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Abstract 

During the recent decades of the Anthropocene, the world has experienced rapid growth of 

population and economic activity. This went along with a considerable accumulation of long-

lived resources, for example in buildings and infrastructure, i.e., societal material stock. In 

the 21st century, a continuation of this development will be a major challenge to the Earth’s 

socio-economic metabolism, as some limitations of the Earth’s biophysical basis might be 

reached. Settlements are of particular interest, because they are the places where people 

generate demand for, and interact with services, such as shelter, food, or mobility. Settlement 

expansion, and the provision of these services has direct and indirect environmental effects. 

In the future, both an overarching perspective on the global long-term development of 

material stock and population as well as a spatially explicit, high-resolution understanding 

of local patterns and processes will be of particular relevance for a more data-informed and 

smarter response to challenges of global (climate) change. These challenges are also 

addressed in international frameworks and agreements. Earth Observation is a valuable tool 

to systematically map settlement structure and derived parameters.  

This dissertation presents a workflow to map and quantify material stocks and population 

distribution and dynamics by means of multi-dimensional settlement mapping with 

decameter resolution multi-source Earth Observation data on a national scale, using 

Germany as an example. 

The first part demonstrates the potential of using Sentinel-1 and -2 time series imagery with 

machine learning regression and classification for settlement structure mapping. Large area 

multi-class sub-pixel land cover mapping is facilitated using synthetic training data from 

intra-annual spectral-temporal metrics. Building height can be accurately predicted using 

optical and radar texture data, making use of shadow and roughness effects. Texture data, 

providing environmental context, can also be used to reliably map building type information. 

The second part quantifies key parameters of the socio-economic metabolism, i.e., 

population and material stock, using previously generated datasets on settlement structure at 

10 m resolution. Population mapping largely benefits from the integration of building height, 

and spatially explicit material stock mapping, unprecedented at this resolution at a national 

scale, and was only enabled by the encompassing character of previous structure datasets. 

The third part uses the Landsat data archive to quantify spatial-temporal patterns and 

dynamics of population and material stock development in Germany since 1985. While a 

Change-Aftereffect-Trend analysis is well suited to map change processes, challenges 

remain in the detection of stock demolition and replacement. Strong patterns of development 

occur along the urban-rural gradient and between former East and West Germany. 

Findings demonstrate that freely available and globally consistent decameter resolution Earth 

Observation data and machine learning techniques have great potential to improve the 

spatially explicit high-resolution understanding of socio-economic variables based on multi-

dimensional settlement mapping in a seamless workflow. This contributes to addressing 

future challenges of settlement transformation and resource management.  
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Zusammenfassung 

Einhergehend mit schnellem Bevölkerungs- und Wirtschaftswachstum erlebt die Welt 

innerhalb der letzten 70 Jahre eine erhebliche Akkumulation langlebiger Ressourcen, bei-

spielsweise in Gebäuden und Infrastruktur, auch gesellschaftlicher Materialbestand genannt. 

Die Fortsetzung dieser Entwicklung wird eine große Herausforderung für den sozioökono-

mischen Stoffwechsel der Erde im 21. Jahrhundert darstellen, und zum Erreichen von bio-

physikalischen Grenzen des Erdsystems führen. Siedlungen sind von besonderem Interesse, 

da Menschen dort Nachfrage nach Leistungen wie Unterkunft, Nahrung oder Mobilität 

generieren und mit ihnen interagieren. Siedlungsexpansion und die Bereitstellung dieser 

Leistungen hat direkte und indirekte Umweltauswirkungen.  

Zukünftig werden sowohl eine Gesamtperspektive auf die globale Entwicklung von 

Materialbeständen und Bevölkerung, als auch ein räumlich explizites, hochauflösendes Ver-

ständnis lokaler Muster und Prozesse von besonderer Relevanz für eine datenbasierte und 

intelligente Antwort auf kommende Herausforderungen des globalen (Klima-)Wandels sein. 

Die Erdbeobachtung ist ein Werkzeug, um Siedlungsstrukturen und abgeleitete Parameter 

systematisch abzubilden. Diese Arbeit präsentiert einen Workflow zur Kartierung und Quan-

tifizierung von Materialbeständen und Bevölkerungsverteilung und -dynamik mittels hoch-

aufgelöster mehrdimensionaler Siedlungskartierung mit Multisensor-Erdbeobachtungsdaten 

auf nationaler Ebene am Beispiel Deutschlands.  

Der erste Abschnitt demonstriert das Potenzial der Verwendung von Sentinel-1 und -2 Zeit-

reihendaten mit Methoden des maschinellen Lernens für die Kartierung von Siedlungsstruk-

turen. Großflächige Subpixel-Landbedeckungskartierung wird unter Verwendung syntheti-

scher Trainingsdaten aus spektral-temporalen Metriken erleichtert. Gebäudehöhe wird 

mithilfe optischer und Radar-Texturdaten unter Nutzung von Schatten- und Rauheitseffekten 

kartiert, und Texturdaten werden verwendet, um Gebäudetypinformationen abzuleiten.  

Der zweite Abschnitt quantifiziert Schlüsselparameter des sozioökonomischen Metabolis-

mus, d. h. Bevölkerung und Materialbestand, anhand zuvor generierter Datensätze zur Sied-

lungsstruktur mit einer Auflösung von 10 m. Die Bevölkerungskartierung profitiert von der 

Integration der Gebäudehöhe, und eine räumlich explizite Materialbestandskartierung, die 

in dieser räumlichen und thematischen Auflösung auf nationaler Ebene beispiellos ist, wurde 

durch den Detailgrad vorangehender Datensätze ermöglicht.  

Der dritte Abschnitt nutzt das Landsat-Datenarchiv, um räumlich-zeitliche Muster und 

Dynamiken von Bevölkerung und Materialbeständen in Deutschland seit 1985 zu quantifi-

zieren. Während eine Change-Aftereffect-Trend-Analyse gut geeignet ist, Veränderungspro-

zesse abzubilden, bleiben der Abriss und Ersatz von Materialien Herausforderungen bei der 

Erfassung. Starke Entwicklungsmuster treten entlang des Stadt-Land-Gefälles und zwischen 

Ost- und Westdeutschland auf.  

Frei verfügbare und global konsistente Erdbeobachtungsdaten und Techniken des maschi-

nellen Lernens haben großes Potenzial, das räumlich explizite hochaufgelöste Verständnis 

sozioökologischer Variablen basierend auf mehrdimensionaler Siedlungskartierung zu ver-

bessern. Dies trägt dazu bei, zukünftigen Herausforderungen der nachhaltigen Siedlungs-

transformation zu begegnen. 
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1 Humans and their impact on Earth 

Humanity has changed our environment at planetary scale in only a few centuries, thus 

shaping a new era of Earth history: the Anthropocene (Ellis et al. 2008). This term was 

conceptualized and proposed in the beginning of the 21st century to give consideration to the 

massive anthropogenic alterations on Earth (Crutzen 2002; Steffen et al. 2007). Since then, 

the Anthropocene term gained traction as an overarching representation of humans as an 

agent in Earth system science (Steffen et al. 2016; Zalasiewicz et al. 2017), and numerous 

other parts of research (e.g. political science, Hickmann et al. 2020). Widely acknowledged 

as a multi-facetted concept by large parts of the scientific community today (Zalasiewicz et 

al. 2019), the Anthropocene begins at the start of industrialization around 1800 and describes 

“the epoch in which humans and our societies have become a global geophysical force” 

(Steffen et al. 2007) – both a distinction of and an admonition to the impact that humans 

have on Earth. 

During the late Anthropocene, the world experienced a rapid surge in population, increasing 

from ca. four billion people in 1975 to nearly eight billion in 2020 (UNDESA 2019). 

Projections expect further growth to ca. eleven billion until 2100 (UNDESA 2019). Urban 

areas played, and will continue to play a particular role in demographic development, as 

ninety percent of global population growth between 1975 and 2015 happened there 

(Melchiorri et al. 2018a). While they were home to only 6.2% of the world’s population in 

the beginning of the 19th century (defining settlements with more than 5,000 inhabitants as 

urban, UN Population Division 1976), this number reached 85% in 2015 (urban defined by 

the UN Degree of Urbanization, Melchiorri et al. 2018a; European Commission 2021), as 

urban areas became a main destination of migration (Guizardi 2019). Consequently, 

urbanization processes were particularly characterized by sprawl and densification, resulting 

in an increasing number of large cities or megacities (over 40 cities with over ten million 

inhabitants in 2025 compared to two cities in 1950, UNDESA 2018). This development has 

affected and will further affect the appearance, structure and organization of settlements as 

well as their role in the context of global (change) processes, because settlements are the key 

human habitat (UN Habitat 2019). The ongoing trend of urbanization is one of the most 

important transformation processes and a manifestation of the Anthropocene concept 

(Steffen et al. 2007; Biermann et al. 2016), and the 21st century has previously been 

denominated the century of the city (Seto et al. 2010). 
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Despite their rapid growth, settlements only cover a small share of the Earth’s land surface 

(ca. 0.5 – 2.5 %, Ramankutty et al. 1999; Potere et al. 2007; Melchiorri et al. 2018a). In the 

Anthropocene, however, settlements are places where people demand and interact with an 

increasing number and an improving quality of services, such as, in any order, shelter, food, 

work, mobility, communication, culture, education or health. Urban areas play a particular 

role in meeting those demands in an efficient way, as they centralize people and economics. 

The provision of services is enabled by both the construction and maintenance of durable 

structures and the use of short-lived, i.e. consumable, resources. While the former represent 

buildings, infrastructure, machinery or tools, understood as the basic means for societal 

activity, the latter represent energy, food, feed and other goods to sustain human life (Haberl 

et al. 2017; Pauliuk et al. 2021a). This requirement for resources has multiple implications 

that link settlement development to processes of the Earth’s system(s) and that underline 

how dramatically humans shape their habitat: 

• The construction and maintenance of durable structures has in-situ effects on the 

nearby environment. Settlements expanded by 347,000 km² between 1975 and 2015 

(ca. + 157%, Melchiorri et al. 2018a) and, thus, irreversibly replaced other land cover 

types that were previously providing ecosystem services, for example habitat for 

flora and fauna (McDonald et al. 2020), or agricultural yields (Bren d'Amour et al. 

2017). Furthermore, increasing imperviousness through expansion and densification 

increases exposure and vulnerability to environmental hazards like floods or 

landslides (Jacobson 2011), causes increased water runoff (Dams et al. 2013), and 

surface-energy imbalances (Wouters et al. 2015). It also affects micro-climatic 

conditions leading to heat island effects due to a reduction of vegetation, 

evapotranspiration, and natural cooling abilities (Oke 1973). Next to increased noise 

and reduced air quality caused by emissions through industrial production, housing 

and mobility (Carvalho et al. 2019), heat is a major risk to health today and, due to 

climate change, in the future (Heaviside et al. 2017). Settlement expansion and 

densification is a largely irreversible process and can, additionally, be a critical 

challenge to the provision of urban ecosystem services and urban resilience (Haase 

et al. 2014), and the concentration of people can cause severe socio-economic 

disparities (UN Habitat 2019). 

• Additionally, settlements have a severe and indirect impact on remote environments, 

often driven by consumption and production behaviour and decisions. The far-

reaching upstream processes to long-term and short-term resource consumption in 

settlements induce land use change and its respective consequences in distant places, 
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which is known as teleconnection (Seto et al. 2012) or telecoupling (Liu et al. 2013c). 

That includes, for example, the extraction of building materials or fossil fuels and its 

emissions and landscape modifications from mining or transportation (Bell et al. 

2012; Pauliuk et al. 2021b), or the transformation of land for intensive agricultural 

use and its resulting detrimental ecological effects, such as a loss of biodiversity and 

ecosystem services due to deforestation, fertilization or landscape fragmentation and 

consolidation (Foley et al. 2005; Erb et al. 2016; Hasan et al. 2020; Ntihinyurwa et 

al. 2020). Less than a quarter of the ice-free land surface is considered wildland (Ellis 

et al. 2008) and recent research estimated that a third of the Earth’s surface 

experienced human-made change in the last six decades alone (Winkler et al. 2021). 

Although the exact share of emissions that settlements and urbanization are directly 

responsible for is debated (Satterthwaite 2008; Ribeiro et al. 2019), and a regional 

distinction is necessary (Kennedy et al. 2009), it is certain that humans are a major 

producer of carbon dioxide emissions and considerably contribute to climate change 

(Jia et al. 2019). 

Hence, settlements, their sprawl and sphere of influence, together with their fast economic 

and societal transition are a major driver for dramatic transformations of the Earth system. 

This is why settlements and their use of resources are of pivotal interest in sustainability (or 

urban sustainability) research (Cohen 2017; Seto et al. 2017; Acuto et al. 2018; Kabisch et 

al. 2018; Kremer et al. 2019). In this context, the quantity, quality and efficiency of resources 

required for service provision is a key component. Long-lived resources, e.g., buildings and 

infrastructure, are of particular interest, because their construction and maintenance does not 

only have environmental effects, but is also closely correlated with life quality and human 

well-being (Haberl et al. 2019) and also creates path dependencies for future resource use 

(Haberl et al. 2017). This is widely acknowledged, e.g. through international agreements, 

such as the UNFCCC Agreement (United Nations 2015a) or the U.N. Sustainable 

Development Goals (United Nations 2018), that aim at achieving social and economic goals 

without exceeding the Earth’s resource capacities (Steffen et al. 2015). However, their goals 

cannot be met without particularly understanding the factors governing the Anthropocene. 

Consequently, humanity requires a broader and more detailed multi-dimensional 

understanding of long-lived resources in buildings and infrastructure, of their distribution 

and long-term development, as well as their relation with population requiring their provided 

services – in short, the socio-economic metabolism (Fischer-Kowalski et al. 2014).  
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2 The Socio-Economic Metabolism 

The socio-economic metabolism (SEM) was suggested as an overarching concept to assess 

the biophysical basis of human society and of human-environment interaction. It 

acknowledges that human society is a complex system that sustains itself by the input, 

transformation and output of resources (Pauliuk et al. 2015). According to Fischer-Kowalski 

(1998a), the modern idea of man-made resource transformation reaches at least back to Marx 

(1867), who conceptualized the transformation of resources through human work and used 

the terminology societal metabolism, derived from the metabolism of biological processes, 

in later publications. Fischer-Kowalski (1998a) provided an encompassing review of SEM 

research, including its early days. Today, SEM is an established concept to illustrate and 

describe the idea of a society’s demand for resources, with metabolism as a rather broad 

metaphor. The concept can be defined as the material input, processing and releases of 

society and the corresponding energy turnover (Fischer-Kowalski et al. 1998b), or as a 

collection of biophysical processes including resource extraction and conversion, 

production, consumption, but also waste and emissions (Krausmann et al. 2018). The SEM 

is limited by the biophysical resources of the Earth (Pauliuk et al. 2015). 

SEM is used as a concept for frameworks that assess material and energy demand: Material 

(and energy) flow analysis and accounting (M(E)FA), for example, is a top-down way to 

model, and measure, the turnover (flow) of materials and energy within a defined socio-

economic system and a tool to assess its sustainability (Haberl et al. 2004). Although already 

conceived in the 1960s (Ayres 1969), M(E)FA has evolved and become part of 

operationalized national and international data collection (United Nations 2014; European 

Commission 2018). The accumulation of long-lived materials in buildings and infrastructure 

as a service provider found, despite their substantial role in (urban) sustainability science, 

their way into operationalized SEM research only recently. While different denotations for 

societies’ long-lived materials were previously suggested, such as technomass (Inostroza 

2014) or manufactured capital (Weisz et al. 2015), material stocks became a widely 

established term (Haberl et al. 2019) that will also be used in this work.  

In recent years, material stocks as an extension of M(E)FA received particular attention and 

are considered a key parameter of the SEM (Müller 2006; Kondo et al. 2012; Krausmann et 

al. 2018; Lanau et al. 2019; Wiedenhofer et al. 2019; Lauinger et al. 2021). As the SEM 

concept follows the laws of thermodynamics, no materials or energy within a system can be 

lost (Haberl et al. 2019). That means that material stocks can implicitly be derived from the 

difference of material output and input. For example, the Material Inputs, Stocks and Outputs 
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model provided a fully compatible extension to M(E)FA that explicitly accounts for dynamic 

material stock-building processes, waste and recycling in material and energy flows 

(Wiedenhofer et al. 2019). These M(E)FA-based models are inflow-driven approaches and 

enable long-term and annual material stocks monitoring, including historic recordings and 

prospective scenarios on any given scale based on physical material inflow and outflow. 

In practice, inflow-driven approaches require data on resource extraction and trade from 

statistical offices or other data collections, which is why they are often used in an economy-

wide context and at national scale. Uncertainties are high, often due to insufficient data 

availability, quality, and consistency, particularly in the past (Patrício et al. 2015). Still, a 

large range of studies have adopted this approach, for example related to the assessment of 

specific materials (e.g. copper, Glöser et al. 2013), sectors (e.g. cars, Modaresi et al. 2014) 

or types (e.g. roads, Miatto et al. 2017, Nguyen et al. 2019) in city-level to sub-national 

studies, or to encompassing (multi-annual) national analyses (Fishman et al. 2014; Streeck 

et al. 2021). Recently, global long-term trend and scenario analyses from inflow-driven 

approaches emerged and provided new perspectives on the human footprint in the late 

Anthropocene (Krausmann et al. 2017; Wiedenhofer et al. 2019; Krausmann et al. 2020) and 

underlined the relevance of material stocks in sustainable transformation research.  

While global population has increased four-fold between 1900 and 2010, material stocks 

grew 23-fold, with a Great Acceleration since the 1960s (Krausmann et al. 2017). It is 

estimated that total accumulated material stocks reached a weight of approximately 1,100 

Gt in 2020, which is equal to the total mass of living biomass on the terrestrial Earth surface 

(Erb et al. 2018; Elhacham et al. 2020). At the same time, waste and emissions accumulated 

to 2,500 Gt since 1900, with more than one quarter occurring since 2002 (Krausmann et al. 

2018). In almost all global development scenarios, material stocks are expected to further 

accumulate in the future (Wiedenhofer et al. 2019). 

The second key parameter of the SEM concept is population (Haberl et al. 2017). As material 

stocks are understood as an essential provider of services to people, their relation to the 

population using them is of major importance, and, for example, expressed using material 

stocks per capita metrics (e.g. Pauliuk et al. 2014; Wiedenhofer et al. 2019; Krausmann et 

al. 2020). As population becomes increasingly polarized in a strong urban-rural divide, 

understanding the local distribution of material stocks and their relation to population is 

essential to face the also locally different challenges of sustainable transformation and 

resource efficiency (Lanau et al. 2019). For example, urban form, that means the local 

physical configuration and arrangement of buildings and infrastructure, has a relevant impact 

on services (Creutzig et al. 2016), emissions (e.g. from energy requirements, Wiedenhofer 
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et al. 2013) and consumption behavior (e.g. regarding mobility, Liu et al. 2011; Stokes et al. 

2019). Future efforts to both decouple human well-being from material stocks and resource 

consumption (Haberl et al. 2019), and to foster circular economy approaches, i.e. a closed 

socio-economic material loop (Haas et al. 2020), will benefit from a spatially explicit 

perspective on material stocks and people.  

Stock-driven approaches partially respond to this requirement. They quantify material stocks 

using a bottom-up procedure, usually based on spatially explicit cadaster data or other highly 

detailed geodata. Here, material stocks of individual buildings or infrastructure elements are 

aggregated to map the stock of cities (e.g. Tanikawa et al. 2010; Reyna et al. 2015; Inostroza 

et al. 2019; Miatto et al. 2019; Lanau et al. 2020) or, rarely, even whole countries (e.g. 

Tanikawa et al. 2015). Stock-driven approaches have the advantage that they are largely 

independent of trade data, and, thus, not a priori bound to administrative boundaries. They 

can provide spatially explicit data that can be related to specific services more easily. In the 

future, both an overarching perspective on the global long-term development of material 

stocks and population as well as a highly detailed monitoring of local resource use patterns 

and processes will be of particular relevance for a more data-informed and smarter response 

to upcoming challenges addressed in international frameworks and agreements. 

3 Multi-Dimensional Settlement Mapping with Earth Observation Data 

Earth observation (EO) has become an indispensable tool for monitoring the environmental 

status of and processes on the Earth’s surface. EO is the gathering of information about 

planet Earth’s physical, chemical and biological systems (GEO 2021) and includes, 

sometimes by definition (EU Science Hub 2021), the use of remote sensing satellite data. 

During the last decades, EO has been successfully used in numerous fields of environmental 

research, for example in biodiversity monitoring (Turner et al. 2003; Radeloff et al. 2019; 

Wang et al. 2019; Reddy 2021) or land cover and land use (change) detection (DeFries et al. 

1999; Hansen et al. 2003; Hansen et al. 2013; Zhu et al. 2014; Pekel et al. 2016; Zhang et al. 

2017). Mapping built-up surfaces, or settlements, i.e. areas where material stocks and 

population are concentrated, gained particular traction in the beginning of the 2000s, with 

applied topics becoming more frequent since 2010 (Zhu et al. 2019).  

3.1 Requirements and Sensor Types 

Mapping settlements with EO data has some specific requirements with regard to data and 

methods. Settlements in general, and urban agglomerations in particular, are shaped by 
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highly heterogeneous structures and small objects that pose an important challenge to the 

spatial resolution of EO data (van der Linden et al. 2018). The spatial resolution of EO 

systems corresponds to the size of the smallest individual picture element […] that a sensor 

is able to image (Small 2016a). In many (wild and managed) natural landscapes, as well as 

in global land cover studies with coarse thematic detail, a lower spatial resolution might be 

applicable, as surfaces are sufficiently homogeneous (Townshend et al. 1988; Li et al. 

2017b). Assuming a homogeneous settlement class, this also applies to settlement mapping, 

where a spatial resolution of 500 m was found to yield fairly accurate results on a global 

scale (Schneider et al. 2009). However, settlements are characterized by a multitude of 

different objects (e.g. roads, railways, roof elements, sidewalks, decoration, urban green), 

and it was previously found that a spatial resolution of 10 to 30 m is not able to capture the 

full range of discrete urban objects (van der Linden et al. 2018). While the denotation of 

different spatial resolutions is formally undefined and inconsistent in the literature (e.g. very 

high, high, moderate, medium, coarse resolution), an alternative approach is used in this 

work that uses a naming convention based on metric unit prefixes, i.e. decimeter (0.1-1 m), 

meter (1-10m), decameter (10-100 m), hectometer (100-1000m), and kilometer (>1000 m) 

resolution (also see Small 2019). 

Settlements are also characterized by different surface materials (e.g. concrete, wood, glass, 

metals, asphalt, synthetic materials, but also vegetation types). Additionally, buildings have 

a considerable vertical form. Both poses a challenge to the sensors used to map and monitor 

them. Active remote sensing systems emit electromagnetic radiation and measure the energy 

reflected back (i.e. backscatter, Lillesand et al. 2015). They include radio detection and 

ranging (Radar) and light detection and ranging (Lidar) sensors. In a settlement context, 

Lidar has great potential for measuring height and volume of buildings (Meng et al. 2009) 

and urban vegetation (Höfle et al. 2012), where point clouds represent the surface of objects 

at first return and the inner structure of penetrable objects (e.g. tree crowns) at second to last 

return. Synthetic Aperture Radar (SAR) is an active system sensitive to structural surface 

characteristics like roughness or geometric shape, and can, thus, contribute to distinguishing 

built-up from non-built-up area (Esch et al. 2013) or to estimate building height (Sun et al. 

2017). Settlement mapping with active systems can be challenged by dense and tall built-up 

structures, causing unwanted double and multi bounce radar backscatter between buildings 

(Koppel et al. 2017) or a scarce point sampling density in Lidar data.  

Passive optical remote sensing systems capture the electromagnetic radiance emitted by the 

sun and reflected back to the sensor, or thermal energy emitted (Lillesand et al. 2015). In 

contrast to SAR systems, passive systems require a clear line of sight from the sensor to the 
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Earth’s surface (i.e. not hampered by clouds). They measure radiance in different ranges of 

the electromagnetic spectrum, which allows to derive land cover information, based on 

unique spectral properties of different materials. The sensor’s spectral resolution is the 

number and specificity of spectral wavelengths (bands) of radiation that a sensor is able to 

measure (Small 2016a). Commonly, optical sensors capture visible light (ca. 400 nm - 700 

nm), as well as near (ca. 700 nm - 1,300 nm) and shortwave infrared reflectance (ca. 1,300 

nm - 3,000 nm), as many surfaces are only separable in the infrared spectrum (Herold et al. 

2004). Although sensors carrying a visible red light and a near infrared detector can already 

describe the status of vegetation, the spectral separability of surfaces can be largely enhanced 

by using multispectral or hyperspectral sensors, providing information for up to hundreds of 

bands (Small et al. 2018a). While multispectral sensors can distinguish broad settlement 

surface types, such as impervious surfaces or few vegetation types, hyperspectral sensors 

can potentially distinguish tens of different surface materials (Small 2004; Herold et al. 2005; 

van der Linden et al. 2018). Thermal and nighttime light (NTL) sensors are single-band 

optical systems that have successfully supported settlement mapping by providing 

information about land surface temperature represented by thermal emissions (Weng 2009) 

or the presence of human activity represented by lights at night (Levin et al. 2020). 

Settlement mapping with passive systems can be challenged by low reflectance over dark 

shadowed areas, depending on the time of year and latitude (Mostafa 2017), the difficult 

distinction of emissivity and temperature in thermal data (Martin et al. 2019), saturation 

effects due to limited radiometric resolution in NTL data (Elvidge et al. 2007a), or off-nadir 

image perspective and wide swaths of very high resolution imagery (Suliman et al. 2015). 

For settlement mapping, a high spectral resolution of optical data is desirable to map physical 

detail, and fusion with other data types is beneficial to map specific features beyond land 

cover. 

The temporal resolution is the frequency of data acquisitions of a defined place on Earth 

(Lillesand et al. 2015). While a high temporal resolution seems, a priori, unnecessary 

because settlement change processes are comparatively slow, and are not subject to periodic 

or seasonal change, three aspects should not remain unconsidered. First, settlements undergo 

regular development, for example through building activity, which is why an annual 

monitoring, at least, is beneficial for completely capturing the rate of development (Zhu et 

al. 2019). Second, a very high temporal resolution (sub-annual, monthly, weekly) can be 

required to monitor the existing and very important seasonal component of settlements – 

vegetation, as well as highly dynamic disturbance processes (Grimm et al. 2017). Third, a 
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dense data time series allows a more efficient reduction of noise and is, thus, beneficial from 

a methodological standpoint (Zhu et al. 2016). 

In summary, the built-up environment is thematically challenging. Along with the high 

number of objects and surfaces, settlements are inherently heterogeneous, and require a 

multi-dimensional understanding. This includes a high-detail representation of different land 

cover types including natural and artificial (i.e. vegetated and built-up) surfaces and of 

objects smaller than pixel size, a stronger consideration of a settlements’ vertical component, 

a frequent assessment of settlement dynamics for long-term monitoring, a systematics, 

comparative and (globally) harmonized description and a spatial understanding of 

settlement, neighborhood and building types (also: urban form), an operationalized, i.e., 

cost-efficient, regular and continuous image acquisition with standardized pre-processing, a 

higher relevance of socio-metabolic parameters such as population and material stocks, and 

a strong link to the social, economic, political and environmental implications and 

development pathways (Cadenasso et al. 2007; Seto et al. 2010; Pickett et al. 2011; Small 

2016a; Wentz et al. 2018; Kremer et al. 2019; Zhu et al. 2019).  

3.2 Historic and Current Developments in Settlement Mapping 

Image acquisitions from spaceborne sensors are distinct from airborne data, i.e., data from 

active or passive systems mounted on aircrafts or unmanned aerial vehicles. While the latter 

was shown to contribute to highly detailed mapping of buildings (Yu et al. 2010; 

Crommelinck et al. 2016) or surface coverage (Okujeni et al. 2013), their acquisition are 

currently not yet operationalized and need to be manually tasked or flown. This is why this 

section focuses on, and the following chapters use satellite-based datasets. The first satellite 

EO systems in space were designed for very specific purposes, for example atmospheric and 

meteorological applications (such as Sputnik and Vanguard in the late 1950s, Tatem et al. 

2008), or reconnaissance (such as Corona between 1959 and 1972, Ruffner 2005). After that, 

major technical and methodological advances have been made in satellite EO in general, and 

for settlement mapping in particular, with regard to data, methods, and applications, 

transforming settlement EO into one of the key frontiers of today.  

1970s and 1980s 

A major breakthrough in systematic and civil land monitoring with EO was Landsat, a 

USGS-operated optical program by NASA, today providing the longest time series of 

consistent and globally available multispectral image acquisitions so far (Goward et al. 

2021). Shortly after the launch of Landsat 1 in 1972 (initially Earth Resources Technology 

Satellite 1), carrying a Multispectral Scanner System (MSS) sensor with four spectral bands 
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covering the visible and near infrared range with a spatial resolution of 63x83 m, its data 

was used for land surface mapping applications in a settlement context (Odenyo et al. 1977; 

Forster 1985). The 1970s and 1980s were shaped by the continuation of the Landsat mission, 

with the implementation of two additional MSS satellites in 1975 and 1978 (now also 

including one thermal band) and the introduction of Landsat 4 in 1984, carrying a Thematic 

Mapper (TM) sensor with seven bands in the visible, infrared and thermal range at a spatial 

resolution of 30x30m (120x120m thermal, Price 1984). In addition, further optical systems 

were launched, such as the Advanced Very High Resolution Radiometer (AVHRR) in 1978 

with six bands in the visible red and infrared range at kilometer spatial resolution. Although 

focused on thermal and atmospheric applications, AVHRR already had the potential for 

global land cover mapping including built-up areas (Hansen et al. 2000). The launch of the 

Satéllite Probatoire d’Observation de la Terre (SPOT) in 1986 provided multispectral 

imagery from three bands in the visible and near infrared range and a panchromatic (i.e. 

broad range greyscale) band at 10 – 20m spatial resolution and with a potential image of 

each spot on Earth every two – three days (Chevrel et al. 1981). SPOT was, from the 

beginning, contributing to settlement mapping (Weber et al. 1992; Quarmby et al. 1989). 

The launch of the NOAA Defense Meteorological Satellite Program (DMSP) in 1976, 

carrying an Operational Linescan System (OLS) sensor, provided the first operationalized 

acquisitions of night time lights at hectometer resolution. Initially designed to detect cloud 

cover, OLS data was soon used to assess human activity on Earth (Welch 1980; Sullivan 

1989). Along with these sensors, many of the methods used in image analysis today were 

developed or adapted to remote sensing data during that time. While early image 

classification on Landsat was visual or manual (Phiri et al. 2017), that included the 

emergence of the first (partly computer-aided) approaches to image classification based on 

digital numbers (Venkataratnam 1980), texture (Haralick 1979) or object-based image 

segmentation (Kettig et al. 1976), as well as the first approaches to detect sub-pixel sized 

objects (Adams et al. 1986). These two decades laid the foundation for systematic land 

surface EO including settled areas, and already responded to the need for operationalized 

image acquisition over dense and heterogeneous areas. 

1990s 

In the 1990s, Landsat and SPOT missions were continued (e.g. Landsat 5 TM in 1993, 

Landsat 7 ETM+ in 1999, SPOT-4 in 1998). The launch of the European Remote Sensing 

Satellite (ERS) and RADARSAT brought two active systems carrying SAR sensors (C-band) 

with potentially global coverage and a spatial resolution of 30m / 100m into space, that were, 

however, only rarely used for settlement mapping applications (Dekker 2003). Many of the 
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data and methods originally introduced in previous decades were improved, or found their 

way into applied research. For example, this included the Vegetation-Impervious Surfaces-

Soil model (Ridd 1995) or the Multiple Endmember Spectral Mixture Analysis (MESMA, 

Roberts et al. 1998) for sub-pixel (urban) land cover mapping, object-based image analysis, 

a broader usage of machine learning techniques (e.g. Ritter et al. 1990; Civco 1993; Atkinson 

et al. 1997), or a compositing of previously available global nighttime light data (Elvidge 

1997). Landsat and SPOT data continuity provided the first decameter resolution long-term 

image time series, an increasing range of sensor types enabled a diverse perspective on land 

surfaces including settlements, and methods lost their experimental status. 

2000s and 2010s 

The last two decades were benefiting from several major developments; (1) an increasing 

availability of (historically consistent) data and a variety of new sensors, (2) a growing pool 

of established methods for image analysis, and (3) a rapid development of available 

computation power and storage capacities (Cracknell 2018). The launch of commercial EO 

systems, such as IKONOS in 1999 (Dial et al. 2003), QuickBird in 2001 (Toutin et al. 2002), 

WorldView 1 in 2007 (Krause 2008), or the concept of CubeSats, i.e., micro-satellites (Puig-

Suari et al. 2001), with up to decimeter spatial resolution, enabled a highly detailed 

settlement remote sensing analysis, with a potential recognition of single objects (Myint et 

al. 2011). At the same time, the Terra/Aqua Moderate-resolution Imaging Spectroradiometer 

(MODIS) constellation with a spectral resolution of 36 reflectance/thermal bands and a 

spatial resolution of 250-1000 m was launched in 1999/2002 and provided a complete image 

of the globe every two days (Barnes et al. 1992). The NASA/NOAA-operated Visible 

Infrared Imaging Radiometer Suite (VIIRS) Day/Night Band (DNB) was a nighttime light 

sensor in succession to DMSP OLS in 2012 (Elvidge et al. 2017), allowing harmonized long-

term global NTL composites (Li et al. 2020c). Considering Lidar data, IceSAT 1/2, a mission 

originally designed to assess ice, clouds and land elevation, was launched in 2003/2018 and 

could contribute to building height mapping (Dandabathula et al. 2021). Considering SAR 

data, TerraSAR X/TanDEM-X is a satellite constellation operated by the German Aerospace 

Center launched in 2007/2010, and showed potential for urban motion mapping (Ge et al. 

2010). In 2013, the start of Landsat 8 carrying the Operational Land Imager with eight bands 

at 30m resolution and a thermal sensor with two bands at 100m resolution continued the 

longest available optical image time series (Roy et al. 2014). After 2013, research was further 

facilitated by the European Commission’s Copernicus program and the launch of two new 

EO systems: Sentinel-1 A/B, a constellation of two active C-band SAR sensors acquiring 

cloud-independent data at daytime and nighttime (Potin et al. 2012), and Sentinel-2 A/B, a 
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constellation of two multi-spectral optical sensors with a temporal resolution of five days or 

less (Drusch et al. 2012). This development was considerably supported by open data 

policies, leading to the opening of the Landsat data archive in 2008 (Wulder et al. 2012) and 

to freely and openly accessible Sentinel and MODIS data. 

Besides developments in data availability, settlement mapping benefited from a large pool 

of increasingly established and accessible methods. That included tools for image time series 

analysis (e.g. Hird et al. 2016), machine learning algorithms (such as the Random Forest 

classifier, Breiman 2001, or Support Vector Machines, Boser et al. 1992; Schölkopf et al. 

2002), sub-pixel analysis (Small 2004; Powell et al. 2007; Okujeni et al. 2013), image 

compositing (Griffiths et al. 2013), the synergistic use of data (Griffiths et al. 2010; Zhou et 

al. 2018), as well as cloud processing (Gorelick et al. 2017) and data harmonization and data 

cube creation (Claverie et al. 2018; Frantz 2019). Along with an increasing availability of 

computation power and storage capacity, this led to novel datasets, such as maps of long-

term land cover dynamics, for example settlement growth (Griffiths et al. 2010; Bagan et al. 

2012; Taubenböck et al. 2012; Sexton et al. 2013; Li et al. 2018), urban vegetation 

characteristics (van de Voorde et al. 2008; Melaas et al. 2016; Lu et al. 2017), kilometer 

resolution large area building height datasets (Li et al. 2020a), NTL-derived urban expansion 

maps (Zhang et al. 2013), decameter resolution global (multi-temporal) settlement products 

(e.g. Schneider et al. 2003; CIESIN 2004; Schneider et al. 2009; Esch et al. 2013; Pesaresi 

et al. 2016; Buchhorn et al. 2020), continental meter resolution settlement products (Florczyk 

et al. 2016) or global sub-pixel building data (Elvidge et al. 2007b; Corbane et al. 2020; 

Marconcini et al. 2019). Beyond this, several concepts for further settlement form 

characterization on different scales have been proposed and/or mapped using EO data after 

2000, for example the Local Climate Zones framework (Stewart et al. 2012; Bechtel et al. 

