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Abstract

Three-dimensional (3-D) building models are widely used in public and commercial sectors
for environmental researches and location-based services. For the past three decades, 3-D
building reconstruction has been a hot topic in remote sensing, however, there is limited
information on building models on regional and global scales. Synthetic Aperture Radar
(SAR) data have been employed for modeling buildings due to their imaging capability
regardless of the time or weather conditions. In addition, complete global coverages of
TerraSAR-X/TanDEM-X stripmap mode data have been acquired since 2012, providing
great potential as a data source for global building reconstruction. However, building
interpretation from SAR data is highly challenging. Due to the side-looking geometry
and one-band radar sensors, urban structures are clearly visible in SAR images but are
difficult to distinguish from each other. Although extensive research has been carried out
on building reconstruction using SAR data, to date, no single study investigates large-scale
building reconstruction from a single SAR image.

This dissertation addresses large-scale Levels of Detail (LoD)-1 building models recon-
struction from a single SAR image. Considering the characteristics of buildings in SAR
images, building footprints are introduced as complementary data, and deep neural net-
works are employed for large-scale reconstruction. The work is developed in three stages:

e First, building footprints must be registered to SAR images for supporting SAR, im-
age interpretation. Therefore a framework is developed that automatically registers
building footprints to a corresponding SAR image.

e Second, the employment of deep learning methods requires training data. Therefore
an accurate Digital Surface Model (DSM)is introduced to generate individual build-
ing areas in a SAR image, and a segmentation network is proposed for predicting
building areas on a large scale. The extracted building segments are then employed
for LoD1 model reconstruction.

e Third, to reconstruct buildings in larger areas, more training data are needed. How-
ever, accurate DEMs are unavailable in most cases. Therefore, the LoD1 building
reconstruction problem is reformulated as a bounding box regression problem so that
height data from multiple sources can be employed to generate bounding boxes of
buildings. A regression network is proposed and examined for four study sites using
both TerraSAR-X spotlight image and stripmap mode images.

To the author’s best knowledge, this is the first study investigating individual buildings
in single SAR images on a large scale and the first study applying deep learning for indi-
vidual building analysis using SAR images. The proposed algorithms have great potential
to be applied on a regional and even global scale.
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Zusammenfassung

Dreidimensionale (3-D) Gebaudemodelle werden oft im 6ffentlichen und kommerziellen
Bereich fiir Umweltanalysen und standortbezogene Dienste genutzt. In den letzten dreiflig
Jahren war die dreidimensionale Gebaude-Rekonstruktion ein sehr aktuelles Thema fiir die
Fernerkundung; allerdings gibt es nur sehr beschrénkte Ergebnisse iiber Gebaudemodelle
auf regionalen und globalen Mafistiben. Dabei werden SAR-Daten (Radar-Daten mit
synthetischer Apertur) aufgrund ihrer Fahigkeit zu Bildgebung unabhéngig von Zeit und
Wetterbedingungen zur Gebaude-Modellierung eingesetzt. Seit 2012 werden vollstandige
globale Abdeckungen von Stripmap-Daten von TerraSAR-X und TanDEM-X erfasst, die
eine wichtige potentielle Datenquelle fiir globale Gebaude-Rekonstruktionen darstellen,
jedoch stellt eine Interpretation von Gebauden basierend auf SAR-Daten sehr hohe An-
forderungen. Aufgrund ihrer Schragsicht-Geometrie sowie den Einzelband-Radargerdten
sind urbane Strukturen in SAR-Bildern klar erkennbar, jedoch schwierig voneinan-
der zu unterscheiden. Obwohl bereits umfangreiche Forschungsarbeiten zur Gebéude-
Rekonstruktion aus SAR-Daten durchgefithrt wurden, untersucht bisher keine eigene
Studie die grofiflachige Gebaude-Rekonstruktion aus einem einzelnen SAR-Bild.

