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Abstract 

Cities worldwide are struggling with environmental challenges and climate 

change-induced hazards, including flooding, heat waves and droughts. Defining 

more resilient urban development strategies requires access to spatial 

information providing a detailed description of the biophysical state of the urban 

environment. This information is needed to better understand and quantify the 

benefits of regulating ecosystem services. Urban planning must also envision 

possible urban futures and assess impacts of planning decisions on the quality 

and sustainability of the urban ecosystem. This PhD research addresses these 

topics by exploring the potential of satellite remote sensing and spatiotemporal 

modelling for assessing land-cover related impacts of urban growth, focusing on 

a case study for Brussels and Flemish Brabant. 

In the first part of this study, two state-of-the-art airborne remote sensing 

technologies, i.e. imaging spectroscopy and laser altimetry, are fused to produce 

detailed urban land cover maps. A synergistic workflow is proposed dealing with 

challenges in urban land-cover mapping related to within-class spectral 

variability and presence of shadows. The study demonstrates the added value of 

structural information derived from LiDAR in improving the distinction between 

spectrally similar urban material classes. This added value is reflected in an 

overall kappa increase from 0.80 to 0.87 and 0.65 to 0.69 (compared to using only 

hyperspectral imagery) for sunlit and shaded pixels respectively. To enable 

temporal monitoring of urban areas at the regional scale we investigate how 

airborne imaging spectroscopy can be used to calibrate models for assessing the 

biophysical composition of urban areas, using medium-resolution satellite data. 

Results show how the proposed approach could facilitate more automated 

processing of remote sensing big data, and this while yielding mapping 

accuracies that are similar or even slightly better than those achieved with a 

traditional training approach. 
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To address future urbanization, a multi-scale simulation workflow is 

developed that draws on historic remote sensing data, socio-demographic data 

and scenario analysis. The defined scenarios reflect alternative pathways for 

urban development, i.e. continuation of urban sprawl and sustainable 

densification. To predict environmental change, a novel Cellular Automata 

framework is proposed that models quantitative change in urban land cover at 

sub-cell level. As urban expansion is driven by residential and economic 

activities, spatial microsimulation and other modelling techniques are used to 

integrate these dynamics in the simulation workflow. Finally, a synthesis analysis 

is performed that predicts how each scenario outcome affects important water 

regulating ecosystem indicators, including infiltration, runoff and 

evapotranspiration. Our simulations predict increases in surface sealing that 

amount to 2.8% and 1.8% of the study area’s surface between 2013 and 2040, 

respectively for the urban sprawl and densification scenario. Correspondingly, 

both scenarios predict detrimental hydrological changes, that will very likely 

contribute to more and intenser flooding, drought, and heat waves. To envision 

a more sustainable future, an additional scenario is considered that combines 

urban densification with Blue-Green Infrastructure, which does seem to yield 

improved hydrological fluxes by 2040. 

The research demonstrates how integration of remote sensing and 

spatiotemporal simulation can contribute to the assessment of land-cover related 

impacts of urban growth and, as such, can assist planners and policy makers in 

analysing and comparing alternative urban development strategies. 

 



IX 
 





XI 
 

Samenvatting 

Wereldwijd kampen verstedelijkte gebieden met problemen die te maken 

hebben met meer extreme weersomstandigheden, gekoppeld aan 

klimaatsverandering, zoals overstromingen, hittegolven en droogte. Het 

definiëren van strategieën om de weerbaarheid van steden tegen deze risico’s te 

verhogen, vereist toegang tot ruimtelijke informatie die de biofysische toestand 

van steden in detail beschrijft. Deze informatie is nodig om regulerende 

ecosysteemdiensten beter te kunnen begrijpen en kwantificeren. Tegelijk moet 

stadsplanning rekening houden met alternatieve toekomstvisies op de evolutie 

van stedelijke ecosystemen en de voor-/nadelen van verschillende 

ontwikkelingsscenario’s kunnen afwegen. In dit onderzoek verkennen we het 

potentieel van teledetectie en ruimtelijke simulatie om de impact van 

landbedekkingsverandering gekoppeld aan stedelijke groei in te schatten. Hierbij 

focussen we op de casus van Brussel en Vlaams-Brabant. 

