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Abstract

Accurate building footprints are essential for urban planning, crisis manage-
ment, and social science research, yet Germany lacks a comprehensive and up
to date nationwide register. EXisting sources such as cadastral data, and Open-
StreetMap remain incomplete or inconsistent. At the same time current deep learn-
ing models for automatic footprint extraction still su er from systematic errors.

This thesis investigates whether optimizing preprocessing, postprocessing, and
training data selection can improve the CNN-based extraction model proposed by
Stiller et al. [2023]. Experiments with normalization strategies, LiDAR-based height
layers, tile overlap, and threshold settings show that targeted adjustments enhance
performance. The nal pipeline, using DSM data and re ned data normalization,
improved Overall Accuracy by 7.0 percentage points, loU by 5.2 percentage points,
and F1 score by 3.3 percentage points compared to the baseline.

A case study on Berlin illustrates the practical value of the generated data for
the social sciences by linking building geometries with demographic and building
use data.

The ndings highlight both the technical and applied relevance of the improved
work ow: advancing footprint extraction toward o cial usability while enabling
new insights in the social sciences.



Contents
Abstract

List of Abbreviations
List of Tables

List of Figures

1 Introduction

2 Literature

2.1 Normalization . . . . . . . . . ...
2.2 Height Input Layer . . . . . . . . . ... .. ... ...
23 TileOverlap . . . . . . . . .
2.4 Decision Thresholds . . . . . . . .. .. .. oo
2.5 Additional Training Data . . . . . . . . .. ... ... ... .. ... ..
3 Model

3.1 Neural Networks . . . . . . . . . . . . .. .
3.2 Deep Learning . . . . . . . . ..
3.3 Convolutional Neural Networks . . . . . .. ... ... ... ... ....
3.4 The Encoder-Decoder Principle . . . . . . . .. ... ... .. ... ...
3.5 Model Architecture and Usage . . . . . . . . . ... ... ... ... ...

3.5.1 Training Phase . . . . . . .. .. .. 0oL

3.5.2 Testing Phase . . . . . . . .. ... L

4 Data

4.1 RGB . . .
4.2 LiDAR data . . . . . . . . . . . e

4.2.1 DSM . . . o

422 DTM . . . . e

4.2.3 nDSM . . ..
4.3 Ground truth . . . ... ..
4.4 Training data . . . . .. Lo

4.4.1 Additional Training data . . . . . . . ... ... ... ... ....
4.5 Test data . . . . . ...

5 Research design

10
11
12
12

14
15
16
17
18
19
20
21

21
22
22
23
25
25
26
27
29
29

32



6 Methodology and Results

6.1 Normalization . . . . . . . . . . .
6.1.1 Ablation . . . . . . ...
6.1.2 Min—-Max Normalization . . . . . ... ... ... ... ......
6.1.3 Z-score Normalization . . . . . .. .. ... ... ... ......

6.2 Height Layer . . . . . . . . . .. .
6.2.1 Ablation . . . . . ...
6.22 DSM Data . . . . ... .. ..

6.3 Tile Overlap . . . . . . . . . . .

6.4 Decision Threshold
6.5 Selection of training

6.6 Summary of Results
7 Discussion
8 Case study
9 Conclusion
References

Supplementary Materials

data . . . . ..

33
34
36
36
37
38
38
39
39
41
43
46

47

50

56

59

70



List of Abbreviations

ALS
CNN
DFK
DLR
DSM
DTM
DOP
GWR
GWZ
ICC
iDSM

Airborne Laser Scanning
Convolutional Neural Network
Digitale Flurkarte (Digital Cadastral Map)

Deutsches Zentrum fir Luft- und Raumfahrt (German Aerospace Center)

Digital Surface Model
Digital Terrain Model
Digital Orthophoto

Gebaude- und Wohnungsregister (Building and Housing Register)
Gebéude- und Wohnungsziahlung (Building and Housing Census)

Intraclass Correlation Coefficient

image based digital surface model IToU

Intersection over Union

LiDAR
LoD2
ML
nDSM
NNs
NRW
NIR
OSM
pp
RGB
RQ
RH
SD
TIN
WMS

Light Detection and Ranging

Level of Detail 2 (3D building model standard)
Maximum Likelihood (estimation)

Normalized Digital Surface Model

Neural networks

North Rhine-Westphalia (Nordrhein-Westfalen)
Near Infrared

OpenStreetMap

percentage point

Red, Green, Blue (color layers)

Research Question

Research Hypothesis

Standard Deviation

Triangulated Irregular Network

Web Map Service

List of Tables

DD U R W N =

Summary of the main research question and its sub-questions. . . . . . . 5
Summary of the main research hypothesis and its sub-hypotheses . . .. 14
Baseline training data summary . . . . . . . ... 28
DSM instead of nDSM training data summary . . . . . . . .. ... ... 29
Additional training data — Duisburg (NRW) . . . ... ... ... ... 29

Additional training data — Brandenburg (BB) . . . . . ... ... .. .. 29



10
11
12

13
14
15
16

17

18
19
20
21
22

23
24
25

26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

TestdatafromBerlin . . . . . . . . . . . . . ... 32

Baseline normalization performance. . . .. .. .. ... ... ... ... 36
Comparison between Baseline and ablation experiment . . . . .. .. .. 36
Min-Max Normalization experiment . . . . . . .. ... .. ... ..... 37
Comparison between Experiments . . . . . .. .. .. .. ... ...... 37
Performance of the new baseline con guration, derived from the optimal
normalization settings in Section 6.1. . . . . . ... ... ... ...... 38
Ablation of the height layer compared to the baseline model. . . . . . .. 38
Comparison of the baseline against the ablation and DSM data. . . . . . 39

Comparison of optimal Overlaps with the Baseline from last experiment . 41
Comparison of baseline (ablation at xed 0.5 threshold) with the optimized

threshold setting. . . . . . . . . . . . . . . ... 43
Comparison of baseline (ablation) with best performance of additional
trainingdata. . . . . . . . . . ... 46
Summary table of the dierenttests. . .. ... ... ........... 46
Comparison of rst baseline and nal improved version. . . . . . ... .. 46
Multilevel beta regression for housing share. . . . . ... ... ... ... 55

LiDAR Classi cation Values Used in NRW and Their Use in DSM Creation 70
LiDAR Point Classi cation Scheme and Their Use in DSM Creation (Bran-
denburg) . . . . .. 71
LiDAR Classi cation Values Used in Berlin and Their Use in DSM Creation 71
LiDAR Classi cation Values Used in NRW and Their Use in DSM Creation 72
Comparison of the baseline and alternative height inputs, including the

old and new DSM data instead of NDSM. . . . . . .. ... ... ..... 73
Region: Forest. . . . . . . . . . . . . . 79
Region: Industrialarea . . . . . . . . . . ... ... 80
Region: Innercity . . . . . . . . . . . e 81
Region: Small street through forest . . . . . .. ... ... ........ 81
Region: Water at mosaicedge . . . . . . . ... ... .. ... ..... 82
Region: Streets &railway . . . . .. . ... .. ... ... .. 83
Region: Water . . . . . . . . . . . . e 83
Region: Water riverbank . . . . . . . . . ... . 84
Region: Housingarea . . . . . . .. .. .. . . .. .. ... 85
Region: Bridgesand boats . . . . .. ... ... ... .. ... ... ... 85
Region: Forest. . . . . . . . . . . . . . 86
Region: Industrialarea . . . . . . . . . . ... ... o 87
Region: Innercity . . . . . . . . . . . e 87
Region: Small street through forest . . . . . .. ... ... ........ 88