Diese Dissertation behandelt daher die grofiflachige Rekonstruktion von
Gebaudemodellen der Detailierungsstufe 1 (LoD-1) aus einem einzelnen SAR-Bild.
Basierend auf den Eigenschaften von Gebéauden in SAR-Bildern, integrieren wir die Signa-
turen von Gebéduden als zusétzliche Informationen und wir verwenden mehrschichtige (d.
h. ,tiefe“) neuronale Netze fiir groBflichige Rekonstruktionen. Die Arbeiten beinhalten
drei Schritte:

e Erstens miissen Geb&udesignaturen und SAR-Bilder geometrisch iibereinadergelegt
werden, um die Interpretation von SAR-Bildern zu unterstiitzen. Deshalb entwickeln
wir ein Konzept, das automatisch Gebéaudesignaturen und entsprechende SAR-Bilder
iibereinanderlegt.

e Zweitens benotigt die Verwendung von Deep-Learning-Methoden entsprechende
Trainings-daten. Daher stellen wir ein prazises digitalesOberflaichenmodell bereit,
um die Positionen der einzelnen Gebdude in einem SAR-Bild zu generieren
und wir schlagen ein Segmentierungs-netz vor, um Gebidudeflichen grofiraumig
vorherzusagen. Die einzelnen Geb#udeteile werden dann fiir eine LoD-1-Modell-
Rekonstruktion verwendet.

e Drittens braucht man, um Gebaude in gréfleren Bereichen zu rekonstruieren,
zusétzliche Trainingsdaten. Allerdings sind in den meisten Fallen keine genauen dig-
italen Hohenmodelle verfiigbar. Daher wird das LoD-1-Rekonstruktionsproblem als
ein Objektlokalisierungs-Problem neu formuliert, sodass Hohendaten aus mehreren
Quellen eingesetzt werden konnen, um Begrenzungsrahmen von Gebauden zu gener-
ieren. Dafiir schlagen wir ein Regressions-Netzwerk vor, das von uns fiir vier Test-
gebiete mit TerraSAR-X-Bildern in den Betriebsarten Spotlight und Stripmap un-
tersucht wurde.



Zusammenfassung

Nach bestem Wissen der Autorin ist dies die erste Studie, die grofiflichig einzelne
Gebéude in einem einzelnen SAR-Bild untersucht, sowie die erste Studie, die Deep Learn-
ing zur Analyse einzelner Gebaude in SAR-Bildern einsetzt. Die vorgeschlagenen Algorith-
men haben ein grofles Potential, auf regionalem und sogar globalem Mafistab angewendet
zu werden.

vi
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1 Introduction

1.1 Motivation

Three-dimensional (3-D) building models are widely used in public and commercial sectors
for environmental researches and location-based services, such as urban planning, change
detection, telecommunication, solar potential analysis, driver assistance systems, virtual
tourism, and many others [1]. Despite the importance, regional or even national gures of
building models are hardly available or accessible. Information on the third dimension, i.e.,
building height, is especially limited. For instance, as of June 2021, OpenStreetMap (OSM)
has recorded 458.97 million buildings, but only 2.84% of them are tagged with height
information [2]. In addition, building height information in OSM is predominantly mapped

in developed regions, e.g., Europe, North America, and Japan, that the spatial distribution
is highly unbalanced (cf. Figure 1.1). Improving the spatial coverage of baseline geospatial
data, including building heights, is not only important for emergency preparedness and
prevention but also for overcoming the data gaps caused by socio-economic inequalities.

(a) Buildings (count: 458 976 276) (b) Building heights (count: 13 059 691)

Figure 1.1: Geographical distribution of the (a) buildings and (b) building heights recorded in
OSM as of 2021/06/06 (data source: [2]).

For the past three decades, 3-D building reconstruction has been a hot topic in re-
mote sensing [3]. Studies on building height retrieval are primarily conducted using high-
resolution optical images and airborne or terrestrial LIDAR data [4]. Optical data ac-
quisition requires the weather to be cloud-free, and airborne or terrestrial data are too
expensive to collect globally. Synthetic Aperture Radar (SAR) imagery, on the other hand,
is capable of providing data independently of sun illumination and insensitively to weather
conditions. Such data are of great interest to applications of disaster responses [5, 6] and
studies concerning regions frequently covered by clouds [7]. Since the launch of TerraSAR-
X in 2007, modern SAR satellites, e.g., TerraSAR-X, TanDEM-X, and CosmoSky-Med,
have been providing meter or even sub-meter resolution images, making it possible to
extract and reconstruct man-made objects from spaceborne SAR data. Complete global
coverages of TerraSAR-X/Tandem-X stripmap mode data have been acquired since 2012,
providing great potential as a data source for global building reconstruction [8].



