building footprints
with semantic use type data. The rationale behind the structure of the data pipeline is
elucidated. The chapter further explains the choices taken and parameters set to obtain a
maximum coverage and best enrichment possible.
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Our goal is to geometrically enrich unlabeled CNN-building footprints with use types
from OSM and the o�cial cadaster. Disagreement between sources is explicitly encoded as a
mixed label (e.g., 50% A, 50% B). In contrast to many other papers in the building function
classi�cation domain, we do not use machine learning. On the one hand, this reduces the
area of applicability to places with appropriate input data. On the other hand, it comes with
the advantage of not relying on the output of a (simplifying) model, but instead assigning
function labels to buildings based on existing data veri�ed by a human.

For the enrichment, we follow a union-and-resolve strategy. The \union" means that we
keep all candidate labels that either of the sources suggests, i.e. no data is ignored. The
\resolve" means that when the sources disagree, they are combined with clear, deterministic
rules to produce one �nal proportion vector per building, thus allowing for the representation
of mixed-use buildings.

Other academic literature went for extracting both building footprints and their semantic
properties from remote sensing imagery. Expanding this, our approach is based on combining
the four separate sources described in Chapter 3: On the one hand CNN-based building
footprints as target domain for the geometry. On the other hand OSM buildings, cadaster
buildings, and OSM land use for semantic use type data. The chart in Figure 6 provides an
overview of the enrichment part of the pipeline.

4.1. Pre-Processing
Data pre-processing consists of cleaning the input datasets in order to allow the pipeline

to run error-free. Further, harmonization between the labeled input datasets is necessary, as
their label schemes originally di�er.

Data cleaning. Following Hecht (2014), footprints with an area below a threshold of 5 m2

are excluded. In the context of CNN-detected building footprints, this is relevant because
of numerous very small false-positive buildings as described in Section 3.2. We applied
several other data cleaning steps to assure a high data quality. They included repairing
invalid geometries and setting the same and correct coordinate reference system for all input
datasets. For OSM buildings, �ltering for observations with a (valid) building function tag
was necessary.

Harmonization of classi�cation scheme.To harmonize the use type classes of the three input
datasets, building function classes were aggregated by hand-coding. In order to increase
reliability, this was carried out by two researchers independently from another, consulting the
datasets' documentation and looking up examples if necessary. For the thesis, we chose a very
aggregated classi�cation scheme consisting of typesresidential, work, shopping, and other.
While being general enough to be used in most settings, this classi�cation still is very useful
in urban geography, e.g. due to its good prediction capabilities of income and population
density (Ho�mann et al., 2019). Nevertheless, the implementation is highly 
exible and
allows for simple changes by adjusting the mapping from input (i.e., OSM and cadaster)
building function classes to output classes.
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Figure 6: Building Function Enrichment Steps.
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Figure 7: Di�erences Between OSM Building Footprints and CNN-Based Building Footprints.
Dark Red: Areas of Overlap. Light Red: CNN but no OSM. Black: OSM but no CNN.

4.2. Spatial Enrichment of Target Domain

A common problem when using VGI building footprints for data enrichment are geometric
inaccuracies, as annotators' geometries are simpli�cations of and/or misaligned with the
actual building footprint Kunze & Hecht (2015); Li et al. (2024a). Figure 7 shows the typical
scale of geometric error between the remote sensing-based building footprints (target domain)
and the OpenStreetMap-based building polygons. The deviations are small enough to not
mess with the use type label enrichment process [SOURCE!]

A major design choice was whether to enrich with cadaster and OSM building data one
after the other (i.e., prioritizing one of them) or simultaneously. Given the uncertainty
about the datasets' reliability and our aim to explicitly include mixed-use buildings we chose
the simultaneous approach. For this, cadaster and OSM buildings were combined into one
dataset, yielding 1,235,000 building footprints with function tag. Building footprints that
were present in both OSM and cadaster are overlapping or even geometrically identical in
this combined dataset.

In contrast to the equal weighting of cadaster and OSM buildings, we explicitly rank the
OSM land use data lower in comparison to the labeled building data. We therefore assign
the class of a land use polygon only to those building footprints that did not have a spatial
match with a polygon in the combined building dataset.