Region: Water at mosaicedge . . . . . . . ... ... . ... ... ..., 88



41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64

Region: Streets & railway . . . . . . . ... . ... .. . 89

Region: Water. . . . . . . . . . . . . e 90
Region: Water riverbank . . . . . . . . . ... . o 90
Region: Housingarea . . . . . . . . . . . . . . . i 91
Region: Bridges & boats . . . . . .. ... ... .. .. .. . ... 91
Region: Forest. . . . . . . . . . 92
Region: Industrialarea . . . . . . . . . . .. ... ... 93
Region: Innercity . . . . . . . . . . . e 93
Region: Small street through forest . . . . . .. ... ... ... ..... 94
Region: Water at mosaicedge . . . . . . . .. .. . .. ... ... ... 94
Region: Streets & railway . . . . . . . . .. . ... .. . 95
Region: Water. . . . . . . . . . . . . e 96
Region: Water riverbank . . . . . . . . . ... o 96
Region: Housingarea . . . . . . . . . . . . . i it 97
Region: Bridges & Boats . . . . . . . .. .. .. ... .. .. .. ... .. 98
Region: Forest. . . . . . . . . . 99
Region: Industrialarea . . . . . .. .. ... . ... .. ... .. . ..., 100
Region: Innercity . . . . . . . . . . . 100
Region: Small street through forest . . . . . .. ... ... ... ..... 101
Region: Water at mosaicedge . . . . . . . . . . . . .. .. ... 102
Region: Streets & railway . . . . . . . . .. . ... .. 102
Region: Water. . . . . . . . . . . . . e 103
Region: Water riverbank . . . . . . . . ... Lo 103

Region: Wohngebiet (Housing area) | Baseline vs. Decision Threshold 0.3 104

List of Figures

1

Example of building footprints derived from aerial imagery (RGB from

Web map Service (WMS) Layer Berlin, DLR internal). . . . .. ... .. 1
Example for buildings that are not included into the DFK. The purple

areas represent the available cadastral data. Buildings that are visible but

not covered by purple indicate structures that are missing from the o cial

DFEK dataset. . . . . . . . . . . 3
The red areas were detected as buildings by the model. . . . . .. .. .. 7
Perceptron visualization, adapted from Singh and Banerjee [2019]. . . . . 15



10

11
12
13
14

15
16

Example of a fully connected neural network withD; = 3 input features x,
D, = 2 output units y, and K = 3 hidden layershy; h,; h; of sizesD; = 4,
D, =2, and D3 = 3 respectively. The weights are represented by matrices

k that transform the activations from one layer into pre-activations for the
next layer. For example, ; 2 R? 4 maps the four activations inh, to the
two units in h,. Bias terms are stored in vectors , and have dimensions
matching the layer they feed into; for instance, , 2 R?3 corresponds to
the three units in hs. Information ows strictly from the input layer to
the output layer, making this a simple example of a deep learning network
structure. Image sourced from Prince [2023]. . . . . . . . ... ... ... 17
Example of a 2D convolution on an RGB image. A 3 3 kernel slides
across the image to generate feature maps, enabling the network to detect
local patterns e ciently. Image source: Prince [2023]. . . . .. ... ... 18
Example of an encoder{decoder network for semantic segmentation. The
encoder (left part) reduces the input image to a compact feature repre-
sentation using convolutions and pooling, while the decoder (right part)
upsamples this representation through transposed convolutions to produce
a pixel-wise classi cation map with class probabilities for each pixel. Fig-
ure and explanation Prince [2023] . . . . . . . . ... ... L. 19
Schematic illustration of the Feature Pyramid Network (FPN) structure,
showing the top{down pathway with upsampling, 1 1 convolutions for
lateral connections, and element-wise addition for multi-scale feature fu-
sion. In the encoder{decoder paradigm (Section 3.4), this represents the
decoder stage, with the ResNet-50 backbone providing the encoder feature

maps. Image and explanation are from Lin et al. [2017].. . . . . . .. .. 20
Training and testing work ow of the CNN model used in thiswork . .. 21
Comparison between a traditional DOP and a True Orthophoto (True

DOP) [NRW Geobasis, 2021]. . . . . . . . . . i i e 22
DSM processing pipeline from ALS points to nal 0.1m raster. . . . . . . 24
Comparison of DTM and DSM data at the same extent in an area in Cologne. 25
Visual representation of nDSM calculation as DSM minus DTM. . . . . . 26
Example of derived ground truth from 0.1m RGB imagery [NRW Geobasis,
2021]. .. e 27
Overview of the training phase workow . . . . ... .. ... ... ... 27

Overview of the RGB layers of the training regions adopted from [Hertrich,
2024]. . e 28



17

18
19

20

21
22

23

24

25

26

27

28
29

30

31

32

43
44

Examples of selected high false positive test areas in Berlin, ordered by
category: (a{c) high FP land cover / land use classes; (d{f) characteristic
Berlin urban scenes; (g{j) manually added complex falsepositive cases.

Eachtile covers 1km. . . . ... .. .. ... ... ... . ... .... 31
Error from Min{Max normalization of small tiles. . . .. ... .. .. .. 35
Example of tiles with 20% overlap marked by the yellow bands. Image is

from the testdatainBerlin. . . . . ... ... ... ... ..., 40

Comparison of model performance across di erent overlap settings. The

0% overlap case is signi cantly below the others, making di erences be-
tween higher overlaps harder to distinguish. . . . . .. .. ... .. ... 40
Performance metrics across overlap settings. . . . . ... .. ... .. .. 41
Impact of varying the decision threshold (0.0 to 1.0) on di erent evaluation
metrics. Lower thresholds increase recall but reduce precision, while higher
thresholds improve precision at the expense ofrecall. . . . ... ... .. 42
Impact of varying the decision threshold (0.1 to 1.0) on evaluation metrics.

The 0.0 case is omitted to make the di erences between thresholds more

distinguishable. . . . . . . . . .. .. .. 42
Example of the additional Brandenburg training region targeting very large

and green roofs. . . . . .. 44
Example of the additional Duisburg training region targeting harbour
scenes with large vessels. . . . . . . . . . ... . L L o 44
Change in evaluation metrics when adding tiles from the Brandenburg
region (large roofs) in 20% increments. . . . . . .. ... ... ... ... 45
Change in evaluation metrics when adding tiles from the Duisburg region
(harbour with large vessels) in 20% increments. . . . . .. .. ... ... 45

Building footprints of Berlin as extracted by the improved CNN-based model. 52
Integration of data sources: census polygons (blue) provide demographic
information on migrant population, while building footprints (red) sup-

ply geometry and functional attributes from LoD2 and OSM. The merge
enables building level analysis of how migrant share relates to building use. 53
Examples of improvements across heterogeneous landscapes. In each case
(bridges, forests/roads, and water), the improved pipeline reduces false
positives and re nes building footprint predictions. . . . . ... ... .. 57
Intersection areas between predicted building footprints and land cover
classes for Berlin. Y-Axis shows the amount of intersecting square kilometers. 74
Intersection areas between predicted building footprints and land use classes

for Berlin. Y-Axis shows the amount of intersecting square kilometers. . 75
Forest: baseline vs. Z-score normalized prediction. . . . . . .. ... ... 79
Industrial area: baseline vs. Z-score normalized prediction. . . . . .. .. 80