1 Introduction

The study of building analysis from SAR imagery dates back to 1969, that Laprade and
Leonardo derive the elevation of few buildings from shadows and layovers using simulated
radar images [9]. Since then, various studies have been conducted on this topic [10{16].
However, building interpretation from SAR data is highly challenging. Due to the side-
looking geometry and one-band radar sensors, urban structures are clearly visible in SAR
images but are di cult to distinguish from each other. In literature, the performances
of most methods are presented for a small set of test data, usually comprising one or a
few buildings. Large-scale building reconstruction from SAR data is only achieved using
techniques based on SAR tomography (TomoSAR) [16, 17], which often requires tens
of images that are unavailable on a global scale. To date, no single study investigates
large-scale building reconstruction from single SAR imagery.

In recent years, deep neural networks have become increasingly popular and have largely
impacted both academia and industry. Many elds have witnessed deep learning-triggered
breakthroughs, including building footprints generation towards the global scale [18{20].
Yet, the research related to building reconstruction from SAR data has not been pushed
forward much, primarily due to the lack of annotation data.

Motivated by the demand for large-scale building models, the opportunity of using high-
resolution SAR images, and the interest of applying the state-of-the-art techniques, this
dissertation aims to reconstruct large-scale Level of Detail (LoD)-1 building models from
single SAR imagery.

1.2 Research Objectives

This dissertation addresses the problem of large-scale LoD1 building model reconstruction
from single SAR imagery. Considering the characteristics of buildings in SAR images,
building footprints are introduced as complementary data, and deep neural networks are
employed for large-scale reconstruction.

Five sub-objectives are de ned towards large-scale building model reconstruction:

1. Develop a framework that automatically registers building footprints to correspond-
ing SAR images on a large scale to enable building footprints to assist in the task of
building reconstruction from SAR data.

2. Develop a work ow that automatically generates annotation data sets to enable the
employment of supervised methods for building analysis using SAR data, speci cally
the state-of-the-art deep learning networks.

3. Develop deep neural networks suitable for our task to enable individual building
analysis from single SAR imagery.

4. Investigate the performance of the developed deep neural networks in multiple areas
to ensure the proposed algorithm can be generalized to more regions towards regional
or even global reconstruction.

5. Investigate the impact of positioning errors in building footprint data on the pro-
posed networks, i.e., if open-sourced building footprint data such as OSM can be
exploited for individual building reconstruction in SAR images.



1.3 Thesis Outline

1.3 Thesis Outline

The remaining part of the thesis proceeds as follows: Chapter 2 provides a brief background
for understanding the topic, whereas Chapter 3 reviews previous studies relevant to the
thesis and summarizes the key contributions. Chapter 4 is concerned with the approaches
of generating data sets used in the thesis to tackle the problem of dataset scarcity. The
developed algorithms are detailed in Chapter 5 to Chapter 7, including a framework for
registering building footprints to SAR images, a segmentation network for extracting areas
of individual buildings, and a bounding box regression network that predicts bounding
boxes of buildings in order to retrieve building heights. Chapter 8 concludes the thesis
and looks into the future research and application directions.






2 Background Theory

This chapter starts with a brief introduction of SAR principles and the characteristics
of buildings in SAR images, to provide a background for understanding the challenges
involved in the topic, the suitable choice of SAR data for building reconstruction, and
the need to employ complementary data. This chapter then presents the concept of LoD1
building models, which is the reconstruction target of the thesis. Finally, a short intro-
duction of building footprints is given, including the data sources and the error sources
when used as complementary data in SAR image interpretation.

2.1 SAR Basics
2.1.1 SAR Imaging

By illuminating the scene of interest with electromagnetic signals, a conventional SAR
measures the backscattering coe cients of targets in a two-dimensional image coordinate
system, with one along-track direction known as azimuth direction and one cross-track
direction known as (slant) range direction.

In the range direction, the SAR system measures the time for a radar pulse transmitting
to the target and returning to the radar. Along the range direction, targets are distin-
guished by measuring the runtime of their re ected echos, and the corresponding range
resolution | is determined by the bandwidth B of the transmitted signals and the speed
of light in vacuum c [21]:

_cC
T 2B
In the azimuth direction, its resolution is limited by the length of the physical antenna
and the distance from the sensor to the illuminated scene. Through the forward movement
of the sensor and coherent processing of the re ected echos, the synthetic aperture in the
azimuth direction can be built up. By doing so, SAR system can greatly improve the
azimuth resolution, which is only dependent of its physical antenna sizela :

(2.1)

d
az = 7’* (2.2)

2.1.2 TerraSAR-X Imaging Modes

TerraSAR-X is the rst German operational radar satellite mission [62]. It was launched
into orbit in June 2007 and has been fully operational since January 2008. With its active
radar antenna, TerraSAR-X is able to record images with di erent swath widths, reso-
lutions, polarizations, and incidence angles, allowing for research perspectives in various
elds, including hydrology, geology, oceanography, or ecology [63].