2015), the urban stands concept (Stokes et al. 2019), the urban structure types approach 

(Voltersen et al. 2014; Lehner et al. 2019), the Copernicus Urban Atlas (EC 2021), the 

Morphological Urban Areas approach (Taubenböck et al. 2019), or the harmonized degree 

of urbanization (Dijkstra et al. 2020). Over the last decades, EO mapping made impressive 

progress towards an operationalized, high spatial resolution, consistent large area, and high 

detail mapping of settlement structure including monitoring settlement expansion over more 

than 40 years. 

3.3 Earth Observation for Variables of the Socio-Economic Metabolism 

Material stocks and human population are key parameters of the SEM. They are also key 

components of settlements and require a spatially explicit representation (Haberl et al. 2019). 
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Spatially explicit material stock mapping has mostly been performed based on bottom-up 

stocks-driven approaches (also see section 2). These can provide very high resolution data, 

but can also be very labor intensive or expensive, as they require reliable cadaster data or 

other encompassing geo-databases (e.g. Kleemann et al. 2017a; Gontia et al. 2018; Miatto 

et al. 2019; Inostroza et al. 2019; Lanau et al. 2020). On a local level, they yield highly 

accurate results about material stocks patterns. On a regional or broader scale, however, 

those approaches are challenged by data and methodological limitations, and only few 

studies implemented geoinformation techniques to map accumulated materials across large 

areas such as countries (e.g. Tanikawa et al. 2015). Earth Observation satellite data has only 

recently been used to map material stocks. For example, NTL were used to quantify material 

stocks across space. In particular, large area NTL composites were used to estimate societal 

material stock across countries or even continents (e.g. (Takahashi et al. 2010; Liang et al. 

2017; Yu et al. 2018; Peled et al. 2021). Material stock and NTL are highly correlated, as 

they both represent human activity. 

Spatially explicit population mapping has been established as gridded population mapping, 

and is a popular extension to census data. While the latter is bound to administrative 

boundaries, the former maps population in continuous grid cells, where the cells can be seen 

as an analogy to pixels in EO research. Gridded population can be mapped using a bottom-

up procedure, where population is estimated based on physical settlement characteristics 

(e.g. Weber et al. 2018). More frequently, however, gridded population is estimated using 

top-down dasymetric mapping (e.g. Nagle et al. 2014; Stevens et al. 2015). Here, known 

census population from administrative units is redistributed to grid cells based on weighting 

layers. The Gridded Population of the World (GPW) dataset was one of the first large area 

gridded population layers, and uniformly distributed census population to grid-cells within 

sub-national administrative units (Tobler et al. 1997). Since then, EO-based datasets, such 

as global settlement mapping products, have been increasingly contributing to this 

redistribution, and global products developed rapidly, now allocating population in space 

based on the presence or density of settlements (Leyk et al. 2019). Example products with a 

spatial resolution of ≥ 100m using settlement maps (and other ancillary data) are the 

WorldPop project (WorldPop 2020), Landscan (Oak Ridge National Laboratory 2019) or 

GHS-POP (Pesaresi et al. 2019), as well as a number of continental/regional datasets (e.g. 

GHS-POP-EUROSTAT, Freire et al. 2016a, or the High Resolution Settlement Layer, 

Facebook Connectivity Lab et al. 2016). Very recently, global products started integrating 

building density as a weighting layer to population mapping (e.g. Freire et al. 2016b; 

Palacios-Lopez et al. 2019). 
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4 Research Gaps and Motivation 

Despite major progress in characterizing settlements and quantifying parameters of the SEM 

in the past, the potential of EO data for a detailed understanding of processes related to 

settlement structure, population and material stocks in space has not yet been sufficiently 

exploited.  

First, EO research only responded partly to the requirements of a more encompassing, 

detailed and structured description of settlements, and only few studies go beyond a land 

cover perspective. Global products, for example, often consider settlement extent and 

expansion a binary phenomenon, i.e. described by a mere distinction of built-up and non-

built up surfaces, and results do not always spatially agree across the different maps (Klotz 

et al. 2016). While they provide very good results across large areas at up to 30m spatial 

resolution, global maps often do not represent the local heterogeneous character of 

settlements as they provide discrete data, single-class information, experimental data, or 

coarse resolution only. Approaches using higher resolution imagery, commercial data, or 

innovative methods are usually only available at small scale because of data requirements, 

processing limitations, or method uncertainties, or cannot provide a historic perspective. 

Building height information has not yet been operationalized and is only available for small 

areas, or at kilometer resolution. Concepts to represent settlement form with EO data have, 

so far, only been implemented for selected sites or have been developed with a different 

thematic focus inadequate to contribute to population or material stocks mapping, for 

example when the important distinction of residential vs. non-residential buildings is 

missing. The multi-dimensional characterization of settlements with EO data is considered 

one of the current research frontiers (Weng 2014; Wentz et al. 2014; Wentz et al. 2018; Zhu 

et al. 2019). 

Second, despite important improvements, spatially explicit continuous population mapping 

is still being challenged by underlying settlement data that leaves out key requirements for 

an accurate population estimate. The quality of both bottom-up and top-down approaches to 

gridded population mapping is immediately depending on the quality of input settlement 

layers. An exclusive use of a binary map, for example, will distribute the same number of 

people to each grid cell, putting people in industrial areas, and will systematically 

underestimate the population of large agglomerations, as building density and the vertical 

component of housing are not implemented. So far, the lack of a multi-dimensional 

perspective on the built environment has been encountered with modeling approaches and 
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proxy data. Understanding the entire physical dimension of settlements will facilitate and 

improve mapping population as one driver of the SEM. 

Third, current approaches to spatially assess the distribution of material stocks are 

challenged by the requirements for spatially explicit high-resolution data. While inflow-

driven modeling is able to assess material stocks quantities and dynamics across large areas 

and over time, its scale of analysis is strongly dependent on data availability, as it relies on 

statistical data on extraction, production or trade for the research area, which are often only 

available on the national scale. Stock-driven approaches can provide a great level of detail, 

but are often temporally static and require large amounts of high-quality data or labor-

intensive processing. EO data has been used to map the distribution of material stocks only 

to a very limited extent.  While NTL-based approaches are promising for large area mapping, 

their spatial resolution is still rather coarse (hectometer to kilometer), and they are 

challenged with a multi-dimensional description of material stock types and may not 

adequately capture “dark” stocks. An approach that quantifies material stocks in a spatially 

explicit way across large areas at decameter resolution and through time has not yet been 

developed. Globally consistent, operationalized, and freely available EO data has great 

potential to bring material stock mapping to a next level and bridge the gap between inflow-

driven and stock-driven estimates, establishing consistent links to population and settlement 

structure, and allowing for a historic perspective. 

5 Research Objectives and Structure 

The overarching objective of this work is to increase the spatially explicit understanding of 

material stocks and population distribution and dynamics at high spatial resolution and on a 

national scale by means of multi-dimensional settlement mapping with multi-source Earth 

Observation data. A workflow to achieve this objective is developed along three major 

research objectives (Figure I-1): 

Research Objective 1: Develop decameter resolution information layers of the multi-

dimensional physical structure of settlement environments, including sub-pixel settlement 

and vegetation extent, building height and building types. 

This research objective is addressed in Chapters II, III and, partly, IV. Chapter II uses recent 

Sentinel-2 data to develop a nation-wide sub-pixel land cover map of Germany. The goal of 

this study was to assess the performance of a machine learning regression-based unmixing 

approach in combination with spectral-temporal intra-annual time series metrics, two 

concepts that largely facilitate sub-pixel mapping at large spatial extents – as compared to 
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other approaches. The purpose of Chapter III is the development of a nation-wide building 

height layer at decameter resolution using machine learning regression and Sentinel-2 and 

Sentinel-1 texture data. In Chapter IV, a layer that distinguishes four major building types 

was developed using a random forest classifier. The first two layers underline the 

understanding of settlements as a continuous space, and are equally applicable along the 

complete urban-rural gradient. This objective focuses on methodologic and thematic 

improvements of EO image analysis for settlement mapping, and provides information 

directly used as input data in the following chapters. 

Research Objective 2: Develop spatially explicit wall-to-wall information on material stocks 

and population, two key components of the socio-economic metabolism, from Earth 

Observation data. 

This research objective is addressed in Chapters IV and V. Both chapters use building area, 

height and type data from the previous chapters and estimate gridded population and material 

stocks for Germany. Chapter IV studies the added value of previously unavailable building 

density and volume for top-down dasymetric and bottom-up population mapping. Chapter 

V quantifies the mass of material stocks based on data from the previous chapters and data 

on material intensities. This objective focuses on data analysis and exploitation, presenting 

benefits of consistent multi-dimensional settlement mapping for spatial SEM research, and 

provides information directly used as input data for the following chapter. 

Research Objective 3: Assess spatial-temporal dynamics of material stocks and population 

using Earth Observation time series imagery. 

This research objective is addressed in Chapter VI. This chapter uses recent maps on 

population and material stocks developed in the previous chapters. Additionally, historic 

Landsat data from 1985 onwards is used to introduce a historic perspective on both layers 

using time series analysis. This objective focuses on applying Earth Observation methods in 

a new context and contributing to a spatially explicit historic nation-wide and high-resolution 

understanding of SEM variables. 
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Figure I-1 Schematic representation of the dissertation structure 

This dissertation consists of an introductory chapter (Chapter I), five core chapters (Chapters 

II, III, IV, V, VI), and a Synthesis (Chapter VII). The introductory chapter places the research 

conducted in the core chapters into a broader context and provides the guiding research 

objectives for this work. The core chapters address the research objectives and are stand-

alone manuscripts, which were either published in or submitted to international peer-

reviewed journals. Additionally, each chapter addresses specific research questions with 

regard to the context of the individual studies. Chapter II is followed by a supplementary 

chapter briefly presenting advances of the results that were achieved after the publication of 

the manuscript, but used in the following research. The Synthesis provides a summary, 

providing conclusions and future directions for research. The core chapters are: 

Chapter II Schug, F.; Frantz, D.; Okujeni, A.; van der Linden, S.; Hostert, P. (2020): 

Mapping urban-rural gradients of settlements and vegetation at national scale 

using Sentinel-2 spectral-temporal metrics and regression-based unmixing with 

synthetic training data. Remote Sensing of Environment, 246, 111810, doi: 

10.1016/j.rse.2020.111810 

Chapter III  Frantz, D.; Schug, F.; Okujeni, A.; Navacchi, C.; Wagner, W.; van der Linden, 

S.; Hostert, P. (2021): National-scale mapping of building height using Sentinel-

1 and Sentinel-2 time series. Remote Sensing of Environment, 252, 112128, doi: 

10.1016/j.rse.2020.112128 

Chapter IV Schug, F.; Frantz, D.; van der Linden, S.; Hostert, P. (2021): Gridded population 

mapping for Germany based on building density, height and type from Earth 
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Observation data using census disaggregation and bottom-up estimates. PLoS 

ONE, 16(3), doi: 10.1371/journal.pone.0249044 

Chapter V  Haberl, H.; Wiedenhofer, D.; Schug, F.; Frantz, D.; Virág, D.; Plutzar, C.; 

Gruhler, K.; Lederer, J.; Schiller, G.; Fishman, T.; Lanau, M.; Gattringer, A.; 

Kemper, T.; Liu, G.; Tanikawa, H.; van der Linden, S.; Hostert, P. (2021): High-

Resolution Maps of Material Stocks in Buildings and Infrastructures in Austria 

and Germany. Environmental Science & Technology, 2021, 55, 5, 3368–3379, 

doi: 10.1021/acs.est.0c05642 

Chapter VI Schug, F.; Frantz, D.; Haberl, H.; Wiedenhofer, D.; van der Linden, S.; Hostert, 

P. (submitted): High-resolution mapping of 33 years of material stock and 

population growth in Germany using Earth Observation data. Submitted to: 

Journal of Industrial Ecology



 

20 

  



Chapter II 

21 

 

 

Chapter II:Mapping urban-rural gradients of 

settlements and vegetation at national scale using 

Sentinel-2 spectral-temporal metrics and 

regression-based unmixing with synthetic 

training data 

 

Remote Sensing of Environment, 2020, Volume 246, 111810 

DOI: 10.1016/j.rse.2020.111810 

 

Franz Schug, David Frantz, Akpona Okujeni, Sebastian van der 

Linden, Patrick Hostert 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Received 11 February 2020; Received in revised form 17 March 2020; Accepted 31 

March 2020, Available online 08 May 2020 

© 2020 The Authors. Published by Elsevier Inc. This is an open access article under 

the CC BY license (http://creativecommons.org/licenses/BY/4.0/



Chapter II 

22 

Abstract 

The increasing impact of humans on land and ongoing global population growth requires an 

improved understanding of land cover (LC) and land use (LU) processes related to 

settlements. The heterogeneity of built-up areas and infrastructures as well as the importance 

of not only mapping, but also characterizing anthropogenic structures suggests using a sub-

pixel mapping approach for analysing related LC from space. We implement a regression-

based unmixing approach for mapping built-up surfaces and infrastructure, woody 

vegetation and non-woody vegetation for all of Germany and Austria at 10m resolution to 

demonstrate the potential of sub-pixel mapping. We map LC fractions for one point in time, 

using all available Sentinel-2 data from 2017 and 2018 (<70% cloud cover). We combine 

the concept of synthetically mixed training data with statistical aggregations from spectral-

temporal metrics (STM) derived from Sentinel-2 reflectance time series. We specifically 

examine how STM can be used for creating synthetically mixed training data. STM are 

known to facilitate large area mapping by being largely independent of image acquisition 

dates and inherently incorporate phenological information. Vegetation is an important part 

of settlements and time series information supports its mapping. Synthetically mixed training 

data facilitates a streamlined training by using pure reference spectra to generate artificial 

mixtures as input to regression modelling of LC fractions in mixed pixels. We here show 

how combining both offers great potential for wall-to-wall LC fraction mapping. We further 

investigate the positive effect of STM on map results by comparing the performance of 

different subsets of STM combinations. Our results indicate that many STM combinations 

containing spectral variability and vegetation indices provide suitable input to creating 

synthetic training data for regression-based fraction mapping. Results for built-up surfaces 

and infrastructure (MAE 0.13/RMSE 0.18 at 20m resolution), woody vegetation (0.18, 0.22) 

and non-woody vegetation (0.14, 0.19) are highly consistent across Germany and Austria. 

Only a few surface types were not accurately predicted in our nation-wide mapping. Further 

research is required to optimize mapping of temporally invariant bare soil and rock surfaces 

that show spectral similarity to built-up surfaces and infrastructure. The proposed 

methodology combines benefits of both regression-based modelling with synthetically 

mixed training data and STM, and thus facilitates mapping of LC fractions on a national 

scale and at high resolution. Such information will allow to better characterize settlements 

and identifying processes such as densification that are best represented by continuous LC 

mapping. 
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1 Introduction 

Human activity has shaped land cover (LC) and land use (LU) dynamics over the last 

decades (Lambin et al. 2006). Song et al. (2018) found that about 60 percent of all global 

(and up to 86 percent of all European) LC and LU change from 1982 to 2018 can be directly 

related to human activities. Processes include forestry and agriculture, but also settlement 

and infrastructure development. Despite their relatively small overall share of LC, 

settlements have an important effect on LC and LU dynamics within and outside of city 

boundaries, locally and globally (Foley et al. 2005; Turner et al. 2007). Rapid population 

growth - world population is predicted to grow from 7.4 billion in 2015 to 9.2 billion in 2040 

(UNDESA 2019) - suggests that understanding spatial-temporal patterns of settlement 

dynamics at national scales is essential from the perspective of planning and service 

provision, climate change adaptation, LU management and related aspects also addressed in 

the Sustainable Development Goal 11 on “Sustainable Cities and Communities” (United 

Nations 2018). 

Even though more people are expected to live in cities (64.5 percent in 2040 as compared to 

53.9 percent in 2015, UNDESA 2018, 2019), population growth will not only occur in urban 

agglomerations, but also in smaller urban centers, their surroundings and less populated 

areas in the countryside (Melchiorri et al. 2018b). Despite lower population densities, those 

areas account for a substantial amount of infrastructure, especially with regard to 

transportation. For example, emissions from transportation greatly depend on the patterns of 

settlement development (Baiocchi et al. 2015). Within settlements, the type and structure of 

sub-areas also has a large impact on different aspects of human life quality, mobility 

behavior, settlement resilience and environmental impacts of built-up features (Stokes et al. 

2019). This is why settlement mapping requires a spatially comprehensive approach 

encompassing the entire urban-rural gradient, where the character regarding building 

density, building structure, object sizes, green space and infrastructure varies gradually. It is, 

thus, also essential to capture LC distribution in and between settlements over large areas. 

Particularly with regard to sub-pixel structures, discrete LC mapping approaches are an over-

simplification of the human environment (Small et al. 2016b). This is specifically 

challenging when mapping infrastructure and the LC composition of smaller settlements and 

in rural areas. Even though increased spatial resolution can partly counter this problem, van 

der Linden et al. (2018) found that at 9m spatial resolution, 80% of the pixels still contained 

two or more surface types. Moreover, mapping the type and characteristics of settlements 

also requires knowledge about less abundant LC components, including different vegetation 

types (Wentz et al. 2018). The dominance of highly diverse mixtures in pixels therefore 
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renders quantitative sub-pixel mapping a favorable approach for consistently characterizing 

urban-rural gradients (MacLachlan et al. 2017). 

Large area classification approaches have been established for settlement mapping using 

different classification schemes, data types and semantics. Global and continental products 

provide ready-to-use settlement extent maps. The Global Urban Footprint (GUF, Esch et al. 

2013) and the Global Human Settlement Layer (GHSL, Pesaresi et al. 2013; Corbane et al. 

2019a) are among the best-known binary products based on remote sensing. An overview of 

discrete large area products is provided in Schneider et al. (2010), Klotz et al. (2016) and 

Small et al. (2016b). Imperviousness is a continuous phenomenon that is often considered a 

proxy for settlement presence (Weng 2012). LC classification products such as FROM-

GLC10 (Gong et al. 2019) account for large area imperviousness and specific large area 

imperviousness products, such as in the US National LC Database (Homer et al. 2004), the 

Copernicus Imperviousness Layer (Langanke et al. 2018) or the Global Man-made 

Impervious Surface dataset (Brown de Colstoun et al. 2017) offer continental or global 

estimates for a single imperviousness class. LC fraction mapping has also been widely 

applied with a focus on vegetation, where it is often referred to as vegetation continuous 

fields. DeFries et al. (1999) mapped global continuous fields vegetation characteristics using 

MODIS imagery and linear mixture models, Asner et al. (2005) mapped fractional vegetation 

cover in the Amazon Basin using Landsat ETM+ data and global forest cover maps were 

produced using large amounts of MODIS and Landsat data (Hansen et al. 2003). Those 

approaches do not focus on settlement features and often made use of lower resolution 

imagery for global applications. The idea of LC fraction mapping is also represented in the 

vegetation - impervious surface - soil (V-I-S) model that was designed and locally used to 

characterize urban morphology based on spectral information (Ridd 1995; Phinn et al. 2002). 

The potential of decameter resolution imagery for large area multi-class sub-pixel LC 

mapping is still unclear. Spectral Mixture Analysis (SMA, Roberts et al. 1993) and related 

methods such as Multiple Endmember Spectral Mixture Analysis (MESMA, Roberts et al. 

1998) have been widely used for fraction mapping in various applications, including 

components of settlement LC (Wu et al. 2003; Powell et al. 2007; Yang et al. 2015; Wetherley 

et al. 2018). So have regression-based approaches (Yuan et al. 2008; Kaspersen et al. 2015). 

However, many regression-based fraction mapping approaches require a complex training 

procedure, as they use training areas derived from very high resolution imagery, referred to 

as map-based training (Sexton et al. 2013). 

Okujeni et al. (2013) introduced a regression-based unmixing approach using synthetically 

mixed training data. This approach utilizes image-based spectral signatures of known pure 
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surface types (a library) and generates synthetic mixtures of those spectra in order to 

simulate continuous training data that can be used for regression training. Using library data 

to create artificial training data largely facilitates the training process. The approach was 

previously used to map an extended V-I-S scheme for settlement LC composition (Okujeni 

et al. 2015; Priem et al. 2019). The concept was extended through an ensemble approach 

(Okujeni et al. 2017) and showed good results in different local and regional environments 

(Okujeni et al. 2018; Schug et al. 2018; Suess et al. 2018). However, the approach has not 

been used to map two vegetation types and has never been used at national scales. Finally, 

training data has never been generated from STMs. The robustness towards regional spectral 

variability and seasonality was not yet studied. 

Workflows based on single-date acquisitions or best-available pixel composites are limited 

when it comes to differentiating spectrally similar surface types. Whereas spectra of 

materials used for buildings and infrastructure (e.g. concrete) are distinct from the spectral 

signatures of vegetated pixels, they are physically and spectrally similar to some natural soil 

and bare rock surfaces (Stefanov et al. 2001; Herold et al. 2004). This can particularly lead 

to inconsistent estimates of different sub-pixel fractions in areas with phenological variation. 

For example, post-harvest open soil can be miss-interpreted as a built-up surface on 

agricultural fields. That challenge can be encountered by incorporating all available data 

within a study period and, thus, making use of information on vegetation phenology to 

overcome seasonal spectral ambiguities. Spectral-temporal metrics (STM) from image time 

series inherently include phenological information based on pixel-wise reflectance statistics 

or derived indices. Temporal Normalized Difference Vegetation Index (NDVI) metrics were, 

together with phenometrics or land surface temperature, shown to be useful to measure 

phenological variability (Reed et al. 1994) or to enhance LC change detection (Borak et al. 

2000). NDVI metrics have also been used for regression-based unmixing with map-based 

reference spectra (Kaspersen et al. 2015). STM were shown to improve classification quality 

for discrete multi-class large area LC maps including seasonal and artificial  surfaces 

(Pflugmacher et al. 2019). Schneider (2012) found that, depending on the classifier, STM 

from Landsat imagery increase discrete classification quality for change mapping of urban 

areas in Chinese cities. The seasonal aspect of the data was particularly useful for separating 

bare ground, seasonal post-harvest agriculture or temporary construction sites from 

permanent urban surfaces. 

Freely available Sentinel-2 data from ESA’s Copernicus program offer the potential for 

mapping infrastructure and built-up features more precisely than comparable decameter 

resolution satellite missions: (1) the average five-day revisit rate of the dual Sentinel-2A/B 
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constellation substantially improves data availability compared to missions like Landsat (16 

days, Li et al. 2017a) and (2) the spatial resolution of 10m – 20m  (band-dependent) seems 

promising for mapping infrastructure and built-up features. 

Our overarching goal is to map LC fractions for Germany and Austria to describe the LC 

composition of settlements and infrastructure consistently along urban-rural gradients. We 

use STM from all available Sentinel-2A/B imagery in 2017 and 2018 (<70% cloud cover) 

for regression-based unmixing with synthetically mixed training data. We map fractions of 

built-up features and infrastructure (including buildings, roads and man-made pervious 

features such as railway tracks, but excluding natural impervious features such as bare rock), 

woody vegetation (including deciduous forests, coniferous forests, woody shrubs and tree 

crops) and non-woody vegetation (including grassland and non-tree crop agriculture) for one 

point in time. We implement an automated workflow that is able to unmix LC at 10m spatial 

resolution with a single set of training data for the entire area. We use per-pixel STM of 

analysis ready image time series to include phenology-driven spectral variation, to increase 

data comparability of different sub-regions and to better separate LC types susceptible to 

spectral-temporal confusion. We specifically address the following research objectives: 

• We examine if the combined use of STM derived from Sentinel-2A/B time series and 

the concept of synthetically created training data allows for accurate fraction 

mapping of built-up surfaces and infrastructure, woody and non-woody vegetation 

with regression-based modelling across Germany and Austria.  

• We compare the performance of different STM and STM combinations and their 

suitability for the generation of synthetic training data, and this way explore whether 

the advantageous temporal component of STM is preserved during synthetic mixing, 

knowing that STM do not represent actually measured surface spectra. 

• We identify the value of quantitative land cover mapping for better understanding the 

type and structure of settlements on a nation-wide wall-to-wall level. 

2 Study Area and Data 

2.1 Study Area 

We mapped LC fractions of built-up features and infrastructure, woody vegetation and non-

woody vegetation within the borders of Germany and Austria, covering a total area of about 

440,000 km² (Figure II-1) and providing very large gradients in the distribution of LC. 

Germany has a population of about 82.3 million, Austria of about 8.8 million, with a 

respective population density of 236.1 inhabitants per km² in Germany and 106.2 in Austria 
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(UNDESA 2019). The proportion of people living in urban areas is 77.3% in Germany and 

58.3% in Austria, with both high-density and rural settlements being abundant across the 

study area (United Nations 2015b). Among settlements, both green and gray areas can be 

found. According to the CORINE Land Cover product 2018 (EEA 2007, 2019), 9.4% of the 

total land surface in Germany (5.9% in Austria) is covered by artificial areas, showing the 

relevance of settlement mapping with regard to surface area. The most common LC types in 

both countries are agricultural areas (57.3% in Germany, 31.9% in Austria) and forests 

(31.6% / 54.0%). The study area is located within the Temperate Broad-Leaved and Mixed 

Forests biome in most of Germany and the North-East of Austria and the Temperate Conifer 

Forests biome in the alpine regions (Olson et al. 2001). Settlement structure in central 

Europe, also represented in our study area, is highly diverse, ranging from medieval urban 

cores to homogeneous pre- and post-industrialization housing, low to medium density 

residential and commercial buildings built after the end of World War II, Soviet architecture 

and modern and post-modern international-style developments. 

2.2 Data 

We used all Sentinel-2A/B Multispectral Imager (MSI) Level 1C acquisitions with cloud 

coverage <70% for 2017 and 2018. Sentinel-2B became operational in mid-2017 (ESA Earth 

Online 2017), and the constellation was fully ramped up on 17 February 2018 (ESA Sentinel 

Online 2018a), thus providing 5-day nadir revisit frequency thereafter. The study area is 

covered by 86 Sentinel-2A/B MGRS tiles, including orbit overlaps. 15,398 image 

acquisitions were processed to Analysis Ready Data (ARD) through the Framework for 

Operational Radiometric Correction for Environmental monitoring (FORCE, Frantz 2019). 

The main processing steps included cloud and cloud shadow masking (Frantz et al. 2018), 

radiometric correction including corrections for atmospheric, topographic, BRDF, and 

adjacency effects (Frantz et al. 2016b), re-projection into a common coordinate system 

(EPSG: 3035) and creating data cubes for efficient analysis. FORCE provides the ten land-

application bands as Bottom-of-Atmosphere reflectance with a resolution of 10m. The initial 

20m bands are improved to 10m using a multi-temporal data fusion approach (Frantz et al. 

2016a). Up to 110 clear-sky observations per pixel (excluding cloud, cloud shadow, snow, 

saturated pixels as well as sub-zero reflectance values) were available within the study 

period, with an average observation count of about 34 (Figure II-1). 
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Figure II-1 Study Region, Land Cover, Clear-Sky Observations. Left: CORINE Land Cover Product 2018. 

Right: Clear-sky observations per pixel in the study area. Stripes of higher availability are due to Sentinel-

2A/B orbit overlaps. Total range of 0 – 110 observations was clipped at 90 for illustrative purposes. 

3 Methods 

In a first step, we derived STM of reflectance and the NDVI from all imagery in the study 

period. In a second step, reference locations of pure LC types were identified. We 

systematically selected feature combinations that were used to respectively extract features 

at the reference locations. We created artificial mixtures from each library of STM 

combinations and trained individual regression models for each LC type. Those were used 

to predict LC fractions and were evaluated based on a stratified random validation scheme. 

A specific STM combination was eventually selected to create a model for each LC type for 

mapping fractions in the entire study area. Water, slope and snow masks were applied. 

3.1 Spectral-Temporal Metrics 

The two-year time series of Sentinel-2A/B images was used to extract 18 STM of reflectance 

and the NDVI. STM are pixel-based statistics of reflectance or derived indices of all clear-

sky observations  within a time period (Müller et al. 2015). Being a spectral index, we 

consider the temporal NDVI statistics as spectral-temporal metrics in the course of this study. 

We computed nine STM from the ten spectral bands and nine STM from the NDVI, including 

mean and spectral quantiles (minimum, 25th, 50th, 75th and maximum) as well as standard 

deviation (SD), range and inter-quartile range (IQR) (Figure II-2). 



Chapter II 

29 

 

Figure II-2 Spectral-Temporal Metrics. Left: Spectral-temporal metrics: Minimum, maximum and median 

spectra for a broad-leaved forest (top) and building pixel (bottom). Right: Maximum, minimum and median 

NDVI values for the same pixels over the two-year study period. 

This yielded a total of 18 different feature sets (nine STM from reflectance with ten features 

(bands) each and nine STM from the NDVI with one feature each) which, in different 

combinations (feature set combination), served as an input to the regression model training. 

eq. (1)      𝐶𝑛
𝑚 =  

𝑛!

𝑚!(𝑛−𝑚)!
 

Equation 1 describes all possible combinations C of drawing m feature sets from a set of n 

feature sets, while  

eq. (2)     ∑ 𝐶𝑛
𝑚 =  

𝑛!

𝑚!(𝑛−𝑚)!

𝑛
𝑚=1  

describes the total amount of possible combinations to be considered in our analysis. With n 

being 18, there will be 262,143 feature set combinations, each leading to a separate model 

per LC type. Due to processing time restrictions, and the likely degeneracy between different 

combinations of STM, we reduced the number of combinations by grouping feature sets with 

similar information into overall eight categories (Table II-1).  
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Table II-1 Groups of STM used for model training 

Group Feature Sets 

Reflectance variation SD, IQR, Range 

Low reflectance Minimum, 25th quantile 

Medium reflectance Mean, 50th quantile 

High reflectance 75th quantile, Maximum 

NDVI variation SD, IQR, Range 

Low NDVI Minimum, 25th quantile 

Medium NDVI Mean, 50th quantile 

High NDVI 75th quantile, Maximum 

We drew feature set combinations including feature sets from one to eight randomly chosen 

groups. While there is one model using randomly chosen feature sets from all (eight) groups, 

there are eight models using a single feature set from each group. An additional example: 

There are 28 combinations of two groups (e.g. groups 1 and 2, 1 and 3, 1 and 4, …, 2 and 3, 

2 and 4,…7 and 8). For each of the 28 group combinations, we randomly choose one feature 

set from each of the two groups. The total amount of possible feature set combinations from 

a set of eight groups is 255. Each of those combinations was individually used as an input to 

fraction modelling (Table II-2). In order to cover more feature set combinations, the process 

was repeated five times, leading to a total of 1,275 models with possible duplicates. 

Table II-2 Input data overview and selected feature set combinations with n = 8 

Feature sets 

per model (m) 

Possible feature 

set combinations 

Example feature set combination 

1 8 One feature set from each group (e.g. Reflectance Min.) 

2 28 Two random feature sets from one group each (e.g. Reflectance Mean 

& Range) using all 28 combinations of two groups  

3 56 Reflectance Mean & Max. + NDVI Min. 

4 70 Reflectance Mean & Range + NDVI Min. & 50th quantile 

5 56 Reflectance Min. & IQR & 75th quantile + NDVI Max. & SD 

6 28 Reflectance 25th quantile & Mean & Max. + NDVI Mean & Range & 

Max. 

7 8 Reflectance 25th quantile & Mean & Max. & IQR + NDVI Min. & 

Mean & 75th quantile 

8 1 Reflectance Min. & Mean & Range & 75th quantile + NDVI SD & 

Min. & Mean & Max. 

 Total: 255  
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3.2 Training Data 

We used a regression-based unmxing approach based on synthetically mixed training data 

from STM libraries. As we compared the performance of different models, each model 

needed a separate library with respect to its input feature set combination. The identification 

of reference sites for pure surfaces started in the greater Berlin-Brandenburg region including 

parts of adjacent federal states in north-east Germany (371 sites). A smaller number of sites 

was incrementally added in different regions all over Germany and Austria, since not all 

known LC types were found in the focus area, for example wetlands, surface coal mining, 

bare rock or slate roofs (85 sites). Seventy-eight permanent bare rock and soil locations were 

included as a background class for the synthetic mixing process. Reference sites were 

selected based on the visual interpretation from very high resolution (VHR) imagery in 

Google Earth and needed to feature invariant LC during the study period. The size of 

homogeneous reference objects was required to be at least 20 x 20m, if possible, knowing 

that some LC is typically represented through smaller objects. Additional criteria for 

reference sites included: Built-up surfaces and infrastructure references must not exceed an 

NDVI of 0.3 over the study period. This threshold is widely used to broadly separate 

vegetated and non-vegetated areas (Liu et al. 2010; Esau et al. 2016). In contrast, a vegetation 

reference must exceed an NDVI of 0.8 at least once within the study period. The NDVI 

saturates at closed canopy cover, i.e. pixels above that threshold most likely represent pure 

vegetation (Asrar et al. 1984). The same reference locations were used for all libraries that 

serve as input for the training of each LC-specific regression model. We chose a hierarchical 

library approach of three levels in order to account for intra-class variance and sampled 

reference locations for three Level-1, four Level-2 and nine Level-3 LC types (Table II-3). 

For more complex LC types such as built-up and infrastructure, more spectra were sampled 

than for types with less surface variation, such as woody vegetation. One library was 

extracted per feature set combination, resulting in a number of 1,275 libraries. The 

composition of a library varied according to the input feature sets and contains a different 

number of features per sample. Figure II-3 shows two examples of STM from different input 

libraries. 

3.3 Regression-based unmixing and post-processing 

Fraction mapping used target LC types of Level-1 of the classification hierarchy. We used a 

Kernel Ridge Regression (KRR) algorithm for fraction mapping.  KRR is a machine learning 

regressor and applies linear regression models to high dimensional data that have been 

transformed based on non-linear kernels (Murphy 2012). KRR is similar to Support Vector 
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Table II-3 Number of reference spectra by hierarchical class. 

Level-1 class Level-2 class Level-3 class Spectra 

Built-up and 

infrastructure 

Built-up Clay tile  Roof 51 

  Dark Roof  42 

  Bright Roof 51 

 Infrastructure Roads 37 

  Railways 32 

  Other open 

impervious 

spaces 

45 

Woody 

Vegetation 

  90 

Non-Woody 

Vegetation 

Permanent  23 

 Seasonal  85 

Total   456 

 
Figure II-3 STM Feature Set Combinations. Representation of vegetation (green) and built-up and 

infrastructure (orange) STM for two selected feature set combinations. Top: Feature set combination with 21 

features from mean reflectance (features 1-10), 75th percentile of reflectance (f. 11-20) and 25th percentile of 

the NDVI (f. 21) throughout the time series. Bottom: Feature set combination with 33 features from mean 

reflectance (f. 1-10), 25th (f. 11-20) and 75th percentile of reflectance (f. 21-30), the NDVI range (f. 31), the 

NDVI median (f. 32) and the 25th percentile of the NDVI (f. 33) throughout the time series   

Regression (SVR) approaches that are a form of Support Vector Machines (SVM), but uses 

a different loss function. For our purpose, KRR is advantageous because of its higher 

computational performance compared to SVR (Verrelst et al. 2012). Kernel-based 

approaches have been shown to be useful in remote sensing applications (Mountrakis et al. 

2011), particularly when dealing with high intra-class spectral variability (Rosentreter et al. 
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2017; Okujeni et al. 2017). The computational environment we used featured an Intel® 

Xeon® L7545 infrastructure with 24 cores / 1.87 GHz and 640GB DDR3 RAM (1066 MHz). 

Our implementation the EnMAP-Box (EnMAP-Box Developers 2019) API for Python.

Spectral libraries provide collections of STM that represent pure LC types (hereafter: pure 

STM). Regression-based unmixing with synthetically mixed training data creates artificial 

mixtures of pure STM from different classes (inter-class and intra-class mixtures for inter-

class and intra-class variability). These mixed STM together with the mixing ratio as label 

are then used as continuous input for regression training, i.e. independent and dependent 

variable, respectively (Figure II-4). We adapted a parameter setup that was previously used 

in local to regional settings (Okujeni et al. 2017; Okujeni et al. 2018; Schug et al. 2018). 

Twelve hundred artificial STM mixtures were created from each library of pure STM and 

used to train a model and predict LC fractions. Mixtures were produced with a randomized 

mixing approach that mixes pure STM at different binary and ternary ratios. To represent the 

variability of the sampling process, this procedure was repeated ten times. Prediction results 

of each prediction were averaged.