45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66

67
68
69
70
71
72

73

74
75

76
77

Inner city: baseline vs. Z-score normalized prediction. . . . . . ... ... 80

Small street through forest: baseline vs. Z-score normalized prediction. . 81
Water at mosaic edge: baseline vs. Z-score normalized prediction. . . .. 82
Streets & railway: baseline vs. Z-score normalized prediction. . . . . . .. 82
Water: baseline vs. Z-score normalized prediction. . . . .. .. ... ... 83
Water riverbank: baseline vs. Z-score normalized prediction. . . . . . .. 84
Housing area: baseline vs. Z-score normalized prediction. . . . . ... .. 84
Bridges & boats: baseline (Z-score) vs. DSM input. . . . . .. ... ... 85
Forest: baseline (Z-score) vs. DSMinput. . . . . . .. ... ... ..... 86
Industrial area: baseline (Z-score) vs. DSM input. . . . . ... ... ... 86
Inner city: baseline (Z-score) vs. DSMinput. . . . . .. .. ... .. ... 87
Small street through forest: baseline (Z-score) vs. DSM input. . . . . . . 88
Water at mosaic edge: baseline (Z-score) vs. DSM input. . . . . ... .. 88
Streets & railway: baseline (Z-score) vs. DSM input. . . . .. ... ... 89
Water: baseline (Z-score) vs. DSMinput. . . . . .. ... ... ... ... 89
Water riverbank: baseline (Z-score) vs. DSMinput. . . . . . . ... ... 90
Housing area: baseline (Z-score) vs. DSMinput. . . . . . ... ... ... 90
Bridges & boats: baseline (DSM) vs. improved overlap con guration. . . 91
Forest: baseline (DSM) vs. improved overlap con guration. . . . . . . .. 92
Industrial area: baseline (DSM) vs. improved overlap con guration. . . . 92
Inner city: baseline (DSM) vs. improved overlap con guration. . . . . . . 93

Small street through forest: baseline (DSM) vs. improved overlap con gu-
ration. . . . . .. 94
Water at mosaic edge: baseline (DSM) vs. improved overlap con guration. 94

Streets & railway: baseline (DSM) vs. improved overlap con guration. . . 95
Water: baseline (DSM) vs. improved overlap con guration. . . . . . . .. 95
Water riverbank: baseline (DSM) vs. improved overlap con guration. . . 96
Housing area: baseline (DSM) vs. improved overlap con guration. . . .. 96
Bridges & boats: baseline (train 20%, test 10% overlap) vs. decision thresh-

old 0.3. . . . . e 97
Bridges & Boats: baseline (train 20%, test 10% overlap) vs. decision thresh-

old 0.3. . . . . . e 98
Forest: baseline (train 20%, test 10% overlap) vs. decision threshold 0.3. 99
Industrial area: baseline (train 20%, test 10% overlap) vs. decision thresh-

old 0.3, . . . . 99

Inner city: baseline (train 20%, test 10% overlap) vs. decision threshold 0.3.100
Small street through forest: baseline (train 20%, test 10% overlap) vs.
decision threshold 0.3. . . . . . . . . . . . . . ... 101



78

79

80
81

82

Water at mosaic edge: baseline (train 20%, test 10% overlap) vs. decision

threshold 0.3. . . . . . . . . . . 101
Streets & railway: baseline (train 20%, test 10% overlap) vs. decision
threshold 0.3. . . . . . . . . . . 102

Water: baseline (train 20%, test 10% overlap) vs. decision threshold 0.3. 103
Water riverbank: baseline (train 20%, test 10% overlap) vs. decision thresh-

old 0.3. . . . . e 103
Housing area: baseline (train 20%, test 10% overlap) vs. decision threshold

0.3, . e 104



1 Introduction

According to Li et al. [2024b, p. 2], building footprints are the "two-dimensional (2D)
visual representation of a building, describing its exact location, size, and shape on the
ground”. Figure 1 illustrates this concept, showing footprints extracted from aerial im-
agery.

Figure 1. Example of building footprints derived from aerial imagery (RGB from Web
map Service (WMS) Layer Berlin, DLR internal).

In the social sciences, accurate building footprint data are essential for tasks such
as estimating population distributions in regions where census information is outdated
or incomplete [Hertrich et al., 2025]. As shown by Wardrop et al. [2018], building out-
lines derived from remote sensing imagery serve as key covariates in models that predict
population density, enabling more informed research and policy making [Stiller et al.,
2021].

Yet, the relevance of building footprints extends far beyond data-poor contexts. In
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highly developed countries such as Germany, they represent a critical data layer for
multiple domains. Accurate and recent building footprint information underpins ur-
ban planning [Schiller et al., 2021], infrastructure monitoring, and environmental report-
ing [Milojevic-Dupont et al., 2023]. It also supports crisis management, for instance
in ood risk assessment or disaster response [Bhuyan et al., 2023] and contributes to
socio-economic analysis by serving as proxies for population distribution and housing
supply [Bakillah et al., 2014]. In short, building footprints are indispensable geospatial
information for both scienti ¢ research and public administration [Krause et al., 2022].

Despite their importance, no recent and comprehensive nationwide register of building
footprints exists in Germany. Instead, information is fragmented across multiple admin-
istrative systems, and no single source provides complete or uniform coverage [Krause
et al., 2022].

Cadastral o ces, for example, record geolocations and selected structural attributes
of buildings. Boundaries are measured through terrestrial surveys and documented as two
dimensional ground plans in the o cial digital cadastral map (Digitale Flurkarte, DFK).
This process is slow and labor intensive, often resulting in delays of several months
between the completion of a building and its appearance in the records (e.g. Figure
2). Moreover, the system relies on building owners reporting construction or demolition
activities, if these are not communicated, undocumented buildings remain absent from
the DFK altogether [Li et al., 2020].

Building authorities (Bauaufsichtsbeherden) represent another potential source of
footprint information, as they collect data during permit procedures or when projects
are subject to noti cation. Depending on state regulations, this may include site plans,
construction drawings, and other attributes [Maenning and Just, 2012]. However, their
data is also incomplete. Many projects are now permit- or noti cation-exempt, so new
builds or demolitions are not consistently recorded. In addition, discrepancies between
approved plans and completed buildings are not always documented, further limiting
their value for nationwide coverage [Li et al., 2020].

Finally, the census survey (Gebaude- und Wohnungszahlung, GWZ) provides detailed
information on building footprints and housing spaces, most recently in 2011 and 2022.
Yet these data cannot be repurposed to build an administrative register, as they are
protected by the principle of statistical secrecy (Statistikgeheimnis) [Krause et al., 2022].

To address the fragmented data landscape, the Federal Statistical O ce (Statistisches
Bundesamt) has proposed the creation of a nationwidéebaude- und Wohnungsregister
(GWR) [Krause et al., 2022]. This register shall be based on a survey of property owners,
similar to the building and housing census, and shall be maintained by integrating updates
from existing administrative sources such as cadastral data, construction permits, and
tax records. To ensure consistency across these sources, unique identi ers for every
building shall be introduced. However, this register is still far from being nished [Graaf



(a) Industrial area in Berlin (b) Newly built area in Berlin

Figure 2: Example for buildings that are not included into the DFK. The purple areas
represent the available cadastral data. Buildings that are visible but not covered by
purple indicate structures that are missing from the o cial DFK dataset.

and Steuwer, 2025], and therefore not a feasible solution of the current lack of building
footprint information.

Another available source for building footprints is Open Street Map (OSM) data, a
global, collaborative mapping project that provides freely accessible geospatial data con-
tributed by volunteers. The platform allows users to digitize and edit building footprints
[Weber and Haklay, 2008]. But in the OSM data, many small buildings are missing, and
those building footprints that exist, often show a strong o set to real world reference
[Fan et al., 2014], making OSM data unsuitable for o cial tasks which require precise
information of building footprints [Herfort et al., 2023].

In light of the shortcomings of administrative and volunteered data sources, global ini-
tiatives that leverage arti cial intelligence and satellite imagery have emerged as promis-
ing alternatives [Touzani and Granderson, 2021]. One project is Microsoft's Building
Footprints initiative, which aims to create detailed, open access maps of building outlines
worldwide [Bing Maps, 2023]. Using deep learning algorithms trained on high resolution
satellite imagery, the project provides an automated approach to map building footprints.
For Germany, this means access to a regularly updated, uni ed layer of building footprint
data.

However, limitations remain: building detection quality depends heavily on the reso-
lution and recency of satellite imagery, and errors such as misclassi cations, missing small
structures, or footprint simpli cation can still occur especially in urban areas [Touzani
and Granderson, 2021].