In het eerste deel van het onderzoek worden hyperspectrale teledetectie en 

laseraltimetrie gecombineerd om gedetailleerde stedelijke landbedekkings-

kaarten te produceren. Fusie van beide types van data laat toe een oplossing te 

bieden voor specifieke problemen in stedelijke kartering, waaronder de 

uitgesproken spectrale variabiliteit van stedelijke materialen en 

schaduwbedekking. De studie toont aan dat geometrische informatie afgeleid via 

laseraltimetrie een meerwaarde heeft in het accuraat in kaart brengen van 

spectraal gelijkaardige materialen. De voorgestelde karteringsmethode leidt tot 

een toename in de kappa accuraatheidscoëfficiënt van 0.80 tot 0.87 en van 0.65 

tot 0.69, respectievelijk voor belichte en beschaduwde pixels, t.o.v. enkel 

hyperspectrale beelddata te gebruiken. Vervolgens onderzoeken we hoe 

hyperspectrale teledetectie kan gebruikt worden in de kalibratie van modellen 

voor het karteren van de biofysische samenstelling van verstedelijkte gebieden, 

uitgaande van medium-resolutie satellietdata. De resultaten van deze analyse 

tonen aan dat deze aanpak voordelen biedt voor het automatiseren van 

beeldverwerkingsprocessen op basis van teledetectie big data. De voorgestelde 
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aanpak levert ook minstens een equivalente karteeraccuraatheid op in 

vergelijking met de traditionele kalibratiemethode. 

Om toekomstige verstedelijking te simuleren wordt een meerschalige 

modelkoppeling voorgesteld die vertrekt van historische satellietbeelden, socio-

economische data en scenarioanalyse. De gedefinieerde scenario’s stellen 

alternatieve ruimtelijke evoluties van stedelijke groei voor: versnippering en 

duurzame verdichting. Om omgevingsveranderingen te voorspellen wordt een 

nieuwe vorm van Cellulaire Automata ontwikkeld die toelaat om kwantitatieve 

verandering in landbedekking op sub-cel niveau te simuleren. Gezien 

verstedelijking aangedreven wordt door residentiële en economische 

activiteiten, worden ruimtelijke microsimulatie en andere modelleertechnieken 

aangewend om deze dynamieken te integreren in de simulaties. Tot slot wordt 

een syntheseanalyse uitgevoerd waarbij er nagegaan wordt hoe de beschouwde 

stedelijke groeiscenario’s water-regulerende ecosysteemdiensten zoals infiltratie 

en oppervlakteafstroming beïnvloeden. Onze simulaties voorspellen een 

bijkomende verharding van 2.8% en 1.8% van het studiegebied tussen 2013 en 

2040, overeenkomstig met een versnipperd vs. compact stedelijk groeiscenario. 

Beide scenario’s voorspellen dan ook een ernstige achteruitgang in de 

hydrologische toestand van het gebied, die naar alle waarschijnlijkheid zal 

bijdragen aan meer en intensere overstromingen, bodemwatertekorten en 

hittegolven. In reactie hierop wordt een alternatief groeiscenario voorgesteld dat 

door het compact groeimodel te combineren met Groene Infrastructuur er wel 

in slaagt om de hydrologische toestand te verbeteren tegen 2040.  

Dit thesisonderzoek toont aan hoe teledetectie en ruimtelijke simulatie 

kunnen bijdragen aan de monitoring/voorspelling van de ecologische impact van 

stedelijke landbedekkingsveranderingen, wat planners en beleidsmakers kan 

helpen in de analyse en onderlinge afweging van alternatieve stedelijke 

ontwikkelingsstrategieën. 
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Introduction 

1. Environmental challenges of the 21st 

century city 

The global urban population surged throughout the 20th and early 21st 

century (Figure 1). Whereas the 1950 rural population exceeded the urban more 

than twice, by 2010 the majority of people were living in urban areas (UN, 2019). 