Results were masked using water, terrain slope and snow cover masks. The water mask was

based on the Normalized Difference Water Index (NDWI, McFeeters 1996) and was

expanded by pixel reflectance criteria (suggested in Jones 2019). Pixels with a value greater 

than 0.1 in a two-year NDWI time series and with reflectance values lower than 0.035 in 

red, lower than 0.15 in NIR (Sentinel-2A/B band 7) and lower than 0.1 in SWIR band (band 

11) were flagged as water. Slope was derived from the Shuttle Radar Topography Mission 

digital elevation model with a resolution of 1 arc-second (USGS 2006). We masked pixels 

with a slope steeper than 35 degrees as built-up surfaces and infrastructure are not likely to 

occur there. We additionally masked all pixels where snow was detected in more than 50% 

of all observations. Those areas likely suffered from misleading intra-annual STM and are 

only found in high alpine regions.

Figure II-4 Workflow. Basic workflow for KRR with synthetic mixing (workflow for one model). Libraries 

of pure spectra are drawn from image time series STM. Synthetic mixing uses those pure spectra to create 

artificial mixtures.
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3.4 Validation 

We conducted a systematic model performance assessment using independent validation 

sites across the study region. Those sites were sampled based on a two-step stratified random 

sampling approach (Olofsson et al. 2014) that aimed at placing them in both urban and rural 

contexts as well as on presumably built-up and non-built-up surfaces in order to cover all 

areas of interest of this study equally. First, population density from the Gridded Population 

of the World (GPW) layer by the Center for international Earth Science Information Network 

(CIESIN) in its fourth version (CIESIN 2017) was used as a first 4-layer stratum (0 - 100, > 

100 – 500, > 500 – 2,000 and > 2,000 inh./km²) in order to cover densely to less densely 

populated areas. The Copernicus Imperviousness Layer (Langanke et al. 2018) was used as 

a second stratum and proxy for built-up features. We defined four classes of imperviousness 

(0 - 0.25, > 0.25 - 0.5, > 0.5 - 0.75 and > 0.75 - 1) in which we drew a respective number of 

10 sample locations, which is a total of 40 sites in each population density stratum and a 

total of 160 validation sites in the study area. Figure II-5 illustrates the study area and the 

location of all validation sample areas. 

Reference LC information was generated for the 160 sample locations and was derived from 

VHR imagery including imagery accessible in web map services (Google Earth, 

OpenStreetMap, MapBox). Each sample location displayed in Figure II-5 corresponds to the 

seed pixel of a reference grid (Figure II-5 inset). We collected pixel-wise fraction reference 

data with a systematic grid approach for 25 pixels of 10x10 m² in each sampling area. Within 

each pixel, we label LC classes of 3x3 points. Using the Sentinel-2 raster grid, the labelled 

points were used to calculate LC fractions. The process of reference data collection 

encompasses 160 sites with 225 reference points each, yielding a total of 36,000 reference 

points. The performance of each model is evaluated comparing predicted LC fractions to 

reference fractions. Quality metrics for regression model evaluation included the model’s 

Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), slope and intercept for 

measuring model accuracy and the coefficient of determination (R²) for measuring model 

precision. We validated results at a spatial resolution of 20m and 50m. The map was not 

validated at a 10m spatial resolution, since map quality would be affected by the absolute 

geolocation error of Sentinel-2A/B of about 10 – 12m (Gascon et al. 2017). Also, VHR 

imagery in web map services can have a similar geolocation error (Goudarzi et al. 2017). We 

consider models to be useful for mapping large area LC fractions if quality measures are 

comparable to those of other studies using a similar methodology on a local level or at 

coarser resolutions (e.g. Walton 2008, Okujeni et al. 2018 or Priem et al. 2019, achieving an 

MAE range of 0.08 to 0.13 at resolutions of 30m - 60m). 
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Figure II-5 Validation. Study area with 160 validation sites and three population density classes used for 

hierarchical validation site stratification. Population density from (CIESIN 2017). White surfaces: No data. 

Inset: Regular grid of validation points per site 

3.5 Selection of a feature set combination for nation-wide mapping 

Finally, a single feature set combination was chosen to map LC fractions for the whole study 

area. This model selection was largely driven by comparative model performance. We aimed 

at selecting an STM feature set combination that is useful for creating synthetic training data 

and that produces balanced and good results across classes. A weighted quality score was 

calculated based on the following criteria: 

1) Models with a good performance across all classes must have a high score. Models 

particularly under-performing in at least one class must be penalized. 

2) A good performance implies comparatively good values with regard to RMSE, slope 

and R². 

3) The score standardizes the different scales of quality metrics. 
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Quality scores were summed for each measure and each class. Our weighted score was based 

on the logarithmic transformation function 

eq. (3)   𝑓(𝑥) =
1

4
 𝑙𝑜𝑔10(𝑥 + 0.001) + 1    

with x as the normalized RMSE, 1/R² and |(1 - Slope)| for each model respectively. We added 

0.001 for the function to be defined for x = 0. 

4 Results 

4.1 Land cover fractions model quality 

Model quality assessment included 1,275 models from which 162 were duplicates due to the 

random selection of input feature set combinations. Computation time of one KRR model 

ensemble training with 30 features was around 18 minutes on a single core. 

 

Figure II-6 Model quality. Quality measures (RMSE, MAE, Slope, Intercept, R²) for all studied models (n = 

1,113), all classes, spatial resolution of 20m and 50m. Built-up and infrastructure = bu-i, Woody vegetation = 

wv, Non-woody Vegetation = n-wv. Outliers: lower than 3rd quartile + 1.5 * inter-quartile range and greater 

than 1st quartile – 1.5 * inter-quartile range (Hunter et al. 2017) 

Validated at a resolution of 20m (Figure II-6), the distributions of the selected quality metrics 

excluding outliers showed that for built-up and infrastructure, woody vegetation and non-

woody vegetation, the MAE values of all models were respectively close to each other, 

ranging from 0.11 to 0.20 (built-up and infrastructure), 0.15 to 0.23 (woody vegetation) and 

0.13 to 0.22 (non-woody vegetation). All classes had outliers with higher MAE. RMSE 

showed a similar distribution with higher values compared to MAE. Slope and intercept of 

the regression models showed a similar compact distribution with larger between-class 

differences of built-up and infrastructure (median slope/intercept of 0.73/0.14), woody 

(median slope/intercept of 0.57/0.20) and non-woody vegetation (median slope/intercept of 



Chapter II 

37 

0.55/0.07) and with few outliers featuring higher and a greater number of outliers with lower 

quality. R² ranged from 0.46 to 0.85 for built-up and infrastructure, from 0.26 to 0.71 for 

woody vegetation and from 0.33 to 0.79 for non-woody vegetation models. Validated at an 

aggregated resolution of 50m, the patterns of the examined quality metrics were similar with 

a higher overall quality.  

Figure II-7 illustrates that models with a single STM feature set input provided lower quality 

than models with two or more input feature sets. Two to four feature sets for regression 

training and prediction was sufficient to reach comparatively good results with regard to 

RMSE, MAE, slope, intercept and R². A higher number of input feature sets in most cases 

did not lead to an additional gain in quality. None of the potential input STM had a negative 

impact on model quality by its presence among the input feature sets. 

 

Figure II-7 Quality and number of feature sets. RMSE, MAE, Slope, intercept and R² for all models and 

classes with regard to the number of STM inputs. Spatial resolution: 20m. 

4.2 Selection of a feature set combination for nation-wide mapping 

Six hundred and sixty models were based on four or less feature sets. A ranking of model 

qualities shows that there were no models that performed consistently well across all classes 

and quality metrics, and that for individual classes and quality measures there were also a 

large number of models that performed similarly well (Figure II-6).  

We found that the difference in quality among the best performing models was rather low 

when considering single LC types or quality metrics and that models that performed best for 
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one LC type or in one metric could be ranked lower in a different class or metric (Figure II-8 

left and center). The differences in model quality were more distinct than in the weighted 

ranking (Figure II-8 right). While, in the example, MAE differences between the best models 

are rather low, differences in the models with best aggregated quality score were clearly 

higher. Models from two feature set combinations were within the top 5% of the aggregated 

quality score and also within the top 10% of all class-wise quality scores (Table II-4). 

 
Figure II-8 Model quality scores. Left: Models with four or less input variables sorted by MAE. Class Built-

up and infrastructure. Center: Models with four or less input variables sorted by MAE. Class Woody vegetation. 

Right: Aggregated quality score of three classes and three quality measures (MAE, Slope, R²). Spatial 

resolution: 20m. 

Table II-4 Top 15 models based on the overall quality score. Models in bold were within the Top 5% of the 

quality score and also within the Top 10% of all class-wise quality scores. bu-i = built-up & infrastructure, wv 

= woody vegetation, n-wv = non-woody vegetation. Ref. = Reflectance, Q. = Quantile. 

Feature set combination Score bu-i Score wv Score n-wv Score ∑ 

IQR Ref. / 25th Q. Ref. / NDVI IQR / NDVI Max 2.31 2.79 1.16 6.27 

50th Q. Ref. / NDVI IQR / 25th Q. NDVI / 75th Q. NDVI 1.09 2.78 2.63 6.52 

50th Q. Ref. / NDVI IQR / 50th Q. NDVI / 75th Q. NDVI  1.44 2.76 2.60 6.82 

Mean Ref. / STDEV NDVI / Mean NDVI / Max Ref. 1.54 2.71 2.58 6.84 

50th Q. Ref. / NDVI IQR / 75th Q. NDVI 1.48 2.79 2.65 6.92 

Mean Ref. / 75th Q. NDVI 2.14 1.92 2.89 6.96 

50th Q. Ref. / 50th Q. NDVI / 75th Q. NDVI 1.50 2.82 2.72 7.05 

Min Ref. / 75th Q. Ref. / 75th Q. NDVI 2.57 1.88 2.60 7.06 

50th Q. Ref. / 75th Q. Ref. / 75th Q. NDVI 1.98 2.35 2.73 7.07 

50th Q. Ref. / Mean NDVI / 25th Q. NDVI / 75th Q. NDVI 1.67 2.77 2.63 7.07 

50th Q. Ref. / 75th Q. Ref. / NDVI Range / 75th Q. NDVI 1.96 2.39 2.77 7.13 

50th Q. Ref. / 25th Q. Ref. / 75th Q. Ref. / NDVI MAX 2.18 2.51 2.44 7.14 

STDEV Ref. / 50th Q. Ref. / Mean NDVI / NDVI Max 1.54 2.82 2.84 7.21 

50th Q. Ref. / 75th Q. Ref. / Mean NDVI / 75th Q. NDVI 1.77 2.67 2.77 7.22 

50th Q. Ref. / Mean NDVI / 75th Q. NDVI 1.68 2.82 2.72 7.23 



Chapter II 

39 

4.3 Nation-wide land cover fraction mapping 

For nation-wide mapping, we chose a model based on median reflectance, 25th percentile of 

reflectance, 75th percentile of reflectance and maximum NDVI. With regard to the metrics 

groups established before model training, this model covered information from low, medium 

and high spectral reflectance. The 25th and 75th percentile of reflectance also implicitly 

included spectral variation. Among the suggested NDVI metrics, higher NDVI metrics were 

the ones that occur most often in the best performing models. Figure II-9 illustrates the 

regression quality of this model for all LC types. Computation time for the prediction of LC 

fractions for a 30x30 km tile was about 430 minutes using KRR (on a single core). 

 

Figure II-9 Final Model Quality. Scatterplots of regression predictions of the selected model (with 25th and 

75th percentile of reflectance, median reflectance and maximum NDVI) for two spatial resolutions (20m, 50m) 

and all classes. 

Validating the selected model stratified by the four population density classes used for 

validation site selection showed that quality metrics varied regionally. Whereas RMSE, 

MAE and intercept were relatively stable across all classes, slope had lower values for 

woody and non-woody vegetation in high and medium-high density areas. R² had better 

values for woody vegetation in a high- and low-density areas and weaker values for non-

woody vegetation in high population density areas (Figure II-10). 
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Figure II-10 Model Quality by Population Density. RMSE, MAE, Slope, Intercept and R² for all models and 

classes at a spatial resolutions of 20 m stratified by population density. bu-i = Built-up and infrastructure, wv 

= Woody vegetation, n-wv = Non-woody vegetation 

Figure II-11 shows a nation-wide LC fraction map of built-up surfaces and infrastructure, 

woody vegetation and non-woody vegetation in Germany and Austria. The overall share of 

built-up surfaces and infrastructure is 9.6% in Germany and 6.7% in Austria, while woody-

vegetation covers 40.6% / 40.7% and non-woody vegetation covers 54.8% / 31.9% of the 

total surface area. Remaining fractions are covered by permanent soil or have been masked. 

Even though not congruent in their definition, the resulting LC shares of built-up surfaces 

and infrastructure approach those shares found for artificial areas in the CORINE land cover 

product of 2018 (9.4% / 5.9%). Shares of woody vegetation do not correspond to the shares 

given for forest in CORINE (31.6% / 54.0%). Shares of non-woody vegetation are, again, 

comparable to the share of agricultural land (57.3% / 31.9%) in CORINE. 

In the Austrian and German Alps, larger areas were masked because of permanent snow 

cover and steep slopes. Apart from that, only a small fraction of the study area was masked 

because of surface water. LC composition varies according to the respective region and large 

natural features and geographic regions can be distinguished even at a broad scale. Figure 

II-12 is an insight into six smaller areas representing a rural-urban gradient in two parts of 

the study area. We observe that the urban core areas of Vienna and Berlin (Figure II-12 C 

and F) are largely characterized by built-up surfaces and infrastructure. Urban parks and 

forests stand out by their increased fraction of woody and non-woody vegetation. Figure 

II-12 B and E are representations of populated areas at the urban fringe of Vienna and Berlin, 

where an increased number of mixed pixels and a higher heterogeneity of LC patterns is 

found. If not surrounded by buildings, roads and railways stand out through their linear 

character. In rural areas (Figure II-12 A and D), large built-up surfaces are rather rare. 

Instead, smaller settlement features become visible as lower fraction values. In rare cases, 

very small water patches were not detected by the water mask and were mostly given a high 

fraction of built-up surfaces and infrastructure (Figure II-12 D).  
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Figure II-11 Land Cover Fractions. Land cover fractions of built-up and infrastructure (red), woody 

vegetation (green) and non-woody vegetation (blue) in Germany and Austria. White pixels: Masked pixels due 

to the occurrence of water, permanent snow or steep slope. Focus areas A to J will be described in Fig. II-12 

and Fig. II-13. 

Apart from settlement areas, fraction mapping provided good results in other landscapes 

including forests, agricultural areas or grasslands, too. However, some areas featuring 

relatively rare LU types showed incorrect LC abundance. Figure II-13 G, H and J are 

examples for LC fractions in an open coal pit (G), in vineyards (H) and for mountainous bare 

rock surfaces (J). Here, fractions of built-up and infrastructure surfaces reached up to 0.4 (H) 

and 1 (G, J) respectively. Parts of the areas in G and J were masked. 
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Figure II-12 Land Cover Fractions – Zoom. Land cover fractions of built-up and infrastructure, woody 

vegetation and non-woody vegetation (top) in six selected areas (c.f. Figure II-11) along the rural-urban 

gradient. Bottom: True color very high resolution image from Google Earth. Bu-I = built-up and infrastructure, 

wv = woody vegetation, n-wv = non-woody vegetation. Black: Masked areas. 

 

Figure II-13 Land Cover Fractions – Challenges. Land cover fractions of built-up and infrastructure, woody 

vegetation and non-woody vegetation (top) in areas (c.f. Figure II-11) shaped by open coal mining (G), 

vineyards (H) and mountainous bare rock (J). Black: Masked areas. Black stripes in J are masked terrain slopes 

above 35 degrees. Bottom: True color VHR image chips from Google Earth.  
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5 Discussion 

5.1 Spectral-temporal metrics for land cover fraction mapping 

Regression-based unmixing using synthetic training data for LC fraction mapping has 

mainly been applied on a local and regional level. In this study, we successfully extended 

the approach to a national scale. We showed that temporal metrics of Sentinel-2 A/B time 

series reflectance and derived indices can be successfully used to generate synthetic training 

data for regression modeling. The approach combined the benefits of STM, i.e. their 

temporal and spatial spectral robustness with regard to phenology and noisy or missing data, 

with the benefits of synthetic training data, i.e. the need of only pure reference spectra and 

comparatively few training data. We used synthetically mixed training data with STM in 

contrast to previous studies using spectra from a single observation (Okujeni et al. 2017), bi-

seasonal imagery (Schug et al. 2018) or best-pixel composites (Suess et al. 2018). The 

quality of the best performing models was consistent with the model quality found in 

previous studies with synthetic training data and other regression modelling, acknowledging 

that model input data, class complexity and spatial resolutions are different (MAE 0.12 for 

mapping imperviousness in Walton 2008) using SVR at 30m resolution, average MAE of 

0.08 to 0.13 for local models mapping V-I-S in Okujeni et al. 2018), using SVR at 30m 

resolution, MAE of 0.09 to 0.1 in Priem et al. 2019) using SVR validated at 60m resolution). 

However, we achieved a similar MAE while applying our analysis in a nation-wide wall-to-

wall setup. 

Regression results were validated based on common quality metrics for regression analysis 

and a comparative approach showed that there is a set of models based on different STM 

feature set combinations that perform similarly well. Even in a scored ranking, the 

differences in overall model quality were low, indicating the high robustness of STM as 

regression input for large-area studies. It appeared that representing spectral variability 

throughout the study period based on STM allows for characterizing urban-rural and 

environmental gradients well between the Baltic Sea in the North and the Alps in the South. 

Most of the best performing models also included NDVI-based information. Using a 

maximum NDVI facilitated the distinction of seasonally vegetated surfaces in the 

multispectral-temporal feature space. 

We found that three to four STM feature sets for regression training were sufficient to reach 

the best model quality. A greater number of feature sets did not improve the overall model 

quality. That applies for nation-wide mapping and is in line with results from rather local 

studies. For example, Schneider (2012) found that a relevant data reduction, i.e. only using 
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the top 50% features determined with Random Forest feature importance, did not lead to a 

decrease in quality compared to using all features in urban LC mapping with SVR. While 

not all theoretically possible STM feature set combinations could be tested, the available 

spectral-temporal feature space was well covered, proven by the fact that various models 

reached good results. 

Considering spatial resolution, we confirmed that our method allows mapping LC fractions 

with a resolution as fine as 10m. Potential geolocation errors of Sentinel-2A/B and Google 

Earth imagery, however, can add up to more than 12m and lead to noise and associated 

uncertainties that prohibit model validation at 10m resolution. Sentinel’s geolocation error 

also applies to the resulting maps; however, such effects are likely to decrease once the 

improved Sentinel-2 geo-registration based on the Global Reference Image (GRI) is 

available (Gascon 2019). In addition, our sampling design only permitted reference LC 

fractions in steps of 11.1% at a resolution of 10m, as there were nine interactively collected 

reference labels within one pixel of 10 x 10 m². This prompted us to use a more robust 

validation procedure at 20m. Also, the general tendency to reduce model errors by prediction 

averaging, i.e. smoothing, contributed to the increased quality at coarser resolutions. The 

stratification strategy for collecting validation data was a two-step approach based on 

population density and imperviousness from GPW and the Copernicus Imperviousness 

Layer. Knowing that the GPW distributes population equally within the administrative 

spatial units (CIESIN 2017), a population dataset using a more dynamic and possibly more 

accurate distribution could enhance the validation strategy in place. In addition, while we 

observed a good distribution of reference LC fractions for built-up surfaces and 

infrastructure, this distribution seemed to be left-skewed for the two vegetation classes. This 

was likely due to our sampling strategy relying on two datasets that both target settlements 

and impervious surfaces in particular. Further studies might benefit from a sampling 

approach that covers the whole range of woody and non-woody vegetation fractions more 

equally. 

Spatially stratified quality assessment by population density showed that the map quality of 

built-up and infrastructure areas was fairly stable across the three LC types. Larger 

differences could be observed in woody and non-woody vegetation. Non-woody vegetation 

tended to show lower model quality (Slope, R²) in high and medium-high density areas. A 

reason for that might be a larger impact of illumination variance and shadow on low non-

woody vegetation in urban areas, making the surface resemble to darker woody vegetation. 

Also, patch sizes of vegetation are smaller in populated areas (mostly parks and open grass 

patches), the variation of vegetation fractions and, subsequently, the impact of image 



Chapter II 

45 

geolocation errors are higher. From a methodological perspective, this might also be caused 

by the built-up centric sampling design underrepresenting rare woody vegetation in densely 

populated regions. 

With regard to our first research objective, aiming at the combined use of STM with synthetic 

training data for LC fraction mapping, we showed that STM are a highly suitable input for 

creating synthetically mixed training data. Using synthetic mixtures of STM, where none of 

the feature sets is an actually measured spectrum in an image, produced results comparable 

to local and regional studies using training data from an actual image and allows to map land 

cover with single models consistently over large areas. Considering our second research 

objective, aiming to evaluate the performance of STM combinations, we state that multiple 

STM feature set combinations produced similarly good results. Various STM feature set 

combinations are able to accurately quantify LC. 

5.2 Nation-wide land cover fraction mapping 

While selected single images or image composites might perform equally in LC fraction 

mapping, the use of STM facilitates large area mapping. Using STM, no particular data 

selection process is necessary. STM contain information on vegetation phenology, which 

offers great benefits when mapping surfaces with seasonal characteristics. This is 

specifically advantageous to mitigate differences in phenology along north-south trajectories 

or due to regional climatic conditions or topography. Each of these factors applies to our 

region of interest with its strong latitudinal and elevation gradients. Using STM reduces both 

the impact of data noise and data gaps. We showed that many STM feature set combinations 

perform well as an input to regression modelling. Using multi-spectral data, the feature space 

of a synthetically mixed regional library of pure STM is sufficient for mapping a large area 

with similar LC characteristics. Water surfaces were not included in the validation process, 

leading to errors when the water mask was not accurate. High fractions of built-up surface 

where small water bodies were present could be explained by the spectral ambiguity between 

water and surfaces with dark shadow pixels in urban areas that were selected as pure 

references and part of the synthetic mixing procedure. 

Our broad-scale mapping on a nation-wide level (covering an area of 440.000km² with 86 

Sentinel-2 MGRS tiles) showed that model prediction challenges exist in areas with rare LC 

and LU types, such as mining sites, beaches, vineyards or mountainous bare rock surfaces. 

The error in all these cases is related to the permanent occurrence of soil and rock surfaces 

and their spectral-temporal similarity to built-up surfaces. Previous large-area LC maps with 

a different mapping focus (Griffiths et al. 2019; Pflugmacher et al. 2019) have documented 
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similar issues. The confusion of soil with built-up surfaces and infrastructure might imply 

that the data feature space is actually representing non-vegetated area instead of built-up 

features and infrastructure. That does not seriously affect the overall map quality in 

temperate regions, because of the rare occurrence of permanent open soil. It does, however, 

underline the importance of STM as they improve our ability to reliably exclude temporary 

soil surfaces, such as in agriculture or deciduous forests. However, this potential confusion 

might become a severe challenge when using the approach in regions with higher proportions 

of bare soil and rock surfaces, for example in the Mediterranean or other semi-arid to arid 

regions. Further research is therefore required on the regional transferability of the approach. 

Moreover, the effect of additional data (e.g. Sentinel-1) on the procedure of synthetically 

mixing pure STM has not been explored here. This is highly relevant in order to tackle 

questions of urbanization in areas where optical data can be too sparse to allow for robust 

STM, such as in the tropics or mountainous regions. A discussion of target LC types is also 

relevant with regard to comparing the resulting maps with existing products: While many 

approaches focus on better mapping and separating built-up from all other LC (e.g. GHSL), 

we also wish to capture other surfaces that are inherent components of settlements (e.g. roads 

or vegetation). In contrast to studies with an urban focus, we represent the complete gradient 

from urban to rural settlements and offer a map that can help drawing a more complete and 

more granular image of settlement structure for urban ecological research. Current model 

computing time does not suggest efficient scalability to continental or global applications. 

Mapping our study area on the system described above took about 7.5 days. However, as the 

application scales well with used computing units, this is easily reducible on local 

infrastructures already. An implementation on cloud computing platforms or in a different 

programming environment (e.g. C instead of Python) could increase performance 

significantly and would allow for a re-evaluation of scalability. 

The topic of spectral library creation and usage is of high interest to the research community 

(Somers et al. 2011; Deng 2016; Degerickx et al. 2017). Here, we iteratively and manually 

developed a library of STM and achieved our results with a library representing surfaces of 

a sub-region of the study area. It was beneficial that the study area is located within similar 

ecoregions and that data was consistent and similarly available. However, the question of 

how to ensure a representative library over larger areas through (semi-)automated 

approaches remains open and requires further research. We assume that due to regional 

surface specificities, ecoregions could be a better spatial unit for model stratification than 

national borders. In order to find large area training data, a strategy for assuring training data 

representativity for all LC types including rare surfaces is required. We see the need for a 



Chapter II 

47 

methodology that identifies representative training data across a large study area, quantifies 

their representativity and delineates sub-regions where this training data leads to good 

quality LC fraction estimates. That is particularly important for potentially continental or 

global applications, where a manual selection of models is not feasible. 

The benefit of fraction mapping is most obvious in areas where sub-pixel objects are 

common and spectral heterogeneity is high. In our study area, different object sizes and 

spectral characteristics are represented in highly heterogeneous settlement structures. 

Fractions provide information beyond discrete LC classifications and particularly support 

the identification and characterization of sub-pixel features. With regard to our third research 

objective, aiming at the contribution of LC fraction mapping to understanding settlement 

type and structures in both urban areas, rural areas and their transition, we state that accurate 

LC fraction mapping can provide a more continuous perspective on settlement gradients. 

Sub-pixel distribution of built-up areas and infrastructure will help to rather study density 

instead of presence. Fractions of vegetation types contribute to an understanding of 

settlement surface composition, settlement greenness, accessibility of green areas, and the 

kind of vegetation might indicate its function. 

6 Conclusion 

This study uses regression-based modelling of nation-wide LC fractions with synthetically 

mixed training data in a temperate environment. We showed that Sentinel-2A/B spectral-

temporal metrics allow us to extend the concept of synthetically mixed training data with a 

temporal component that is robust with regard to phenology and data gaps. The combined 

benefits of spectral-temporal metrics and synthetic training data allow to quantify multi-class 

fractions at 10m resolution with a library mainly based on regional reference data. The model 

robustness renders our approach usable for national-scale research. At the same time, the 

approach is less susceptible to varying feature quality and data availability. Our setup is 

equally suitable for mapping urban core areas and rural settlements and is likely to yield 

similar results when applied to nations with similar environmental and architectural settings. 

It allows to identify distinct characteristics of settlement features, such as surface 

composition, built-up density or green space distribution. Understanding the quantitative 

land cover composition of settlements helps to monitor densification and growth processes 

in an urban-rural gradient. We emphasize the relevance of nation-wide mapping since it 

makes remote sensing data fully compatible to many existing socio-economic data sets and 

sources. Our results offer the potential to enhance existing global products by, for example, 
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providing fine-resolution built-up surface density. We assume the maps to be useful for a 

characterization of settlements, enhancing frameworks of settlement categorization, or to 

support urban ecology studies in the light of settlement expansion or climate change 

adaptation.  
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Supplement – Sentinel-1 and Tasseled Cap time series data for spectral unmixing 

The results presented in Chapter II could be further enhanced after the publication of the 

manuscript, as additional experiments were conducted. While none of the originally tested 

models with different spectra-temporal metrics feature combinations stood out, their 

predictions were all challenged in areas with high shares of bare soil, for example vineyards 

or open mining pits, where soil was interpreted as built-up area. These challenges were 

encountered by the use of additional features. The over-estimation of built-up surfaces in 

most of those areas could be reduced by replacing the 90th percentile of the NDVI in the final 

model with the average Sentinel-1 A/B VH-polarized backscatter from the two-year time 

series as well as the 90th percentile and the standard deviation of the Sentinel-2 A/B Tasseled 

Cap Greenness (TCG) component (Figure II-14). While SAR data provides information 

about surface roughness, tasseled cap is a data transformation to derive spectral vegetation 

indicators from reflectance data (Crist et al. 1984). We conclude that the improvements were 

achieved, because SAR backscatter supported the distinction of flat soil surfaces and built-

up impervious features, and TCG is more sensitive in inner-city shadow-affected low-

reflectance scenarios, leading to fewer misinterpretation of vegetation in built-up impervious 

areas. It needs to be highlighted, however, that those empirical results do not provide 

physical evidence for the suitability of SAR backscatter data for spectral unmixing. 

 

Figure II-14 Land Cover Fractions – Sentinel-1/Tasseled Cap Improvements. Land cover fractions of built-

up surfaces and infrastructure, woody and non-woody vegetation mapped with a model using 90th percentile 

of NDVI (left) and a model using average Sentinel-1 A/B (S1) VH-polarized backscatter and the 90th percentile 

and the standard deviation of Tasseled Cap Greenness (TCG, right). 
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Abstract 

Urban areas and their vertical characteristics have a manifold and far-reaching impact on our 

environment. However, openly accessible information at high spatial resolution is still 

missing at large for complete countries or regions. In this study, we combined Sentinel-1A/B 

and Sentinel-2A/B time series to map building heights for entire Germany on a 10 m grid 

resolving built-up structures in rural and urban contexts. We utilized information from the 

spectral/polarization, temporal and spatial dimensions by combining band-wise temporal 

aggregation statistics with morphological metrics. We trained machine learning regression 

models with highly accurate building height information from several 3D building models. 

The novelty of this method lies in the very fine resolution yet large spatial extent to which it 

can be applied, as well as in the use of building shadows in optical imagery. Results indicate 

that both radar-only and optical-only models can be used to predict building height, but the 

synergistic combination of both data sources leads to superior results. When testing the 

model against independent datasets, very consistent performance was achieved (frequency-

weighted RMSE of 2.9 m to 3.5 m), which suggests that the prediction of the most frequently 

occurring buildings was robust. The average building height varies considerably across 

Germany with lower buildings in Eastern and South-Eastern Germany and taller ones along 

the highly urbanized areas in Western Germany. We emphasize the straightforward 

applicability of this approach on the national scale. It mostly relies on freely available 

satellite imagery and open source software, which potentially permit frequent update cycles 

and cost-effective mapping that may be relevant for a plethora of different applications, e.g. 

physical analysis of structural features or mapping society's resource usage. 
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1 Introduction 

Three quarters of humanity currently lives in cities and towns (Dijkstra et al. 2020), and it is 

estimated that this trend will continue unabatedly. While cities only cover a small portion of 

the Earth's land surface, their impact is far-ranging as they are, for example, accountable for 

up to 80% of total energy consumption and 75% of carbon emissions (United Nations 2018). 

For understanding urban process regimes, knowing building heights is key (Zhu et al. 2019), 

and the vertical structure of settlements has been identified as a central parameter to 

systematize multi-dimensional urban form (Wentz et al. 2018). Many quantities scale 

linearly with building height. For example, building height – or related information like floor 

area – has been shown to be an important indicator for estimating energy consumption 

(Resch et al. 2016), material stock allocation (Tanikawa et al. 2015), greenhouse gas 

emissions (Borck 2016), human wellbeing and urban heat island effects (Perini et al. 2014), 

or the distribution of population (Alahmadi et al. 2013). The latter is also of increasing 

relevance as knowledge about the distribution and concentration of the population may help 

in better understanding the risk of spreading infectious diseases (Wu et al. 2017). 

Building height can be derived with a broad variety of geoinformation or remote sensing-

based approaches. Nonetheless, it is a parameter that is hard to quantify accurately and at 

regular intervals for larger areas such as complete countries and at a spatial resolution that 

approximates individual building footprints. The two-dimensional building footprint from 

building cadasters can be extruded to three-dimensional cubes (often referred to as “Level-

of-Detail 1” or LoD1), if databases include attributes like the number of floors, floor height 

or building function (Biljecki et al. 2017). The combination of cadastral building footprints 

with airborne laser scanning (ALS) represents an elaborated extension of the latter approach. 

This technique has become the quasi-standard for generating 3D building models at LoD2, 

wherein prototypical roof shapes are derived from the actual point cloud (Aringer et al. 

2014). Although open data policies are increasingly emerging in general (Nugroho et al. 

2015), many datasets are still proprietary and come with considerable data purchase costs 

(e.g. (Bayerische Vermessungsverwaltung 2020). Open alternatives to cadastral data are 

mostly community-based (e.g. OpenStreetMap) and as such are regionally inconsistent (Neis 

et al. 2013) and spatially incomplete (Hecht et al. 2013; Brovelli et al. 2018). Alternatively, 

building height can be measured in very high resolution (VHR) images by (i) measuring the 

building's cast shadows in optical images (Wang et al. 2014), (ii) by photogrammetrically 

analyzing stereo pairs of optical satellite, aerial or drone images (Stal et al. 2013; Unger et 

al. 2014; Takaku et al. 2016), (iii) or by interferometric synthetic aperture radar (InSAR) 

techniques (Stilla et al. 2003). However, measuring shadows is less reliable when buildings 
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shadows overlap each other (Biljecki et al. 2017), in which case also the SAR side-looking 

geometry causes adverse layover and shadow effects (Stilla et al. 2003). Photogrammetric 

height retrievals from aerial images are more accurate than their space-based counterparts 

(Sirmacek et al. 2012), which is related to an increasing error with flying altitude (Baltsavias 

1999). Although photogrammetry and ALS may be similarly accurate (Baltsavias 1999), 

ALS is superior for measuring building height (Kaartinen et al. 2005), especially when 

paired with 3D city models where the footprints are coming from official cadasters. 

Notwithstanding, any acquisition technique without a global observation scenario, e.g. ALS, 

UAV, and airborne or spaceborne VHR imaging alike, ultimately faces challenges regarding 

actuality, continuity and regional consistency. The same applies for data affected by non-

open data policies. For example, TerraSAR-X / TanDEM-X imagery for InSAR processing 

is freely available, but limited to an area of 100,000 km2 and only available for scientists and 

on request (DLR 2019). 

Eventually, free and open, globally available satellite image archives with standardized and 

consistent data processing are required to allow building height estimation for large areas at 

fine resolution. Among the hundreds of EO satellite missions (Belward et al. 2015), only 

few systems fulfill these requirements.  

The European Copernicus program (Aschbacher et al. 2012) encompasses the Sentinel-1 and 

Sentinel-2 constellations with a high potential for building height mapping. The Sentinel-1 

constellation provides all-weather, day-and-night C-band Synthetic Aperture Radar (SAR) 

backscatter observations at 10 m spatial gridding (Torres et al. 2012). The primary 

observation mode over land surfaces is interferometric wide (IW) swath, which covers a 

250 km swath at two polarizations (VV and VH). The mission currently comprises two 

satellites, Sentinel-1A and Sentinel-1B, providing a same-orbit revisit frequency of 6 days. 

Due to lateral orbit overlaps, the actual revisit frequency increases with latitude; over Europe 

it is 1–3 days. Li et al. (2020b) have recently shown that Sentinel-1 backscatter is helpful for 

estimating 3D information in cities when mapping building height as an average elevation 

per raster cell, i.e. a mean value of building heights and non-built-up surfaces in-between. 

They exploited the fact that backscatter is in general positively correlated with building 

height (Koppel et al. 2017), due to specular reflectance by urban structures and a 

combination of single bounce, double bounce (dihedrals), and triple bounce (trihedrals) 

scattering mechanism (Dong et al. 1997). However, the relationship between backscatter and 

height varies with building orientation relative to the sensor, surface material, and roughness 

(Kimura et al. 2005; Corbane et al. 2008; Li et al. 2016; Koppel et al. 2017). Li et al. (2020b) 

therefore proposed an index from combined VV- and VH-polarized SAR data and in doing 
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so increased the predictive strength of the statistical relationship with building height. 

Nevertheless, they report several urban layouts and structures where this relationship is weak 

or non-existent, including effects related to double bouncing, high reflectivity from metallic 

materials, as well as scattering related to tree canopy and building density. Therefore, it 

appears beneficial to add information from optical imagery that allows to complement 

ambiguous information in the radar signal and improve the signal's correlation with building 

height. 