In response to these limitations of administrative and global datasets, the German
Statistical O ce in collaboration with the Federal Agency for Cartography and Geodesy
(Bundesamt fur Kartographie und Geodasie) has initiated the research projeGat4GWR,



conducted by the German Aerospace Center (DLR) [Hennig et al., 2025]. The project
applies CNN-based deep learning models to high resolution aerial imagery and LiDAR
derived height pro les to automatically detect building footprints. Compared to global
initiatives such as Microsoft's building footprints, Sat4GWR leverages the ner resolution
of aerial data, allowing for more precise extraction of building footprints.

One contribution from the Sat4GWR project is the study by Stiller et al. [2023], which
systematically examined the challenges of building footprint segmentation, by using a
Deep Learning Model.

But their work ow and model also revealed limitations: frequent false positives in
rural settings (e.g., water bodies, forests) and di culties in complex urban areas such as
bridges or railway infrastructure (Figure 3). These shortcomings highlight the need for
further methodological re nements to ensure reliable nationwide application.

The main goal of this thesis is to reduce misclassi cations while ensuring highly precise
building detection. Rather than modifying the model architecture, which was already
thoroughly optimized by [Stiller et al., 2023], this work will focus on improving the
surrounding components of the data pipeline. Speci cally, the investigation will target
enhancements in pre- and post-processing procedures, as well as in the selection and
composition of the training data. The main research question (RQ) is therefore:

A

RQ 1: Can optimization of pre-processing, post-processing and training
data selection improve building footprint detection of the CNN model
proposed by Stiller et al. [2023]?

This main research question shall be targeted by several sub questions (presented in
Table 1) which aim to identify which settings regarding pre- and post-processing, as well
as training data selection, will lead to the best results.



Table 1: Summary of the main research question and its sub-questions.

RQ Research Question

RQ1 Can optimization of pre-processing, post-processing and training data se-
lection improve building footprint detection of the CNN model proposed
by Stiller et al. [2023]?

RQ1.1 Does normalization of input data improve the accuracy of building foott
print detection compared to unnormalized inputs?

RQ1.2 Which normalization strategy (Z-score or Min{Max) provides better re-
sults in heterogeneous landscapes?

RQ1.3 Do models that combine RGB and height information (DSM or nDSM)
outperform models using only RGB data?

RQ1.4 Does the use of a DSM provide better performance than an nDSM by
o ering richer contextual information?

RQ1.5 Does introducing overlap between adjacent tiles improve building foot
print detection compared to non-overlapping tiling?

RQ1.6 Can adjusting overlap di erently in the training and inference phases
lead to better performance?

RQ1.7 Does optimizing the decision threshold for class assignment in overlgp-
ping tile regions improve building footprint detection compared to default
majority voting?

RQ1.8 Does increasing the diversity of training data by adding targeted regions
that cover known failure cases improve overall detection accuracy?

Beyond these technical questions, this thesis also includes an applied case study (Sec-
tion 8) to highlight the broader value of improved building footprint data for the social
sciences. The case study focuses on Berlin and demonstrates how Convolutional Neural
Network (CNN) derived footprints, when linked with demographic and land use informa-
tion, can be used to investigate substantive urban questions. In particular, it examines
the relationship between migration and the functional composition of the building stock.
Migration has been one of the main drivers of demographic change in Berlin, raising
guestions about how migrant presence interacts with the city's housing supply and com-
mercial infrastructure. The case study therefore addresses the following social science
research question:

~

RQ2: Is a higher migration share associated with the balance between
housing and commercial functions in Berlin's building stock?

5



2 Literature

The rst attempts to automate building footprint extraction from aerial or satellite im-
agery relied on rule based algorithms [Bouziani et al., 2010] and classical machine learning
[Van Nguyen et al., 2015]. The rst approach struggles with complex urban buildings and
the second needs a wast amount of labeled data, when used in new environments [Dabove
et al., 2024]. As a result, their generalizability to new environments was limited. Around
the mid 2010s, deep CNNs began to transform aerial image analysis. In 2015{2016,
pioneering studies [Saito et al., 2016, Alshehhi et al., 2017] showed that CNNs could
signi cantly outperform earlier methods in detecting buildings by automatically learn-
ing features from large datasets, which made Deep Learning quickly the state of the art
approach for this task [Luo et al., 2021]. By 2017, encoder-decoder CNNs with skip
connections like U-Net [Maggiori et al., 2017] and SegNet [Bischke et al., 2019] emerged,
yielding much higher accuracy and more coherent building shapes than earlier methods
[Luo et al., 2021].

Between 2018 and 2020, research on building footprint segmentation focused on mak-
ing models more accurate and robust by improving both architecture and training strate-
gies [Luo et al., 2021]. A key direction was the use of multi scale models. Since building
morphology range from tiny sheds to large complexes and are embedded in diverse sur-
roundings, networks such as DeepLab introduced multi-scale feature fusion (e.g. Atrous
spatial pyramid pooling), improving building detection at di erent scales [Ryuhei Ham-
aguchi et al., 2018]. At the same time, transfer learning with pretrained CNNs, based
on large datasets (e.g. ImageNet) was used [Iglovikov and Shvets, 2018]. Additionally,
researchers increasingly turned to data fusion: supplementing RGB imagery with ad-
ditional sources such as infrared layerss or height information from LIiDAR and stereo
derived DSMs. These multi modal approaches helped separate buildings from visually
similar objects and provided richer input features [Liu et al., 2019, Dabove et al., 2024].

Transformer based models for building footprint segmentation in aerial and satellite
imagery started to appear around 2021. Their main advantage lies in the ability to capture
long range contextual information, which led to more accurate footprint detection [Chen
et al.,, 2021]. By 2024 transformer based segmentation of building footprints matured
reported not only higher accuracy, but also a better generalization across di erent urban
areas, compared to purely CNN based models [Gibril et al., 2024].

Nevertheless, CNNs remain highly competitive for building extraction from aerial im-
agery. As Angelis et al. [2023] point out, transformers are computationally more expensive
and memory intensive than CNNs, which directly impacts inference speed. This is a crit-
ical consideration for applications involving high-resolution imagery at large scale. For
projects aiming to map extensive, heterogeneous regions such as entire countries, CNN
architectures thus continue to o er a favorable balance between accuracy and e ciency.



Additionally CNNs are more data e cient and better suited to limited label regimes
[Rosy et al., 2025]. One representative example of a CNN-based study that was trying
to approach the problem of building detection in aerial imagery was that of Stiller et al.
[2023]. The authors systematically addressed the challenges of building segmentation
from high resolution remote sensing images, focusing on urban environments with com-
plex spatial and morphological features. The authors generated a comprehensive building
dataset covering approximately 34.5 kiacross various cities in North Rhine-Westphalia,
integrating both orthophotos (including RGB and near infrared layers) and normalized
digital elevation models (nDSM). This diverse dataset allowed the authors to design
nearly 500 experimental con gurations, where the authors analyzed systematically the
in uence of multiple factors such as model architecture, spatial resolution, input image
size, training region diversity, and label accuracy. The authors systematically evalu-
ated model accuracy. The ndings revealed that the FPN architecture with the resnet50
encoder backbone achieved the best overall results, when combining orthophotos with
nDSM data, substantially improving building detection and separation from background
structures. Although the CNN models developed by Stiller et al. [2023] demonstrated
strong performance on the North Rhine-Westphalia dataset, they show limitations in
other settings. This is evident in rural areas characterized by natural features such as
water bodies (Figure 3b), forests, and narrow roads. Moreover, the model also struggles
in complex urban environments, for instance, around bridges or railway infrastructure
(Figure 3a) where structural ambiguity increases the risk of misclassi cations.

The primary problem observed is a high rate of false positives (FP): regions that do
not contain buildings are frequently misidenti ed as such. These errors are especially
prevalent in settings where non building objects share visual or textural similarities with
built structures. Consequently, the model's reliability diminishes outside the specic
urban contexts in which it was originally trained.

(a) Example for FP in an urban setting (b) Example for FP in a rural setting

Figure 3: The red areas were detected as buildings by the model.