Since the launch, four SAR imaging modes have been operationally available, including
two spotlight modes (SL and HS) with azimuth resolutions down to 1.1 m, a four-beam
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ScanSAR Stripmap Spotlight

Figure 2.1: TerraSAR-X basic imaging modes [24].

Table 2.1: TerraSAR-X imaging modes' main characteristics.

Mode Swath Azimuth Azimuth Full performance

width (km) scene size (km) resolution (m) incidence angle ()
ScanSAR @ix beamg 200 200 40.0 20-45
ScanSAR four beamg 100 150 185 20-45
Stripmap (SM) 30 50 3.3 20-45
Spotlight (SL/HS) 10 10/5 1.7/1.1 20-55
Staring Spotlight (ST) 5 25 0.24 20-45

scanSAR (SC) mode with a range coverage of 100 km, and a stripmap (SM) mode with
medium resolutions and medium-scale coverage. Two new modes have been added since
autumn 2013 [22,23], including a wide ScanSAR mode with a range coverage of more than
200 km and a staring spotlight (ST) mode with an azimuth resolution of 0.24 m. The op-
erational TerraSAR-X imaging modes and their important characteristics are summarized

in Figure 2.1 and Table 2.1.

Figure 2.2 illustrates the scene coverage of di erent SAR imaging modes, with an exam-
ple of the area around Munich plotted on an optical image from Google Earth. The SAR
image in the ScanSAR mode is excluded as its lower resolution is unsuitable for analyzing
meter-sized objects.

2.1.3 Radiometric E ects and Geometrical Distortion

The pixel intensity in a SAR image is related to the roughness, electrical conductivity,
and orientation of the object relative to the sensor [25]. A particular radiometric e ect

of SAR imagery is speckle, which is commonly visible in areas where surface roughness
is comparable to the used wavelength of the radar [26]. Speckle arises due to multi-path
e ects and multiple scatterers inside one resolution cell; those signal re ections from all
scatterers are coherently summed to represent one scattered signal re ected from the cor-
responding resolution cell. The resulting amplitude of one resolution cell thus depends on
the physical characteristics of scatterers and constructive and destructive phase interaction
from contributing scatterers. Speckle can be mitigated by multi-looking [27] or nonlocal
Itering algorithms [28, 29].
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Figure 2.2: Demonstration of the scene coverage of di erent SAR imaging modes.

Conventional SAR imagery provides a projection of the 3-D object re ection to the 2-D
azimuth-range plane. Due to the side-looking imaging geometry, this projection introduces
three types of geometric distortion, i.e., layover, foreshortening, and shadowing. These
geometric distortions are pervasive in urban and mountain areas, impacting the appear-
ance of SAR images and complicating the interpretation of SAR images [25]. Figure 2.3
illustrates the foreshortening, layover, and shadowing e ects on two isolated buildings.
Di erent geometric distortions occur depending on the conditions between the incidence
angle and the depression angle of the SAR sensor, the slope angle toward radar , and
the slope angle away from radar ©

a. < : Layover

In this case, multiple scatterers located at the same distance with respect to the
sensor are mapped to the same azimuth-range pixel of the SAR image. The elevated
objects are projected towards the sensor and appear bright in the SAR image.

b. > : Foreshortening

In this case, the distance between two points is shortened when projected onto the
slant range direction. Foreshortening causes backscattering energy concentrated in
smaller regions on SAR images, which therefore appear to be brighter.

c. < @ Shadowing

In this case, there is no direct line-of-site from the sensor to the objects. Regions
a ected by shadowing appear dark in the SAR image.
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(a) foreshortening (BC mapped to B°C9), (b) shadowing
layover(AB mapped to A°B9

Figure 2.3: Three geometrical distortions in buildings in SAR data: foreshortening, layover, and
shadowing. , , , 9are the incidence angle of the SAR sensor, the depression
angle of the SAR sensor, the slope angle toward radar, and the slope angle away from
radar, respectively. Modi ed from [30].

2.2 Buildings in SAR Images

2.2.1 Components of a Building and the Backscatter Contributions

A building is composed of its roof, walls, and footprint. In orthorecti ed optical images
where vertical walls are invisible, it is commonly agreed that reconstructing targets of
buildings are the footprints. However, due to the side-looking geometry, the SAR sen-
sor illuminates roofs, the walls facing the sensor, and the near-range side of footprints.
Each part of the building shows distinct signatures in SAR images, and their appearances
vary from building to building, primarily depending on the illuminate condition and the
geometry of the buildings. Here, a general analysis is given under a simpli ed condition.