The Sentinel-2 satellite mission provides multi-spectral optical observations in 13 

wavelengths at up to 10 to 60 m spatial resolution (Drusch et al. 2012). The mission 

comprises Sentinel-2A and Sentinel-2B, which are operated in the same orbit with a phase 

delay of 180°, providing a nadir revisit frequency of 5 days (Drusch et al. 2012). Due to the 

wide swaths of 290 km, lateral orbital overlaps can be considerable and partially increase 

revisit frequency to 2 to 3 days. Similar optical Earth observation missions have already 

proven their ability to contribute to generating 3D information, e.g. to map forest height with 

Landsat data (Helmer et al. 2010; Li et al. 2011; Wang et al. 2018). Li et al. (2020a) have 

recently shown that Landsat and Sentinel-1 (among others) are capable of predicting 

building height and volume at a coarse 1 km resolution, yet, their feature importance 

assessment indicates that their model is mostly driven by the radar data. Still, the contrast 

between roofs and shadows is easily visible in optical winter imagery (Figure III-1a). Taking 

into account the clear seasonality of this contrast (cf. summer imagery, Figure III-1b), the 

spatio-temporal information existing in time series of multi-spectral data may increase the 

value of the reflectance data. 

 

Figure III-1 Building-height induced shadows in Sentinel-2 imagery. (a): Sentinel-2A image, 05.12.2018; 

(b): Sentinel-2B image, 03.07.2018. The images depict the center of Berlin as false colour representation, i.e. 

R/G/B = near infrared/red/green. 

Thus, we hypothesize that the synergistic usage of information from multi-temporal and 

multi-spectral acquisitions may well complement the capabilities of dual-polarized radar 

backscatter. In this study, we aim at creating a methodology to predict building height from 
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free, open, and globally available image archives using machine learning regression. We 

produce a building height map for entire Germany at unprecedented spatial resolution 

approximating building footprints. For this, we use dual-polarized Sentinel-1 and multi-

spectral Sentinel-2 time series, and rely on highly accurate training and validation data 

derived from 3D building models. We particularly address the following research questions: 

• Are synergistic models based on Sentinel-1 radar and optical Sentinel-2 data 

superior to using radar or optical data alone when predicting building height? 

• How accurately can building height be predicted? 

• Can the machine learning models be transferred to other regions without significant 

decrease in prediction accuracy? 

• What regional patterns of building height distribution can be observed across our 

study area? 

2 Study Area 

Our region of interest for this study was Germany, covering a total area of about 357,000 km2 

(Figure III-2a). Germany has about 83.1 Mio. inhabitants; population density is 232 cap 

km−2, varying from 69 cap km−2 to 4090 cap km−2 in the federal states (Deutsches 

Statistisches Bundesamt 2019). About 9.6% of the area is covered by built-up infrastructure 

(Schug et al. 2020b). The majority of buildings are residential (19,053,216 in 2018), half of 

them in the states of North Rhine Westphalia, Baden-Württemberg and Bavaria (Federal 

Stat. Office 2019). The majority of these houses are single-family houses (82% one or two 

dwelling units); only 6% are tall multi-family houses (>7 dwellings), however they make up 

for a third of all German dwellings (Census db. from Fed. Stat. Offices 2011). Information 

about the non-residential building stock is less reliable and conclusive; it is estimated that 

there are about 3 Mio. non-residential buildings (Deutsche Energie-Agentur 2016). 
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Figure III-2 Study area and data availability. (a): study area with locations of training and validation data 

(colored polygons); (b): number of Sentinel-1A/B acquisitions for 2017; (c): number of clear-sky, non-snow 

Sentinel-2A/B observations for 2018. 

3 Data 

3.1 Independent Variables 

Sentinel-1 

Sentinel-1 backscatter data for the year 2017 were accessed from the data archive of the 

Earth Observation Data Centre (EODC, Wagner et al. 2012). The EODC infrastructure 

couples an OpenStack cloud platform and the supercomputing resources of the Vienna 

Scientific Cluster (VSC) with a Petabyte-scale storage that contains among other satellite 

data the complete worldwide Sentinel-1 IW swath data record. The EODC data archive has 

been built up by continuously downloading Sentinel data from the Copernicus data hubs. To 

ensure the completeness of the data collection and short data latencies, a “Hubwatcher” is 

deployed to monitor and cross-check several Copernicus data hubs. In this study we used 

ground range detected (GRD) and high-resolution (HR) IW scenes, which contain 

backscatter intensities at 10 m pixel spacing in VV or VH polarization for 2017. As 

suggested by (Koppel et al. 2017), Sentinel-1 data from both orbit directions were combined 

to enlarge the observation space for maximization of information content and reduction of 

areas in radar shadows. To allow efficient spatio-temporal analysis of the Sentinel-1 IW 

swath data, we pre-processed the original Level-1 data to generate a Sentinel-1 data cube 

based upon the Equi7 grid (https://github.com/TUW-GEO/Equi7Grid) developed by Bauer-

Marschallinger et al. (2014). The pre-processing was orchestrated and carried out using the 

SAR Geophysical Retrieval Toolbox (SGRT) developed by TU Wien, whereas the Sentinel 
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Application Platform (SNAP) and the freely available 3-arc sec SRTM terrain model (Farr 

et al. 2007) were used for radiometric calibration and Range Doppler geometric terrain 

correction. Border noise effects, which affect a certain percentage of the original Sentinel-1 

IW scenes, were eliminated with the bidirectional all-samples approach introduced by (Ali 

et al. 2018). The so-generated Sentinel-1 data cube holds backscatter values (sigma-naught 

in dB) sampled regularly at 10 m in space and irregularly in time (corresponding to the exact 

times of the Sentinel-1 data takes) along with local incidence angles and other relevant 

metadata. 

Figure III-2b shows data availability; overlapping orbits and looking directions cover a large 

part of the study area and increase nominal revisit frequency to 1–2 days for a substantial 

part of the study area. 

In a final post-processing step, all images were reprojected to EPSG:3035, and then split to 

30 × 30 km data cubes (Lewis et al. 2016; Frantz 2019) to match the characteristics of the 

optical data (see next subsection). 

Sentinel-2 

We downloaded all Sentinel-2 Level 1C products acquired in 2018 with cloud coverage 

<70% from the ESA API Hub. The Sentinel-2 constellation was fully ramped up on 17 

February 2018, thus providing full data density since this date (ESA Sentinel Online 2018b). 

The study area is covered by 69 Military Grid Reference System (MGRS) tiles, and a total 

number of 7278 image products were available. Figure III-2c shows clear-sky data 

availability, where lateral orbital overlaps cover a large part of the study area and partially 

increase nominal revisit frequency to 2–3 days. 

The data were processed to Level 2 Analysis Ready Data (ARD) through the Framework for 

Operational Radiometric Correction for Environmental monitoring (FORCE, Frantz 2019) 

available from https://github.com/davidfrantz/force. Clouds and cloud shadows were 

identified using a modified version of the Fmask algorithm (Zhu et al. 2012; Frantz et al. 

2015; Zhu et al. 2015; Frantz et al. 2016a), including a parallax-based extension to better 

separate clouds from bright targets such as built-up structures (Frantz et al. 2018). All images 

were radiometrically standardized as outlined by Frantz et al. (2016a). The atmospheric 

correction included radiative transfer modelling (Tanré et al. 1979), object-based Aerosol 

Optical Depth (AOD) estimation over dense dark vegetation (Kaufman et al. 1988) and water 

(Royer et al. 1988), topographic correction using an enhanced C-correction as described in 

(Buchner et al. 2020), adjacency effect correction (Bach 1995), and Nadir BRDF-adjustment 

using a global set of MODIS-derived BRDF kernel parameters (Roy et al. 2016). Surface 



Chapter III 

59 

reflectance retrieval, as well as AOD estimation and cloud masking were assessed in the 

Atmospheric Correction and Cloud Masking Inter-comparison eXercises (ACIX/ACIX-

II/CMIX, Doxani et al. 2018; ESA 2019). The 20 m bands were improved to 10 m resolution 

using a data fusion approach, (Frantz et al. 2016b), wherein 10 m information from the local 

pixel neighborhood is used to weight the 20 m pixels using a weighted average approach. 

The 60 m bands were discarded. Eventually, all images were reprojected to a single 

coordinate system (EPSG:3035), and then split to 30 × 30 km image chips to form data cubes 

(Lewis et al. 2016; Frantz 2019). 

3.1. Dependent variable: building height 

For building height training and validation, we used freely and openly available 3D building 

models (3DBM) in CityGML standard format. 3DBMs provided by geodetic surveys are 

optimal input for our purpose, as they are high quality compilations of multiple data sources. 

The building height information is typically based on official ALS campaigns of the local 

geodetic surveys, and is merged with building footprints from the official cadaster. Thus, in 

contrast to ALS point clouds, height information is provided for buildings only; no further 

disentanglement between buildings and other vertical structures was necessary (as e.g. 

required by the approaches of (Geiß et al. 2019) and (Esch et al. 2020). As outlined in the 

introduction however, 3DBMs alone are insufficient to produce nation-wide building height 

maps, as they are only available for limited areas, where local administrations have decided 

on open data policies. We have acquired five 3DBMs, which cover entire cities to states 

(Table III-1) and include nearly 15 million buildings. Those are mostly available as LoD1 or 

LoD2. In LoD1, each building is a block without considering its actual roof shape (accuracy 

of building height typically ±5 m); LoD2 additionally contains a standard roof shape that 

best fits to the LiDAR point cloud (accuracy of building height typically ±1 m). Due to the 

better accuracy, we only used LoD2 models in this study. The datasets were acquired 

between 2012 (Potsdam) and 2020 (Thuringia) with some within-dataset inconsistency 

(Table III-1). Due to the fairly low net changes in the German building stock (Federal Stat. 

Office 2019), we consider these temporal differences negligible given the purpose of this 

study. 
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Table III-1 3D Building Models used for training and validation. 

Site Year 
Accuracy 

in height1 
Buildings Data provider License Link 

B
er

li
n

 

2014 

(99.9%) 

2015 

(0.1%) 

unknown 540,172 

Berlin Partner für 

Wirtschaft und 

Technologie GmbH 

Custom license: 

https://www.businessloc

ationcenter.de/berlin3d-

downloadportal/docume

nts/terms.en.html 

https://www.businessl

ocationcenter.de/en/ec

onomic-

atlas/download-portal/ 

H
am

b
u

rg
 

2016 ±1 m 374,990 

Freie und 

Hansestadt 

Hamburg, 

Landesbetrieb 

Geoinformation und 

Vermessung 

Data license Germany – 

attribution – version 2.0 

http://suche.transpare

nz.hamburg.de/dataset

/3d-stadtmodell-lod2-

de-

hamburg4?forceWeb=

true 

P
o

ts
d

am
 

2012 unknown 44,832 
Landeshauptstadt 

Potsdam (LHP) 

Unspecified open data 

license 

https://opendata.potsd

am.de/explore/dataset

/3d-gebaudemodell-

lod2-

citygml/information 

N
o

rt
h

 R
h

in
e 

W
es

tp
h

al
ia

 2018 

(39%) 

2019 

(61%) 

±1 m 11,498,734 

Bezirksregierung 

Köln, Geobasis 

NRW 

Data license Germany – 

attribution – version 2.0 

https://www.bezreg-

koeln.nrw.de/brk_inte

rnet/geobasis/3d_geba

eudemodelle/index.ht

ml 

T
h

u
ri

n
g

ia
 

2018 

(13%) 

2019 

(57%) 

2020 

(30%) 

unknown 2,241,792 

Kompetenzzentrum 

Geodateninfrastrukt

ur Thüringen (GDI-

Th) 

Data license Germany – 

attribution – version 2.0 

https://www.geoportal

-th.de/de-

de/Downloadbereiche

/Download-Offene-

Geodaten-

Th%C3%BCringen/D

ownload-3D-

Geb%C3%A4ude 

1 Accuracy according to data publisher; errors may be larger for more complex roof types. 

3.2. Other data 

Similar to (Li et al. 2020b) and (Li et al. 2020a), we masked our final building height map 

to areas covered by residential and non-residential buildings only. Note that this was 

performed after the statistical validation. We used the European Settlement Map (ESM, 

Corbane et al. 2019b; Sabo et al. 2019), which is part of the Global Human Settlement Layer 

(GHSL) datasets made available by the European Commission (https://ghsl.jrc.ec. 

europa.eu/data.php). The dataset is based on Copernicus VHR imagery for the reference year 

2015, and is generated at 2 m spatial resolution from Pleiades, Deimos-02, WorldView-2, 

https://www.sciencedirect.com/science/article/pii/S0034425720305010#tf0005
https://www.businesslocationcenter.de/berlin3d-downloadportal/documents/terms.en.html
https://www.businesslocationcenter.de/berlin3d-downloadportal/documents/terms.en.html
https://www.businesslocationcenter.de/berlin3d-downloadportal/documents/terms.en.html
https://www.businesslocationcenter.de/berlin3d-downloadportal/documents/terms.en.html
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WorldView-3, GeoEye-01 and Spot 6/7 images, which were acquired between 2014 and 

2016. As net change of building stock is positive (+114,543 new buildings in 2018, Federal 

Stat. Office 2019), our final map is representative for ca. 2015. 

4 Methods 

4.1 Theoretical background 

As illustrated by Figure III-1, winter imagery in sun-synchronous optical imagery is much 

affected by shadows from vertical objects (e.g. buildings), whereas only the tallest objects 

cast a discernible shadow in summer imagery from Germany. In addition, there is also a 

distinct seasonal pattern in reflectance. Due to the constant overpass time of Sentinel-2, the 

sun elevation progressively increases towards the summer solstice, which results in 

decreasing building shadow lengths (Figure III-3a), which in turn results in a progressive 

increase of reflectance for flat areas next to buildings at 10 m spatial resolution (Figure 

III-3b, red line). Roof pixels that are sunlit throughout the entire year do not show this 

seasonal pattern (Figure III-3b, blue line). 

 

Figure III-3 Temporal effect of building shadows in Sentinel-2 imagery. (a): schematic representation of 

the shadowing effect for winter (left, subscript W) and summer (right, subscript S). (b): monthly near infrared 

average of all available clear-sky observations for a building roof pixel (blue), and the ground that is shadowed 

by this building (red); the two pixels were drawn from the subset shown in Figure III-1. 

These findings are further corroborated by the calculations shown in Figure III-4. Given a 

10:30 local time overpass for 52.51°N (e.g. Berlin, Germany), the building shadow length d 

can be computed with eq. (4). 

eq. (4)   𝑑 =
ℎ

tan 𝛼,
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where h is the building height and α the sun elevation (Bivand et al. 2019). For a large part 

of the year, i.e. between spring and fall equinox, which also coincides with highest optical 

data availability, shadow lengths for even tall buildings are usually below 50 m. Figure 

III-4b additionally demonstrates that the spatio-temporal effect found in Figure III-3b is also 

dependent on building height. In dependence of building height, the theoretical figure shows 

the number of days we are observing a shadow-free ground when being 10 m, 25 m, or 50 m 

away from the building. 

 

Figure III-4 Computations of building shadow lengths. (a): building shadow length in dependence on 

season, shown for four key astronomical dates. (b): number of shadow-free days when being 10 m, 25 m, or 

50 m away from buildings with different height. The figure reads like this: for a 10 m high building (vertical 

line), we have 69, 253 and 365 shadow-free days a year if we step 10 m, 25 m, or 50 m away from the building. 

4.2 Independent Variables 

Considering the theoretical background, we consequently developed a workflow that (1) 

uses radar backscatter and spectral reflectance, and (2) synergistically includes spatial 

context, multi-temporal, multi-spectral, and multi-polarized information. We generated an 

extensive feature space from the Sentinel-1 and Sentinel-2 time series, which include 

spectral and temporal information (subsection 1), as well as additional spatial information in 

a second step (subsection 2). Both steps were performed using FORCE 

(https://github.com/davidfrantz/force). For the sake of simplicity, we refer to “spectral” 

information throughout the remainder of the paper, although acknowledging that this is 

technically incorrect to some degree as e.g. different radar polarizations are measured at the 

same wavelength. 

Spectral-temporal features 

As we identified temporal patterns in the satellite data, which are dependent on building 

height, we generated Spectral Temporal Metrics (STM, Potapov 2009; Müller et al. 2015; 

Mack et al. 2017). These are statistical aggregations of all available high-quality 

observations within a specified time period (one year in this case), and as such provide rich 

information on spectral-temporal variability and data distribution (Frantz 2019). Due to their 
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spatial completeness and fairly high robustness against different observation densities, they 

are optimal features for machine learning applications, and have proven to be effective for a 

large variety of land cover mapping or quantitative variable estimation (e.g. Rufin et al. 

2019; Schug et al. 2020b). For the optical time series, only clear-sky, non-cloud, non-cloud 

shadow, non-snow observations were considered. For the radar time series, each observation 

was considered. All statistics available in FORCE (Frantz 2019) were used: average, 

standard deviation, 0/10/25/50/75/90/100% quantiles, range, interquartile range, skewness, 

and kurtosis. The STMs were generated separately for each band of the SAR (2 bands, i.e. 

VV and VH polarization) and optical time series (10 land application bands covering VIS, 

NIR and SWIR domains). Additionally, six spectral indices derived from the optical time 

series were selected. The Normalized Difference Vegetation Index (NDVI, Tucker 1979) and 

Tasseled Cap Greenness (Crist 1985)  were selected to account for urban vegetation, which 

was e.g. problematic in the Sentinel-1-only study by Li et al. (2020b); two “green” indices 

were chosen because NDVI alone is less suitable in Central Business Districts where shadow 

is dominating. The Normalized Difference Built-Up Index (NDBI, Zha et al. 2003) was used 

due to its sensitivity to urban areas. The Tasseled Cap Brightness was chosen to capture 

brightness gradients of roofing materials. The Tasseled Cap Wetness and modified 

Normalized Difference Water Index (mNDWI, Xu 2006) were chosen to potentially account 

for water intermingled within the settlement, and as they emphasize shadows. The 

combination of 18 bands/indices and 13 statistical aggregations resulted in 234 spectral-

temporal features. 

Spatial-spectral-temporal features 

To capture the spatial characteristics originating from shadows cast off from nearby 

buildings, we computed texture metrics on top of the STMs, denoted as spatial STM 

(SSTM). We used morphological metrics as they are a standard way to capture spatial context 

in image processing (Dalla Mura et al. 2010), and can e.g. be used to extract the darkest pixel 

within a pixel's neighborhood. We computed erosion, dilation, opening, closing, 

morphological gradient, top hat and black hat using a circular structuring element with a 

50 m radius. This radius was chosen as a compromise to capture most shadows (Figure III-4 

shows that even taller buildings (30 m) cast a shadow smaller than 50 m for almost the entire 

year), while not losing too much spatial detail. This procedure resulted in a feature space 

with 234 × 7 = 1638 features. 
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4.3 Dependent variable: building height 

Data extraction 

The 3DBMs available to us are of very high quality in terms of location, geometry, and 

height. However, without further processing, they are no adequate training (or validation) 

data for building height mapping with decameter resolution EO data. In the CityGML 

format, buildings are further split into building parts, which are the geometries attributed 

with a building height value. However, these parts can range from complete buildings to 

small building extensions or garages. Sampling a garage, which often is located next to a 

taller building, would lead to undesired results when paired with satellite imagery, in which 

the garage and building are intermingled in one pixel. In addition, as outlined in the last 

section, a pure per-pixel estimate of building height would not work as we strive to 

incorporate surrounding information about the building's shadows in a 50 m radius. As such, 

all building parts in the local neighborhood need to be taken into account to match the 

prepared features, which was enabled by the spatial completeness of the official cadaster-

based input datasets. 

Figure III-5 displays a small portion of the 3DBM for Cologne as 2D representation, as well 

as the basic principle of our sample preparation. To speed up processing, we first parse the 

3DBM, and store the height, footprint area and centroid of each building part in a table. 

Then, we overlay the 10 m pixel grid of the cubed EO data (black grid). For each pixel, e.g. 

the one marked with the “+” signature, it is checked whether a building part centroid (point 

signature) is within 5 m distance (small circle). If yes, all building parts with their centroids 

closer than 50 m (large circle) are included as 

eq. (5)   �̃� =
∑ 𝑧𝑝∙𝐴𝑝

𝑛
𝑝

∑ 𝐴𝑝
𝑛
𝑝

    

wherein the area-weighted height is computed from the building height zp of all nearby 

building parts p. The weights are the areas of the building parts Ap (as indicated by different 

point sizes in Figure III-5). Note that we only average the height of buildings – and not the 

ground in between as e.g. done by Li et al. (2020b). 

In the sampling process, selected building categories were removed, as we considered them 

structurally too specific and of rare occurrence, for example power poles of wind energy 

plants. Table III-2 summarizes the number of potential samples per dataset; note that these 

numbers differ from Table III-1 as the latter reports number of buildings, whereas the 3DBM 

processing is based on building parts. 
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Figure III-5 2D representation of a small part of a 3D Building model and basic principle of the sample 

generation. The footprint of each building part is drawn, and the building height is represented through color. 

The black grid represents the pixel grid of the cubed EO images. The pink cross marks the current pixel; pink 

circles represent 5 m and 50 m buffers. The black points are building part centroids within the 50 m radius; the 

point size corresponds to the footprint area of the building parts. Coordinate system is EPSG:3035. 

Sampling for training and validation 

Within each 3DBM, we sampled sufficiently large, yet reasonably small datasets, which 

were used for training, as well as for hold-out and leave-one out cross-validation setups (see 

Table III-2). This sample was drawn using constrained stratification of the building height: 

with 1 m resolution, the same number of samples (if available) was taken from all potential 

samples. For this, the dataset was iteratively sliced into meters, and within each slice, random 

samples were iteratively drawn. Due to their rare occurrence, all heights above 50 m were 

included in the 50 m slice to avoid that each and every high-rise building was selected. If the 

sample candidate was located within 50 m of another confirmed sample, it was discarded. 

This was repeated until enough samples for each height slice were retrieved, if all potential 

samples were collected, or if we exceeded 100,000 iterations. In order to avoid a systematic 

rejection of tall or low buildings, the iterative procedure of height slicing was reversed after 

each iteration, i.e. in the first iteration samples were taken from the 3 m to 4 m height slice, 

then samples were taken from the 49 m to 50 m slice, then 4 m to 5 m, then 48 m to 49 m 

etc. Acting on the assumption that the 3DBMs are fully or at least almost spatially complete, 

we further generated background samples of zero building height in order to familiarize the 

machine learning models with non-building surfaces, which are not included in the 3DBMs. 

To achieve this, we first generated a random point dataset across the 3DBM bounding box 
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using Poisson Disc sampling (Tulleken 2008). We subsequently eliminated all points that 

were closer than 100 m to any building part centroid in the full 3DBM. 

Table III-2 Number of retrieved samples per 3D Building Model. 

Site Berlin Hamburg Potsdam North Rhine Westphalia Thuringia 

Number of potential samples 435,610 445,729 36,592 7,651,841 960,712 

share of one to two floors (2–6 m) 15.49% 13.83% 22.75% 7.92% 5.66% 

share of three to five floors (6-15 m) 55.88% 74.37% 66.94% 89.41% 90.77% 

share of five to ten floors (15–30 m) 26.56% 11.51% 9.71% 2.62% 3.51% 

share of high-rise (30–150 m) 2.07% 0.29% 0.60% 0.05% 0.05% 

share of sky-scrapers (> 150 m) 0.0012% none none 0.0001% none 

Samples per height slice 1000 1000 1000 1000 1000 

Number of retrieved samples 29,559 21,513 10,127 28,995 20,805 

Modeling and validation 

Both model training and the subsequent building height prediction were performed using 

FORCE (https://github.com/davidfrantz/force). 

First, we inter-compared the performance of the radar features, the optical features, as well 

as a synergistic combination of both on the Berlin dataset. This dataset contains a large 

number of potential samples, as well as a good distribution among height classes (Table 

III-2), which we attribute to Berlin being a diversely structured city with high-risers in the 

city center, very dense and compact neighborhoods in the inner city, and village-like 

settlements in the outskirts. We trained Support Vector Machine regression (SVR) models 

using 90% of the training data. The SVR hyper-parameters were tuned using grid search 

with 10-fold cross-validation. The remaining subsample was used for model inspection. A 

comparison of SVR with Random Forest regression can be found in the supplemental 

material section A1. 

As the large feature space generated (1638 features) may result in overfitting and 

computational complexity related to the “curse of dimensionality” (Rust 1997), we reduced 

dimensionality to 50 features using a two-step feature reduction approach as documented in 

supplemental material section A2. 

For producing the wall-to-wall building height map for Germany, we combined the training 

data from all available 3DBMs. First, we evaluated the model performance with a left-out 

30% sample of the training dataset. As we did not have access to training data for complete 

Germany, we further explored the model's transferability and extrapolation capabilities by 

https://github.com/davidfrantz/force
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training models, where one training site was exclusively kept for model evaluation, whereas 

the remaining sites were used for training, respectively; this cross-validation approach 

yielded five models, i.e. each city was entirely left out once. 

We generated density plots to visually compare the relationship between building heights 

and the reference, complemented by a number of statistical descriptors. Ideally, this 

relationship is linear and oriented along the one-to-one line of the density plot. We therefore 

fitted a linear function to the point cloud to statistically evaluate this relationship. 

As the stratified sampling scheme was designed to collect the same number of validation 

samples for each meter of height, whenever possible, we used ordinary least squares (OLS) 

regression, which is a good estimator of how well the model is able to predict buildings of 

different height classes. The Root Mean Square Error (RMSE) based on this sample 

estimates the height class uncertainty. However, in relative terms, there are few high-rise 

buildings (only 6% of all Germany buildings are multi-family houses with more than 7 

dwellings, Census db. from Fed. Stat. Offices 2011). Therefore, the OLS estimate is skewed 

towards higher building heights. Consequently, we additionally computed weighted least 

squares (WLS) regressions wherein each building height class was weighted with the 

frequency of its occurrence in the corresponding 3DBM. The WLS estimate is more 

representative of the areal accuracy, e.g. when reporting a mean building height for a given 

area (e.g. a city, district or state). Accordingly, the weighted RMSE is a measure of the areal 

height uncertainty. Complementary to this, we computed both OLS and WLS regression 

through the origin, as building height is a parameter with a well-defined lower boundary. 

We further compared the building height distribution for all 3DBMs using histograms, and 

investigated potential saturation effects with increasing height by computing and visualizing 

mean predicted building height per building height class in the reference datasets (using the 

cross-validation approach). After assessing prediction quality, we trained the model on the 

full training sample (i.e. 100%) before model deployment for the wall-to-wall building 

height map production. The final building height prediction was further pruned at the lower 

end, i.e. all predictions <2 m were eliminated. 

5 Results 

5.1 Synergistic use of radar and optical data 

We trained SVR models based on all radar, optical, and combined radar and optical features, 

respectively. The radar-only model achieved an uncertainty (RMSE) of 7.47 m, and 
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frequency-weighted uncertainty of 4.32 m, respectively (Figure III-6a). The optical-only 

model (b) performed slightly better in all statistics. A visual inspection of the density plot 

reveals that the density is better concentrated on the one-to-one line and the absence of 

buildings (no building, i.e. reference height = 0 m) is better predicted. The combination of 

radar and optical features (c) outperforms both single-domain models in every statistic, e.g., 

both RMSE measures have been reduced by nearly one meter when compared to the radar-

only model. The density plot clearly reveals less scatter, an improved density concentration 

on the one-to-one line, as well as an increase in regression slope, which especially in the 

weighted cases is very close to the one-to-one line. A comparison of SVR with Random 

Forest regression can be found in the supplemental material section A1. Results for the 

feature selection are documented in the supplemental material section A2. 

 

Figure III-6 Support Vector Regression model comparison using radar-only (a), optical-only (b), and 

both data sources combined (c). White Line = one-to-one; red line: ordinary least squares regression, orange 

line: ordinary least squares regression through origin; green line: weighted least squares regression; cyan line: 

weighted least squares regression through origin; RMSE: Root Mean Squared Error, RMSE’ = weighted 

RMSE; weights were obtained from the frequency of occurrence within the reference dataset. 

5.2 Building height validation and model transfer 

The performance of the global model (Figure III-7a) with a reduced feature set (trained and 

validated with a 70–30 data split with samples from all sites) is very similar to the local 

model comprised of the complete feature space (Figure III-6c). A model degradation due to 

feature reduction was not observed. On the contrary, most performance indicators point to 

an increase in prediction quality. 

Figure III-7b-e illustrate the performance of the model when transferred to different areas 

and independent 3DBMs (not used for training). The height class uncertainty (RMSE) ranges 

from 3.83 m to 8.14 m, and the areal height uncertainty (frequency-weighted RMSE) is 

between 2.92 m and 3.55 m. In terms of OLS R2, the best correlation is found for the 

Hamburg dataset (R2 = 0.66). In other statistics, e.g. RMSE and RMSE’, the best 

performance is achieved in Potsdam or Thuringia. 
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Figure III-7 Building height validation on a left-out 30% sample of the global training dataset (a), on 

independent validation datasets left out for testing model extrapolation and transferability (b-f). White Line = 

one-to-one; red line: ordinary least squares regression, orange line: ordinary least squares regression through 

origin; green line: weighted least squares regression; cyan line: weighted least squares regression through 

origin; RMSE: Root Mean Squared Error, RMSE’ = weighted RMSE; weights were obtained from the 

frequency of occurrence within the reference dataset. 

Histograms of the building height prediction and independent reference models (not used for 

training) are shown in Figure III-8a-e. For the city datasets, especially Hamburg and 

Potsdam, the height distribution is well matched. Almost all datasets are characterized by an 

overestimation of buildings above 10 or 15 m, which is most pronounced for the areal states 

of Thuringia and North Rhine Westphalia. Above a height of about 30 m however (vertical 

lines), the overestimation quickly turns into a substantial underestimation. This is also where 

the histogram becomes noisier due to decreasing sample sizes. In all datasets, a saturation 

effect is apparent at approximately 20 m reference height (Figure III-8f). 
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Figure III-8 Histograms (a-e) and saturation effect (f). (a-e): the histograms are not based on the validation 

sample, but on the complete dataset (“Number of potential samples” line in Table III-2), thus, they represent 

the complete statistical population. The y-axes are drawn logarithmic as the building height distributions are 

right-skewed, e.g. more than 96% of all buildings in Thuringia are lower than 15 m (Table III-2). (f): mean 

predicted building height per building height class of the reference datasets (in 1 m increments). The y-axis is 

drawn logarithmic and the dashed curve represents the one-to-one line. 

5.3 Building height mapping 

The wall-to-wall building height map for Germany is shown in Figure III-9. The full dataset 

is openly available (Frantz et al. 2020), and can additionally be explored in this interactive 

map viewer: https://ows.geo.hu-berlin.de/webviewer/building-height/. Large cities like 

Berlin, Hamburg or Munich are readily visible in the overview map, as are large urban 

agglomerations, e.g. along the blue banana that covers the Ruhr District, Frankfurt Rhine-

Main, Rhine-Neckar, and Stuttgart metropolitan areas in Western Germany as indicated by 

the blue corridor. City centers are dominated by taller buildings, whereas city outskirts, 

smaller cities or the rural landscape are generally covered by smaller buildings. 

Figure III-10a is characterized by taller buildings in the city center and decreasing building 

heights towards the city limits. The close-up, e.g. Central Berlin (a.1) reveal that our 

approach resolves fine-scale structures like building blocks. Buildings along larger and 

higher-grade streets are generally taller. Berlin-Reinickendorf (Figure III-10a.3) is a district 

largely dominated by single-family houses. However, it also contains one of Berlin's largest 

housing estates, the “Märkisches Viertel”, where high-rise buildings clearly contrast with the 

surrounding single-family houses. Hamburg (Figure III-10b) is characterized by a contrast 

between the circular city core, the port (south of the river) and a large allotment to the East 

(dark blue patch). 
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Figure III-9 Building height map for Germany. The full dataset is openly available, and can additionally be 

explored in the interactive map viewer at https://ows.geo.hu-berlin.de/webviewer/building-height/. 

Frankfurt (Figure III-10c) is the only German city, where a skyline-dominating CBD is 

present (red area in the city core north of the river). On the contrary, many German cities, 

such as Cologne (Figure III-10d) are rather dominated by historic buildings, where building 

height is more uniform in the city center. While the Ruhr district (Figure III-10e, Germany's 

largest metropolitan area) is characterized by transitions between different cities, clearly 
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distinct nucleated settlements in the Stuttgart metropolitan area are shown in Figure III-10f, 

although they are formally administered as single city (Filderstadt). Dispersed settlements 

in rural Münsterland (Figure III-10g) are dominated by separate farmsteads with rather low 

buildings scattered throughout the area. 

 

Figure III-10 Building height close-ups. (a) Berlin with subsets depicting Berlin Center (a.1–2) and Berlin 

Reinickendorf (a.3–4) in the height map and in VHR true colour (Sentinel-2 Q50 STM); (b): Hamburg; (c): 

Frankfurt; (d): Ruhr District (Oberhausen); (e): Cologne; (f): nucleated settlements in Stuttgart metropolitan 

area; (g): dispersed settlements near Münster. The colour ramp corresponds to Figure III-9. 
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5.4 Regional building height distribution 

The mean building height for three NUTS (Nomenclature of Territorial Units for Statistics) 

levels is shown in Figure III-11. NUTS-1 to 3 represent European states, government regions 

and districts, respectively. On the NUTS-1 level, the city-states Berlin, Hamburg and Bremen 

show highest mean building height. The areal states with highest and lowest buildings are 

North Rhine Westphalia and Brandenburg, respectively. On the NUTS-3 level, districts with 

large cities, e.g. Frankfurt, Munich, Stuttgart, Cologne, Düsseldorf and several cities in the 

Ruhr district exhibit even higher building heights than the city states. Frankfurt hosts 

Germany's highest buildings in its banking district with a mean building height across the 

entire city district of 13.7 m. Areas along the blue banana belt are also covered with higher 

buildings than surrounding areas. In general, it appears that there is a trend towards lower 

buildings in East Germany, which may be a result of different planning policies before 

Germany's reunification. The more detailed NUTS levels indicate, however, that regions and 

districts with low building height are not exactly aligned with the former border between 

West and East Germany (red line). There are larger areas with low buildings in northern 

Lower Saxony and eastern Bavaria, too. In addition, building heights in southern Saxony 

and Thuringia do not differ substantially from other districts in West Germany. 

 

Figure III-11 Mean building height per NUTS unit. NUTS-1 to 3 represent states, government regions and 

districts, respectively. The red line represents the former border between West and East Germany (the former 

Inner-Berlin border is not drawn for graphical reasons). (For interpretation of the references to colour in this 

figure legend, the reader is referred to the web version of this article.) 

 

 



Chapter III 

74 

6 Discussion 

6.1 Synergistic use of radar and optical data 

While radar is known to be sensitive to building height (Koppel et al. 2017), mapping from 

optical data was previously limited to VHR imagery, wherein either shadow measurement 

techniques or photogrammetric analysis was employed. However, as outlined in section 4.1, 

spatial and temporal patterns of building shadows are even observable in optical decameter 

resolution imagery. Our findings indicate that machine-learning based models are capable 

of predicting building height from both radar-only and optical-only data with similar 

performance, with a slightly better performance for optical data (Figure III-6). It appears that 

the optical-only results have less scatter in the density plot, and thus a smaller uncertainty 

(RMSE). In addition, the height in the absence of a building (reference height = 0 m) is better 

predicted in the optical case. Nevertheless, the synergistic combination of radar and optical 

data outperformed both single domain models. 

It is known that the relationship between backscatter and building height is adversely 

affected by several effects. We aimed at reducing the effect of building orientation by using 

both polarizations (Li et al. 2020b), as well as by using data from both ascending and 

descending radar orbits (Koppel et al. 2017; Li et al. 2020a), which however may result in 

some uncertainty where viewing directions do not overlap (cf. Figure III-2b). Other 

geometric effects like urban layouts and structures causing double-bouncing effects, as well 

as overlay effects with increasing building density affect the results, too (Li et al. 2020b). 

Due to the side-looking view geometry, these effects cannot be fully compensated for when 

using radar data only, whereas such geometric effects are nearly non-existent in nadir-

looking optical data. Unlike radar data, optical images are also not adversely affected by 

specific surface materials, e.g. specular reflectance over metal roofs that results in a loss of 

signal. On the contrary, the multi-spectral information likely provides explanatory power, as 

e.g. lower buildings in Germany are usually covered with roof tiles, whereas taller buildings 

often have flat roofs covered in other materials. Li et al. (2020b) further noted that tree 

canopies adversely affect building height predictions with radar data. We consider that 

optical imagery has both advantages and disadvantages with regards to trees. On the one 

hand, multi-spectral and multi-temporal observations are expected to provide explanatory 

power as e.g. suggested by Li et al. (2020a), as e.g. low single-family buildings are often 

embedded in settlement forms with a high share of tree cover. On the other hand, we 

approximate shadowing effects through texture metrics. Thus, any strong image contrast can 

potentially result in the prediction of spurious heights, e.g. along avenues. To minimize this 
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adverse effect, our approach is best paired with existing settlement extent layers, which was 

also done by (Li et al. 2020b; Li et al. 2020a). In our case, we masked our final map with the 

European Settlement Map. Despite its challenges (some residential streets classified as 

building and a large missing data patch of 94.7 km2 in North Rhine Westphalia (51.497° N, 

7.271° E), it is provided at optimal spatial resolution for our purpose, and is distributed with 

a free and open data license. 