The exponential urban growth and attenuating rural growth are projected to 

continue well into the 21st century, which is already called the ‘Century of the City’ 

(Nature, 2010). But what does urbanization mean for people and for the planet? 

Urbanization can be defined as a process in which the occupation of a population 

in an area shifts from agriculture to an industrial and service-oriented economy. 

This transition is accompanied by changes in lifestyle and consumption patterns, 

as well as an alteration of the physical environment in which natural elements 

are modified or replaced by artificial materials (Grimm et al., 2008; Gu, 2019; Gu 

et al., 2012). 

Global population growth, and urbanisation in particular, drove up demand 

for energy and resources, resulting in an unprecedented acceleration in 

anthropogenic Greenhouse Gas (GHG) emission and climate change (IPCC, 

2014a, 2013, 2001). The current global mean surface temperature is already 1° C 

warmer compared to the pre-industrial climate and will likely increase another 

0.5° by mid-century. The implications of global warming for life on this planet 

are vast. Some of the more severe threats include sea level rise, reduced 

agricultural productivity, widespread ecosystem disturbance and more extreme 

weather patterns (Hoegh-Guldberg et al., 2018; IPCC, 2014b). To better 

understand the impact of climate change on weather, consider the graph shown 

in Figure 2. As the average and variance of temperature distributions rises, we 

will experience much more hot weather and more extremely hot weather. 

Droughts and extreme rainfall events are predicted to become more frequent and 

intense (IPCC, 2001). 



2 
 

 

Figure 1. Evolution and predicted change of the global rural and urban population according to the UN Global Urbanization Prospects 
(UN, 2019). 
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Figure 2. Illustration of how climate change affects weather (IPCC, 2001). 
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Scientific interest in the relation between climate change and urbanization 

grew rapidly over the past decades, as cities are places that both strongly 

contribute to and are particularly affected by global warming, while at the same 

time holding potential solutions for these problems (Grimm et al., 2008). Two 

important topics that received much attention are urban water and heat. More 

extreme rainfall and expanding surface sealing increase the magnitude and 

frequency of river flooding in urbanized areas It is estimated that climate change 

and urbanization will progressively expose more people and economic activity to 

coastal and river flooding (Figure 3)(Gu et al., 2020; Hirabayashi et al., 2013; 

Kirezci et al., 2020; Kulp and Strauss, 2019). The Urban Heat Island (UHI) effect 

is another serious threat to urban viability. UHI is defined as the local heating 

effect arising from the biochemical and geometric properties of the urban 

environment, that make it capture more heat during the day and cool less during 

the night compared to nearby natural environments (Figure 4) (Lowry, 1977; 

Oke, 1973a). UHI can be lethal during heat waves when ambient temperatures 

are already high (De Troeyer et al., 2020; Lowe, 2016; Taylor et al., 2015). Extreme 

heat events are also predicted to become more common and severe over time 

due to global warming (Murphy et al., 2009; Yang et al., 2020). In the face of these 

climate change-induced risks, cities worldwide are struggling to increase their 

resilience and mitigate its impacts on their populations and infrastructures. A 

central question is how we can better spatially organize the urban environment 

for this purpose (Bertilsson et al., 2019; Fitria et al., 2019; Gago et al., 2013; Seto et 

al., 2014). 

2. Why planning matters 

Urban development is a spatially heterogenous process that sometimes 

unfolds itself in remarkably different ways, even within a narrow geohistorical 

scope. Figure 5 illustrates this with an example showing the physical 

manifestation of 1975-2015 urban development in Flanders (Belgium) and the 

Netherlands. This neighbouring region and country, respectively, are similar in 

many ways, including in physical geography, degree of socioeconomic  
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Figure 3. Predicted change in median 21st century 100-year flood frequency compared to its 20th century equivalent (Hirabayashi et al., 2013). 
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Figure 4. Illustration of the Urban Heat Island effect (Akbari, 1992). 