While the in uence of di erent model architectures has already been thoroughly in-
vestigated by Stiller et al. [2023], it is crucial to recognize that network design is not
the only factor in uencing the performance of deep learning work ows. For CNN-based
models, which input data is selected, how input data are prepared and how raw outputs
are re ned can be equally decisive. In image based deep learning tasks, preprocessing
constitutes the initial stage in which raw data are transformed into a form more suitable
for CNN training. The underlying mechanisms vary, but the overall goals are consistent:
to improve data quality, ensure consistency across inputs, stabilize and accelerate the
training process, enhance generalization to unseen data, and ensure compatibility with
CNN architectures [Li et al.,, 2019]. Raw images frequently contain noise or low qual-
ity visual information caused by factors such as radiation e ects, shadows, or varying
illumination. Preprocessing mitigates these issues through techniques such as e.g. color,
contrast, and brightness adjustments, augmentation (e.g., ipping, resizing), noise I-
tering, and resolution modi cations. These operations enhance feature clarity, making
patterns more recognizable for CNNs and often improving model performance [Koresh,
2024]. Postprocessing steps, on the other hand, re ne the model's raw predictions. They
address common CNN limitations such as e.g. blurred boundaries or false positives and
produce vector ready building footprints suitable for GIS applications. Examples include
morphological ltering, boundary regularization, and polygon simpli cation [Wei et al.,
2020]. Comparative studies demonstrate that models trained and applied without robust
pre- and postprocessing pipelines are prone to higher error rates and reduced transfer-
ability to new environments [Sakeena et al., 2023, Liu et al., 2018]. Equally important
is the selection of training data. CNN based segmentation models depend on the repre-
sentativeness of their training sets to learn discriminative patterns, and models trained
on thematically limited data often struggle to generalize to new environments [Maggiori
et al.,, 2017, Audebert et al., 2018]. Recent studies con rm that these supporting proce-
dures strongly a ect performance but are often overlooked in comparison to architecture
[Chawda et al., 2018].

This thesis addresses this gap by systematically evaluating key pre-processing, post-
processing strategies, and training data selection for CNN-based building footprint ex-
traction. Rather than proposing a new architecture, the focus lies on improving the
e ciency and reliability of existing models by conducting a series of experiments de-
signed to enhance the performance of the overall deep learning work ow. By analyzing
aspects of these three components systematically, this thesis provides a structured frame-
work for understanding how supporting procedures, in addition to architecture, govern
the performance and robustness of building footprint extraction models [Clark et al.,
2023].

H1. Main Research Hypothesis. Improving preprocessing routines, postprocessing



strategies, and training data selection enhances the accuracy of CNN based building foot-
print extraction.

The speci ¢ hypotheses presented in the following sections are formulated as sub-
hypotheses that address this overarching research hypothesis. Each of them isolates and
tests a distinct factor that may in uence the performance of the model. Together, these
sub-hypotheses provide a systematic framework to evaluate how supporting steps around
the core CNN architecture contribute to the task of detecting building footprints in high
resolution aerial imagery.

2.1 Normalization

Normalization is one of the most fundamental preprocessing steps in deep learning pipelines
for semantic segmentation. It rescales or standardizes input values so that features are
expressed on a comparable scale, preventing single layers or pixel intensities from dis-
proportionately in uencing model training. In computer vision, normalization has long
been shown to stabilize optimization, accelerate convergence, and improve generalization
across diverse test sets [Lecun et al.,, 1998]. In remote sensing applications, common
approaches include Min-Max normalization, which rescales input data to a xed inter-
val (e.g., [0,1]), and Z-score normalization, which centers values around zero with unit
variance [Jeon et al., 2021].

For building footprint detection, normalization has direct implications for segmen-
tation quality. Buildings can occur in highly heterogeneous settings: dense urban cores
with sharp contrasts, but also homogeneous rural landscapes where pixel values vary only
slightly. Tile wise Min-Max normalization, for example, can distort these subtle di er-
ences by stretching narrow value ranges, e ectively erasing discriminative information in
uniform areas such as water bodies or large roofs. Z-score normalization, by contrast,
tends to preserve variance across tiles, leading to more stable predictions [Jeon et al.,
2021].

Theoretical Argument. If normalization ensures consistent scaling of training and
testing data, models are better able to generalize across heterogeneous imagery, reducing
false positives in spectrally similar non building areas. Conversely, inconsistent or poorly
chosen normalization settings distort the input, degrade feature learning, and in ate
commission errors. Thus, careful evaluation of normalization strategies is theoretically
essential to advancing the quality of building footprint extraction.

Research Hypotheses.



H1.1. Normalization of input data improves the accuracy of building footprint detection
compared to unnormalized inputs.

H1.2. Z-score normalization outperforms Min-Max normalization in heterogeneous land-
scapes, due to its robustness to varying pixel distributions and outliers.

2.2 Height Input Layer

Beyond spectral information, height cues play a central role in improving the separa-
bility of buildings from spectrally similar surfaces. Optical imagery alone often fails to
distinguish light colored roofs from roads, industrial hardscapes, or even re ective water
surfaces. To address this limitation, many studies have combined RGB imagery with
height information derived from Light Detection and Ranging (LiDAR) data. Two ver-
sions of this derived data are Digital Surface Models (DSM) (Section 4.2.1) [Dabove
et al., 2024] and normalized DSMs (nDSM) Section 4.2.3) [Stiller et al., 2023], which
represent the elevation of objects above ground level. The inclusion of vertical structure
provides a powerful discriminative feature, as buildings are typically elevated above their
surroundings, while most non building classes lie close to ground level [Liu et al., 2019].

In remote sensing research, height information has repeatedly been shown to improve
building extraction accuracy. Liu et al. [2019] found that CNNs trained with combined
RGB and DSM inputs achieved signi cantly higher loU and F1 scores than those trained
with RGB data alone. However, despite the benets, the literature still debates the
most e ective form of height representation. While DSMs encode absolute elevation,
including terrain undulations, nDSMs isolate relative heights and thus emphasize vertical
structures. Each representation carries advantages and drawbacks: DSMs can provide
richer topographic context, but may introduce confusion in hilly landscapes; nDSMs
simplify the height pro le but may suppress useful contextual variation [Audebert et al.,
2018].

Theoretical Argument. Theoretically, adding height information should enhance the
model's ability to discriminate between buildings and spectrally similar non building
surfaces. nDSMs are expected to improve completeness by ensuring that even spectrally
ambiguous buildings are detected, while DSMs may reduce false positives by incorporating
full terrain context. Conversely, removing height layers (removing nDSM or DSM data)
should lead to worse results through all metrics, as the model is forced to rely solely
on spectral cues. Thus, evaluating the contribution of di erent height representations is
essential to determine which con guration maximizes the model results.

Research Hypotheses.
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H1.3. Models using combined RGB and height information (DSM or nDSM) outperform
models using only RGB data.

H1.4. The use of DSM data as the fourth layer improves the model results compared to
nDSM, as absolute elevation provides richer contextual information.

2.3 Tile Overlap

In deep learning work ows for semantic segmentation of high-resolution aerial imagery,
large images are typically partitioned into smaller tiles to t GPU memory constraints.
While this tiling step is unavoidable, it introduces boundary e ects: objects cut at tile
edges are often segmented incompletely, leading to discontinuities or missing detections.
To mitigate these artifacts, many studies employ overlapping tiles, ensuring that bound-
ary pixels are observed in multiple contexts during training and prediction. Overlap
thus provides contextual redundancy that improves segmentation accuracy, particularly
at object boundaries [Reina et al., 2020, Volpi and Tuia, 2016].

Increasing the overlap ratio has been shown to enhance boundary delineation and
reduce edge artifacts [Sherrah, 2016]. However, higher overlaps also in ate the num-
ber of training and testing patches, which signi cantly increases computational cost.
Consequently, overlap design involves balancing segmentation accuracy against runtime
e ciency [Reina et al., 2020]. The work by Audebert et al. [2018] further suggests that
the overlap ratio does not necessarily need to be identical during training and testing: a
carefully chosen combination may provide accuracy gains while reducing computational
load.