We enrich unlabeled vector CNN-based building footprints with building function infor-
mation from two types of vector sources: (i) building polygons (from OSM and cadaster) and
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(ii) land use polygons (from OSM). This is done using purely geometric operations. Each
building ends up with (a) coverage metrics (\how much of the footprint area is explained by
building source data"), (b) a per-type percentage distribution over all detected use types,
and (c) the origin of the enrichment. Con
icts between sources are explicitlynot reconciled
to a single label. Instead, overlapping evidence is retained as fractional shares that sum
to 100%. The reason for this is that both OSM and cadaster building use type labels are
assumed to have a high reliability, see Section 2.1. Therefore, we argue that con
icting la-
bels should rather be interpreted as supplementary or additional labels, leading to a better
representation of the mixed-use reality of many urban buildings.

The following section explains the stages of the data enrichment process in detail and
with formulas. The 
owchart in Figure 6 provides a simpli�ed visualization of the enrichment
stages of the pipeline.

4.2.1. Stage 1 { Building-Based Enrichment
Coverage computation. For each building i with geometry bi and intersecting source

geometriesf Sij g, we compute intersectionsI ij = bi \ Sij and their areas. We union in-
tersections Ui =

S
j I ij to get the total building area matched by any source polygon:

Amatch
i = area(Ui ). Then, we calculate the total coverage as follows:

pmatch
i = 100 �

Amatch
i

area(bi )

Building footprints with any intersection to a source data polygon get the valuebuilding
in the attribute that marks the source of enrichment.

Per-type distribution (fractional evidence). For each classc, we sum the (non-
unioned) intersected areas where the building function type of the source data equalsc:

A i;c =
X

j : type(Sij )= c

area(I ij )

and compute a within-coverage share:

type c percenti = 100 �
A i;c

Amatch
i

Because classes may overlap spatially, these shares can sum to> 100 before normalization
(handled later). This design preserves con
icting evidence instead of forcing a single label.

4.2.2. Stage 2 { Land Use Fallback
Following Atwal et al. (2022); Bhuyan et al. (2023); Fill et al. (2024), we include land use

data in our enrichment pipeline. For buildings withAmatch
i = 0 (i.e., not covered by Stage 1),

a similar procedure is done with OSM land use polygons: For each land use classc, intersect
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unmatched buildings with the corresponding land use layer. If a land use layer intersects
with a previously unmatched building, it is assigned 100% of the respective type.

In Berlin, this is especially helpful for the many allotment garden buildings. While they
are detected by the CNN, they are not recorded in the cadaster dataset and only partly
recorded in the OSM buildings dataset. Manual veri�cation using aerial imagery con�rmed
the high homogeneity of OSM land use polygons of classallotments . This ensures that
probability of wrongly labeling a non-allotment building with classother is very low. See
Figure 8a for an example.

Building footprints enriched by OSM land use get the valuelanduse in the attribute that
marks the source of enrichment. An exception to this rule is the land use classresidential :
it is only assigned when the size of the building area(B i ) exceeds the con�gured threshold of
100m2.

The area threshold to theresidential building function is based on the observation that
many garden cabins and small huts would wrongly be labeledresidential otherwise. These
small buildings are detected by the CNN as building footprints, but are neither part of OSM
nor cadaster buildings. Unobservant matching with land use would assign these cabins class
residential , con
icting the categorization asother in the translation tables. To �nd an
appropriate threshold for Berlin, we conducted extensive manual qualitative checks using the
10cm resolution aerial imagery that the CNN is based on. An example of this can be seen in
the map in Figure 8b.

Bandam et al. (2022) follow a similar tactic when assigning all buildings below 35 square
meters the labelgarage.

4.2.3. Stage 3 { Back�lling \Other"
Finally, buildings still lacking enrichment after all previous stages are assigned the con-

�gured label for \not enriched\, which is other by default. The attribute that marks the
source of enrichment is set accordingly.

Normalization
As mentioned in Stage 1, the sum of percentage points of the di�erent use types can exceed

100. This is due to both the existence of overlapping layers in cadaster data as discussed
in Section 3.3.1 and the combination of cadaster and OSM in one dataset. To handle this,
for each building complex we check whether the summed building use types exceed 100. If
this is the case, proportional scaling is applied so the sum is exactly 100. This step allocates
overlapping evidence across use types without discarding any class entirely.

4.3. Con
ict Detection and Resolution
A strength of our approach is its ability to represent multi-use buildings. Simultaneous

use of a building for e.g., residential and shopping use is a frequent phenomenon in dense cities
like Berlin and should be accounted for in building function classi�cation (Deng et al., 2022).
We approach this by preserving con
icting labels as fractional shares instead of collapsing
them to a single class.