 



7 
 

 

Figure 5. Spatial distribution of 1975-2015 urbanization in Flanders (bottom) 
and the Netherlands (top) as derived from the Global Human Settlement Layer 

(Pesaresi et al., 2016b). 
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development and overall population density. The spatial distribution and 

expansion of their urban environments however differ greatly. Flanders displays 

an increasingly scattered settlement pattern with many lower density built-up 

patches whereas the Netherlands clearly focused its urban expansion around 

several dense clusters (Pesaresi et al., 2016b). In terms of spatial planning 

paradigms, Flanders can be considered an archetypical example of urban sprawl 

and the Netherlands of compact city development. Over the following 

paragraphs we address the historical context and characteristics of these 

planning paradigms, or lack thereof. 

The post-WWII Fordist model of U.S. and Western European economic 

development was characterized by deconcentrated urban expansion or 

suburbanization. This process was driven by an interaction of demographic 

transition, economic growth, liberal policy, rising private car mobility and the 

increasingly demanding consumption patterns of a market-oriented society 

(EEA, 2006; OECD, 2018a; Scerri, 2017). In the absence of strong government 

regulation, suburbanization gave rise to urban sprawl (Dieleman and Wegener, 

2004; Ewing, 2008), with Flanders being considered the most extreme example 

in Europe (EEA-FOEN, 2016; EEA, 2006) (Figure 6). The Flemish predisposition 

towards urban sprawl is rooted in its history, going back to 19th century decision 

making favouring rural residential development over more centralized 

urbanization (De Decker, 2011). 

The European Environment Agency (EEA) defines urban sprawl as ‘the 

physical pattern of low-density expansion of large urban areas, under market 

conditions, mainly into the surrounding agricultural areas’ (EEA, 2006). Urban 

sprawl may have supported economic development for a time, yet its longer-term 

negative impacts are legion. Urban sprawl simultaneously contributes to urban 

decay (Cullen and Levitt, 1999; Wade, 2017) and the spatial fragmentation of rural 

landscapes (Dupras and Alam, 2015; Miller, 2012; van Vliet, 2019), often at the cost 

of productive agricultural land (F. Liu et al., 2019; W. Liu et al., 2019). It stimulates 

private car use (De Vos, 2015; Van Acker et al., 2014), and by extension 

consumption of fossil fuels (Glaeser and Kahn, 2010), demand for extensive road  
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Figure 6. A Flemish landscape with urban sprawl. This image was downloaded from 

https://c2.staticflickr.com/2/1415/1388271106_eeaef57761_b.jpg. 

https://c2.staticflickr.com/2/1415/1388271106_eeaef57761_b.jpg
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infrastructure and, when the latter eventually becomes saturated, congestion 

(Ewing et al., 2018). Provision of public services and utilities in suburban areas is 

furthermore less efficient compared to densely populated urban areas 

(Carruthers and Ulfarsson, 2003; Hortas-Rico and Solé-Ollé, 2010). Overall, lower 

density cities contribute disproportionally to GHG emission compared to their 

more compact equivalents (Gudipudi et al., 2016; Lasarte Navamuel et al., 2018; 

Sovacool and Brown, 2010). 

In reaction to urban sprawl and urban decay, the planning ideal of the 

compact city gained more traction in Western countries during the second half 

of the 20th century. The term was first coined in (Dantzig and Saaty, 1973), and 

eventually became a cornerstone of European urban policy (EC, 1990). The 

Organization for Economic Development and Cooperation (OECD) describes 

the key characteristics of a compact city as ‘dense and proximate development 

patterns, urban areas linked by public transport systems and accessibility to local 

services and jobs’ (OECD, 2012). The Netherlands are a prime example of a 

Western European country that has early on adopted the compact city as a 

territorial development strategy and contributed significantly to its scientific 

foundation (de Roo, 1998; Dieleman et al., 1999; Mensink and van der Hoeven, 

2017; Nabielek, 2012)(Figure 7). 