Theoretical Argument. From a theoretical perspective, overlap improves the model's
ability to capture contextual cues across object boundaries, thereby reducing false nega-
tives (missed buildings) and false positives (fragmented or spurious detections) near tile
edges. Moreover, di erent overlap strategies between training and inference may shift
the balance between redundancy and e ciency.

Research Hypotheses.

H1.5. Introducing overlap between adjacent tiles improves building footprint detection
compared to non overlapping tiling.

H1.6. Changing the overlap between the training and inference phase can have a positive
impact on the model results.

11



2.4 Decision Thresholds

In the deep learning work ow of Stiller et al. [2021], the model outputs hard class la-
bels for each pixel. It produces predictions indicating whether a pixel belongs to the
background or to the building class. Due to tile overlap, some pixels receive multiple
predictions from di erent tiles. To transform these probabilities into a binary mask, a
decision thresholdmust be applied. This threshold de nes the cuto above which a pixel

is classi ed as building and below which it is classi ed as background [Reina et al., 2020].
Although several studies adopt the default value of 0.5 [Roth et al., 2018, Reina et al.,
2020, Cira et al., 2024], and therefore a majority vote, research shows that varying the
threshold parameter directly impacts model performance [Wu et al., 2019]. Lower thresh-
olds increase sensitivity by labeling more pixels as positive, which improves recall but also
increases false positives (commission errors). Higher thresholds, in contrast, reduce false
positives but risk omitting true positives (omission errors) [Sherrah, 2016]. The work by
Bohao Huang et al. [2018] has highlighted that threshold optimization can lead to mea-
surable improvements in segmentation tasks, particularly in heterogeneous landscapes
where class boundaries are ambiguous. Moreover, threshold tuning is computationally
inexpensive compared to architectural modi cations, making it attractive for large scale
applications such as nationwide building mapping. The novelty of the approach in this
study is that instead of relying solely on majority voting, all thresholds between 0 and 1
are systematically evaluated, and the setting yielding the best results is selected.

Theoretical Argument. From a theoretical perspective, the decision threshold di-
rectly governs the trade-o between omission and commission errors in building footprint
detection. A lower threshold prioritizes completeness, increasing the likelihood that even
tiles with limited discriminative features (e.g., without visible roof edges) are still clas-
si ed as buildings. Conversely, a higher threshold prioritizes correctness, ensuring that
predicted building labels are more reliable, but at the expense of overlooking marginal or
ambiguous cases. ldentifying an optimal threshold is therefore crucial to balance these
competing objectives.

Research Hypotheses.

H1.7. Optimizing the threshold for class assignment in overlapping tile regions improves
building footprint detection performance compared to the default majority voting
approach.

2.5 Additional Training Data

The quality and diversity of training data are among the most decisive factors in deep
learning for remote sensing [Maggiori et al., 2017]. Unlike classical methods, where per-
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formance depends heavily on handcrafted features, CNN-based segmentation models rely
on the representativeness of the training set to learn discriminative patterns [Wu et al.,
2019]. Studies have shown that models trained on thematically limited data often struggle
to generalize to new environments. Errors frequently arise in settings that are underrep-
resented in the training data [Audebert et al., 2018, Liu et al., 2019].

One approach to mitigate these weaknesses is to enrich the training data with ad-
ditional samples speci cally targeting those areas or objects that have high error rates.
Targeted sampling strategies have been applied in semantic segmentation to improve
performance on rare or di cult classes. This method has been called "active learning”
by [Tuia et al., 2016]. In building extraction, expanding training datasets with comple-
mentary regions has been shown to improve robustness across urban morphologies [Li
et al., 2021]. However, the e ectiveness of this strategy is not guaranteed: adding data
that di ers too strongly from the target distribution can lead to marginal gains or even
degraded performance due to domain shift [Persello and Bruzzone, 2014].

Theoretical Argument. From a theoretical standpoint, training data diversity is ex-
pected to improve generalization by exposing the model to a wider range of spectral,
structural, and contextual patterns. Speci cally, areas or objects that the model does
not perform well shall be added to the training data. Nonetheless, if the new samples
di er substantially from the target domain, they may introduce noise or bias rather than
improve performance. Careful evaluation is therefore necessary to determine whether
targeted additions meaningfully contribute to accuracy or whether they instead dilute
the representativeness of the training set.

Research Hypotheses.

H1.8. Increasing the diversity of training data by adding targeted regions addressing
known failure areas/objects improves overall building footprint detection accuracy.

13



Summary of Research Hypotheses

Table 2: Summary of the main research hypothesis and its sub-hypotheses

Hypothesis Statement

H1 Improving preprocessing routines, postprocessing strategies, and training
data selection enhances the accuracy of CNN based building footprint
extraction.

H1.1 Normalization of input data improves the accuracy of building footprint

detection compared to unnormalized inputs.

H1.2 Z-score normalization outperforms Min-Max normalization in heteroge
neous landscapes, due to its robustness to varying pixel distributions and
outliers.

H1.3 Models using combined RGB and height information (DSM or nDSM
outperform models using only RGB data.

H1.4 The use of DSM data as the fourth layer improves the model results
compared to nDSM, as absolute elevation provides richer contextual in-
formation.

H1.5 Introducing overlap between adjacent tiles improves building footprint
detection compared to non overlapping tiling.

H1.6 Changing the overlap between the training and inference phase can have
a positive impact on the model results.

H1.7 Optimizing the threshold for class assignment in overlapping tile regions
improves building footprint detection performance compared to the de
fault majority voting approach.

H1.8 Increasing the diversity of training data by adding targeted regions ad
dressing known failure areas/objects improves overall building footprin
detection accuracy.

—

3 Model

With the problem context and hypotheses established, follows the introduction of the
neural network (NNs) foundation of this approach. To provide a clear methodological
foundation for the subsequent tests in the methodology part, the following section in-
troduces the NNs model underlying this approach, beginning with the basics of neural
networks, Deep Learning and CNNs.
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3.1 Neural Networks

NNs are a class of machine learning models designed to approximate complex, often non-
linear relationships in large datasets [Wu and Feng, 2018]. In computer vision tasks like
semantic segmentation, NNs can learn to map pixel values directly to semantic categories,
thereby enabling automated extraction of structures such as buildings from aerial imagery
[Audebert et al., 2018].

At the core of NNs lies the perceptron [Rosenblatt, 1958], a simple computational
unit. Figure 4 illustrates its basic structure. Each perceptron receives a set of inputs

of that feature for the current task. A bias termb is added, which shifts the decision
boundary and allows more exibility in learning. The weighted inputs are summed, and
the result is passed through a non-linear activation function, producing the output a,
[Singh and Banerjee, 2019]. Depending on the task, this output can take di erent forms:
in a binary classi cation setting it might be a single probability between 0 and 1 (e.g.
the likelihood that a pixel belongs to a building), in multi-class classi cation it can be

a probability distribution across several classes, and in regression tasks it represents a
continuous value [Lecun et al., 2015].

Figure 4: Perceptron visualization, adapted from Singh and Banerjee [2019].

During training, the weights and bias are initially randomized. Predictions are com-
pared to the true labels using doss function (L), which quanti es how far the model's
predictions deviate from the correct outputs. In classi cation tasks, the most common
choice is thecross-entropy losgGoodfellow et al., 2016], de ned as

X
L = Yelog(¥e);

c=1

where M is the number of classesy. is the true label (1 if the sample belongs to
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classc, 0 otherwise), andy? is the predicted probability for classc. This loss penalizes
con dent but incorrect predictions more strongly, encouraging the model to assign high
probability to the correct class.