Figure 2.4 shows the projection geometry and the backscattering pro les of two at-roof
buildings in a slant-range SAR image. The buildings are both in rectangular shapes with
uniformed surfaces and at surroundings, and one is high-rise and the other is low-rise.
The blue arrow marks the bottom of the sensor-facing wall, while the red arrow points
at the double bounce line position on the SAR image.lw, Ir, and If denote the area of
wall, roof, and footprint in the SAR image, respectively. The gray shades and heights
of regionsa-f denote expected magnitude values of intensity on the SAR imagea and f
are areas that only contains backscatter from the ground;b is the layover area that has
backscatter contributions from the ground, the front wall, and the roof; c results from the
sum of signal returns from the ground and the roof;d marks the double bounce caused
by the corner re ector at the intersection of the wall and the ground; and e is the shadow
area where there is no signal return.

It can be seen that in SAR images, areas of walls, roof, and footprint of a building have
di erent backscatter contributions:

a. Wall

In Figure 2.4, the building wall Iw covers aread, c, and d for the high-rise building,
and b, d for the low-rise building. Walls are typical layover areas that appear bright
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(&) high-rise building (b) low-rise building

Figure 2.4: lllustration of the projection geometry and the amplitude pro le (ampl) of two at-
roof buildings in a slant-range SAR image. is the incidence angle.h is the building
height. Iw, Ir, and If denote the area of wall, roof, and footprint in a slant-range SAR
image, respectively. The gray shades and heights of regioresf indicate expected
magnitude values of intensity on the SAR image. The blue arrow marks the bottom
of the sensor-facing wall and the red arrow points at the double bounce line on the
SAR image.

in SAR images. For low-rise buildings, the wall area is covered by the roof area.
Thus it might be di cult to extract.

In very high resolution (VHR) SAR images, e.g., spotlight TerraSAR-X images, par-
allel bright lines are often observed in wall areas (cf. Figure 2.5 (c)(d)). These
bright-line signatures are referred to as corner lines [31] originated from multiple
signal re ections on corner structures such as wall-ground intersections and corners
on windows or balconies. Due to regularly arranged structures on building walls,
i.e., windows and balconies, corner lines often form regular patterns such as paral-
lelograms. Corresponding to walls, these parallelograms have one pair of opposite
sides parallel to the slant range direction of the SAR image.

b. Roof

In Figure 2.4, the roof arealr is the areab for the high-rise building and b, c, d
for the low-rise building. The magnitude of intensity value on roof area varies on
SAR images, depending on the surface roughness and the number of structures on
the roof. For high-rise buildings, the roof area If overlaid by wall areas thus is often
hardly distinguishable.

c. Footprint

In Figure 2.4, d denotes the visible side of the building footprint If. The bright
double-bounce line is caused by strong signal responses by double-bounce scattering.
The other side of the footprint connects the building shadow, which appears as a
dark region e. For low-rise buildings, the double bounce line may not be clear if the
signal from the roof is strong.



2 Background Theory

In addition, the appearances of the illuminated building components in SAR images
depend on the physical properties, such as the orientation of buildings towards the sensor,
roof shapes, facade structures, surface roughness, material types, etc.

2.2.2 Buildings in SAR Images of Di erent Imaging Modes

The appearance of a building varies in SAR images of di erent imaging modes, due to the
changes in resolution. An example is shown in Figure 2.5. In the StripMap image (b),
the building is visible without many details; in the high-resolution spotlight image (c),
individual walls of the building can be recognized, indicated by the bright parallel lines;
in the staring spotlight image (d), mode details are noticeable on the azimuth direction
(vertical direction of the gure), e.g., the bright lines in the HS spotlight image appear to
be groups of dots representing structures on the walls, such as windows.

For the analysis of individual buildings, the resolution of SAR images should be at least
in meters. As for TerraSAR-X, StripMap data meet the minimum requirements.

(&) Optical image (b) Stripmap mode (SM)

(c) High resolution spotlight mode (HS) (d) Staring spotlight mode (ST)

Figure 2.5: A building shown in (b) Stripmap, (c) high resolution spotlight, and (d) staring
spotlight SAR images. (a) shows the building in an optical image as a reference.
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2.2 Buildings in SAR Images

2.2.3 Challenges of Building Analyses in SAR Images

The variations of the appearances of buildings on SAR images and the occlusions between
di erent buildings caused by the side-looking geometry pose challenges for the analysis.