The United Nations (UN) are a strong advocate of the compact city model. 

The UN claims that it reduces urban sprawl, improves resource and energy 

efficiency, stimulates use of lower impact transport modes and raises urban 

quality of life by providing more services and job opportunities within the city 

bounds (UN-Habitat, 2015a, 2015b, 2014, 2012, 2011). A growing body of scientific 

evidence supports these claims (Bibri et al., 2020; Bibri and Krogstie, 2017; 

Dieleman and Wegener, 2004; Hofstad, 2012; Mouratidis, 2018; Shi et al., 2016). 

At the same time there is an ongoing debate on whether compact cities are 

desirable and achievable (Burgess, 2000; Burton, 2000; Dempsey and Jenks, 2010; 

Westerink et al., 2013). Critics pose that some of the acclaimed benefits of the 

compact city are overstated or insufficiently supported by evidence  
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Figure 7. A landscape illustrating the clearer urban-rural delineation in the Netherlands. This image was downloaded from 

https://siebeswart.photoshelter.com/image/I0000WEoGF0CFVEE. 

.

https://siebeswart.photoshelter.com/image/I0000WEoGF0CFVEE
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(Ewing et al., 2018; Van Der Waals, 2000), that the concept focuses too much on 

form and too little on process (Neuman, 2005), that its implementation would be 

unfeasible or face too much societal resistance (Breheny, 1997; Gordon and 

Richardson, 1997) or that it would lead to an even more socially exclusive city 

(Burton, 2000; Smith et al., 2020). Others are concerned that the compact city 

model has not sufficiently addressed the need for climate change adaptation and 

disaster management (APEC, 2018; Dempsey and Jenks, 2010; Lin and Yang, 2006; 

Williams and Lindsay, 2007). 

3. Sustainable urban development 

3.1. Core principles 

The previous section clarified why urban sprawl is -or should be- considered 

an undesirable mode of urban development. Whereas the compact city model 

corrects many failings of urban sprawl, it raises new problems by concentrating 

more people in densely built-up areas. An important negative consequence of 

higher urban density is an increased exposure to climate change-induced 

hazards. Considering the trade-offs of urban planning in a climate change 

context, the idea of Sustainable Urban Development (SUD) is put forward. SUD 

is an interdisciplinary approach to urban planning and design, combining 

elements from natural, social and citizen science (Ahern et al., 2014; Haughton 

and Hunter, 2003; Niemelä, 2011; Wheeler and Beatley, 2014). Its key tenets are 

derived from the closely related concept of Sustainable Development (SD) 

(Brundtland, 1987; Meadows et al., 1972), and more precisely from the UN’s 

Sustainable Development Goal (SDG) 11, i.e. ‘make cities and human settlements 

inclusive, safe, resilient and sustainable’ (UN, 2015). In (Camagni, 1998), SUD is 

defined as a process that integrates the economic, social, physical and 

environmental subsystems of a city, with the intent to (1) guarantee the long-

term wellbeing of the population, (2) safeguard the possibility of development in 

the surrounding areas and (3) reduce the harmful effects of urban development 

on the environment. 
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Covering all aspects to SUD goes beyond the scope of this dissertation. 

What we do address in this study is the role of ecosystem thinking in 

contemporary urban planning. Mainly from the 90s onward, ecosystem thinking 

started to be perceived as a key component of sustainable urban planning and 

design (Alberti, 1996; EC, 1996a, 1996b), which eventually contributed to the 

establishment of a dedicated transdisciplinary research field called urban ecology 

(Alberti, 2008; McDonnell, 2011). Ecosystem Services (ES) play an important role 

in urban ecology, and are defined as the ensemble of amenities and resources 

provided by natural ecosystems that sustain human life (De Groot et al., 2002). 