To minimize the loss, the network parameters = fw;;bg are updated usinggradi-
ent descent In this procedure, the gradientr L( ) is computed [David E. Rumelhart
et al., 1986], indicating how much the loss changes with respect to each parameter. The
parameters are then adjusted in the opposite direction of the gradient:

(t+1) — (1) r L( )’

where is the learning rate, controlling the step size. Herd, denotes the iteration
step in training:  are the parameters before the update, and™*V the parameters
after applying one gradient descent step. This iterative process aims to converge toward
a (local) minimum of the loss function. Training proceeds over multiplepochs where
one epoch corresponds to a complete pass through the training dataset [Goodfellow et al.,
2016].

3.2 Deep Learning

A single perceptron can model only simple linear relationships. By combining many
perceptrons into layers, and stacking these layers together, one obtaindValti-Layer
Perceptron (MLP). In an MLP, outputs from one layer of perceptrons serve as inputs to
the next, enabling the network to learn increasingly complex, non-linear representations
[Prince, 2023]. The intermediate layers between input and output are callédden layers
because they are not directly observed in the data or labels but instead learn internal
feature representations that facilitate the nal prediction [Bishop, 1995]. This step from
single units to deep architectures marks the essence of deep learning [Goodfellow et al.,
2016].

Figure 5 illustrates a generic deep learning model with multiple hidden layers, high-
lighting how information ows from input features through successive transformations to
the output layer.
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Figure 5: Example of a fully connected neural network witlD; = 3 input features x,

D, = 2 output units y, and K = 3 hidden layers h; hy; hs of sizesD; = 4, D, = 2,
and D3 = 3 respectively. The weights are represented by matrices, that transform the
activations from one layer into pre-activations for the next layer. For example,; 2 R? 4
maps the four activations inh; to the two units in h,. Bias terms are stored in vectors
and have dimensions matching the layer they feed into; for instance; 2 R 3 corresponds

to the three units in hs. Information ows strictly from the input layer to the output
layer, making this a simple example of a deep learning network structure. Image sourced
from Prince [2023].

Deep learning excels at autonomously learning meaningful representations from raw
input data, a capability that proves especially valuable in high-dimensional domains with
abundant training samples [Lecun et al., 2015].

Modern deep learning extends beyond MLPs through specialized architectures de-
signed for di erent data types.

3.3 Convolutional Neural Networks

CNNs are a class of neural networks designed to process grid structured data such as
images. Unlike fully connected NNs, which connect every neuron in one layer to every
neuron in the next (Figure 5), CNNs exploit local connectivity: each convolutional layer
applies a set of learnable Iters (kernels) to small regions of the input. This enables the
network to detect simple patterns such as edges, corners, and textures in early layers,
and more complex structures such as shapes or object parts in deeper layers [Lecun et al.,
1993].

A key advantage of CNNSs is parameter sharing. The same lter is applied across the
entire input image, meaning that the number of parameters is independent of image size
and that learned features recognized in one location can also be recognized elsewhere.
Pooling layers are often added between convolutional layers to downsample the spatial
resolution, thereby increasing the receptive eld and reducing computational cost, while
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retaining the most important features [Goodfellow et al., 2016].

For semantic segmentation, where each pixel is assigned a class label, CNNs act as
the primary feature extractors. Combined with decoder mechanisms in encoder{decoder
networks, they recover ne spatial detail after downsampling. This makes CNNs well
suited to high-resolution remote sensing tasks such as building footprint detection [Prince,
2023].

Figure 6: Example of a 2D convolution on an RGB image. A 33 kernel slides across the
image to generate feature maps, enabling the network to detect local patterns e ciently.
Image source: Prince [2023].

3.4 The Encoder{Decoder Principle

Many modern semantic segmentation architectures, including the model used in this work,
follow an encoder-decoder principle (Figure 7). The encoder transforms the input image
into a series of abstract feature representations by applying convolutional operations and
downsampling. This process captures high level semantic information while reducing
spatial resolution. The decoder then takes these abstract features and reconstructs a
dense, pixel level prediction map, using upsampling operations.

Encoder{decoder networks benet from combining features across resolutions: low-
level features preserve spatial detail, while high-level features capture semantic context.
Fusing these multi-scale representations, as in Feature Pyramid Networks (FPNs), yields
segmentation maps that are both precise and semantically rich, enabling robust detection
of objects of varying sizes and shapes [Lin et al., 2017].
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Figure 7. Example of an encoder{decoder network for semantic segmentation. The en-
coder (left part) reduces the input image to a compact feature representation using convo-
lutions and pooling, while the decoder (right part) upsamples this representation through
transposed convolutions to produce a pixel-wise classi cation map with class probabilities
for each pixel. Figure and explanation Prince [2023]

3.5 Model Architecture and Usage

The model used in this work builds upon the framework established by [Stiller et al., 2023]
(work ow in Figure 9), which identi ed an architecture for building footprint detection.

It employs a ResNet-50 backbone as the encoder and a Feature Pyramid Network (FPN)
as the decoder.

The ResNet-50 encoder is a deep convolutional network with residual connections
that allow many layers to be trained without performance degradation [He et al., 2016].
These skip connections enable the network to learn residual mappings instead of direct
transformations, resulting in more e cient optimization. As the input passes through the
encoder, it is transformed into a hierarchy of feature maps with decreasing spatial reso-
lution but increasing semantic abstraction. The FPN decoder reconstructs ne-grained
prediction maps from this hierarchy using a top{down pathway with lateral connections
(Figure 8) Lin et al. [2017].
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Figure 8: Schematic illustration of the Feature Pyramid Network (FPN) structure, show-
ing the top{down pathway with upsampling, 1 1 convolutions for lateral connections, and
element-wise addition for multi-scale feature fusion. In the encoder{decoder paradigm
(Section 3.4), this represents the decoder stage, with the ResNet-50 backbone providing
the encoder feature maps. Image and explanation are from Lin et al. [2017].

Coarse, high-level features are upsampled and merged with ner, lower-level features
using 1 1 convolutions and element-wise addition. A 3 3 convolution is applied at
each stage to make the features more consistent.

At the output, a two-class softmax activation produces per-pixel probability maps for
binary segmentation

3.5.1 Training Phase

In the training phase (Figure 9), the model learns to separate building from non-building
pixels by comparing predictions against ground truth labels. Input data consist of nor-
malized RGB orthophotos combined with a height layer and the additional ground truth
layer, cut into 320 320 pixel tiles with adjustable overlap. The available dataset is
divided randomly into a training set (80%), used to update parameters, and a validation
set (20%), used to monitor generalization performance. These tiles and their correspond-
ing building masks are passed through the network, which produces probability maps for
each pixel. The predictions are compared to the labels using a soft cross-entropy loss
function, and the model parameters are updated through gradient based optimization.
To improve robustness, random ips, rotations, and color perturbations (data augmen-
tation) are applied during training, while batch normalization layers stabilize learning by
normalizing feature distributions. The encoder starts from ImageNet pre-trained weights
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[Deng et al., 2009], transferring general visual features to the building extraction task. At
the end of training, the model has learned a set of parameters that allow it to generalize
from the training data to unseen images.

3.5.2 Testing Phase

In the testing phase (Figure 9), the trained model is applied to new imagery to evaluate
its generalization ability. The inputs are, normalized Red Green, Blue layer (RGBs) and
a height layer tiled into 320 320 size tiles. For each tile, the model outputs a probability
map representing the likelihood that each pixel belongs to the building class. Where tiles
overlap, predictions are aggregated, by averaging, to produce probabilities for each pixel.

To convert these probabilities into a binary building mask, a decision threshold is
applied: pixels above the threshold are classi ed as buildings, while those below are
labeled as background. The resulting masks are re ned through post-processing steps,
including Douglas{Peucker simpli cation with a tolerance of 0.2m, which reduces noise
while preserving building geometry. To de ne how well the model works, the resulting
masks are compared to the ground truth.