6.2 Prediction quality 

Validation of model 

The quantitative validation on the left-out 30% global sample reveals a proportional 

relationship between predicted and reference height (Figure III-7a), which visually is close 

to the one-to-one line for a substantial part of the data range. The sampling scheme collected 

the same number of samples for each meter of height between 3 m and 50 m, wherever 

possible. Thus, OLS statistics between predicted and reference height are good estimators of 

prediction quality across different height classes. We observe a linear relationship 

(R2 = 0.61), thus our model is well capable of estimating building heights across most of the 

observed range of building height. However, the OLS estimates are skewed towards high-

rise buildings, which in relative terms are rare in Germany. Thus WLS statistics, wherein 

each building height class was weighted with the frequency of its occurrence are more 

representative of the areal accuracy, and the corresponding RMSE is a measure of the areal 

height uncertainty. The WLS estimates are somewhat better than the OLS estimates: 

regression slope is closer to one, intercept closer to zero and RMSE is substantially lower 

(3.02 m vs 6.07 m), which all suggests good prediction quality for the most frequently 

occurring building heights. 

Model transfer (Transfer of model for national-scale mapping) 

Validation on different areas with independent reference data (i.e. entirely left-out) suggests 

that the regional model transfer was successful and the resulting density plots (Figure III-7b-

e) show a similar accuracy as the global validation (Figure III-7a). For some datasets, 

selected statistics are better, e.g. RMSE in Potsdam and Thuringia. Compared to all other 

datasets, both Potsdam and Thuringia have very few buildings taller than 20 m, which 

accordingly lowers RMSE, which is also reflected by smaller differences in the frequency-

weighted RMSE between datasets. 

The lowest transfer performance is observed for the state of North Rhine Westphalia with 

RMSE of 8.14 m, R2 of 0.46 and regression slope below 0.5. North Rhine Westphalia is the 
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industrial core region of Germany; thus, many high-rising industrial buildings are located in 

this state, including tall factories but also many vertical structures like industrial smoke 

pipes, silos, or cooling towers. As we attempted to collect the same number of samples for 

each meter of height in the validation data, most of those tall infrastructures are included in 

the North Rhine Westphalia sample – although their relative proportion is comparably low 

(see Figure III-8). Accordingly, the OLS estimate is skewed to a larger degree as compared 

to the other datasets. This is readily visible in the density plots, wherein many buildings taller 

than 25 m are present, for which we additionally observe the most scatter (i.e. highest 

uncertainty). When applying the WLS-regression, the performance on the North Rhine 

Westphalia is much better, which suggests that the prediction of the most frequently 

occurring buildings is robust. The weighted RMSE is also more similar to the other datasets, 

which indicate that the areal height uncertainty is fairly uniform across Germany. 

Our model shall be transferrable e.g. to neighboring countries that are characterized by 

similar building structures and material composition. From our results (especially the North 

Rhine Westphalia model transfer evaluation), we, however, expect that the model cannot be 

transferred without adaptations to regions that are too distinct from the settings in Germany, 

both in terms of climatic and structural properties (e.g. sky-scraper dominated cities in the 

U.S. or cities in deserts). When including such cases in the training sample (as e.g. by 

including samples from North Rhine Westphalia in the global model), we presume that the 

methodology might well be transferable to other parts of the globe. However, testing these 

hypotheses is out of scope of this paper, but merits future research. 

Saturation 

Despite the proportional relationship between predicted and reference building height, we 

generally observe a saturation effect above 20 m (Figure III-8f). Note however, that these 

are average numbers, higher values than 20 m do exist in our results, and Figure III-8a-e) 

indicates that in terms of building height frequency on the city to state level, underestimation 

does not occur until about 30 m. This confirms findings from Koppel et al. (2017), who 

report a saturation at 20 m due to the overlay effect at 41–46° incidence angle in Sentinel-1 

data on Tallinn. It appears that the additional optical data cannot fully compensate for this. 

This may be due to physical limitations, as e.g. shadows do not have a multiplicative 

darkening effect when a shadow overlays on other building's shadows. However, the 

saturation may simply be an effect of an insufficient number of high-rise buildings in our 

training data. Machine learning regression usually works best if the predicted values are well 

inside the trained range. We hypothesize that our method would account better for high-risers 

by significantly increasing their occurrence in the training dataset. This however, would need 
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to be tested in other study areas (e.g. in the U.S.) as these building types are rare in Germany 

(cf. Table III-2). For reporting statistics for larger areas, e.g. for administrative units, we 

consider this effect to be negligible due to the rare occurrence of this building category in 

Germany. 

6.3 Inter-comparison with a recent 3D mapping product 

Great advances have been made to map building height at spatial resolutions of 0.5 km to 

1.0 km (Li et al. 2020a; Li et al. 2020b). Our maps presented in Figure III-9 and Figure 

III-10, as well as the online map (http://ows.geo.hu-berlin.de/webviewer/building-height) 

add to these advances by offering a further extension towards much higher spatial resolution. 

Our maps resolve fine scale built-up structures both in rural and urban contexts, e.g. different 

building blocks or even building footprints in the case of large buildings or farmsteads (see 

Figure III-10a.3 and g). However, it needs to be emphasized here that some care needs to be 

taken when interpreting this 10 m building height map. Our dependent variable is the average 

building height within a 50 m radius around the pixel of interest, thus, in dense and 

heterogeneous neighborhoods, we are still predicting a local mixture of different building 

heights. This is similar, although less pronounced, to previous approaches with coarser 

resolution. Our map can be readily aggregated to coarser spatial resolution to negate such 

issues if needed. Nevertheless, our approach allows for a comparative interpretation of 

highly detailed spatial patterns, which is not possible when directly mapping at coarse 

resolution. 

We further inter-compared the final building height map with the 1 km map published by 

(Li et al. 2020a), which was produced with a generalized, inter-continental model that has 

seen training data across the United States, China, and Europe. To homogenize the datasets 

as far as possible, we clipped the Li map to Germany, and aggregated our map to 1 km using 

average resampling (Figure III-12). Both approaches yield similar results for highly 

urbanized areas (see Figure III-12 top: Frankfurt Rhine-Main agglomeration). However, the 

predictions for rural and suburban areas are less congruent (see both Frankfurt Rhine-Main 

surroundings, as well as Berlin surroundings in the second row). Our map has fewer nodata 

values: this is a direct result of the different settlement masks and not related to the building 

height prediction. Still, outside of urban agglomerations, the Li map features very 

homogenous predictions, whereas our predictions are typically higher, and with more 

variability; see e.g. the differentiation between medium regional centers with ten thousands 

of residents (e.g. Eberswalde; green box) and small settlements. 

Figure%20III10
Figure%20III10
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Figure III-12 Inter-comparison map of building height prediction with Li et al. (2020a) for Frankfurt 

Rhine-Main (a-c) and Berlin surroundings (d-f). (a,d): aggregated building height prediction as presented in 

this study; (b,e) building height prediction of Li et al. (2020a); (c,f) population per settlement. 

A portion of the data is stretched along the one-to-one line (Figure III-13); however, the vast 

majority of pixels are located in a cluster with ca. 5 m buildings in the Li dataset, for which 

our map indicates a larger variability. This results in a rather low statistical relationship with 

R2 = 0.27. Note that the disagreement at ca. 32 m in the Li map is a result of spurious 

estimates in surface mining areas, only affects a fairly small number of pixels, and is related 

to commission errors in both settlement masks. When stratifying building height predictions 

by the average built-up fraction within 1 km cells as derived from Schug et al. (2020b), both 

predictions are fairly similar when built-up density is >50% (Figure III-13b-c); the linear 

relationship between the two predictions for these pixels yields R2 = 0.66, which is 

significantly higher than for the complete dataset (Figure III-13a). In the Li map, the 

variability of predicted building height decreases with decreasing built-up density, whereas 

the variability is fairly constant for all densities in our map. Also, the Li building height 

predictions are positively correlated with building density – as already reported by Li et al. 

(2020a). However, this relationship is much weaker in our case. We hypothesize that this 

difference is because of two main reasons: 

• When predicting building height, uncertainty increases with resolution. This effect is 

well documented in Li et al. (2020b), and our findings quantify this uncertainty for 

our map (cf. Figure III-7a RMSE measures). 

• There appears to be a loss of sensitivity for sparsely populated areas in the Li map. 

We hypothesize that this is because the “aggregate-then-predict” method hits a 
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spectral-mixture related limit when buildings become underrepresented in a pixel. 

This seemingly results in a dependency of the building height prediction on building 

density. In our “predict-then-aggregate” case, the 1 km average may be composed of 

a single building, for which our approach is sensitive enough. However, due to bullet 

one, a larger uncertainty applies as compared to the other strategy. 

 

Figure III-13 Inter-comparison plot of building height prediction with Li et al. (2020a). a): density plot; 

white Line = one-to-one; red line: ordinary least squares regression, orange line: ordinary least squares 

regression through origin; RMSE: Root Mean Squared Error; note the non-linear colour ramp. (b-c): boxplot 

of the building height predictions per built-up density (Schug et al., 2020), as well as statistical relationship 

between building height and built-up density. Pixels with valid predictions in both datasets were investigated. 

In summary, both 1 km products are similar for highly urbanized areas, whereas our map 

shows more variation in rather sparsely populated areas due to the absent dependency on 

building density when originally mapping building height at high resolution. 

6.4 Regional distribution 

Across Germany, mean building height varies considerably (Figure III-11). Unsurprisingly, 

mean building height is higher for administrative units that are mostly comprised of large 

cities, e.g. Hamburg and Berlin on the state level, as well as other large cities like Frankfurt 

on the district level. The state level analysis implies that buildings are generally lower in 

Eastern Germany as compared to the West. The region and district analysis however suggests 

that this is unrelated to the former Inner-German border and thus not an effect of different 

socio-political systems. Instead, building height appears to be robustly dependent on 

population density (see Fig. A7 in the supplemental material), which is probably due to a 

mutual interdependence of economic pull and building height. 

7 Conclusion 

This study presented a methodology to predict building height using a synergistic 

combination of dual-polarized Sentinel-1A/B and multi-spectral Sentinel-2A/B time series 
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using a 10 m grid resolving local structures both in rural and urban contexts. Our findings 

confirm our hypothesis that the combined usage of optical and radar data excels the usage 

of one data source alone. We employed machine learning regression to predict building 

height using highly accurate training and validation data derived from 3D building models. 

We rigorously reported on prediction quality as well as on the accuracy of spatially 

transferring the model. We have inter-compared our map with a recent dataset and found that 

differences are mostly due to differences w.r.t. the data aggregation strategy. We further 

showed that building height varies considerably across Germany with lower buildings in less 

densely populated areas in Eastern and South-Eastern Germany. As demonstrated in this 

paper, we emphasize the straightforward applicability of this approach on the national scale 

as it relies on freely available satellite imagery and open source software, which potentially 

permit frequent update cycles and cost-effective mapping that may be relevant for a plethora 

of different applications. We conclude that the application of our method could be especially 

beneficial in countries, where information on building height is only available for smaller 

areas. 
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Abstract 

Gridded population data is widely used to map fine scale population patterns and dynamics 

to understand associated human-environmental processes for global change research, 

disaster risk assessment and other domains. This study mapped gridded population across 

Germany using weighting layers from building density, building height (both from previous 

studies) and building type datasets, all created from freely available, temporally and globally 

consistent Copernicus Sentinel-1 and Sentinel-2 data. We first produced and validated a 

nation-wide dataset of predominant residential and non-residential building types. We then 

examined the impact of different weighting layers from density, type and height on top-down 

dasymetric mapping quality across scales. We finally performed a nation-wide bottom-up 

population estimate based on the three datasets. We found that integrating building types into 

dasymetric mapping is helpful at fine scale, as population is not redistributed to non-

residential areas. Building density improved the overall quality of population estimates at all 

scales compared to using a binary building layer. Most importantly, we found that the 

combined use of density and height, i.e. volume, considerably increased mapping quality in 

general and with regard to regional discrepancy by largely eliminating systematic 

underestimation in dense agglomerations and overestimation in rural areas. We also found 

that building density, type and volume, together with living floor area per capita, are suitable 

to produce accurate large-area bottom-up population estimates.  
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1 Introduction 

Within the last decades, global population increased rapidly. While 3.0 billion people lived 

on Earth in 1960, this is anticipated to reach approximately 10.0 billion by 2060 (UNDESA 

2019). The regional and local dynamics of this global growth are highly diverse and can be 

traced back to a complex interplay of factors such as economic development and 

restructuring, urbanization and mobility, social, cultural and political frameworks, medical 

capacities, conflicts or climate change related effects that all affect either fertility and 

mortality rates or migration (Hugo 2011). Data about patterns of human population are 

essential to understand the relation between those factors and underlying societal or human-

environmental processes and are key requirements for international development 

frameworks such as the Sustainable Development Goals (United Nations 2018) or the United 

Nations Paris Agreement (United Nations 2015a). Population is a key variable in socio-

economic metabolism and sustainability pathway research (Haberl et al. 2019), and 

population density has recently been proposed as Essential Societal Variable (Ehrlich et al. 

2018a). 

As census data is limited to administrative census units, gridded population approaches are 

a popular alternative (Leyk et al. 2019). These redistribute national or regional census 

population counts to smaller, grid-cell based target units that better represent local population 

patterns. Gridded population has been used to inform research in several domains, such as 

climate change and related health research (Jones et al. 2015; Ceccherini et al. 2017; Ryan 

et al. 2019), quantification of ecosystem services (van Soesbergen et al. 2018), urban 

development and urbanization patterns (Small et al. 2018b; European Commission 2020), 

disaster risk assessment and exposure (Gunasekera et al. 2015; Brown et al. 2018) or 

settlement characterization and categorization (Serrano Giné et al. 2016; Dijkstra et al. 

2019). To date, a wide range of freely accessible global products with varying spatial and 

temporal resolution have been developed, including the Global Rural-Urban Mapping 

Project (GRUMPv1, Balk et al. 2006; CIESIN 2004), Gridded Population of the World 

(GPWv4.11, CIESIN 2017), the Global Human Settlement Population Layer (GHS-POP, 

JRC 2020; Melchiorri et al. 2019), LandScan (Dobson et al. 2000; Oak Ridge National 

Laboratory 2019) or WorldPop (Tatem et al. 2007; Stevens et al. 2015; WorldPop 2020). An 

overview including global and continental products and their specifications can be found in  

Leyk et al. 2019). 

The redistribution of national census population to smaller grid cells is commonly based on 

a weighting layer. In an area-weighted approach, population is equally redistributed to all 
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land-surface cells, e.g. in GPWv4 (Doxsey-Whitfield et al. 2015). Dasymetric mapping 

techniques refine this procedure by incorporating spatial ancillary data that is presumably 

related to population presence and density and that affects redistribution weights of each 

individual cell (Eicher et al. 2001; Mennis 2003). Binary dasymetric approaches redistribute 

population using one or more ancillary layers that describe presence or absence of populated 

areas. This can include mask layers such as protected areas, steep slopes or non-built-up land 

cover types (e.g. in Stevens et al. 2020), where population is not expected (limited variables, 

Nagle et al. 2014) or data that identify built-up cells that population can be redistributed to. 

Weighted dasymetric approaches account for one or more ancillary datasets assuming that 

they are unequally related to population density (related variables, Nagle et al. 2014) and 

population is redistributed based on a cell-based weight. Weights can directly correspond to 

ancillary features (e.g. road density can regionally relate directly to population density, 

Zandbergen et al. 2010) or can be derived from ancillary layers with an unknown a-priori 

relation to population based on modelling. A common way is random forest (RF) modelling, 

where population density or a weighting response variable is predicted using ancillary data 

such as land cover information, night-time lights, climatic data, topographic information or 

vector-based features (Stevens et al. 2015). This procedure identifies previously unknown 

relations and can outperform binary dasymetric mapping (Stevens et al. 2020) and are, for 

example, used in contributions to WorldPop (Stevens et al. 2015). Hybrid approaches 

combine a modelled weighting layer within a previously masked area (Reed et al. 2018). 

Settlement layers are a key information to map gridded population (Reed et al. 2018; Nieves 

et al. 2020). Over the last years, important advances have been made with regard to mapping 

settlements on the national to global scale from remote sensing, improving spatial and 

temporal resolution as well as accuracy (Zhu et al. 2019). The Global Human Settlement 

Layer (GHSL, Corbane et al. 2019a) and the Global Urban Footprint (GUF, Esch et al. 2013), 

continued by the World Settlement Footprint (WSF, Marconcini et al. 2019), are among the 

best-known global products. Research showed that a continuous representation of 

settlements through density maps is advantageous to further refine gridded population maps 

(Azar et al. 2010; Zandbergen et al. 2010; Krunić et al. 2015; Palacios-Lopez et al. 2019), 

because a densely built-up area can potentially house more people than a same-sized, but 

less densely built-up area. Currently, however, GHS-POP is the only approach that globally 

accounts for settlement density, deriving density at 250m spatial resolution from an averaged 

high-resolution binary layer. 
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Despite these advances and the considerable accomplishments of globally redistributing 

census population to a grid-cell level, current state-of-the-art research faces four major 

challenges: 

• Building type:  Particularly, de jure approaches that redistribute population based on 

the legal place of residence, currently used in  most products (Leyk et al. 2019), 

require a fine representation of where people can permanently live. Even though 

many global gridded population maps do account for settlements, they do not account 

for the respective building type. This is, however, essential because population and 

settlement presence correlate differently in single-family and multi-family areas and 

do not correlate in industrial and commercial areas. So far, types have been used only 

implicitly into population mapping, for example through land use data for covariate 

modeling (Stevens et al. 2015), or in local settings (Weber et al. 2018). 

• Building height: Vertical building structure is a highly relevant descriptor of 

settlement structure in general (Wentz et al. 2018; Zhu et al. 2019) and population in 

particular (Biljecki et al. 2016; Zhao et al. 2017). As operationalized building height 

products are only emerging recently, it has not yet been integrated into large-area 

gridded population maps, even though population is also vertically distributed.  

• Census data: Redistributing census population relies on accurate census data in the 

first place. Dasymetric mapping is impossible when the total population is unknown 

and difficult when its estimation is outdated or incomplete (Leyk et al. 2019). The 

quality, consistency and temporal resolution of census data varies across countries 

and census data might erroneously be considered accurate (Nagle et al. 2014). This 

is particularly important as census information is often used to both redistribute 

population and to validate the estimation at a finer scale (e.g. Bai et al. 2018; Reed 

et al. 2018; Stevens et al. 2020), probably resulting in an overestimation of accuracy. 

• Data consistency and modeling: The use of modeled weighting layers based on 

ancillary data can introduce uncertainty based on variations in local data quality. 

Furthermore, physical relations between population and ancillary data are hard to 

quantify when weighting layers are derived from RF modeling (Leyk et al. 2019). 

Those statistical relations might also be regionally specific and the resolution of 

available census data can be important when transferring models to regions where 

they are different (Gaughan et al. 2015). 

As there is a demand for gridded population data in places where administrative census units 

are large or in countries with quickly increasing population, high migration rates and less 

frequent or accurate census (Leyk et al. 2019), bottom-up approaches are promising, since 
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they do not require spatially exhaustive census data to estimate gridded population for the 

entire region. They seem, thus, potentially more robust towards spatially incomplete data or 

if national census data is outdated. However, bottom-up approaches are rather rare as they 

rely on detailed survey information or other high-resolution data. This is why, despite the 

lower cost compared to national census, bottom-up mapping has focused on settings with 

good data coverage so far (Wardrop et al. 2018). To date, bottom-up population estimates 

mainly focus on specific demographic phenomena (Bosco et al. 2017) and local to sub-

national analyses only (Weber et al. 2018). 

The goal of this study was to contribute to an accurate, large area and fine-scale gridded de 

jure population estimate using both census-based top-down dasymetric mapping and a 

bottom-up approach on a nation-wide scale. We established a workflow that derives 

population estimates for the year 2018 on a grid cell level and that responds to the identified 

challenges of current large-area products. We used three covariate layers that provide a direct 

physical relationship to population without statistical modelling. All layers were derived at 

10 x 10 m² spatial resolution from freely available, temporally and globally consistent 

Copernicus Sentinel-1 A/B and Sentinel-2 A/B (from here S1 and S2) imagery as well as 

OpenStreetMap (OSM) data, thus, minimising the use of region-specific ancillary covariates. 

We incorporated (1) a building density layer that quantifies the share of building-covered 

surface, (2) a building height layer and (3) a layer that indicates the type of buildings 

including major residential and non-residential types. Those layers were used as an input to 

both binary and weighted dasymetric mapping as well as the bottom-up approach using 

literature-guided calculations on living floor area per capita. Our study area was Germany 

as a) both building density and building height layers were already available and validated 

for this country and b) accurate census data at different administrative levels and information 

about regional living conditions were available for a proof-of-concept. This study 

specifically addressed the following research questions: 

• How do building density, building type and building height data improve the top-

down redistribution of census population at different spatial scales? 

• How accurate are gridded bottom-up population estimates based on regional living 

conditions using building density, building type and building height? 

• How sensitive are bottom-up estimates to spatially outdated and temporally 

incomplete data? 
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2 Study Area 

Our study area is Germany. Germany covers an area of about 357,000 km² and had about 

82.79 million inhabitants in 2018 (FCG 2019), with a population density of about 232 

inhabitants km-2. Settlement structure in Germany is highly diverse and characterized by 

both dense agglomerations and rural structures, with population density ranging from 69 km-

2 to 4,055 km-2 in its federal states (FCG 2019) and large urban-rural gradients. This study 

uses administrative areas from Eurostat NUTS (Nomenclature des unités territoriales 

statistiques) and LAU (Local Administrative Unit) territorial units (Eurostat 2016) as well 

as Planning Areas for the city of Berlin (Berlin Senate Dpt. for Urb. Dev. & Housing 2019). 

Germany (as a NUTS-0 unit) has 16 Federal States (among which Berlin, Hamburg and 

Bremen are city-states) on a NUTS-1 level, 401 districts on a NUTS-3 level and 11,267 

municipalities on a LAU level. The city of Berlin counts 448 planning areas (BPA, Fig 1). 

The average spatial resolution (ASR), a widely used measure in gridded population mapping 

and defined as the square root of area divided by the number of administrative units (Tobler 

et al. 1997; Linard et al. 2011), is 149.50 km for NUTS-1 units, 29.86 km for NUTS-3 units, 

5.63 km for municipalities, and 1.41 km for BPA. We did not consider 38 NUTS-2 level 

regions, as their scale is similar to NUTS-1 units in some (mostly eastern) and similar to 

NUTS-3 units in other (mostly western) parts of Germany. 

 

Figure IV-1 Study area administrative units. NUTS (Nomenclature des unités territoriales statistiques) and 

LAU (Local Administrative Units). LAU delineations within Berlin correspond to local planning areas, Proj: 

ETRS-89. Inset A illustrates different higher and lower average LAU sizes across federal states. Administrative 

boundaries from [51] under dl-de/by-2-0 license (https://www.govdata.de/dl-de/by-2-0). 

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0249044#pone.0249044.ref051
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3 Materials and methods 

This study mapped gridded population using three covariate layers derived from S1 and S2 

A/B time series, as well as from crowd-sourced OSM data. (1) We generated a building 

density layer based on a previously established workflow (Schug et al. 2020b) and used (2) 

a previously generated building height layer (Frantz et al. 2020). (3) A building type layer 

was specifically developed for this study. Census population is used as an input to population 

redistribution and for validation on different scales in the top-down approach, as well as to 

parameterize the bottom-up approach. A list of acronyms specific to this study or to gridded 

population mapping can be found for reference in Table IV-1. 

Table IV-1 List of acronyms. 

Acronym Full form 

NUTS-* Nomenclature des unités territoriales statistiques, EUROSTAT statistical administrative units 

LAU Local Area Units, EUROSTAT municipal administrative units 

BPA Berlin Planning Areas 

BD-BUILD Binary Dasymetric Mapping with Building Presence  

BD-RESI Binary Dasymetric Mapping with Residential Building Presence 

WD-DENS Weighted Dasymetric Mapping with Building Density 

WD-VOL Weighted Dasymetric Mapping with Building Volume 

WD-VOLADJ Weighted Dasymetric Mapping with Adjusted Building Volume 

BU-LFA Bottom-up Mapping using Living Floor Area 

MAPE Mean Absolute Percentage Error 

REE Relative Estimation Error 

LFA/cap Living Floor Area per Capita 

IC/MF/SF/LS Building Types: Industrial & Commercial, Multi-Family, Single-Family Buildings, 

Lightweight Structures 

ASR Average Spatial Resolution 

RMSE Root Mean Square Error 

3.1 Census data 

Population of the study area in 2018 (31 Dec 2017) was retrieved from the German Federal 

Agency for Cartography and Geodesy (FCG 2019). Those data contain official population 

counts on a national level (NUTS-0) as well as for all NUTS-1, NUTS-3 and LAU units. 

Population counts are based on continuous updates of the 2011 census (Census db. from Fed. 

Stat. Offices 2011) and account for natural population change (births/deaths) and net 

migration (immigration, emigration, sub-national migration, Federal Stat. Office 2021). 



Chapter IV 

91 

Actual census data from 2011 was used for calibrating the bottom-up estimate. Population 

counts for BPA (01 Jan 2019) were retrieved from the Berlin Senate Department for Urban 

Development and Housing (Berlin Senate Dpt. for Urb. Dev. & Housing 2019). 

3.2 Earth Observation-based data 

Building density 

We generated a building density layer derived from a S1 and S2 image time series from 2017 

and 2018 that quantifies the sub-pixel share of impervious surfaces in percent with a spatial 

resolution of 10 x 10 m² = 100 m²; thus, each percent equals 1 m² of impervious surfaces 

(Figure IV-2-1A, Schug et al. 2020a). This imperviousness layer is based on a workflow 

presented and validated in (Schug et al. 2020b) that used a regression-based unmixing 

approach and spectral-temporal metrics of S1 and S2 time series. We here expanded on this 

workflow with an adapted feature set (see SI 1A). As population should only be allocated to 

buildings, we also used crowd-sourced OSM vector data (OpenStreetMap Foundation 2021, 

licensed under CC BY-SA 2.0, www.openstreetmap.org/copyright) to support the distinction 

of buildings from other imperviousness (Figure IV-2-1B, SI 1B). Shares of infrastructure 

were subtracted from shares of imperviousness to yield building density (Figure IV-2-1C). 

 

Figure IV-2 Earth Observation-based covariate layers. (1A) Imperviousness and (1B) infrastructure density 

from OSM to generate (1C) building density. (2) Building Height. Projection: ETRS-89. 

Building height 

This study made use of a building height layer with a resolution of 10 x 10 m² (Figure IV-2-

2, Frantz et al. 2020). This layer represents the average building height within a 50 m radius. 

It was generated based on spatial spectral-temporal metrics of S1 and S2 time series. Those 

represent textural information, not only accounting for reflectance and backscatter values of 

a single grid cell value, but also of the surrounding cells through the use of morphological 
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operators. A radius of 50 m was used to generate spatial spectral-temporal metrics, based on 

the assumption that roughness and seasonal shadow effects within that area are robust 

descriptors of building height (Frantz et al. 2021). In contrast to the original dataset, building 

height in this study was not masked with an existing settlement layer. 

Building type classification 

We generated information about building types at a spatial resolution of 10 x 10 m² for all 

cells with a building density > 25 percent. We classified four different building types – 

industrial and commercial (IC), multi-family residential (MF), single-family residential (SF) 

and lightweight structure (LS) buildings with a random forest classification approach. IC 

structures relate to buildings in industrial or business parks, retail or whole sale commercial 

centres, but also to other non-residential buildings, such as stadiums, schools or airports. MF 

and SF are residential building types mainly distinguished based on their size, as SF 

buildings are usually smaller. LS buildings are light structures such as sheds in allotment 

gardens or semi-permanent mobile homes. The workflow of building type mapping and its 

rationale can be found in SI 2. We achieved an overall classification accuracy of 81.40 

percent. 

3.3 Top-down redistribution of census population 

Top-down dasymetric mapping approaches redistribute known census population to smaller 

scale grid-cells. We generated several gridded population maps using a gradient of 

increasingly complex covariate layers for redistributing NUTS-0 population from 2018 to 

the 10 x 10 m² grid-cells (Figure IV-3). All covariate layers were previously described 

building density, height and type or their combinations.  

 

Figure IV-3 Workflow: Top-down redistribution of census population. Workflow of the data-driven 

redistribution of census data using different dasymetric mapping approaches. Refer to text for details about 

BD-BUILD, BD-RESI, WD-DENS, WD-VOL, WD-VOLADJ. 
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(a) In a first step, we equally redistributed NUTS-0 population to all grid cells that contain a 

building (i.e. building density > 25% after the application of the correction factor). In this 

binary dasymetric (BD) mapping approach, all cells hold an equal amount of population. 

This approach is referred to as BD-BUILD. Binary dasymetric approaches are based on eq. 

(6), with popi,j being the population within a grid cell i,j, inhi,j being the binary factor of 

whether a cell can be inhabited in the current model and poptotal being the total NUTS-0 

population. 

eq. (6)    𝑝𝑜𝑝𝑖,𝑗 = 𝑖𝑛ℎ𝑖,𝑗 ∗  
𝑝𝑜𝑝𝑡𝑜𝑡𝑎𝑙

∑ 𝑖𝑛ℎ𝑛
𝑖∗𝑗
𝑛=0

 

(b) In a second step, this procedure was refined by equally redistributing NUTS-0 population 

to all building cells classified as residential area. This refinement accounted for the fact that 

de jure population can usually not be found in non-residential areas. This approach is referred 

to as BD-RESI. 

(c) While discrete land cover classification implies that a land cover feature (here: a building) 

is either present or absent, settlements are highly heterogeneous areas characterized by many 

objects smaller than the grid cell size or objects split by multiple cells. Thus, we performed 

a weighted dasymetric (WD) mapping approach using building density as a weight for 

redistributing NUTS-0 population to residential building cells. This approach is referred to 

as WD-DENS. All following weighted dasymetric approaches are based on eq. (2), with wi,j 

being the cell weight. 

eq. (7)    𝑝𝑜𝑝𝑖,𝑗 =  𝑤𝑖,𝑗 ∗  
𝑝𝑜𝑝𝑡𝑜𝑡𝑎𝑙

∑ 𝑤𝑛
𝑖∗𝑗
𝑛=0

  

(d) In order to account for vertical structure, building density information was multiplied 

with building height to obtain cell-based building volume. Here, we use building volume as 

a weighting factor wi,j to redistribute NUTS-0 population to residential building cells. This 

approach is referred to as WD-VOL. 

(e) Using building volume for grid-based dasymetric mapping implies that an equal 

proportion of building area and height can be assigned to each citizen. However, there is a 

particular difference of living floor area per capita in SF and MF housing and previous 

research found that incorporating those particularities is beneficial for an accurate population 

estimate on a local level (Hecht et al. 2019). We here performed an empirical sensitivity 

analysis to adjust volume weights of MF residential housing (see SI 6) and adapt the 

weighting factor wi,j. This approach is referred to as WD-VOLADJ.  

A best product was eventually created using the approach that provided best results. For this 

best product we used municipal instead of national data and redistributed it to grid-cells. 
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This product provides the best absolute results and should be used in further analyses or 

applications. 

3.4 Bottom-up population estimates 

In this bottom-up approach, we generated gridded population estimates without a-priori 

knowledge of the total population count. We used building density, height and type layers 

that are all physically related to population to compute a dataset of residential living floor 

area (Figure IV-4). Using living floor area per capita statistics, we then calculated the number 

of inhabitants per 10m x 10m grid-cell. 

 

Figure IV-4 Workflow: Bottom-up gridded population. Building fraction, building height and floor area per 

capita for bottom-up mapping. Refer to text for details about BU-LFA. 

First, building height was used to derive the number of floors of SF and MF buildings per 

cell. We reduced building height by 3.00 m to account for roof area where population is not 

expected. Buildings lower than 2.00 m were excluded. We assumed a floor height of 4.50 m, 

based on empirical work in (Hecht et al. 2019), who found a floor height between 4.00 m 

and 5.55 m for different building types in a local setting in South-West Germany. The number 

of floors was the building height divided by floor height (as decimal number, but at least 

1.00). Living floor area was the number of floors multiplied with building area per cell, using 

an adjustment factor of 0.8 that accounted for uninhabitable areas such as walls or staircases 

(Hecht et al. 2019). Finally, living floor area per cell was divided by the average living floor 

area per capita (LFA/cap), resulting in the number of people per cell. LFA/cap was derived 

from census-based data on a NUTS-1 level providing the number of dwellings in SF and MF 

buildings and the average living floor area per dwelling, assuming that household sizes are 

the same (see SI 5). This approach is referred to as BU-LFA. As the nature of bottom-up 
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modelling does not enforce an a-priori total, this also allows for a more independent 

validation compared to top-down population redistribution. 

eq. (8)    𝑝𝑜𝑝𝑖,𝑗 =

𝑏𝐻𝑒𝑖𝑔ℎ𝑡𝑖,𝑗−𝑟𝐻𝑒𝑖𝑔ℎ𝑡𝑖,𝑗
𝑓𝐻𝑒𝑖𝑔ℎ𝑡𝑖,𝑗

∗ 𝑏𝑅𝑒𝑠𝐷𝑒𝑛𝑠𝑖,𝑗∗0.8

𝐿𝐹𝐴/𝑐𝑎𝑝𝑖,𝑗,𝑡,𝑠
  

Cell values were based on eq. (8), with bHeighti,j being the building height in cell i,j, 

rHeighti,j being the roof height, fHeighti,j, being the floor height, bResDensi,j being the density 

of residential buildings in a cell and LFA/capi,j,t,s being the living floor area per capita of a 

cell with building type t in state s. 

3.5 Spatial and temporal bottom-up mapping sensitivitiy 

Finally, we mapped gridded population using a bottom-up approach based on building 

density, type and height, assuming that LFA/cap information is spatially incomplete or 

temporally outdated. In a first step, we calculated gridded population using yearly LFA/cap 

data from 1994 to 2017 and compared the outcomes to a model using data from 2018, all 

based on averaged LFA/cap value from all NUTS-1 areas. In a second step, we calculated 

gridded population across the whole study area using LFA/cap information from one NUTS-

1 unit respectively and compared each model to the regionalized model. This second 

comparison was using LFA/cap information from 2011, as updated regional data is not 

available for 2018. 

3.6 Quality assessment 

A quantitative quality assessment of gridded population was performed using the established 

procedure of comparing aggregated gridded population to census reference data at fine 

spatial scale [e.g. Stevens et al. 2015; Reed et al. 2018; Palacios-Lopez et al. 2019]. Previous 

research found that the ASR ratio of validation units and the census units providing input 

population has a great impact on quality. A small ratio, i.e. a small offset in spatial scale, 

generally lead to better results as the compared units are less heterogeneous (Hay et al. 2005; 

Linard et al. 2011; Leyk et al. 2019). For the top-down approach we compared gridded 

population to census data on NUTS-1, NUTS-3 and LAU level. We focused on the smallest 

available reference unit, which represents the largest possible national-level ASR ratio 

between input and validation units. Bottom-up results were validated at all scales including 

NUTS-0. We derived model metrics of uncertainty (root mean squared error RMSE and 

mean absolute error MAE), coefficient of determination R² and model slope.  

We additionally computed relative quality metrics. These included the mean absolute 

percentage error (MAPE) that computes the average absolute percentage error across all 
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validation units at the respective scale, and the relative estimation error (REE) that describes 

the mean error of population reference and estimate in each unit relative to its reference 

population (e.g. Palacios-Lopez et al. 2019). Models were also evaluated regarding REE in 

relation to actual census population density and spatial resolution in order to examine if 

additional covariate layers can equally improve population estimates in both smaller and 

larger areas with both high and low population density. For this purpose, we also analysed 

the distribution of LAU validation units and population counts within different ranges of 

REE (0 - 10 %, 10 – 25 %, 25 – 50 %, 50 – 100 %, > 100 % over- and underestimation). 