Many types of Urban Ecosystem Services (UES) can be identified, including 

regulating ecosystem services like air filtration and wastewater treatment, as well 

as cultural ecosystem services like recreation and education (Bolund and 

Hunhammar, 1999; Maes et al., 2018). Yet coming back to the issues of urban 

flooding and UHI, in the following we will focus on the interacting UES that 

regulate hydrology and microclimate. 

3.2. Regulating ecosystem services 

Let us first shortly consider the elementary physics of hydrology regulating 

UES and how this pertains to soil, vegetation, surface waters and the built-up 

urban environment (Figure 8). We focus on two components of the hydrologic 

cycle called infiltration and surface runoff. Infiltration occurs when water enters 

the soil below the surface on which it precipitates on or flows over. For this to 

happen, said surface must consist of a (semi-)permeable material. If the amount 

of water accumulating on this surface during a given period exceeds its 

absorption capacity, surface runoff starts to form (Zhang et al., 2002). Runoff is a 

key contributor to urban flooding as it is the fastest part of rainfall to reach 

surface waters (Haughton and Hunter, 2003; Skougaard Kaspersen et al., 2017; 

Wheater, 2006). Reducing runoff by increasing infiltration, storage and retention 

(i.e. the ability to -temporarily- store water) reduces peak river discharge (Bell et 

al., 2016). Contrary to most artificial surface materials, vegetation and soil display 

strong infiltration and retention capacities (Pauleit and Breuste, 2011). Canopy 

firstly intercepts rainfall, slowing down throughput to the surface while retaining  
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Figure 8. Examples of heat and water regulating ecosystem (dis)services and some of their associated indicators for the main biophysical 
components making up the urban environment. 
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a portion in its leaves. Stems and plant litter form physical barriers that slow 

down surface runoff, while root networks and bioturbation associated with the 

presence of vegetation maintain soil porosity (Dingman, 2014; Illgen, 2011), thus 

increasing infiltration. Vegetated areas effectively act as rainfall buffers, first by 

absorbing excess water and then by gradually releasing it throughout periods of 

drought (EEA, 2015). 

Urban climate is controlled by its radiation and heat budget. The former 

describes how much solar irradiance is captured by various surfaces, depending 

on atmospheric conditions as well as the chemical and geometrical properties of 

each surface. The latter entails the balance of positive and negative heat fluxes 

through various surfaces during daytime and night-time conditions (Parlow, 

2011). Water evaporation, i.e. the transition of water from a liquid to a gaseous 

state below boiling temperature, plays an important role here. Since evaporation 

is an endothermic process, it effectively lowers urban canopy/boundary layer air 

temperature. Evapotranspiration is the sum of evaporation gained from 

vegetative transpiration and surface water evaporation (Dingman, 2014). The 

more water is present in the urban environment, the higher the potential for 

evapotranspiration under varying atmospheric conditions (Ampatzidis and 

Kershaw, 2020; Illgen, 2011). Vegetation is particularly important for urban 

climate regulation as it also provides shading. Canopy and plant litter form 

physical barriers that lower solar irradiation on their underlying and nearby 

surfaces, offering increased daytime thermal comfort and reducing loss of soil 

water (Akbari, 1992; Palme et al., 2020). Vegetated urban areas are generally 

observed to be cooler compared to more densely built-up areas (Dimoudi and 

Nikolopoulou, 2003; Shiflett et al., 2017). 

3.3. Blue-Green infrastructure 

From the above it should become clear that the spatial structure and 

biophysical composition of a city strongly influence its hydrology and 

microclimate regulating UES (Pauleit and Breuste, 2011). As awareness of the 

benefits of UES increased, scientists and city planners turned their attention to 
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Blue-Green Infrastructure (BGI) (Brink et al., 2016). Green infrastructure is a 

strategically planned network of natural and semi-natural areas with other 

environmental features designed and managed to deliver a wide range of 

ecosystem services such as water purification, air quality, space for recreation 

and climate mitigation and adaptation (European Commission, 2021). More 

recently, green roofs have become a popular green infrastructure (Mohapatra et 

al., 2020; Oberndorfer et al., 2007), which are especially interesting in denser 

urban settings where ground level surface availability is limited (Tian et al., 2012). 