Figure 9: Training and testing work ow of the CNN model used in this work

4 Data

This chapter details the datasets used to train, validate, and test the building footprint
model.
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41 RGB

Digital orthophotos (DOP) are georeferenced, high-resolution aerial images produced in
Germany according to state specic standards. For this work, TrueDOPs with a 10 cm
ground resolution were used. Unlike traditional orthophotos, which are projected onto a
terrain model, TrueDOPs employ a image based digital surface model (iDSM) that incor-
porates buildings, trees, and other elevated features. This corrects for radial displacement
and the \leaning" of tall objects by lling hidden areas with information from overlapping
images. The result is a geometrically accurate, complete representation of urban environ-
ments, well suited for mapping, planning, and GIS applications [NRW Geobasis, 2021].
A comparison to traditional DOPs is shown in Figure 10. All ortophotos used in this
work are True DOPs. Orthophotos are provided in four layers: red, green, blue (RGB)
and near-infrared (NIR). In this thesis, only the RGB layers of the TrueDOPs are used,
as the NIR band does not improve model performance [Hertrich, 2024]. Throughout the
text, the term RGBs refers to these three layers. Each image has a ground resolution of
0.1 m.

(a) Conventional DOP from 2016 (b) True DOP from 2019

Figure 10: Comparison between a traditional DOP and a True Orthophoto (True DOP)
[NRW Geobasis, 2021].

4.2 LIDAR data

Light Detection and Ranging (LiDAR) estimates distances by emitting short laser pulses
and measuring the time-of- ight of their returns. Airborne laser scanning (ALS) pro-
duces dense, georeferenced point clouds xify(; z) measurements that describe the three-
dimensional structure of the surface. Individual pulses can generate multiple returns
(‘rst, intermediate, last), which facilitates the separation of canopy tops from the ground
[Lillesand et al., 2015].

After acquisition, points are classied e.g., ground, vegetation, buildings, bridges,
noise, using automated algorithms with subsequent manual quality control. These classes
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are the base for the di erent height layers used in this work [Berlin Senatsverwaltung,
2021].

Because this work integrates datasets from multiple surveying authorities (NRW,
Berlin, Brandenburg), the underlying classi cation schemes di er by region. For example,
NRW provides a more granular set of classes than Brandenburg. To ensure comparabil-
ity between training and testing, class selections were harmonized per region so that the
derived DSM/DTM/nDSM layers have as similar semantics as possible. The resulting
class mappings, and which classes where selected to create the di erent height layers, are
documented in the Supplementary Materials ( 9).

421 DSM

A Digital Surface Model (DSM) represents elevations of the terrain including above-
ground objects such as buildings and vegetation. In contrast to a DTM, a DSM captures
the surface visible to the sensor and thus provides height cues that complement RGB
appearance and aid the separation of spectrally similar classes (e.g., roads vs. rooftops)
[Lillesand et al., 2015].

In this thesis, DSM rasters are derived from airborne LIDAR (ALS) point clouds.
The procedure was adapted to the procedure that was used on the test data in Berlin.
This procedure was explained by Matthias Weller from the Berlin surveying authority,
who is the responsible for the LIDAR based height layers in Berlin. Using the same
procedure, when working with the point clouds from di erent German federal states,
ensures consistency between the di erent datasets. The procedure begins by reading
LiDAR tiles (.laz /.las ) and Itering the point clouds to retain surface-relevant classes
(see the regional class tables; e.g., Tables 21, 22, and 23). The ltered LIiDAR points
(visualized in 11a) are then rasterized to a regular 0.5m grid using a 2D binning method,
where the maximum elevation value 2" within each cell is used to represent the surface
height. The result of this binning method can be seen in Figure 11b. The problem with
the result of this representation of the surface height is, that it contains NAs in those
grid cells that did not contained points from the LIDAR data.

In order to produce a DSM at 1 m resolution, without NAs, the data is further pro-
cessed using interpolation. All valid (non empty) cells from the 0.5m DSM are extracted
and converted into a set of X;y;z) coordinates. A Delaunay triangulation is applied
to these points, generating a Triangulated Irregular Network (TIN) [Evans et al., 2001].
Within each triangle, linear interpolation is performed using barycentric coordinates. A
data point p = (x;y) lies inside a triangle de ned by verticesv,, v,, and vz, each with
elevation valuesz;, z,, and z;. The barycentric coordinates (1; »; 3) are computed
such that:
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p= 1vi+ 2vo+ 3vz with 1+ 2+ 3=1

Then, the interpolated elevation value atp is given by:

z(p)= 1z;at 2+ 3Z3

Once all raster cells in the 1m grid have been calculated through interpolation, the
resulting DSM, with a resolution of 1m per pixel, is saved as a GeoTIFF (Figure: 11c).
In a nal step, a version of the dsm is created where the interpolated DSM is resampled
to a resolution of 0.1 m. With a 0.1m resolution, the data ts to the RGB resolution
(Figure: 11d).

(a) Raw classi ed LiDAR points (b) 0.5m rasterized DSM (with nodata)

(c) 1 m interpolated DSM (TIN) (d) Final DSM resampled to 0.1 m

Figure 11: DSM processing pipeline from ALS points to nal 0.1m raster.
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422 DTM

A Digital Terrain Model (DTM) is a representation of the Earth's bare surface, excluding
buildings, vegetation, and other elevated objects. When derived from LiDAR point cloud
data, DTMs are generated by selectively ltering points classi ed as ground, typically
class 2 in standard classi cation schemes (see Table 24). These ltered points are then
interpolated into a continuous raster surface that re ects the natural topography of the
terrain.

The primary distinction between a DTM and a DSM lies in the type of features
represented: while DSMs include the heights of all surface objects, DTMs are restricted
to the underlying terrain Lillesand et al. [2015].

(a) Example for DTM data (b) Example for DSM data

Figure 12: Comparison of DTM and DSM data at the same extent in an area in Cologne.

The second di erence of the DTM data compared to the DSM data is the resolution
of the two-dimensional binning method. For the DSM data, a resolution of 0.5 grids has
been used to determine the height per grid. On the DTM data a grid size of 1m was
used. After that step the TIN procedure was used in order to |l the missing gaps. The
data was resampled to a resolution of 0.1m

4.2.3 nDSM

A Normalized Digital Surface Model (nDSM) represents the height of objects above
ground. It is obtained by subtracting the DTM from the DSM:

nDSM=DSM DTM: (1)

While the DSM contains elevations of all visible features (terrain, buildings, vegetation),
the DTM contains only the underlying terrain. Their di erence removes terrain in uence
and yields aboveground height, which is informative for distinguishing structures such as
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buildings, tree canopies, and infrastructure [Lillesand et al., 2015]. Figure 13 visualizes
this computation.

nDSM DSM DTM
Figure 13: Visual representation of nDSM calculation as DSM minus DTM.

The DSM and DTM raster data is used at a resolution of 1m. The subtraction yields
an nDSM of the same resolution. This raster is then resampled to 0.1m to match the
RGB data.

4.3 Ground truth

To distinguish buildings from the background, the LoD2 de nition was adopted, in which
buildings are represented as 3D objects corresponding to man-made structures with roofs,
exterior walls, and semantically structured boundary surfaces [Lewner et al., 2012]. The
2D building ground truth was derived from the RGB datasets in combination with o cial
Level of Detail 2 (LoD2) building data [Open Geodata NRW, 2025, Open Geo Data Berlin,
2025].

Because the available LoD2 building datasets contains systematic issues (as explained
in Section 1), missing or spurious buildings, manual correction was performed with the
0.1m RGB orthophotos as the primary reference. The nDSM (Section 4.2.3) was consulted
in ambiguous cases; however, where con icts arose, due to acquisition-date mismatches,
the RGB imagery was preferred. This follows Stiller et al. [2023], who highlight RGB as
the most informative predictor for the applied model.

Ground truth for the training regions was taken from previous DLR studies, while
labeling of the test data was performed as part of this thesis. Corrected building vectors
were rasterized to 0.1 m binary masks (building = 1, background = 0) and geo-aligned
with the RGB grid.
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