In order to further evaluate the mapping results, the best product dataset was visually 

compared to mapping results to two existing global example products - WorldPop and GHS-

POP. No quantitative comparison was performed because most global datasets redistribute 

census data from the smallest available administrative unit to grid-cells. This way, the most 

accurate product possible can be provided, but no finer-scale units can provide census data 

for validation. 

4 Results 

4.1 Top-down redistribution of census population 

Population results can be compared along two dimensions – the applied (re-)distribution 

method (Figure IV-5, rows) and the scale of validation (Figure IV-5, columns). We found 

that in dasymetric mapping approaches (BD-BUILD to WD-VOLADJ) overall results 

improved along both dimensions. At all validation scales, limiting built-up areas to 

residential building types only is preferable, while improvements were larger on a finer 

validation scale. For example, MAPE decreased from 152.73% to 68.64% at BPA level, from 

53.08% to 49.50% at LAU level and from 20.45% to 19.73% on a NUTS-1 level. Similar 

improvements could be observed for MAE, RMSE, R² and Slope. Using building density, 

quality metrics improved slightly across all scales. The level of model quality increased 

markedly when building height was introduced. MAE decreased from 4,100 to 2,600 at 

BAP-level, from 2,100 to 1,400 at LAU-level and from 52,700 to 34,600 at NUTS-3-level. 

MAPE, RMSE, Slope and R² improved accordingly. At a NUTS-1-level, the increase in 

quality was less pronounced, but still visible regarding MAPE, MAE or RMSE. Including 

an adjusted building volume, quality metrics improved at a NUTS-1- and NUTS-3-level, 

while stagnating or slightly declining at LAU- and BAP-level. We here present the results 

for an approach that adjusts volume weights of MF residential housing by a factor of 1.6, 

based on a comparison of different weighting factors. Using binary covariate layers, NUTS-
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1-level results largely outmatched those at finer scale units with regard to MAPE, slope and 

R². Upon integration of building density and volume, NUTS-3- and LAU-level quality 

approached that of NUTS-1 with regard to slope and R². While Figure IV-5 provides a visual 

representation of major quality metrics, SI 8 provides precise numbers and scatterplots. 

 

Figure IV-5 Top-down and bottom-up gridded population mapping quality. Mean absolute percentage 

error (MAPE), Slope and R² of redistribution models at different spatial validation scales (NUTS-1 to LAU 

and BPA). All numbers used to create this figure in SI 8. 

Using building volume reduced both the underestimation of population counts in areas with 

high population density and the overestimation in areas with comparatively low population 

density (Figure IV-6, top). The distribution of REE values of all validation units (NUTS-1 

to LAU) showed that absolute distribution skewness decreases after integrating building 

density and volume, and that negative and positive REE became less related to population 

density. The relation of REE to spatial resolution was not as pronounced as that between 

REE and population density (Figure IV-6, bottom). However, results also improved in BD-

RESI and WD-VOLADJ, where mean REE values were closer to zero and standard 

deviations decreased compared to the previous model. 

Different population models showed a different distribution of LAU (Figure IV-7, left) and 

of reference population (Figure IV-7, right) within REE ranges. In BD-BUILD, for example, 

154 LAU units had an REE of -100 to -50 %, 989 units had an REE of -50 to -25 %, 1,249 

units had an REE of -25 to -10 %, etc. Correspondingly, for example, 8.3 million people are 

living in areas where BD-BUILD showed an REE of -10 to 0 %. In BD-BUILD, BD-RESI 

and WD-DENS, only a small number of LAU showed population underestimation. In a 

volume-preserving approach, this resulted in a rather large number with positive REE values, 

as overall population estimates remain stable by definition. 
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Figure IV-6 Population mapping quality in relation to population density and spatial resolution. 

Population density (top) and spatial resolution (bottom) of all NUTS-1, NUTS-3 and LAU areas related to their 

respective relative estimation error (REE) in the different redistribution models. Black dots: Mean value of y-

axis bins. Grey bars: Mean values of bins +/- one standard deviation. |skew.| = absolute skewness of the means. 

Results suggested that the integration of building volume helps to balance the number of 

LAU in which population is under- or overestimated. Compared to WD-DENS, the number 

of LAU with an REE between -25% and +25% increased from about 4,600 to 5,700. Similar 

patterns could be observed in the distribution of population. Here, the use of building volume 

leads to an important increase of population in areas that were modeled rather accurately, i.e. 

with REE values between -25 and +25% (about 58,827,000 with 25,972,000 people in areas 

modeled with REE between -10 and +10%) compared to using building density only 

(40,801,000 with 16,776,000 between -10 and +10%). REE between -10 and +10%) 

compared to using building density only (40,801,000 with 16,776,000 between -10 and 

+10%). 

 

Figure IV-7 Distribution of Local Administrative Units and reference population by error range. 

Histogram of LAU validation units (left) and census reference population (right) within REE bins for each 

model. Orange colors represent underestimation, purple colors represent overestimation, grey color represents 

accurate predictions (REE ranges from -10% to +10%). All numbers used to create this figure in SI 7. 
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In BD-BUILD, BD-RESI and WD-DENS, relatively few LAU had negative REE (Figure 

IV-7). A spatial representation of REE at LAU level confirmed that population tended to be 

underestimated in and around agglomerations, i.e. LAU with a comparatively high 

population density (Figure IV-8). Integrating building volume in WD-VOL and WD-

VOLADJ reduced differences between urban agglomerations and surrounding rural areas. 

Also, regional differences in REE became smaller. The number of highly over- and 

underestimated regions was reduced, and only few LAU remained where a large REE met 

high population proportions, for example in the very west of Germany.  

 

Figure IV-8 Quality of gridded population models by LAU (spatial representation). Spatial distribution of 

REE by LAU and model. Purple shades imply over-estimation, orange shades imply under-estimation, grey 

shades imply accurate predictions (REE between -10% and +10%). Administrative boundaries from (FCG 

2019) under dl-de/by-2-0 license (https://www.govdata.de/dl-de/by-2-0). 

The best product map was created by redistributing municipal census reference data to 10 x 

10 m² grid cells using adjusted residential building volume (WD-VOLADJ). Although 

municipal census population is the input for all three approaches, a higher detail in 

population patterns can be observed in the best product map of this approach (Figure IV-9). 
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Figure IV-9 Gridded population product comparison. Comparison of WorldPop (Left, Constrained/UN-

Adjusted/100m, target year 2020, WorldPop 2020), GHS-POP (center, target year 2015, JRC 2020) and the 

best product map from this study (right). 

4.2 Bottom-up gridded population estimates 

Quality metrics of the bottom-up approach matched those of WD-VOL and WD-VOLADJ, 

with slightly lower MAE and RMSE at NUTS-1- and NUTS-3-level (Figure IV-5). This also 

applied to the relation of REE to actual population density and spatial resolution, with the 

exception of a slight underestimation of validation units with a population density of up to 

about 1,000 km-², also resulting in a higher absolute distribution skewness (Figure IV-6). 

The use of BU-LFA showed a similar distribution to WD-VOLADJ with regard to the 

number of LAU and census population in different REE ranges, with a slightly higher 

number of LAU where population is underestimated (Figure IV-7). Accordingly, BU-LFA 

results were very similar to WD-VOLADJ with regard to the spatial patterns of quality, with 

some local particularities, for example a slightly higher population estimation in northern 

central Germany (Figure IV-8). 

4.3 Spatial and temporal bottom-up mapping sensitivity 

Including LFA/cap estimates from a different spatial or temporal context in the BU-LFA 

models showed that using data from previous years can yield good results (Figure IV-10, 

left). LFA/cap from 2012 to 2017 did not substantially alter the estimated population at the 

national or municipal level. LAU population using LFA/cap data from 2012 was 

overestimated by about 1 % compared to using LFA/cap data from 2018. Using data from 

2010 and 2011, overestimations became slightly higher, with a low variance of population 

overestimation. Until 2009, overestimations were much higher, as smaller LFA/cap from 

before that year were used together with higher built-up surface density from 2018. Using 

LFA/cap data from 2018, overall population was estimated to be 78.84 million, as compared 

to a census reference of 82.8 million inhabitants.  
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Figure IV-10 Quality of bottom-up gridded population mapping using floor area per capita from a 

different year or spatial subset. (Left) Ratio of population estimates within all LAU when using LFA/cap 

(national average) from different years compared to LFA/cap from 2018. Blue line: Predicted Population Total. 

(Right) Ratio of population estimates within all LAU when using LFA/cap from a single NUTS-1 unit for the 

whole study area only compared to individual LFA/cap per NUTS-1 unit. Blue line: Predicted Population Total. 

Figure IV-10 (right) shows population estimates across the whole study area on a NUTS-0 

(blue line) and LAU level (boxplots), assuming that LFA/cap data is only available for a 

spatial subset. We see that compared to the regionalized model (reg.), which used individual 

LFA/cap data per federal state, LAU population showed an under-/overestimation factor of 

0.85 to 1.15 when using regional data only. This is also discernible in the overall population 

estimates, which ranged from about 74.5 million inhabitants when data from Saarland (SL) 

is used to about 84.9 million when data from Brandenburg (BB) is used. Using regionalized 

LFA/cap data from 2011, overall population is estimated to be 78.5 million. 

5 Discussion 

5.1 Earth Observation-based data 

The quality of gridded population estimates is directly related to the availability and quality 

of the underlying covariate layers as well as the temporal and semantic consistency between 

census data and ancillary datasets. An increased amount of suitable ancillary datasets 

increases mapping uncertainties (Leyk et al. 2019). We here used previously established top-

down dasymetric and bottom-up mapping approaches and combined them with a previously 

unused set of covariate layers that are directly and physically related to population.  

A building density layer was created based on an established workflow to map 

imperviousness, but using an adapted training feature set. An extensive discussion of the 

workflow including possible methodological challenges can be found in the corresponding 

study (Schug et al. 2020b). The major challenges of using rasterized OSM data for the 

distinction of building and impervious non-building surfaces are discussed in the 

corresponding supplementary material (SI 1B). An extensive discussion of the previously 
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generated building height layer can be found in the corresponding study (Frantz et al. 2021). 

Current and future developments in directly mapping high-resolution building density from 

Earth Observation data, e.g. the convolutional neural network based approach in (Corbane 

et al. 2020), could contribute to a more reliable distinction of building and non-building 

impervious surface density without additional OSM data. A building type layer was 

specifically created for this study. A more detailed discussion of mapping building types can 

be found in the corresponding supplementary material (SI 2). 

5.2 Top-down redistribution of census population 

In dasymetric mapping, census data determines the initial population to be redistributed. 

Low quality or outdated census data bears the risk of erroneously misjudging dasymetric 

mapping results as redistribution and validation are based on the same dataset. We used 

national census data for Germany from 2018, which is based on yearly updates of the 2011 

census. 

BD-BUILD used a binary building layer to redistribute population. Here, population in a 

large number of LAU was overestimated. However, the majority of census population lived 

in LAU where population was underestimated and the distribution of REE related to 

population density showed a rather high skewness (Figure IV-6). The spatial representation 

of results confirmed that the population of urban agglomerations tended to be 

underestimated, resulting in an overestimation of many less populated LAU. BD-RESI 

excluded cells with non-residential buildings. Results improved most at finer scale, possibly 

because here the shares of residential and non-residential buildings are more heterogeneous 

across the validation units. This shows that building type information is particularly helpful 

to identify local population patterns. WD-DENS accounted for building density and 

improved overall mapping quality. This is generally in line with findings from (Palacios-

Lopez et al. 2019). Particularly, the share of people living in highly underestimated LAU 

was reduced and the REE distribution skewness decreased. This is because WD-DENS 

factors in higher building density in urban areas compared to lower building density in rural 

areas, whereas BD-RESI did not distinguish those regional particularities. WD-VOL 

introduced building volume as a weighting layer. Building volume largely improved quality 

across all validation scales, for example by reducing RMSE by about 50 percent compared 

to WD-DENS at NUTS-3 and LAU level. A remarkably larger portion of census population 

was predicted to live in areas where estimates were accurate. Volume increased model 

quality because population density in cells with an equal building density is further 

modulated through vertical building differentiation. These findings, supported by the spatial 
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representation of results, suggest that differences in quality between densely settled 

agglomerations and sparsely settled areas, an issue also reported in other studies (Bai et al. 

2018; Leyk et al. 2019; Palacios-Lopez et al. 2019), are overcome by introducing volume. 

While it was shown that highly accurate 3D building models are beneficial for population 

mapping (Biljecki et al. 2016; Tomás et al. 2016), this has not yet been proven to function 

with potentially globally available Earth Observation products, also because those are just 

recently emerging (Li et al. 2020a; Frantz et al. 2021). A volume adjustment factor further 

improved quality at a fine scale and the number of LAU where population is over- or 

underestimated became more balanced. A regionalized factor could possibly be beneficial, 

but would also increase the unwanted correlation of input census and validation data. Quality 

still showed regional patterns: For example, population in North-Western Germany, 

Northern Bavaria and parts of Eastern Germany tended to be overestimated, whereas 

population in Southern Germany and Northern Germany tended to be underestimated. In this 

respect, it seems that the covariate layers did not entirely represent regional heterogeneity. 

Nevertheless, compared to the other models, a larger share of the census population lived in 

accurately predicted areas. Results showed that it is generally beneficial to account for 

different living conditions in different building types. A quantitative comparison of the 

quality of our map with existing products, such as GPWv4 or GHS-POP, is challenging. As 

building height turned out to be a crucial element for accurate population mapping, results 

suggest that this approach is advantageous over products that use two-dimensional 

information only, such as GHS-POP or GPWv4. We also see this approach advantageous 

over products that require a higher modeling effort, such as WorldPop or Landscan, where 

the relation of covariate layers to population is a priori unknown and can be region-specific. 

The presented approach is also potentially applicable worldwide, as density, height and type 

are based on freely, globally available and consistently pre-processed data. National census 

data suffice for it to provide accurate high-resolution results, making it a promising approach 

for areas where census data is scarce. Still, the approach requires data (building height and 

type) that is not available globally. Future research should focus on generating such base 

products worldwide [36]. Also, the implementation of OSM data limits global and historic 

applicability due to issues of data completeness. A visual comparison of the best possible 

product with existing datasets showed that the use of building density, height and type is also 

particularly useful to map local population patterns. 
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5.3 Bottom-up gridded population 

In bottom-up mapping, census data provide information about local living conditions. 

Regional data on living floor area were only available for 2011, which could, for example, 

explain the underestimation of total population when regionalized data from 2011 was used 

in comparison to census data from spatial subsets to estimate total population (Figure IV-10, 

right). Bottom-up gridded population mapping was shown to be useful when national census 

data is outdated or spatially incomplete, or when living conditions across the study area are 

heterogeneous. However, it can still be challenging, because it requires local survey data that 

is relatable to the available covariate data (Wardrop et al. 2018). Using layers with a direct 

and physical relation to population, a nation-wide bottom-up population estimate can be 

created with high accuracy. The quality of BU-LFA were comparable to the top-down 

approaches WD-VOL and WD-VOLADJ and spatial patterns were highly similar. Total 

population was estimated to be 78.5 million, which is an underestimation of 5.7 % compared 

to census population. The required additional input is limited to assumptions about average 

LFA/cap and housing characteristics such as floor and roof height. Those are a potential 

source of error, as spatial and thematic granularity of input data (e.g. detail of differentiation 

for SF and MF housing) might be driving regional quality. Future research on bottom-up 

gridded population mapping should ask how reliable and representative data on living floor 

area per capita or similar metrics (e.g. building volume per capita Ghosh et al. 2020) can be 

best derived for large areas, also with regard to different socio-economic environments and 

generally data-scarce regions. 

5.4 Spatial scale 

Scale is a particular subject of interest in gridded population mapping and can be discussed 

along two dimensions: 1) the minimum mapping unit and its suitability for a specific 

application and 2) the aggregation scale of the gridded data for validation purposes. Cell size 

is inherently depending on the spatial resolution of covariate layers. Here, the resolution of 

building density, height and type layers was 10m, as this was the native resolution of the 

underlying Earth Observation data. Thus, we redistributed NUTS-0 census data to a 10 x 10 

m² grid. This is an advantage compared to large area products commonly available at a 100m 

resolution or coarser, as high-resolution maps make it possible to describe local patterns with 

high detail. However, we suggest that gridded population results at different resolutions 

should be used for different purposes. As building type data was validated at a resolution of 

10m, information about non-inhabited industrial or commercial areas can be reliably derived 

at this level. Furthermore, 10m resolution results can account for population in very small 
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and widely scattered settlements potentially unaccounted for at 100m original mapping 

resolution, which is important to be in line with the UN SDG principle to leave no one behind 

(United Nations 2018). However, high resolution results are affected by the empirical OSM 

correction factor. While at 10m resolution, population could be wrongly allocated to paved 

backyards, more reliable absolute population counts could be derived through aggregation 

starting at a cell size of about 100 m. This was also found to be a sufficient resolution for 

many applications, for example service and resource allocation (Leyk et al. 2019).The 

validation of dasymetric approaches is not entirely independent, as population to be 

redistributed and gridded data usually originate from the same census. While it illustrates 

whether the redistribution produced accurate spatial patterns, no conclusion about actual 

population counts can be drawn. The most accurate gridded population maps can be 

produced using a small offset in scale between input providing the census population to be 

redistributed and validation units (Palacios-Lopez et al. 2019). An indicator for this offset is 

the ASR ratio, the ASR relation of input and validation units. Knowing that census data 

might sometimes only be available on a national level, it is desirable to achieve high 

accuracies at high ASR ratios, which is also a sign of suitable ancillary data across 

heterogeneous areas (Leyk et al. 2019). It is, thus, necessary that the quality of gridded 

population is always related to this offset in scale, also because some quality metrics 

referring to absolute population (e.g. MAE) are not comparable across studies otherwise. 

We validated gridded population on an aggregated NUTS-1, NUTS-3, LAU and, locally, 

BPA level. The ASR ratio was 106.2 at LAU level, 20.0 at NUTS-3 level and 3.9 between at 

NUTS-1 level. Datasets where gridded population was modeled with WD-VOLADJ and 

BU-LFA, as well as the best product redistributing LAU census data to 10m grid cells in 

order to create the most accurate maps possible are openly available (Schug et al. 2021a, 

2021c) and can be explored in an interactive map viewer: https://ows.geo.hu-

berlin.de/webviewer/population. We found that besides the fact that overall quality metrics 

increased with decreasing ASR ratio for nearly any model, the impact of enhanced covariate 

layers including building density, type and height on quality becomes more apparent at 

higher ASR ratios. While overall quality metrics across all validation units are important, it 

is also desirable that the quality within the individual units is acceptable for a given 

application. The integration of (adjusted) volume contributed considerably to decoupling 

REE from the size and population density of the validation unit (Figure IV-6). 
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5.5 Spatial and temporal transferability 

Temporal transferability of gridded population models becomes relevant if no census data is 

available for the point in time to be mapped, which may rather be the rule than the exception. 

As dasymetric mapping approaches are volume-preserving, model transfer is more 

interesting in bottom-up approaches, where the suitability of LFA/cap data from a different 

point in time can be tested. While always depending on local conditions, related results are 

an indicator for overall temporal model robustness. We found that bottom-up estimates were 

relatively stable when using LFA/cap from 2010 to 2018. This is because before 2010, 

building statistics were extrapolated from the 1987 census in West Germany and the 1995 

building census in East Germany (Federal Stat. Office 2019). Since 2010, LFA/cap was 

extrapolated from the 2011 census, and some of the earlier estimates were corrected 

according to the new data: For example, the estimated number of SF and MF units was 

reduced by about 900.000 from 2009 to 2010 with an increasing total living floor area, 

leading to a jump in LFA/cap statistics. Population before 2010 was overestimated, because 

lower LFA/cap statistics at this time are now used together with higher building volume. 

Spatial transferability of gridded population models becomes relevant if no area-wide census 

is available. We therefore tested the quality of bottom-up population estimates if LFA/cap 

was available from a subregion only. Note that the results considering spatial and temporal 

transferability are not comparable among each other, as regional LFA/cap on a NUTS-1 level 

could only be derived for 2011 and with a slightly different approach than historic LFA/cap 

(see SI 5). We mapped nation-wide population using LFA/cap from one selected NUTS-1 

region at a time and compared the results to using a regionalized model (i.e. as in BU-LFA). 

Population is over- or underestimated by up to ca. 10%, depending on the region that 

contributed LFA/cap. Thus, results showed that data from a subregion can generally be used 

for bottom-up mapping as long as local living conditions are largely stable or within a fairly 

low margin of change, which is in line with findings of a similar study in Haiti (Azar et al. 

2010). However, the representativity of the region providing LFA/cap can have an impact 

on mapping results. LFA/cap from Mecklenburg-West Pomerania, featuring the lowest 

population density in Germany, led to a large quality range and fewer LAU were accurately 

mapped compared to using LFA/cap from North Rhine-Westphalia, which itself hosts nearly 

a fifth of the total population.  
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6 Conclusions 

We mapped gridded population across Germany to quantify how mapping quality relates to 

input covariate data that is directly and physically related to population. We found that an 

equal weighting of building cells along the urban-rural gradient and, thus, an equal 

distribution of population seems inadequate. While building density and building type were 

found to be useful for dasymetric mapping, particularly with regard to local analyses, 

building height improved mapping most remarkably and at all spatial scales and contributed 

to a more spatially equal distribution of mapping quality. Foremost, building height reduced 

the underestimation of population in dense urban environments and particularly increased 

result quality when the average spatial resolution ratio was high, which indicates that height 

enables accurate population maps without high-resolution census reference data. 

Our approach including building height allows for creating a fine-scale picture of population 

distribution from both top-down and bottom-up mapping. Building height improves 

mapping quality across large areas and, in particular, accurately describes population 

heterogeneity along urban-rural gradients, i.e. in areas with both higher and lower population 

density. The approach is advantageous over products using two-dimensional information 

only or those that require an increased modeling effort. We are accordingly convinced that 

this study provides a valuable contribution towards more robust and accurate fine-scale 

gridded population mapping and suggest to make the effort to implement building type and, 

even though not yet consistently available across the globe, building height data into existing 

gridded population products. We underline the importance of providing population mapping 

accuracy related to the scale of validation and of using relative quality metrics. More 

accurate fine scale population maps will contribute to a deeper understanding of processes 

relevant for global and climate change mitigation, to efforts in mapping social-environmental 

key variables such as material stocks, as well as to the achievement of the Sustainable 

Development Goals, both in specific regions of interest, but also globally along urban-rural 

gradients. 
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Abstract 

The dynamics of societal material stocks such as buildings and infrastructures and their 

spatial patterns drive surging resource use and emissions. Two main types of data are 

currently used to map stocks, night-time lights (NTL) from Earth-observing (EO) satellites 

and cadastral information. We present an alternative approach for broad-scale material stock 

mapping based on freely available high-resolution EO imagery and OpenStreetMap data. 

Maps of built-up surface area, building height, and building types were derived from optical 

Sentinel-2 and radar Sentinel-1 satellite data to map patterns of material stocks for Austria 

and Germany. Using material intensity factors, we calculated the mass of different types of 

buildings and infrastructures, distinguishing eight types of materials, at 10 m spatial 

resolution. The total mass of buildings and infrastructures in 2018 amounted to ∼5 Gt in 

Austria and ∼38 Gt in Germany (AT: ∼540 t/cap, DE: ∼450 t/cap). Cross-checks with 

independent data sources at various scales suggested that the method may yield more 

complete results than other data sources but could not rule out possible overestimations. The 

method yields thematic differentiations not possible with NTL, avoids the use of costly 

cadastral data, and is suitable for mapping larger areas and tracing trends over time.  
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1 Introduction 

Transformations toward sustainable low-carbon societies and the Sustainable Development 

Goals (SDGs) require far-reaching changes in societies’ use of biophysical resources such 

as energy, materials, or land (UNEP 2011; IIASA 2012; IPCC 2014; UNEP 2015). 

Researchers study patterns of resource use (social metabolism) using methods of Material 

and Energy Flow Analysis (Haberl et al. 2019). These analyses focus on socioeconomic 

flows of energy, materials, or substances, underpinning research on eco-efficiency 

(Steinberger et al. 2011) and long-term socioecological transitions (Fischer-Kowalski et al. 

2007). Societal material and energy flows are relevant for sustainability due to a plethora of 

systemically interrelated concerns such as the depletion of nonrenewable resources, 

ecological degradation from resource extraction, and wastes or emissions resulting in climate 

change and other detriments (Haberl et al. 2019; IPCC 2018). 

Sociometabolic flows are required to build up, operate, and maintain societies’ biophysical 

structures, such as buildings, infrastructures, or machinery. These structures are usually 

denoted as artifacts (Fischer-Kowalski et al. 1999), manufactured capital (Weisz et al. 2015; 

Krausmann et al. 2017), technomass (Inostroza 2014; Inostroza et al. 2019), in-use stocks of 

materials (Pauliuk et al. 2014; Chen et al. 2015), or material stocks (Haberl et al. 2017; 

Gontia et al. 2019); we here use the latter term. Over the last decade, the quantification of 

material stocks has received increasing attention (Pauliuk et al. 2014; Marinova et al. 2020; 

Lanau et al. 2019; Wiedenhofer et al. 2019).  

Material stocks have important environmental impacts due to their land demand (Liu et al. 

2020; Bren d'Amour et al. 2017; Zhu et al. 2019) and GHG emissions (Pauliuk et al. 2014; 

Krausmann et al. 2020; Liu et al. 2013a), but they also play a pivotal role in transforming 

resource flows into services such as shelter, nutrition, or mobility (Weisz et al. 2015). 

Building up and maintaining stocks require large amounts of resources; currently, stock-

building materials amount to almost 60% of all materials used by humanity (Krausmann et 

al. 2017). Buildings, infrastructures, and machinery shape social practices of production and 

consumption, thereby creating path dependencies for future resource use (Krausmann et al. 

2020). They constitute the physical basis of the spatial organization of most socioeconomic 

activities, for example, as mobility networks, urbanization and settlement patterns, and 

various other infrastructures (Zhu et al. 2019; Dong et al. 2019). Analyzing the inter-relations 

between material stocks, material and energy flows, and the services they provide to societies 

(Haberl et al. 2017; Görg et al. 2017) (the so-called stock-flow-service nexus, Haberl et al. 

2019; Haberl et al. 2017) provides a much richer picture than the traditional views of 
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“decoupling” and eco-efficiency, which focus on resource use, waste, and emissions vis-a-

vis economic activity (usually measured as the gross domestic product) as a basis of policies 

aiming to reduce resource use or emissions (UNEP 2011; Steinberger et al. 2011; Parrique 

et al. 2019).  

Dynamic inflow-driven “top-down” approaches quantify material stocks by calculating 

inflows to stocks and subtracting outflows from stocks over long time periods (Wiedenhofer 

et al. 2019). One such approach has been used to derive a centennial global time-series of 

material stocks (Krausmann et al. 2017), however, with almost no spatial differentiation 

(three world regions). While the country-level resolution is attainable with this approach 

(Streeck et al. 2020), it is not suited for high-resolution mapping and hence misses a key 

characteristic of material stocks, i.e., how they distribute in space. Methods to map material 

stocks generally employ a stock-driven “bottom-up” approach: spatially explicit data are 

used to calculate physical dimensions of buildings and infrastructures, such as length, area, 

or volume. The mass of material stocks can be calculated with material intensity (MI) factors 

(kg/m, kg/m2, or kg/m3) that extrapolate the mass of buildings and infrastructures from their 

types and physical dimensions (Tanikawa et al. 2015; Gontia et al. 2019; Lanau et al. 2019; 

Miatto et al. 2019; Lanau et al. 2020; Schandl et al. 2020). So far, two main sources of 

spatially explicit data have been used for deriving material stock maps, both of which have 

advantages and disadvantages: 

(1) Cadasters provide data at the level of individual buildings and infrastructure at very 

high resolution. They are usually derived from official digitalized city plans, building 

permits, and infrastructure mappings, sometimes even available as public three-

dimensional (3D) city or neighborhood models (Symmes et al. 2020), or obtained 

directly from lidar data (Schandl et al. 2020). They allow for highly detailed 

calculations of material stocks both in terms of spatial resolution and distinction of 

different materials, given sufficient data (Lanau et al. 2019). Cadasters can be used to 

generate very practicable information, for example, for spatial planning, urban mining, 

or waste management (Miatto et al. 2019; Tanikawa et al. 2015; Tanikawa et al. 2010; 

Kleemann et al. 2017b; Kleemann et al. 2017a). Highly resolved lidar can provide data 

when cadaster data are unavailable, but these data are costly to obtain and often limited 

to relatively smaller areas such as city districts (Schandl et al. 2020). Regardless of the 

source, however, this approach is very data-intensive, and cadastral data are often 

expensive, difficult to access, and sometimes not available. This confines most studies 

to specific areas or cities. 
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(2) Night-time light (NTL) data are derived from satellite imagery and are available 

globally (Levin et al. 2020). Because their radiance was found to correlate well with 

human activities, NTL data are widely used as a proxy for socioeconomic variables 

such as population, gross domestic product, or human development (Takahashi et al. 

2009; Takahashi et al. 2010; Shi et al. 2014; Addison et al. 2015; Bruederle et al. 2018). 

NTL data are readily available for large areas, and data on the presence and intensity 

of night-time light are increasingly used to extrapolate material stocks (Yu et al. 2018; 

Rauch 2009; Liang et al. 2017). These methods generally rely on regression-based 

extrapolations from local or regional cadaster-based stock maps. However, deriving 

stock estimates from NTL data misses nonluminous structures and/or misinterpret 

luminous structures. Inaccuracies may further result from saturation effects of NTL, 

the underestimation of rural features, and even larger settlements in less-developed 

countries (Ehrlich et al. 2018b) as well as a coarse spatial resolution, leading to an 

inability to identify specific building or infrastructure types with NTL. 

We here demonstrate a new stock-driven mapping approach that combines the strengths of 

the aforementioned methods (high spatial resolution, large spatial coverage) and avoids their 

drawbacks (low resolution, small spatial coverage). This is possible using different sources 

of input data, namely advanced Earth observation (EO) products derived from optical 

Copernicus Sentinel-2 (S2) and radar Copernicus Sentinel-1 (S1) sensors as well as crowd-

sourced data (Open Street Map, OSM). We combine these spatially explicit datasets with a 

comprehensive database of MI factors of five building types and 21 types of infrastructures, 

thereby distinguishing 13 types of materials. We aggregated these detailed data to three types 

of buildings (single-family houses, multifamily houses, industrial/commercial buildings), 

three types of infrastructures (high-level roads, all other roads, railways of various kinds), 

and seven material groups. Disaggregated data on building and infrastructure types as well 

as material categories are available in the Supporting Information (SI). The aim is to provide 

an approach that can be used to map material stocks for larger (national or continental) areas 

and that is potentially applicable to regions without cadasters or even at the global scale, 

while still providing a high level of spatial detail. We develop this novel approach for two 

countries, Austria [AT] and Germany [DE], where estimates of material stocks are partially 

existing for cross-comparison on national (Ortlepp et al. 2016; Schiller et al. 2017b) and 

local/regional (Lederer et al. 2021a)(Kleemann et al. 2017a; Lederer et al. 2016) levels, 

which facilitates derivation of MI factors and allows to compare results with previous 

estimates. 
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2 Methods and data 

Our method for mapping material stocks combines three fundamentally different types and 

sources of data: (1) EO raster data that characterize built-up structures with regard to their 

density, vertical extent, and type derived from S1 and S2 satellite imagery with an initial 

spatial resolution of 10 m; (2) infrastructure data from crowd-sourced OSM vector data; and 

(3) tabular data on MI factors that give information on the amount [kg] of materials per unit 

area [m2] or volume [m3] of each specific type of infrastructure or building compiled from 

the literature. Figure V-1 provides an overview of data sources and main processing steps 

that establish compatibility between these. Details on calculation procedures, resolution, and 

accuracy of data as well as their validation are discussed in Sections 2.1–2.3. More detailed 

documentation can be found in the SI. 

 

Figure V-1 Data sources used and processing workflow employed in this study to generate material stock 

maps. Details on data resolution, calculations, and validation are provided in the text. 
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2.1 Mapping buildings and infrastructure using geospatial data 

We used OSM data on roads and railways from Geofabrik (Geofabrik 2020). We extracted 

the line layers with the key “highway” and “railway” separately for AT and DE using the 

Osmium tool (https://osmcode.org/osmium-tool/). In order to estimate the width of “linear 

structures”—roads, railways, etc.—in OSM, we calculated averages using the “width” tag 

for 39 types of roads and 12 types of railways (including tram and metro lines). For 

infrastructure types that do not hold a width information in OSM, we relied on expert 

assessment (SI). On the basis of this information, we buffered all road and railway features 

in OSM to calculate their area coverage [m2]. Polygon and buffered line vector data on the 

infrastructure were rasterized and corrected for overlapping features that would result in an 

area share of infrastructure above 100%. 

We quantified the subpixel share of the built-up area [m2] of buildings, infrastructure, and 

other human-made structures for cells of 10 x 10 m2 within the study area (Schug et al. 

2020b) using a machine-learning-based regression approach (Okujeni et al. 2014; Okujeni 

et al. 2017). As input, we used optical S2 (Frantz 2019) time series for 2017/2018 from the 

European Commission’s Copernicus program, from which we derived metrics capturing the 

variability over time for various parts of the electromagnetic spectrum (e.g., visible light, 

near and short-wave infrared). We improved on Schug et al. (2020b) by adding a proxy for 

green vegetation (Tasseled Cap Greenness Crist 1985) as well as data from the microwave 

domain through the inclusion of S1 radar time series (Naeimi et al. 2016); see SI for 

reasoning. We validated the built-up area layer by manually labeling reference data at 160 

sites, covering twenty-five 10 x 10 m2 cells each with a total of 36 000 samples. 

To capture the vertical distribution of material stocks, we derived building height for each 

10 x 10 m2 grid cell across the study area based on morphological metrics from S1 and S2 

time series (Frantz 2019; Frantz et al. 2021). A support vector regression was trained with 

building height derived from several highly accurate building height reference datasets 

across Germany (Frantz et al. 2021). The reference data were obtained from official geodetic 

surveys (Table SI_1) and were generated by merging the building footprint cadaster with 

height measurements from laser scanning overflights. The building height represents the 

rooftop. A separate paper by some of the authors (Frantz et al. 2021) assessed the prediction 

accuracy using a 30% left-out sample and ensured the model application to unknown 

locations with a cross-validation approach by repeatedly comparing regression outputs 

against datasets not used for training the model (i.e., Potsdam, Hamburg, and the complete 

German federal states of North Rhine Westphalia and Thuringia). Similarly, the building 
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height prediction was compared with the building height dataset of Vienna to ensure the 

regression’s applicability in Austria (SI). 

We classified the types of buildings for each 10 x 10 m2 cell using classes for commercial 

and industrial buildings, single-family housing, multifamily housing, and lightweight 

buildings, a heterogeneous category of buildings mostly using a rigid frame construction, 

usually made of timber, e.g., car-ports, garages, sheds, or garden bungalows (Schug et al. 

2021b). The classification was based on morphological metrics from S1 and S2 that provide 

information on reflectance and backscatter characteristics of each pixel’s surroundings 

(Frantz 2019). We used morphological metrics as an input to a random forest classifier; 1604 

training samples were collected across Germany using manual interpretation of ©Google 

Earth imagery. In a second step, high-rise buildings were separated from multifamily houses 

by employing a >30 m building height threshold. 

To reduce commission errors (“false-positives”) of the built-up area estimation, we only 

considered pixels with a built-up area of more than 25 m2 per 100 m2. To retrieve building 

area, i.e., the share of the area of each 10 x 10 m2 grid cell covered by buildings, we 

subtracted the rasterized area of aboveground infrastructure from the built-up area. 

Subsequently, we derived a calibration factor, which was obtained from the linear 

relationship between provisional building area (already corrected for aboveground 

infrastructure) and cadastral reference data, showing that our Earth observation-based 

method systematically, but predictably, overestimates the building surface by a factor of 0.53 

(see the SI). This calibration corrects for rather small flat infrastructures like private parking 

lots, which are not included in OSM, and thus, cannot be subtracted from the built-up surface 

along with the more prominent transportation infrastructure. It also corrects for building roof 

overhang. As the EO-based building type product is not capable of distinguishing single-

family residential houses from attached garages, the building area of single-family houses 

was further reduced by 10%, and that area was added to the lightweight building category. 

The product of building area [m2] and building height [m] was computed to obtain 

aboveground building volume [m3] according to the volume definition shown in Figure SI_8. 

For the garage area in the lightweight class, we used a constant height of 2.7 m for the volume 

calculation (SI). 