For an isolated building in SAR images, the main interpretation challenge is to distin-
guish its components. As shown in Figure 2.4, the wall ared and the roof arear in SAR
images are always mixed and di cult to di erentiate. | coversr when the building height
h is large, e.g., the case in Figure 2.4 (a), and it is covered by when h is small, e.g., the
case in Figure 2.4 (b). In addition, the roof arear overlaps the footprint areaf for low-rise
buildings, e.g., the case in Figure 2.4 (b). In this case, the near-range side of building foot-
prints might be ambiguous. Moreover, the far-range side of building footprints is unknown
since the footprint area connects the shadow area that also appears dark in SAR images.

For multiple adjacent or nearby buildings the additional issue is to identify them. This
is more crucial. In optical images, with multi-spectral band usage and often the nadir-
looking geometry, the boundaries of di erent urban objects are clearly depicted. However,
with the side-looking geometry and one-band radar sensor, the urban structures are clearly
visible in SAR images but are di cult to distinguish from each other.

The intensity values in SAR images are closely related to material types and structural
shapes of objects unless, in the presence of obvious material or structure changes at build-
ing boundaries, consecutive buildings in the physical world are di cult to be separated
from each other in a SAR image. In addition, even if buildings in the real world are
not neighboring, they may overlap with each other in the SAR image, which signi cantly
increases the di culty of image interpretation. Figure 2.6 shows a typical urban area in
(a) an optical image and (b) a VHR SAR image. (c) and (d) show footprints and regions
of buildings in the SAR image marked with di erent colors, respectively. In the area,
the purple building and the green building are connected, and the green building has a
more complex shape. From the SAR image itself, it is unlikely to tell if there are two or
three buildings or only one. Besides, it is noticeable that the green building overlaps the
yellow building and the blue building in the SAR image, although their footprints are not
connected.

(a) Optical image (b) SAR image (c) Footprints (d) Building areas

Figure 2.6: A typical urban area in a SAR image (b). The corresponding optical image of the
area is given in (a) as references. In (c) and (d), footprints and the corresponding
building regions in the SAR image are marked in di erent colors for reference. rg and
az denote the range direction and azimuth direction, respectively.
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2 Background Theory

2.3 LoD1 Building Models

LoD1 building models are the reconstruction target of this thesis.

2.3.1 LoDs: Levels of Detail for Building Models

When speaking of building model reconstruction, the rst thing to clarify is how detailed
the models should be. Reconstructed building models can be presented at di erent levels
of detail, di ering from the simple prismatic model (LoD1) with single roof surface to
detailed model with overhangs or balconies (LoD3), even with the interior of buildings
(LoD4) (Figure 2.7), according to the o cial OGC standard City Geography Markup
Language (CityGML) [32], an information model intending a standardized ‘representation,
storage, and exchange of virtual 3-D city and landscape models'.

The LoD should t user's requirements and acceptance criteria of 3-D building models,
as well as the quality of used data. In practice, usually, the larger the study area is, the
coarser the building models are. And vice versa. In studies concerning local areas, most
authors' de nition agrees to the de nition of LoD2. As for large-scale reconstruction,
LoD1 building models are often the reconstruction goal.

Figure 2.7: The ve LoDs of building models in CityGML. From left to right, the geometric
detail and the semantic complexity increase, ending with the LoD4 containing indoor
features. [33]

2.3.2 The LoD1 Building Model and its Subsets

The LoD1 model is the coarsest volumetric representation of buildings, which are described
as blocks models comprising prismatic buildings with at roof structures or a set of ex-

truded polygons that comprise a volume de ned by a base height from which extrusion

begins and an extrusion distance [34]. LoD1 models are usually derived with extrusion to
a uniform height [35, 36] and generalization from ner LoD models [37,38].

Providing a relatively high information content and usability compared to their geo-
metric detail [39,40], they are widely used in various applications, such as energy demand
estimation [41], noise pollution estimation [42], oods simulation [43], shadowing simula-
tions [41, 44,45] and so on.

Biljecki et al. [33] further re ne the de nition of LoD1 models in four subsets, as shown
in Figure 2.8:

a. LoD 1.0: all buildings larger than 6 m should be acquired, and neighboring buildings
may be aggregated.

b. LoD 1.1: buildings must be individually modeled, and all large building parts shall
be acquired.
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