2.2 Material intensities database 

The methods described in Section 2.1 yield data on the aboveground volume of buildings, 

simplified into a cube, and infrastructures (areal coverage); see Figure V-1 and SI. These 

data are not consistent with some of the definitions used by researchers quantifying the mass 

https://pubs.acs.org/doi/suppl/10.1021/acs.est.0c05642/suppl_file/es0c05642_si_001.pdf
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of materials in buildings and infrastructures, and hence, we had to develop consistent MI 

factors. Building on previous work by some of the co-authors, we combined and recalculated 

several literature sources to derive a dataset of material intensity factors (MI) for 23 stock 

types and 13 materials (Table 1 and SI). For the three main building types in DE, this 

recalculation was based on the IOER database (IOER 2020). We derived AT-specific MI 

factors for buildings from information on Vienna (Lederer et al. 2021a). For the six road 

types in both DE and AT, we used a combination of sources (Steger et al. 2011; Wiedenhofer 

et al. 2015; Knappe et al. 2015; Virág et al. 2021), which are listed below as weighted-

average intensities for high-level roads, such as motorways and primary roads, and for all 

other roads including secondary, tertiary, service, and gravel roads. Railways (Steger et al. 

2011), subways (Lederer et al. 2016) and trams (Gassner et al. 2018) could be derived 

directly from stock-type specific studies. For bridges, we used information from Vienna 

(Gassner et al. 2020); the MI for tunnels is from Steger et al. (Steger et al. 2011) Because 

only a small fraction of high-level roads is made from cement concrete, and no robust data 

were available, we neglected cement concrete in roads. 

2.3 Validation and uncertainty 

Our novel approach combines new types of data from different research fields, and hence, 

validation and uncertainty assessment are not straightforward. We therefore opted for a step-

by-step approach, i.e., validated results from intermediate steps against other available (also 

incomplete) data wherever possible. A comprehensive, systematic quantification of 

uncertainties was beyond the scope of this study. The intermediate remote-sensing mapping 

products described above were independently validated in the respective methodological 

publications (Schug et al. 2020b; Frantz et al. 2021), which we summarize here. The 

uncertainty of the land cover share estimate, measured as the root mean squared error 

(RMSE), was approximately 19% (for validation see the SI). The uncertainty of the height 

estimation (RMSE validated against six freely available local high-resolution 3D city models 

across the study area) was approximately 3-4 m when accounting for building height class 

frequencies; see the SI and Frantz et al. (2021). The building type classification was validated 

based on a 30% subsample of the collected training data; the overall accuracy for DE was 

found to be 81.40% (Schug et al. 2021c); validation results for AT are in the SI. We compared 

the length of roads and railways reported in OSM against statistical data sources collated in 

Wiedenhofer et al. (2015) as well as the national statistical data. We compared results on the 

mass of material stocks by type and material against the available literature sources 

(Krausmann et al. 2017; Kleemann et al. 2017a; Ortlepp et al. 2016; Schiller et al. 2017b; 

https://pubs.acs.org/doi/10.1021/acs.est.0c05642#tbl1
https://pubs.acs.org/doi/10.1021/acs.est.0c05642#tbl1
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Lederer et al. 2016; Steger et al. 2011; Wiedenhofer et al. 2015; Gassner et al. 2020; Pauliuk 

et al. 2013; Liu et al. 2013b; Cao et al. 2017). Detailed documentation and discussion of the 

validations are available in the SI; findings are summarized in the Section 3. 

3 Results 

Figure V-2 shows the estimated distribution of total material stocks as a 3D-map at a spatial 

resolution of 100 m for our study area. This map only serves as a visual representation of 

our data, which are available for download at available for download for Austria at 

https://zenodo.org/record/4522892#.YCKJ1-hKhEY and for Germany at 

https://zenodo.org/record/4536990#.YCfPfGhKgmI.  

We observe a general pattern of stocks in areas where a high share of the built-up surface is 

to be expected: large urban agglomerations are visible as high peaks, sparsely settled areas 

Table V-1 Overview of Material Intensities Used for Estimating the Mass of Material Stocksa,g 

 
buildings infrastructures 

  single-family 

residential 

buildings 

[kg/m3] 

multifamily 

residential 

buildings 

[kg/m3] 

commercial 

and industrial 

buildings 

[kg/m3]f 

high-level 

roads 

(motorway, 

primary) 

[kg/m2] 

all other 

roads 

[kg/m2] 

railway 

[kg/m2] 

  ATb DEc ATb DEc ATb DEc ATd DEd ATd DEd ATe DEe 

metals 10.9 20.0 12.0 21.5 12.4 24.4 — — — — 17.1 16.9 

concrete 242 206 258 202 221 186 — — — — 29.5 43.3 

bricks 127.3 46.9 116.1 88.4 90.2 15.4 — — — — 0.0 0.0 

aggregate 29.7 33.1 28.6 23.0 24.6 113 1472 1501 956 956 270 285 

other 

nonmetallic 

minerals 

6.4 210 5.9 115 3.5 48.2 — — — — — — 

biomass 

materials 

6.3 14.1 6.2 6.1 3.3 3.1 — — — — 10.6 3.0 

petrochemical-

based materials 

0.2 1.3 0.3 1.3 0.4 1.0 19.2 19.5 10.5 10.5 1.3 0.7 

total 423 531 427 458 356 391 1491 1521 967 967 328 349 

a Detailed documentation and disaggregated data for the four building types, six road types, three railway types as 

well as bridges and tunnels used in the mapping are in the SI; b Lederer et al. 2021a; c IOER 2020; d Steger et al. 

2011; Knappe et al. 2015; Wiedenhofer et al. 2015; Virág et al. 2021; e Steger et al. 2011; Haban 2016.f These MI 

factors do not comply with the same building definition; see the SI for details. g Empty cells marked with “—” 

indicate that these materials are not present in the respective structure. 
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such as the Alps in central Austria (AT) and southern Germany (DE), and rural regions in 

both countries have low levels of human-made material stocks, depicted blue in the maps. A 

two-dimensional (2D)-map with 100 m resolution is available in the SI (Figure SI_13). A 

web viewer that visualizes the total material stock map and per-state statistics is available at 

https://ows.geo.hu-berlin.de/webviewer/stocks. 

 

Figure V-2 Three-dimensional maps of total material stocks in buildings and infrastructures in Germany 

and Austria (2018; 100 m resolution), measured as kt/ha (1 kt = 1000 metric tons; 1 ha = 104 m2 = 0.01 km2). 

Figure V-3 shows examples of locations with very different densities and structures of 

material stocks, three in DE and one in AT. Column 1 depicts a dense urban setting (Berlin), 

column 2 depicts a site dominated by industry and transport infrastructures showing the 

refinery Schwechat in the upper-left and Vienna’s airport located in Lower Austria in the 

lower- right part, column 3 depicts a suburban setting in the north of Hamburg, and column 

4 depicts a rural setting in Rhineland-Palatinate, DE. The rows demonstrate the thematic 

richness of the dataset by displaying the layers of single-family houses, multifamily houses, 

commercial and industrial buildings, roads, and railroads. As expected, some structures are 

sparse or nonexistent in specific locations, e.g., there are few single-family houses in central 

Berlin and few, if any, railroads in the chosen rural and suburban settings. 
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Figure V-3 Close-ups of material stock maps (10 m resolution) in four locations in Germany (columns 1, 3, 

4) and Austria (column 2), showing total stocks (first row) and different specific structures (rows 2–6) for the 

same location. Note the varying scales across rows. 

Figure V-4 summarizes aggregate material stock results for DE (top row, a-c1) and AT (lower 

row, a-c2). In DE, the mass of infrastructures is substantially lower than that of buildings, 

whereas in AT the mass of infrastructures is similar to those of buildings. Concrete and other 

nonmetallic minerals account for the largest part of the total mass, while metals, biomass 

(mostly timber), and other materials play a smaller role (first column, a1-2). Single-family 

houses make up roughly half of the material stocks and volume of all buildings in both 
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countries. Multifamily houses and industrial/commercial buildings account for the rest and 

are of similar magnitude. Roads by far surpass rail infrastructures in terms of both area and 

mass, with smaller (tertiary and gravel roads) playing a substantial role, in particular in terms 

of length but also in terms of mass. 

 

Figure V-4 Material stocks and other physical dimensions of buildings and infrastructures in Germany 

(a1–c1) and Austria (b1–c1). First column: material stocks in buildings and infrastructures broken down by 

seven major categories of materials in Germany (a1) and Austria (a2). Second column: material stocks (left 

bar) and building volume (right bar) of buildings in Germany (b1) and Austria (b2) broken down by three major 

types of buildings. Third column: Material stocks (left bar) and surface area (right bar) of different types of 

infrastructures (seven types of roads, bridges, and tunnels, and two types of rail infrastructure) in Germany (c1) 

and Austria (c2). 

4 Discussion 

4.1 Spatial Resolution 

Due to the resolution of the S1 and S2 data and the characteristics of OSM data, we can 

display results at 10 m spatial resolution (Figure V-5), which allows us to finely distinguish 

different structures (Figure V-3 and Figure V-5). In contrast, many published material stock 

maps and building volume predictions (e.g., Li et al. 2020a) have scaled-down resolutions 

of 1 km (as in the right plate in Figure V-5), though some local examples present the cadaster 
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level (Schandl et al. 2020). NTL products usually have a resolution of 500–750 m (Takahashi 

et al. 2010; Addison et al. 2015; Bagan et al. 2015; Elvidge et al. 2017; Liang et al. 2017); 

results are often aggregated to even larger units. NTL are widely used to downscale 

economic measures such as economic activity (Chen et al. 2011), poverty (Jean et al. 2016) 

or asset wealth (Yeh et al. 2020) to small spatial scales on which no data are available from 

census statistics. Given the much higher spatial resolution of our data, as well as their ability 

to identify objects associated with specific functions or services (Kalt et al. 2019; Whiting 

et al. 2020) that allow causal inferences, we assume that they could be a basis for more 

accurate, respectively higher resolved, downscaling methods. Some types of imprecisions 

resulting, e.g., from processing algorithms or statistical variation, problems in the input data 

(e.g., possible inconsistencies of sentinel data and OSM), or data manipulation (i.e., “noise”) 

may be canceled out when aggregating to coarser resolutions such as 100 or 1000 m (as used 

in many current datasets). Most prominently, we used an empirical correction factor of 0.53 

when converting built-up area to building area, as neither EO nor OSM data could properly 

account for the roof overhang and smaller flat infrastructures. While preserving spatial detail, 

which allows for comparative interpretation of highly detailed spatial patterns, this factor 

introduces an error at the 10 m scale because each 100 m2 pixel has a maximum building 

area of 53 m2. While the distinction between built-up land (buildings plus infrastructure) and 

other land is accurate, as it is not affected by that approach, the classification of built-up land 

as either building or infrastructure is blurred at the pixel level. Hence, data on the mass of 

material stocks will likely be more robust at coarser scales, in particular when differentiating 

specific materials is of interest. Note, however, that any aggregation may suffer from the 

modifiable areal unit problem, i.e., different results of the aggregation depend on the 

boundaries of the coarser resolution grid, which can bias statistical analyses (Dark et al. 

2016). We are convinced, though, that a spatial resolution of input data of 10 m is useful. 

For example, the entire calculation of infrastructure-related stocks depends on fine-scale 

information that is able to capture the related linear and largely narrow features (see Figure 

V-1, left-hand side workflow). Our aggregation approach accordingly targets a spatial 

resolution that represents the optimal compromise between a smooth map representation of 

stocks at landscape to national scales, while preserving a sensible level of detail. 

4.2 Comparison of Results against statistical data 

The mapped material stock results measured in different dimensions were cross-checked 

against statistical data sources. A comparison of the length of infrastructures as reported in  
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Figure V-5 Comparison of maps of central Berlin with different resolutions: left, 10 m; middle, 100 m; 

right, 1 km. Many current material stock maps are at 1 km resolution. While high-resolution maps reveal more 

spatial detail, uncertainties and imprecisions of material stock results are lower at coarser resolutions where 

data artifacts or methodological assumptions are removed during data aggregation. 

OSM with statistical sources reveals that OSM data yield higher results regarding the length 

of road and railway networks than statistical sources (SI, Figures SI_5 - SI_7). This is 

consistent with a tendency toward under-reporting of infrastructure length in statistical 

sources (Wiedenhofer et al. 2015), which results from the lack of harmonization of reporting 

between different owners or managers of infrastructures (federal, state, communal, and 

private owners) and lacking coverage of minor roads, gravel roads, footpaths, and similar 

structures. OSM data are generally assumed to be robust for countries like AT and DE 

(Zielstra et al. 2010; Wang et al. 2013); hence, we assume that OSM-based results are likely 

more comprehensive than those of statistical reports. 

Comparing building areas and volumes between values calculated from Austrian building 

statistics (Statistik Austria 2011) and mapping results reveals that our results for building 

area are higher than those calculated from statistical data (SI, Section S5). Differences can 

be observed both in building areas and building volumes. The comparison of the building 

volumes for DE shows that our estimates are on average 41% larger than those derived from 

statistical data. For AT, we found even larger differences when comparing building volumes 

derived from an extrapolation of AT building statistics (SI) and data from Lederer et al. 

(2021a) our estimates of building volumes were 107% larger than those extrapolated from 

statistics and our estimates of gross footprint area exceeded data from statistics by 30–104%. 

A previous comparison of results derived with 3D models for Vienna with statistical data 

found similar differences (Lederer et al. 2021a). Reasons included lacking inclusion of flats 

in rooftops in statistical data, differences in definitions between mapped building volumes 

and statistical data (e.g., differences in the calculation of roof volumes), and a general 
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tendency of under-reporting in statistical data. All of this is also relevant for explaining the 

difference between our results and statistical data; additional reasons are the lacking 

coverage of some building types in statistics, differences in the definition of building 

volumes and buildings established after the last available census for Austria that refers to the 

year 2011. 

Comparing the results for the mass of buildings and infrastructures with previous estimates 

from the literature shows good agreement for some stock types, but generally higher overall 

mass in our mapping (Figure V-6). With respect to total stocks, our estimates for Austria 

(∼540 t/cap) and Germany (∼450 t/cap) are within the range spanned by the high dynamic 

top-down (inflow-driven) and low stock-driven bottom-up estimates for Germany of a 

previous study (Schiller et al. 2017b). They are higher than the results of an inflow-driven 

model for the entire “industrial” region (Krausmann et al. 2017) (first part of Figure V-6). 

While our results for nonresidential (commercial and industrial) buildings are similar to 

previous estimates (third part of Figure V-6), we find substantially higher material stocks in 

residential buildings than previous estimates (Stark et al. 2003; Knappe et al. 2015; 

Wiedenhofer et al. 2015; Schiller et al. 2017b; Ortlepp et al. 2018) (second part of Figure 

V-6). Results for roads are larger than those of previous studies (Steger et al. 2011; 

Wiedenhofer et al. 2015), which is most likely related to the tendency of previous studies to 

underestimate minor roads, for which data quality is poor (fourth part of Figure V-6). 

Railroad results fit well with previous estimates (Wiedenhofer et al. 2015), except for those 

derived by Steger et al. (2011), who included service tracks and stations (fifth part of Figure 

V-6). A comparison of our results for buildings in Vienna with those calculated in previous 

GIS-based studies (Kleemann et al. 2017a; Lederer et al. 2021a) revealed that our material 

stock results are lower than those found in earlier works, in particular in Kleemann et al. 

(2017a) (see SI, Figure SI_13). The main reason for this deviation is that this older study 

(Kleemann et al. 2017a) had used a different dataset for material intensities. The dataset used 

here, developed by the same authors as in the studies mentioned (Kleemann et al. 2017a), is 

not only much larger (207 instead of 66 buildings), but also shows generally lower average 

material intensities, as also visible in the much better fit with new work of that group 

(Lederer et al. 2021a). 

Our results are the first derived from fine-scale satellite data in a “wall-to-wall” fashion and 

very well align with the spatially explicit distribution of 3D-features in the lidar-based 

ground truth (also see Figure SI_4 and Table SI_1). We are hence confident that our 

assessment is robust enough to suggest that previous estimates are probably too low, mostly 

because our results rely on satellite and crowd-sourcing data that can detect structures not 
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included or underestimated in statistical surveys. However, we cannot entirely rule out the 

possibility of overestimations that might result from misclassifications, not fully 

representative MI factors, or other data errors. More research studies are certainly warranted 

to corroborate and refine these results, which shall become feasible with an increasing 

number of high-resolution reference datasets expected to be released in the future. 

4.3 Outlook 

Spatial structures of buildings and infrastructures have important implications for societies’ 

resource requirements (Baiocchi et al. 2015; Creutzig et al. 2015; Dong et al. 2019; Seto et 

al. 2016). Thematically and spatially highly resolved maps such as those presented here can 

help in analyzing the spatial dimensions of the stock-flow-service nexus (Haberl et al. 2017; 

Haberl et al. 2019), thereby helping to reduce resource use without impairing delivery of 

crucial services and well-being contributions (Haberl et al. 2020). This includes, for 

example, resource-sparing development of urban form (Dong et al. 2019), provision of 

information for estimating secondary resource potentials for reuse and recycling from end-

of-life stocks. (Lanau et al. 2019) This novel method can also provide an improved high-

resolution mapping to investigate urbanization, urban form, and infrastructure developments 

and inform infrastructure vulnerability studies (Symmes et al. 2020).  

Although material stock maps derived from cadastral data are superior in terms of data 

accuracy when aiming to establish resource cadasters for secondary resources and closing 

material cycles in individual cities (Lederer et al. 2016; Miatto et al. 2019; Lanau et al. 2020; 

Schandl et al. 2020), the maps presented here can close the gap between rather coarse 

material stock estimates (usually ∼1 km spatial resolution) covering large areas that can be 

derived from NTL (Liang et al. 2017; Yu et al. 2018) and highly detailed cadaster-based 

studies limited to small areas. The method presented here is based on freely and openly 

available data, can be extended over national areas and replicated over any time span for 

which satellite and crowd-sourcing data, training data for assessing the height of buildings, 

and robust MI factors are available. Because S1 and S2 data are collected continuously, 

future studies could provide maps annually and allow for fine-grained change detection (Liu 

et al. 2020). The European Commission is currently preparing for annual, global maps of 

built-up areas and population to be produced in the Copernicus services; we hope that this 

study can contribute to these products. The method presented here could hence help to 

monitor the development of societies’ material stocks over large areas and time in a spatially 

highly resolved manner. 
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Figure V-6 Comparison of our results regarding the mass of material stocks with data from the literature, 

expressed as tons of total stocks per capita of population. 
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Abstract 

Global societal material stocks such as buildings and infrastructure accumulated rapidly 

within the last decades, along with population growth. Recently, an approach for nation-wide 

mapping of material stock at 10 m spatial resolution, using freely available and globally 

consistent Earth Observation (EO) imagery, has been introduced as an alternative to cost-

intensive cadastral data or broad-scale but thematically limited nighttime light-based 

mapping. This study assessed the potential of EO data archives to create spatially explicit 

time series data of material stock dynamics and their relation to population in Germany, at a 

spatial resolution of 30 m. We used Landsat imagery with a Change-Aftereffect-Trend 

analysis to derive yearly masks of land surface change from 1985 onwards. Those served as 

an input to an annual reverse calculation of six material stock types and building volume-

based annual gridded population, based on maps for 2018. Material stocks and population in 

Germany grew by 13% and 4%, respectively, showing highly variable spatial patterns. We 

found a minimum building stock of ca. 180 t/cap. across all municipalities and growth 

processes characterized by sprawl. A rapid growth of stocks per capita occurred in East 

Germany after the reunification in 1990, with increased building activity but population 

decline. Possible over- or underestimations of stock growth cannot be ruled out due to 

methodological assumptions, requiring further research. 
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1 Introduction 

In the second half of the twenty-first century, a strong growth of global human population 

and economic activity went along with a rapid accumulation of societal material stock 

(Krausmann et al. 2017). Societal material stock encompasses all materials contained in 

buildings, infrastructure and other durable goods. They are considered the basis for human-

living and well-being, as they provide key services such as shelter, food, mobility or health 

(Haberl et al. 2017; Lanau et al. 2019). We here use the term “material stock”, which is 

largely synonymous with concepts such as in-use stocks (Pauliuk et al. 2014), technomass 

(Inostroza 2014) or manufactured capital (Weisz et al. 2015). Material stock represents long-

lived resource use, and has an important impact on processes that contribute to unwanted 

(e.g. climate) change - both immediate, for example through emissions caused by the 

extraction and the processing of primary resources (Hertwich 2021), and indirect, for 

example through shaping human behavior (Haberl et al. 2021a). Similar to global population 

growth (UNDESA 2019), material stocks are expected to further accumulate across the 

world (Krausmann et al. 2020; Wiedenhofer et al. in rev.). A better understanding of patterns 

and dynamics of material stock is, thus, required for developing strategies and policies for 

sustainable resource use (Pauliuk et al. 2014; Lanau et al. 2019).  

The concept of socio-economic metabolism (SEM) underpins the need for research on 

material turnover and stocks (Ayres et al. 1994; Fischer-Kowalski et al. 1998b; Pauliuk et al. 

2015). In this approach, society is conceptualized as a hybrid of material and biophysical 

entities (Fischer-Kowalski et al. 1999), whose biophysical basis includes resource extraction 

and conversion, production and consumption, the accumulation of material stock in 

buildings, infrastructure and machinery, as well as people and livestock, and the resulting 

wastes and emissions (Haberl et al. 2019). The spatial distribution of material stock shape 

material and energy flows as well as social practices and the systems delivering services that 

are crucial for societal well-being (Haberl et al. 2021a). Material stock patterns are relevant 

for a number of topics, such as spatial planning, urban sprawl (Barrington-Leigh et al. 2015), 

waste management, urban mining and circular economy strategies (Haas et al. 2020; Lederer 

et al. 2021b), as well as other environmental concerns linked to stocks, their use and the 

impacts on surrounding ecosystems (Elhacham et al. 2020). 

One substantial challenge is mapping material stock of buildings and infrastructure with high 

thematic detail and high spatial resolution, especially over longer time periods and across 

large areas (Lanau et al. 2019; Peled et al. 2021). Such a representation of stocks is urgently 

needed, as the spatial distribution of stocks is highly variable between locations. At the same 
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time, a temporal perspective on stocks is crucial to understand pathways for accumulation 

and development. Inflow-driven modeling is able to assess material stock dynamics over 

time and across very large areas, for example at the global to national level (Fishman et al. 

2014; Wiedenhofer et al. 2019). However, its scale of analysis is strongly dependent on data 

availability, as it relies on statistical data on extraction, production and trade, which is usually 

available at country level only. Spatially explicit, bottom-up stocks accounting was primarily 

performed in local to regional case studies based on available cadastral or other reference 

building footprints, or OpenStreetMap data (e.g. Reyna et al. 2015; Tanikawa et al. 2015; 

Kleemann et al. 2017a; Inostroza et al. 2019; Miatto et al. 2019; Lanau et al. 2021). If 

available, cadastral data are particularly suitable for stocks mapping because of their high 

spatial level of detail. However, they can either be expensive, difficult to acquire or are 

inconsistently structured across administrative units (Biljecki et al. 2021). OpenStreetMap 

data is freely available, but its completeness is regionally inconsistent (Barrington-Leigh et 

al. 2017), and it is difficult to evaluate if it is up-to-date (Minghini et al. 2019). So far, only 

a few mostly local/city-focused studies mapped long-term temporal dynamics of stocks, 

from historic building and infrastructure data (Tanikawa et al. 2010; Tanikawa et al. 2015; 

Merschroth et al. 2020; Guo et al. 2021; Miatto et al. 2021). 

Earth Observation (EO) data are increasingly used to map the built environment (Zhu et al. 

2019). EO gathers information about the status of and processes on the Earth’s surface from 

airborne or spaceborne sensors, and has previously been used for material stock mapping. 

For example, Light Detection and Ranging (LiDAR) data can create highly detailed 3D 

surface models. Although successfully used for a local material stock assessment (Schandl 

et al. 2020), LiDAR data are commonly acquired by flight campaigns, restricting LiDAR to 

regional acquisitions at high costs. Nighttime light data (NTL) were found to be a proxy for 

human activity and, thus, proportionally related to accumulated above-ground stocks or to 

related variables, such as building volume (Rauch 2009; Takahashi et al. 2010; Liang et al. 

2017; Yu et al. 2018; Peled et al. 2021; Vilaysouk et al. 2021). An advantage is their spatially 

consistent and global coverage with free access to historic archives (Elvidge et al. 2017). 

However, deriving stocks from NTL comes with technology-inherent challenges. 

Particularly, the limited spectral and spatial resolution, i.e., one spectral band of 250-1000 

m spatial pixel resolution hampers the identification of finer structures, different stocks 

types, or “dark” stocks (Elvidge et al. 2017; Peled et al. 2021). 

Optical and radar decameter resolution EO imagery has been widely established to map 

different variables of the built environment, for example land cover composition (Li et al. 

2018), building presence (Corbane et al. 2020), building height (Frantz et al. 2021) or 
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settlement structure (Demuzere et al. 2019). This popularity is also due to three important 

EO systems, Sentinel-1 (ESA Sentinel Online 2021a), Sentinel-2 (ESA Sentinel Online 

2021b) as well as Landsat (NASA 2018). Those operational programs provide globally 

consistent and freely available data with a spatial resolution of 10 to 30 m, and Landsat 

provides the longest globally consistent time series of optical imagery since 1984. Recently, 

Haberl et al. (2021b) used spatially explicit data for the year ~2018 on building cover area, 

building height and building type derived from radar and optical Copernicus Sentinel-1 and 

-2 (S1/S2) data as well as infrastructure data from OpenStreetMap (OpenStreetMap 

Foundation 2021) in combination with stratified material intensity factors for a nation-wide 

mapping of different materials and structures. They covered the whole of Germany and 

Austria in a streamlined workflow at 10 m resolution. The Landsat data archive has not yet 

been exploited for historic high-resolution material stock mapping. 

The goal of this study was to map, quantify and characterize the temporal dynamics of 

material stock patterns and population at a 30 m resolution for the entire territory of Germany 

from 1985 to 2018. For this purpose, the Landsat data archive, time series image analysis, 

and the high-resolution maps of material stock for 2018 from Haberl et al. (2021b) are 

utilized. Annual maps of gridded population at 30m resolution are created following the 

workflow developed in Schug et al. (2021b), which is based on building volume backcasting 

using Frantz et al. (2021) to derive stocks per capita. We specifically addressed the following 

research objectives: 

• Quantify spatial patterns of annual material stock dynamics in buildings and 

infrastructure across Germany from 1985 to 2018. 

• Relate the development of material stock to population dynamics over time and 

identify, quantify, and interpret patterns of spatial-temporal development. 

2 Study area, data and methods 

Annual historic maps of material stock were calculated from 1985 to 2018 using the 2018 

reference datasets in combination with yearly binary change masks from Change-

Aftereffect-Trend (CAT) analysis (Figure VI-1 B). Going backwards through time from 

2017, the respective change mask was multiplied with all datasets from the following year 

to obtain stocks in that year. For example, stock maps for 2017 were derived by a 

multiplication of the 2018 stocks maps with the 2017 binary change mask. These change 

masks were also used to create annual gridded population maps. Gridded population maps 

represent the number of people per grid-cell, i.e. per pixel. We first created maps of 
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residential building volume for each year based on a volume map for 2018. We then used 

annual census data and redistributed total population counts to pixels using a dasymetric 

mapping approach (Leyk et al. 2019). Time series data of material stock and population 

served as a basis for the analysis.

Figure VI-1 Study Area and Workflow. A Study Area Germany, its 16 federal states (NUTS-1) and its 11,267 

municipalities (LAU), including state abbreviations subsequently used in the manuscript. Red: Former Border 

between East- and West-Germany. B Workflow, creating historic Material Stock and Population maps from 

Landsat time series and previous data

2.1 Study area and census data

Germany covers an area of about 357,000 km², had about 82.79 million inhabitants in 2018

and is structured into sixteen federal states (BKG 2019, Figure VI-1 A). There were three 

reasons for choosing this study area. First, high resolution maps of material stock as well as 

buildings and infrastructure area, building height and type were available from previous 

works (Schug et al. 2020b; Frantz et al. 2021; Haberl et al. 2021b; Schug et al. 2021b). 

Second, settlement structure in the study area is diverse and contains urban agglomerations, 

rural and suburban areas and large gradients in-between, with population density ranging 

from 69 km-2 to 4,055 km-2 in the federal states (BKG 2019). Third, Germany is a promising 

thematic case for a proof of concept due to historic events. The Reunification of the former 

Federal Republic of Germany (former West) and the German Democratic Republic (former 

East), for example, was a process that began in 1989, and had a number of long-lasting 
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effects on migration (Glorius 2010), economic modernization and restructuring (Burda et al. 

2001). This study used annual census data from Eurostat NUTS-1 (Nomenclature des unités 

territoriales statistiques) units and aggregates results on LAU (Local Administrative Unit) 

administrative units (Eurostat 2016). Census data from 1990 to 2018 as well as data from 

1985 to 1990 for all former states of the German Federal Republic originated from the 

German Federal Statistical Office (Federal Stat. Office 2021). Census data from 1985 to 

1990 for all former districts of the German Democratic Republic originated from the 

Statistical Office of the German Democratic Republic (digitized in DZ 2021). All results are 

presented in today’s administrative boundaries. 

2.2 Reference maps from previous work 

We started from spatially explicit high-resolution material stock maps for 2018 created in 

Haberl et al. (2021b). These represented the mass of stocks for 13 different materials grouped 

into non-metallic minerals, metals, biomass-based and fossil-fuels based materials, as well 

as 26 different building and infrastructure types. Those layers had been generated by 

combining information on building and infrastructure area (Schug et al. 2020b), building 

height (Frantz et al. 2021) and building types (Schug et al. 2021b), all based on S1/S2 data 

with a spatial resolution of 10 m representing the physical setup of the built environment. 

The volume of buildings [m³] was derived by multiplying building area [m²] and height [m]. 

Individual material intensity (MI) factors [t/m² or t/m³] relating mapped structures to material 

weights were specifically developed and applied for each building and infrastructure type. 

For further information we refer to Haberl et al. (2021b). For this study, we focused on the 

following aggregated above-ground stock layers: 

• Total material stock… 

• … in buildings 

• … in commercial and industrial buildings 

• … in multi-family residential buildings 

• … in single-family residential buildings 

• … in infrastructure 

• … in road infrastructure 

• … in rail infrastructure 

• … in other infrastructure 

We refer to Schug et al. (2021b) for further information about the used building volume 

layer. For consistency with the spatial resolution of Landsat, all datasets were aggregated to 

a resolution of 30 m. 
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2.3 Change-Aftereffect-Trend analysis with Landsat time series data 

We downloaded all available optical Landsat imagery for our study area from 1985 to 2020, 

acquired from TM, ETM+ and OLI sensors (Collection 2, Level 1, USGS 2021) using 

landsatlinks (Ernst 2021), with a cloud coverage of less than 70%. All images were pre-

processed through the Framework for Operational Radiometric Correction for 

Environmental monitoring (FORCE, Frantz 2019). This included, among others, cloud and 

cloud shadow masking, radiometric correction, re-projection into a common coordinate 

system and creating data cubes (Frantz 2019). Pre-processing is necessary to establish 

comparability across images from different sensors and through time and space to facilitate 

mass processing. 

We performed a CAT analysis for the whole study area as implemented in FORCE. CAT is 

a method for multi-temporal change detection, suggested by Hird et al. (2016), and captures 

gradual (trend) or abrupt (change) non-seasonal landscape changes based on a multi-annual 

time series of a spectral vegetation index. CAT divides this time series into two sections, pre- 

and post-change, based on the detected year of abrupt change, assuming that only one change 

occurred (Figure VI-2). We assumed that stock building activity in Germany implies the 

complete removal of vegetation. The CAT analysis was performed on an annual basis, where 

individual satellite acquisitions are aggregated to yearly measurements by using the 

maximum value of the Normalized Difference Vegetation Index (NDVI, Tucker 1979) per 

year. The NDVI is a robust indicator for the peak of the growing season, ignoring intra-

annual seasonal vegetation cycles, and ranging from -1 to 1, with 1 being the maximum 

vegetation. Thus, the year of change is determined based on an abrupt decrease in mNDVI. 

We considered the maximum NDVI (mNDVI) of all observations within a year between day 

70 and day 304, to avoid data artefacts resulting from snow cover in winter. While Hird et 

al. (2016) suggested to detect the year of change based on the maximum interannual absolute 

difference of the index within subsequent years, we here created a change score s for each 

year y that only detects negative change (i.e. vegetation removal) and that favors persistent 

change (i.e. longer than two years, eq. 1). This increased the robustness against data-sparse 

years or years with heavy cloud coverage and avoided a potential misinterpretation of change 

processes. 

 CAT assigned a year and an amplitude of change, as well as additional change metrics of 

the annual mNDVI to each 30 x 30 m pixel. As CAT detects change in each and every pixel 

based on the highest change score, a set of criteria is required to distinguish actual change 

from seeming change. We only considered changes in pixels that satisfy the following four 

criteria: 
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Figure VI-2 Change-Aftereffect-Trend (CAT) analysis A Components of CAT analysis. B Exemplified 

spatial representation of change (red, 0-0.25), pre-change mean mNDVI (green, 0.2-0.8) and post-change mean 

mNDVI (blue, 0.2-0.8). Dark areas = little change with little vegetation. Blue/Turquoise areas = little change 

with stable or increasing vegetation. Red areas = high change with a lower pre-change mean than post-change 

mean (vegetation re-development). Yellow areas = high change with a higher pre-change mean than post-

change mean (building activity). The year of change is not visualized in B and can be different for each pixel. 

eq. (9)  𝑠𝑦 = 𝑚𝑁𝐷𝑉𝐼 𝑦−1 − 𝑚𝑁𝐷𝑉𝐼𝑦+1 ∗  (𝑚𝑁𝐷𝑉𝐼𝑦−1 − 𝑚𝑁𝐷𝑉𝐼𝑦+1) 

• a minimum difference of 0.25 in mNDVI between the detected year of change and 

the previous year, 

• a post-change mean of 0.6 or smaller, i.e. an area mostly non-vegetated after the 

change,  

• a pre-change mean larger than the post-change mean, excluding areas with strong 

vegetation regrowth suggesting a non-permanent change, or data artefacts, 

• a pre-change mean larger than the post-change trend offset multiplied with 1.2, which 

eliminated areas with sudden regrowth and subsequent ongoing vegetation decline 

after the change, suggesting transient change only (Figure VI-2). 

2.4 Validating estimated change 

We validated the annual change maps using a two-step stratified random sampling strategy, 

as suggested in Olofsson et al. (2014). Sampling was stratified by the mapped area shares of 

the six sub-categories - area of single-family, multi-family, and commercial/industrial 

buildings as well as area of road, rail and other infrastructure. In a first step, we assessed 

the performance of the CAT approach in detecting change, i.e., distinguishing change and 

no-change in the six thematic classes (i.e. a 12-class stratification, Table V-1). In a second 

step, we assessed the performance of CAT to detect a specific year of change. Here, eight 

temporal classes were formed and combined with the six thematic classes, resulting in a 48-

class stratification (Table V-1). Temporally invariant surfaces were not part of this step. 

According to Olofsson et al. (2014), the number of samples is dependent on the mapped area 

proportion of each class Wi, a target user’s accuracy Ui and a target standard error S for the 
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estimated overall accuracy (eq. 10), simplified for large populations). The samples were 

allocated to the strata based on their proportion of mapped area. 

eq. (10)  𝑛 = (
Σ (𝑊𝑖∗√𝑈𝑖∗(1−𝑈𝑖))

𝑆
)

2

 

Only pixels with a building area share of >25% and an infrastructure area share of >33% per 

pixel qualified as a validation sample. This avoided a selection of pixels covered by both 

surface types with no clear major class. Because of their small surface area, rail and other 

infrastructure was merged after stratification. 

Table VI-1 Number of samples for both steps of the valiation approach in all thematic and temporal change 

and no-change classes. SF =  single-family b. (buildings), MF = multi-family b., CI = Commercial/Industrial 

b., RD = roads, RL = rails, OT = other infra. 

  Total Number of Samples 

  Buildings Infrastructure 

  SF MF CI RD RL OT 

Step 1 
Change 58 18 118 61 5 16 

No Change 577 168 270 811 105 46 
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1986 - 1989 30 12 60 30 11 8 

1990 - 1993 52 15 103 48 16 13 

1994 - 1997 66 16 89 18 60 13 

1998 - 2001 65 18 102 72 20 15 

2002 - 2005 38 10 59 53 15 12 

2006 - 2009 30 13 84 39 17 13 

2010 - 2013 29 12 89 32 13 9 

2014 - 2018 23 10 88 22 8 6 

We collected reference data on change/no-change and the year of change for all samples of 

the first and second step. This information was manually collected directly from the satellite 

imagery based on visual interpretation. This was supported by two datasets, provided as 

image chips: 1) the time series of annual mNDVI values as used for the CAT analysis, and 

2) the reflectance spectrum of the Landsat acquisition for which the mNDVI was calculated 

within each year. The first allowed for a plausibility check of the year-of-change detection. 

The second provided spatial and temporal context on the surface and its surroundings. 

Change was labeled if vegetation was permanently replaced by an impervious structure, 

indicated by no, little or very slow increase of the mNDVI after sudden vegetation removal. 

The validation did not assess the quality of the underlying strata, as the quality of building 

types and infrastructure area was reported previously (Haberl et al. 2021b; Frantz et al. 2021; 
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Schug et al. 2021b). During labeling, a labeling uncertainty was assigned to each sample. 

Locations with a high labeling uncertainty were re-assessed by another interpreter. 

3 Results 

3.1 Validation of change maps 

After labeling, 2.5% of the samples were manually excluded, as they were erroneously 

placed on permanently non-built-up surfaces. These errors originated from the reference 

material stocks map for 2018 and cannot be ascribed to the change analysis. In the first step 

of the validation strategy, 92.1% of all change samples and 95.3% of all no-change samples 

were correctly classified. With regard to step two, the share of correctly detected change 

years ranges from 85.1% for changes between 1998 and 2001, and 95.3% for changes 

between 1994 and 1997. For samples where a specific year of change was detected, the offset 

between the detected and the actual year of change was lower than one years. 

3.2 Material stock development and the German reunification 

Total material stock in Germany grew from 31.0 Gt in 1985 to 35.1 Gt in 2018 (+ ~13%). 

Building stocks grew from 18.8 Gt to 21.9 Gt (+ ~17%), and infrastructure stocks from 12.2 

Gt to 13.2 Gt (+ ~8%, Figure VI-3 A, DE_SUM). National annual stock growth is rather 

steady, with an average annual growth rate of 0.5% for total stock, 0.5% for building stock 

and 0.2% for infrastructure stock. At state level, stock growth is highly dynamic and 

differentiated. The growth of building stock during the whole period ranges from 7% in 

Berlin (DE_BE) to ~23% in Mecklenburg-West Pomerania (DE_MV), and the growth of 

infrastructure stocks ranges from 6% in Hesse (DE_HE) to 14% in Thuringia (DE_TH). 

Three major types of development stand out. First, among the 16 states, the city states Berlin 

and Hamburg as well as Saarland and Hesse (DE_BE, DE_HH, DE_HE, DE_SL) have a 

considerably lower growth of building (7 % to 13 %) and infrastructure stock (6 % to 8 %) 

than the German average. Second, large states in Western Germany experienced a steady and 

spatially homogeneous growth of both buildings (15% to 20%) and infrastructure (6% to 

8%). Third, states in Eastern Germany have a particularly high growth of infrastructure, with 

an acceleration after the Reunification in 1990 until the late 2000s and a subsequent 

deceleration. While the growth of buildings and infrastructure as well as in their sub-

categories is on a constantly low level in Western states, annual growth rates were higher in 

Eastern states (Figure VI-3). Here, annual building growth rates were twice as high as in 

Western states in the mid-1990s (Figure VI-3 B-1). Particularly, the growth of single-family 
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buildings is constantly higher (Figure VI-3 B-3), and commercial and industrial building 

stock (Figure VI-3 B-4) grew with up to 4 % per year. With regard to infrastructure (Figure 

VI-3 C-1), annual growth in Eastern states was consistently higher compared to Western 

states after 1990, with a constantly higher rate for roads (Figure VI-3 C-3) and a massive 

growth of other infrastructure such as parking lots right after 1990 (Figure VI-3 C-4).

Figure VI-3 Growth of Stocks. A Cumulative building and infrastructure stocks growth per state (incl. 

national sum) for each year until 2018 (base year 1985). One point = one year. See Figure 1 for state locations. 

Top: States in former W-Germany, Center: States in former E-Germany. B Annual growth rates (in percent) of 

stocks in buildings, and C in infrastructure as well as sub-categories in Western (blue) and Eastern (orange) 

states from 1986 to 2018. MF = Multi-Family housing, SF = Single-Family housing, CI = 

Commercial/Industrial buildings, No growth rates provided for base year 1985. German Reunification in 1990.

3.3 Spatial stock development patterns

From 1985 to 2018, material stock in different building and infrastructure types grew at

different rates. Stocks in single-family buildings grew from 10.4 to 11.4 Gt (+ ~9%), in 

multi-family buildings from 4.2 to 4.6 Gt (+ ~11%), in commercial and industrial buildings 

from 3.9 to 5.8 Gt (+ ~42%), in road infrastructure from 11.0 to 11.7 Gt (+ ~7%), in rail 

infrastructure from 0.42 to 0.44 Gt (+ ~6%) and in other infrastructure from 0.7 to 0.9 Gt (+ 

~32%). Figure VI-4 illustrates the density and relative development of stocks in 

municipalities in four example categories. Across the categories, patterns of stock 

distribution resemble, and are particularly concentrated in and around major agglomerations. 

North-East Germany features overall lower stock quantities. The patterns of commercial and 

industrial building stocks are more granular, with more abrupt transitions, than those of 

single-family buildings. Road stocks reveal an underlying structure of inter-city networks in 

otherwise rural areas. Rail stocks accumulated along axes between agglomerations. Since 

1985, there was considerable development in all categories (Figure VI-4). Single-family 

building stock grew across Southern and North-Western Germany. Additionally, growth 

occurred in and around densely populated places (Figure VI-4). Commercial and industrial 
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building development was regionally more balanced, with particular hotspots in all parts of 

the country. Development was stronger in Eastern Germany in the first period, around and 

after the reunification in 1990. Road stocks grew along major axes, particularly in Eastern 

Germany until the mid-2000s. 

 

Figure VI-4 Stock Maps. Material stock density (Kt/km²) in 2018 and growth (%) in three selected periods in 

Germany in four example categories (single-family buildings, commercial and industrial buildings, roads and 

rails). Data for 2018 from Haberl et al. (2021). All other years from this work. Red: Former Border between 

East- and West-Germany. Regular time steps of 11 years. German Reunification in 1990. 
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3.4 Population 

Total population in Germany grew from 79.5 million in 1985 to 83.2 million in 2018 (Federal 

Stat. Office 2021). Population across Southern and Western federal states grew between 11.9 

% (DE_RP) and 18.6 % (DE_BW), with a growth of 19.2 % in the formerly divided capital 

Berlin (DE_BE). In states of former East Germany, population decreased between 6.7 % 

(DE_BB) and 27.3 % (DE_ST), including a fairly sharp drop between 1990 and 1993 and a 

subsequent constant decline. Population density in 2018 was highest in and around major 

agglomerations, such as the Ruhr District (Figure VI-5 [a]), along the Rhine valley (Figure 

VI-5 [b]) and the three city states (Figure VI-5 [c]). North-East Germany has an overall lower 

population density. Interestingly, overall population growth did not primarily occur where 

population density was high already (Pearson’s r = 0.01). While growth or decline were 

spatially rather homogeneous in some states, others experienced a spatially more unbalanced 

development (e.g. DE_NI, DE_RP). In Brandenburg (DE_BB), for example, growth focused 

on the periphery of Berlin, DE_BE). 

 

Figure VI-5 Population Density Maps. Population density (cap./km²) in 2018 and population change (%) in 

three selected periods in German municipalities. Data for 2018 from Schug et al. (2021), all other years from 

this work. Blue/Red: Former border between East and West Germany. Regular time steps of 11 years. German 

reunification in 1990. 

3.5 Material stock and population 

Material stock and population are generally correlated on a municipal level. We find, that 

over the entire 33 years, population density strongly correlates with a high building-to-

infrastructure stock ratio (from 1985 to 2018, all municipalities, Pearson’s r = 0.82, R² = 

0.75), indicating a higher share of buildings compared to infrastructure stock in densely 

populated areas. Population density is also strongly correlated with a high multi-family-to-

single-family building stock ratio (Pearson’s r = 0.80, R² = 0.65), indicating that higher 

population density can be found in areas with more of multi-family compared to single-

family buildings. Interestingly however, the growth of building and infrastructure material 
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stock is not correlated to population density (Pearson’s r = 0.10, R² = 0.0063), indicating that 

stock growth primarily occurs in areas with lower population density, a phenomenon often 

discussed as “urban sprawl”. 

Material stock per capita is highly variable on a local level (Figure VI-6). While there is 

important growth of stocks per capita in Eastern Germany (e.g. building stocks in Thuringia, 

DE_TH, of 217 t/cap in 1985 and 322 t/cap in 2018), development is rather slow in Southern 

and Western states. Some feature clear gradients, particularly expressed in infrastructure per 

capita, with lower stock in urban and higher stock in rural areas (e.g. Baden-Wurttemberg, 

DE_BW, Hesse, DE_HE). Densely settled regions show little development (e.g. Berlin, 

DE_BE, infrastructure stock of 32 t/cap in 1985 and 28 t/cap in 2018). 

 

Figure VI-6 Material Stock per Capita Maps. Material stock per capita in buildings (top) and infrastructure 

(bottom) per municipality in four different years. Red: Former Border between East- and West-Germany. 

Regular time steps of 11 years. German Reunification in 1990. 

Figure VI-7 shows the development of building and infrastructure stock per capita in all 

municipalities in Western and Eastern federal states in 1985 and 2018 for population density 

classes. While infrastructure stocks per capita are strongly related to population density (i.e. 

higher stocks per capita in municipalities with lower population density) in both Western and 

Eastern states, this relation is less pronounced for buildings. The lowest observed stocks per 

capita across all municipalities in 2018 (> 300 inhabitants/km²) are ~125 t/cap for buildings 

and ~100 t/cap for infrastructure. Stocks per capita in both categories are temporally stable 
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in Western states with only slight changes in median values. However, stocks per capita are 

increasing in Eastern states, resulting in higher building stocks per capita compared to 

Western states in 2018, and converging infrastructure stocks per capita.

Figure VI-7 Building and Infrastructure Material Stocks by Population Density. Building (top) and 

infrastructure (bottom) stocks per capita in Western (left) and eastern (right) federal states. Boxplots represent 

stock values of all municipalities in 1985 and 2018 (boxplot color). Population density (x-axis) represents the 

upper boundary of the boxplot bins, e.g. 500 for all municipalities with a population density between 400 and 

500. X-axis not to scale below 100 and above 1,000 (scale changes divided by dashed blue vertical lines). n 

refers to the number of municipalities per bin in 2018. n for 1985 might differ.

4 Discussion

4.1 Methodology

Our modified CAT transform is a robust and straight-forward approach to create annual 

change masks. It requires comparatively little data, particularly when using the mNDVI, as 

only one annual observation during peak vegetation is required. The accuracy of the 

change/no-change as well as the year-of-change detection is very good, and comparable to 

results presented in Hird et al. (2016) for mapping urban expansion in Canada. Validation 

followed an established scheme, but used a slightly modified approach to facilitate data 

handling. The two-step validation, allowed a manageable procedure with a moderate number 

of samples, while a single-step approach would have resulted in an enormous number of 

points when respecting the requirements for an area-proportional sampling. This is also why 

we conflated years into groups, which also seems sensible because building and 

infrastructure stocks change relatively slowly. The quality of the results is also directly linked 

to the quality of underlying maps used to create the initial material stock and building volume 
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map. Those showed low to moderate errors, albeit with potential over-estimations of material 

stocks compared to other studies (reported in Haberl et al. 2021b). 

This novel application for mapping stock changes did not account for, firstly the demolition 

and removal of stocks, nor secondly the shift between stock types due to demolition, 

replacement and renovation, which occurred before the year 2018, for which the baseline 

stock mapping was developed. Accounting for net removals and shifts between stock types 

would require information about historic built-up types, instead of maps that are based on 

net accumulation and change until a given baseline year. In our study, material stock 

replacement could have a general impact on the results across the whole area, but particularly 

in East Germany, where building stock was comprehensively modernized after the 

reunification. Demolition could have a particularly large impact in municipalities in East 

Germany, where building structures were demolished subsequent to population decline 

caused by de-industrialization after 1990. Additionally, the analysis did not account for 

underground infrastructure. 

This work used state-level census data for a 30m resolution population grid for all years. 

However, the quality of population grids was affected by census inconsistencies. For 

example, German census data were adjusted in 2011, resulting in sudden population drops 

in almost all states because population statistics were only propagated from the 1986 census 

in West Germany and the 1995 building census in East Germany (Federal Stat. Office 2019) 

until 2010, showing a relevant difference to actual demographics. Additionally, population 

statistics in former East Germany had been subject to manipulation before 1990 (Lippe 

1996). 

As this workflow used data derived from freely available and globally consistent data, we 

consider it to be transferable to environments around the world. It can also be used with any 

other current and future spatially explicit material stock or population map. The CAT 

approach requires a careful consideration of possible historic data gaps if only few 

acquisitions, or acquisitions distant from the peak vegetation, are available in the time series, 

but is a very robust approach where the removal of vegetation implies stock development. 

In principle, one data acquisition after the removal of vegetation in the respective year would 

suffice to detect change. Generally, the quality of the CAT analyses will increase with 

increasing length of the time series (compare Figure VI-2A), leading to stable results when 

using data since the mid-1980s. For an accurate understanding of the relationship between 

population and stocks, a high temporal density of available census data is desirable. Further 

refinements to underlying material stock data in the future, for example by also integrating 

material intensity factors by age class, could make this approach an independent alternative 
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to inflow-driven stocks modeling over time. Further research could explore, how well such 

stock estimates could be used to derive spatially-explicit estimates of material flows from 

construction, maintenance and demolition. This workflow can also contribute to future 

Long-Term Socio-Ecological Research (LTSER, Singh et al. 2013), as it helps downscaling 

the SEM to the pixel level. Moreover, it offers the possibility to quantify the emergence of 

resource-gobbling patterns, for example as a basis to analyze changes in social practices 

(Haberl et al. 2021a) in response to infrastructure changes, as well as the emergence of risk-

prone infrastructures, for example in Alpine regions. 

4.2 Material stock and population 

Results are affected by the quality of the change analysis, uncertainties in the validation 

procedure, the quality of the initial material stock map for 2018 (quality reported in Haberl 

et al. 2021b), the quality of the adopted method for population mapping (potential errors 

reported in Schug et al. 2021b) and other assumptions. With 0.5% per year, the growth of 

material stock reported in this study is on an overall lower level compared to inflow-driven 

studies in other industrial countries (e.g. 0.8% to 1% in the 2000s in the UK, Streeck et al. 

2020, or 1.2% after 2010 in the industrial old world, Wiedenhofer et al. in rev.). While 

reference data on commercial and industrial buildings is not available, we compared 

residential building stocks to official building statistics (Deutsches Statistisches Bundesamt 

2021). The latter report an increase of dwellings of ~27% in Germany between 1987 and 

2018, which is considerably more than the ~10% growth of single- and multi-family 

buildings reported in this study. Knowing that both are not perfectly comparable because of 

different units of measurement, potential reasons for this discrepancy are that in contrast to 

our study, official statistics record building type conversion and replacement, densification, 

or extensions and adding floors to existing buildings. Additionally, the building type 

classification used in this study tends to classify inner-city mixed-use buildings as 

commercial buildings, even though they could have a relevant residential function. Being 

the first of its kind, this work provides first estimates for an encompassing independent 

approach to material stock mapping. However, we underline that further research will be 

required to understand the impact of uncertainties within the used data and methods to 

dynamic material stock monitoring. We are confident that possible inaccuracies in total 

material stock development do not affect spatial patterns. 

The urban-rural gradient 

Material stock and population distribution and dynamics show distinct regional patterns. 

Although they are concentrated in and around large cities, both do not grow most where 
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population density is high. While population growth can be observed in all landscapes, 

building stocks grew stronger in suburban and rural areas than in urban centers. Commercial 

and industrial building stocks do not seem to follow such a spatial-temporal pattern. Patterns 

are slightly different for mobility infrastructure, where growth is represented by network 

structures connecting major agglomerations. Results suggest that material stock growth in 

Germany is primarily represented by sprawl, and not by an ongoing spatial concentration or 

densification of stocks. Acknowledging the lack of stock replacement or vertical building 

growth in our study, this statement would, however, require verification in further research. 

Results also suggests that there is a minimum quantity of stocks per capita required for 

humans living in a highly industrialized society like Germany, as no municipality has a 

building stock below ~180 t/cap. This also applies to infrastructure stocks, but only above a 

population density of 300 cap./km². 

East and West Germany 

While material stock per capita in Eastern federal states of Germany are considerably lower 

in 1985 (Figure VI-6, Figure VI-7), we found evidence for important catch-up effects after 

the reunification compared to Western federal states. This is represented by higher growth 

rates in nearly all stocks types (Figure VI-3). Building stocks and other infrastructure grew 

rapidly in the 1990s, after the reunification, and a high-resolution map shows that this was 

partly caused by the construction of many suburban mall-like commercial structures and 

modern industrial parks, present in West Germany decades earlier. The increase of stocks 

per capita in Eastern states after 1990 compared to Western states might be caused by three 

overlapping developments: 1) the higher growth of single-family housing, 2) the massive 

growth of commercial and industrial buildings and 3) the population decline. While this 

could be interpreted as Eastern municipalities becoming less stock efficient over time, we 

have to note that Eastern Germany is suffering from substantial migration, leaving buildings 

and infrastructure abandoned and under-used, which is characteristic for shrinking societies 

and indicates large potentials but also substantial limitations for recycling and a more 

circular built environment (Schiller et al. 2017a). 

5 Conclusion 

This study provides annual data on material stock and population dynamics based on 

consistently available Earth Observation data. It presents a workflow for a wall-to-wall 

approach that maps the development of different stock types at high spatial resolution. 

Material stock and population patterns and dynamics in Germany follow both an urban-rural 
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gradient and an East-West divide. It seems that there is a minimum amount of building and 

infrastructure stock required, and that growth of material stock primarily occurs caused 

through by sprawl. The German reunification in 1990 had a major impact on population and 

stock development, specifically in East Germany. We consider this approach promising to 

bridge the gap between spatially explicit, but temporally static high-resolution stocks-driven 

maps and inflow-driven material stock modeling that is temporally dynamic, but bound to 

administrative units providing statistics. Compared to nighttime light approaches, it provides 

detail on stocks types and their relation to population. The approach is in principle 

transferable to other world regions, and its workflow allows the modular implementation of 

additional or alternative datasets, if available. As a proof-of-concept study, this research 

requires further insights into map uncertainties and local quality variations, but contributes 

to an advanced understanding of the high-resolution stocks-flow-service nexus. It offers an 

alternative to established modeling approaches with a novel high-resolution historic 

dimension. 
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1 Summary 

In the context of the Anthropocene, ongoing global (climate) change and all its implications 

on a planetary scale, settlements are a key component for humanity to act and react. A 

spatially explicit and high-resolution representation of settlements is essential to understand 

their immediate and indirect effects on people and the environment. This includes mapping 

horizontal and vertical settlement structure, their composition, their dynamics, but also the 

distribution of population and material stocks, two key elements of SEM research, that both 

describe long-lived resource requirements in buildings and infrastructure. Buildings and 

infrastructure provide services to people, but have manifold environmental and societal 

implications and create pathway dependencies for future development. 

Earth Observation (EO) is a valuable tool to systematically map settlements. This work 

developed an innovative framework for a multi-dimensional settlement mapping, including 

patterns and dynamics of structural characteristics, population and material stocks at national 

scale and 10 - 30 m spatial resolution with multi-source EO data, and finished with a multi-

temporal application. It presented thematic and methodological advances and responded to 

1) requirements for the high-resolution allocation of resources in SEM research, for example 

in the stock-flow-service-practice nexus (Haberl et al. 2021a) and 2) future requirements of 

settlement mapping with EO data in general (e.g. Wentz et al. 2018; Zhu et al. 2019). 

Germany was a very suitable study region to establish the framework, with specific benefits 

and challenges across all chapters. For example, large urban-rural gradients from 

agglomerations to small villages, and environmental gradients with regard to elevation or 

vegetation types from alpine to marine regions, were a challenge to land cover fraction 

mapping in Chapter II. A good availability of 3D reference building models was a benefit 

for training building height models in Chapter III, and encompassing census data across 

multiple administrative scales facilitated the proof-of-concept work in Chapter IV. 

Historically, the German Reunification was a key component of Chapter VI. 

In the following, the core findings of the preceding chapters (II – VI) are summarized with 

regard to the research objectives formulated in Chapter I: 

Research Objective 1: Develop decameter resolution information layers of the multi-

dimensional physical structure of settlement environments, including sub-pixel settlement 

and vegetation extent, building height and building types. 
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This research objective focused on an advanced mapping of the multi-dimensional physical 

structure of settlements, namely land cover composition, building height, and type, as a 

foundation for following chapters, but also as an original contribution to research in the 

respective fields, using innovative methods of EO image analysis.  

Chapter II addressed the heterogeneity of land cover in settlements, i.e. the abundance of a 

variety of surface types, and many small objects. The study implemented a machine learning 

regression approach to map sub-pixel fractions of built-up surfaces and infrastructure, 

woody vegetation, non-woody vegetation, and, later, water, with Sentinel-2 A/B imagery 

across the whole study area. The novelty was to combine the concept of synthetically mixed 

training data and spectral-temporal metrics from image time series data. The first facilitates 

the generation of training data for spectral unmixing, as no reference mixtures are required 

for training, and the latter facilitates the process of selecting suitable imagery for the analysis 

by statistically aggregating all cloud-free observations within the time series. While the study 

achieved good results at 20 m spatial resolution (MAE 0.13 – 0.18 for the different surfaces), 

mapping quality at 10 m resolution was inferior, possibly due to co-registration shifts in 

Sentinel-2 A/B imagery. The results could be improved with the synergistic use of Sentinel-

1 A/B SAR and Tasseled Cap components in areas where bare soil could be spectrally 

confused with built-up impervious surfaces (e.g. vineyards or open mining). Results showed 

that country-wide high resolution multi-class sub-pixel land cover mapping is possible with 

very little, synthetically created, training data and aggregated image statistics.  

Chapter III addressed the vertical component of settlements. This study used texture data 

from Sentinel-1 A/B and Sentinel-2 A/B spectral-temporal metrics to estimate building 

height with a Support Vector Regression approach at 10 m resolution. The study used the 

seasonal shadow effect in the sun-synchronous Sentinel-2 A/B data and the sensitivity of 

Sentinel-1 A/B SAR data to surface roughness and generated different image texture features 

with a radius of 50 m. The novelty was the use of building shadows in optical decameter 

resolution imagery and the very fine resolution map at a large spatial extent. Results 

indicated that both radar-only and optical-only models could predict building height, but the 

synergistic combination of both data sources lead to superior results. The frequency-

weighted RMSE of height was 2.9 m to 3.5 m. Reference data for training and validation 

originated from official 3D building models. This study provided the first national-scale fine-

resolution building height map from freely and openly available satellite data. In the 

following, combined maps from Chapter II and III were used to determine building volume 

as an input to material stocks and population mapping.  
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Chapter IV addressed building type classification, i.e. the question of building purposes. The 

study used random forest classification to distinguish four building types, i.e. single-family 

and multi-family residential buildings, commercial/industrial buildings and lightweight 

buildings, with opening and closing texture metrics from Sentinel-1 A/B and Sentinel-2 A/B 

spectral-temporal metrics. The approach is based on the idea that building types can be 

approximated by the structure of the neighboring environment. For example, single-family 

residential neighborhoods are characterized by many small built-up structures with abundant 

vegetation in-between. Prediction accuracy was good (81.4%), but particular challenges 

remained in areas with many mixed-use buildings or special-use structures, for example 

schools. In the following, maps from Chapter IV were used to characterize material stocks 

in buildings and to determine the potential location of population. 

Research Objective 2: Develop spatially explicit wall-to-wall information on material stocks 

and population, two key components of the socio-economic metabolism, from Earth 

Observation data. 

This research objective focused on mapping patterns of material stocks and population at 

decameter spatial resolution in one point in time using methods of spatial analysis. 

Chapter IV mapped gridded population at 10 m resolution based on previous maps of 

building area, height and types. It presented a systematic analysis of the impact of different 

settlement dimensions on gridded population estimation using dasymetric mapping on 

different spatial scales. Dasymetric mapping re-distributes census population to finer scale 

grid cells based on weighting layers. Compared to using a binary settlement presence layer, 

i.e. an equal weighting of grid cells, a building type classification particularly improves 

results on a local level, as population is no longer allocated to industrial areas. Building 

density and, particularly, volume (i.e. area and height) considerably increased mapping 

quality with regard to regional discrepancies by largely eliminating the systematic 

underestimation in dense agglomerations and overestimation in rural areas. Together with 

data on living floor area per capita, building density, type and volume are also suitable to 

produce accurate large-area bottom-up estimates, i.e. without a prior knowledge of census 

data. The novelty was the use of consistently derived multi-dimensional settlement layers 

for population mapping, and in quantifying their impact on mapping quality. Additionally, it 

presented a workflow for accurate bottom-up population mapping on a municipality level, 

an approach highly promising for areas where census data is scarce. Results were used to 

quantify population and per capita material stocks over time in Chapter VI.  



Chapter VII 

157 

Chapter V addressed the need for a spatially explicit high-resolution representation of 

material stocks. It used previously created data on building area, height and types as well as 

infrastructure data from OpenStreetMap to map material stocks at 10 m spatial resolution. 

In combination with material intensity factors, i.e. data on typical quantities of materials per 

m³ of building and m² of infrastructure, maps of 13 materials in five building types and 21 

infrastructure types were created. The total mass of buildings and infrastructures in Germany 

in 2018 amounted to ca. 38 Gt, which corresponds to ca. 450 tons per capita. The highest 

quantities can be found in concrete and aggregates. This study presented an innovative and 

alternative approach for broad-scale material stock mapping as compared to approaches 

using cadaster-based or nighttime light data. Results were used to estimate absolute and per-

capita material stocks over time in Chapter VI. 

Research Objective 3: Assess spatial-temporal dynamics of material stocks and population 

using Earth Observation time series imagery. 

This research objective focused on the spatial-temporal dynamics of material stocks and 

population using time series analysis of satellite image time series. 

Chapter VI implemented a Change-Aftereffect-Trend analysis using Landsat imagery from 

1985 to 2020. Based on a set of criteria, abrupt changes in a time series of maximum NDVI 

values were interpreted as building activity, and annual binary masks of change were created 

for each 30 m pixel of the whole study area. Material stocks map for 2018 from Chapter V 

were then masked in and annual backwards iteration from 2017 to 1985. At the same time, 

annual census data were used together with annual maps of building volume, derived from 

Chapter IV, in order to create annual gridded population maps with dasymetric mapping. The 

study found that material stocks in Germany grew by ca. 13% and population by ca. 4% in 

the specified period. Particular differences in spatial-temporal patterns could be observed 

along an urban-rural gradient. While urban areas require a lower quantity of infrastructure 

stocks per capita compared to rural areas, there is no such tendency for buildings. There is, 

however, a consistent minimum of ca. 125 tons per capita of building stocks from rural to 

urban areas. Building stocks grew stronger in suburban and rural areas than in urban centers, 

indicating that settlement growth in Germany is characterized by sprawl, not by 

concentration and densification. Additionally, differences in material stock development 

stand out between federal states of West and of former East Germany. While West German 

states showed a slow, but continuous growth of stocks, East German states featured a rapid 

growth of stocks after the reunification in 1990, particularly in infrastructure. Furthermore, 

there was an important increase in overall stocks per capita in East German municipalities, 

caused by a rapid growth of single-family homes and commercial / industrial buildings after 
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the reunification, as well as population decline. Although the results were evaluated as very 

good, with a very reliable change analysis, over- or underestimation of growth could not be 

ruled out due to conceptual challenges, for example the omission of stocks demolition and 

replacement and underground structures. 

2 Conclusion 

The core research chapters of this work, according to the overall objective, established a 

framework to increase the spatially explicit understanding of material stocks and population 

distribution and dynamics at high spatial resolution and on a national scale by means of 

multi-dimensional settlement mapping with multi-source Earth Observation data. Based on 

the results, three major crosscutting insights emerged that address the overarching goal of 

this dissertation: 

• Operational decameter resolution optical and radar sensors have, despite the 

important previous achievements in the field, great potential to further advance 

multi-dimensional settlement structure mapping by means of machine learning 

algorithms. This work presented methodological innovation in mapping physical 

properties of settlements and building use. Information derived from dense intra-

annual time series imagery, such as texture metrics, spectral-temporal metrics or 

synthetically generated training data, contributes to an accurate high-detail 

understanding of settlements as a continuous space and facilitates large area mapping 

(i.e. at national level). Given intra-annual data consistency, a data-sparse multi-

annual time series can be used to approximate historic developments. The synergistic 

use of optical and radar data increased the quality of multi-class surface type mapping 

and of vertical building structure along the complete urban-rural gradient. This work 

responded to five of the six fundamental aspects of urban form to be focused on in 

the future in Wentz et al. (2018) (Human constructions, Soil-Plant continuum, 

Surface waters, Dimensionality, Spatial pattern) and to major requirements of 

acknowledging urban heterogeneity and multi-dimensional urban form formulated 

in Zhu et al. (2019). 

• Accurate and detailed multi-dimensional settlement structure mapping is an essential 

pre-requisite for a reliable spatially explicit assessment of material stock and 

population. Consistent underlying information layers are the basis for an accurate 

relation of both in the context of socio-economic metabolism research. Material stock 

and population maps benefit from potentially global datasets and from a 
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quantification based on physical settlement properties and characterization. This 

study presented an approach to considerably improve the quality of gridded 

population maps by integrating large area and high-detail maps on vertical building 

structure, and brought spatially explicit material stock mapping to a new level to 

increase the understanding of processes shaping the Anthropocene. It responded to 

the requirements of spatially explicit high-resolution approach to material stock 

quantification (Haberl et al. 2017). 

• Material stock and population development are highly dynamic across space and 

time. This study underpinned that a high-resolution and high-frequency monitoring 

of material stock and population is urgently needed to represent local variability, and 

showed that information from multi-annual optical and radar Earth Observation time 

series imagery can make a game-changing contribution, particularly to material stock 

mapping. The example of Germany showed that the historic development of long-

lived resource use can be driven by urban-rural gradients or political upheavals that 

cannot be represented by an aggregated national perspective such as in inflow-driven 

modeling. This study responded to the one of the six fundamental aspects of urban 

form in Wentz et al. (2018) (Time), to the requirement of dense historic population 

data (Leyk et al. 2019) and to the requirement of an annual monitoring of settlements 

(Zhu et al. 2019). 

3 Outlook 

The 21st century will, most likely, be a century of dramatic environmental and societal 

change in many parts of the world. Earth Observation provides methods and applications 

that contribute to societal core tasks, such as mitigating unwanted change, managing 

transformation processes and securing human well-being in a more sustainable future. While 

these tasks will require a holistic understanding of the status of and processes on the Earth’s 

surface, this work particularly focused on quantifying structural elements of settlements, 

population and material stock distribution. Settlements are places where people demand and 

interact with services. As such, they have manifold implications on the socio-economic 

metabolism and play an essential role in the early, recent, current, and future Anthropocene. 

This research is embedded in and contributes to a vivid research landscape, and provides a 

promising basis for further research:  
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Data 

The regional focus of this proof-of-concept work was Germany. However, data availability 

is already rather good in the area. This is why a workflow transfer to other world regions, 

where dynamics are also much faster, should be of particular interest in further research, for 

example because of their rapid population growth (e.g. in Africa, UNDESA 2019), or their 

massive growth of material stock (e.g. China, Wiedenhofer et al. in rev.). Although the 

presented approach is based on globally consistent data, particular challenges can arise with 

regard to this, including, for example, challenging environmental conditions for land cover 

fraction mapping (e.g. in semi-arid areas, Stefanov et al. 2001), insufficient reference data, 

a high structural similarity between building types, or a lack of material intensity data. 

Transferability also include aspects of Earth Observation data availability. This work 

benefitted from a rather good availability of Sentinel-1/2 and Landsat data. The approach, 

however, requires a dense intra-annual image time series, that allows to derive distinct 

spectral-temporal metrics. This could particularly become an issue in regions with abundant 

cloud cover. Here, a stronger role of cloud-penetrating Sentinel-1 data should be further 

considered. With regard to historic analysis, the approach is comparatively robust towards 

data-sparsity, because theoretically, only one observation close to the peak of the vegetation 

season is required to generate annual change masks. However, data gaps in the Landsat 

archive in the 1980s and 1990s can be a challenge, even in countries with good data 

availability. The usefulness of implementing additional historic data sources, also at lower 

spatial resolution, such as early SPOT or MODIS data, could be researched. With regard to 

the temporal scope, an extension of the approach, for example using Landsat MSS imagery, 

dating back to 1972, or earlier imagery such as Corona, should be subject to further research.  

In the future, data gaps in optical decameter resolution imagery are expected to become rarer, 

particularly after the launch of Landsat 9 (expected in September 2021) and its combination 

with Landsat 8 and the Sentinel-2 constellation. Currently, the Harmonized Landsat and 

Sentinel-2 (HLS) data cube provides analysis-ready data ca. every three days already 

(Claverie et al. 2018). Research will be required if a denser time series could allow for a 

more frequent monitoring, also capturing short-term change processes. The trend towards 

more sensors and sensor types in space will persist in the future. In general, future research 

should consider the availability of additional datasets, such as from recent or upcoming 

hyperspectral missions (e.g. PRISMA, Loizzo et al. 2018, or EnMAP, Guanter et al. 2018), 

LiDAR missions (e.g. GEDI, Coyle et al. 2015) or cubesat missions (Poghosyan et al. 2017) 

for settlement structure mapping and derived parameters. A particular research focus should 

also be on how uncertainty can be handled in a modular workflow that, in principle, allows 
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to replace data at any point of the processing chain. That relates to products from innovative 

methods such as deep learning for building detection or characterization (e.g. Microsoft 

2018; Corbane et al. 2020; Rosentreter et al. 2020). 

Applications 

This work presented the first spatially explicit map of material stock and its relation to 

population at high spatial resolution. Further research should include the continuous 

improvement of the workflow and datasets, for example considering mixed-use building 

types, generating more accurate building area maps, implementing demolition and 

replacement in the historic data, assessing differences to other spatially explicit studies in 

the field, or quantifying spatial patterns. 

Future research should consider the potential of the proposed workflows or the multi-

dimensional information layers of settlement structure, population and material stock maps 

to be integrated into global mapping frameworks, where building height and material stock 

do not yet play a relevant role, or where important improvements could be made with the 

here presented innovations. It will be exciting to see how the information, including 

vegetation, can also contribute to adjacent fields of research, such as urban ecology, where 

implications for ecosystem service demand and provision could be assessed with the here 

presented datasets, both within settlements (Kabisch 2015) and along the urban-rural 

gradient (Baró et al. 2017), or such as land system science, where the relation of material 

stock to biomass is of essential interest to assess the human impact on ecosystems (Elhacham 

et al. 2020). 

Beyond this, the, now possible, cross-scale understanding of material stocks and population, 

from pixel to national level, should become an inherent part of socio-economic metabolism 

research. Bridging the gap between inflow-driven and stock-driven assessments, future 

research should establish specific links between material stock distribution and development, 

and local changes in socio-economic variables and well-being. In addition, the potential of 

this method to contribute to circular economy research (Haas et al. 2020), e.g. by identifying 

future material recycling options, should be better understood with the help of the historic 

approach. A spatial high-resolution perspective on stocks and population should be 

integrated into the recently developed stock-flow-service-practice nexus (Haberl et al. 

2021a). It could, once refined, become an independent source for material flow accounting, 

and contribute to international research sites, such as in the Long Term Socio-Ecological 

research framework (Singh et al. 2013). 
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Bringing together the multi-dimensional characteristics of settlements including a high-

resolution perspective on population and material stock mapping in an approach that bridges 

disciplinary boundaries is a major step towards understanding the relation of resource 

requirements to human well-being and will be essential to develop pathways to a more 

sustainable future, to facilitate societal transformation, to enable fundamental resource use 

patterns, to manage specific challenges of urban and rural living environments, that means 

to encounter the complex challenges of the Anthropocene. 
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