The term blue infrastructure is used to denote infrastructures pertaining to water 

related UES. Blue infrastructure includes natural surface waters, i.e. ponds, lakes 

and streams, but also engineered structures such as permeable pavement (Scholz 

and Grabowiecki, 2007; Weiss et al., 2019), storage tanks and stormwater basins. 

From a regulating UES point of view, objectives of BGI include: (1) reduce 

the chance of rainfall events leading to urban flooding (Jia et al., 2015), (2) 

safeguard groundwater availability under changing rainfall patterns (Ghofrani et 

al., 2017; Sun et al., 2020), and (3) provide cooling and shading to increase thermal 

comfort during heat events (Palme et al., 2020; Tiwari et al., 2020). This list isn’t 

exhaustive, as there are many other ecosystem (dis)services to consider. 

Combining urban densification with green infrastructure is increasingly viewed 

as a desirable planning strategy for sustainable urban development, as it 

simultaneously addresses efficiency, quality of life and climate change resilience 

(Artmann et al., 2019; Bibri et al., 2020; Colding, 2011; Gaffin et al., 2012; Haaland 

and van den Bosch, 2015; Krellenberg et al., 2016; Munang et al., 2013; Navarrete-

Hernandez and Laffan, 2019; Russo and Cirella, 2018)(Figure 9). 

3.4. Translation to urban praxis? 

Despite mounting empirical evidence indicating the benefits of UES and 

BGI, certain challenges hamper the translation of science to decision support in 

urban spatial policy and planning. Most of these challenges originate from the 

complexities and uncertainties of urban ecology research, making it difficult for 

planners and decision makers to fully grasp its value or to integrate it in their  
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Figure 9. A Stockholm neighbourhood (Sweden) as an example of medium-density urban development with green and blue infrastructure. 
This image was downloaded from 

https://freight.cargo.site/t/original/i/4ddd337a5dedfbb6fd85d07f0b96b78930f047fdc9e2f84a46f41ec78abcf696/water3.jpg. 

https://freight.cargo.site/t/original/i/4ddd337a5dedfbb6fd85d07f0b96b78930f047fdc9e2f84a46f41ec78abcf696/water3.jpg
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workflow (Jacobs et al., 2015; Kaczorowska et al., 2016; McPhearson et al., 2016; 

Tan et al., 2020). In light of this, two topics are currently receiving considerable 

attention: (1) how to convert urban ecological insights into meaningful 

quantitative indicators describing the spatiotemporal distribution of UES, both 

on the supply and demand side (Haas and Ban, 2018, 2017a; Li et al., 2020; 

Luederitz et al., 2015; Pulighe et al., 2016), and (2) how to use this information in 

turn to estimate envisioned economy and health benefits -or damages- for 

alternative urban planning strategies (Dupras and Alam, 2015; Eisenman et al., 

2016; Gómez-Baggethun and Barton, 2013). The latter is essential to assess the 

expenditures needed to realize SUD in relation to the costs of failing to do so. 

A major barrier for (1), and by extension (2), is the strong spatial 

heterogeneity and complexity of the urban environment, which renders 

generalisation of case-specific findings difficult. To support more robust UES 

modelling and interpretation, we need standardized and frequently updated map 

products depicting the biophysical states of urban environments, preferably with 

high thematic and spatial detail (Ramirez-Reyes et al., 2019). Another challenge 

lies in the temporal dynamics of urbanization. As cities are constantly changing, 

typically expanding in some areas while densifying in other, planning strategies 

must proactively account for what the future urban environment may look like, 

and how this could affect local supply of and demand for UES (Pauleit and 

Breuste, 2011). And thirdly, we must disseminate this complex material, with all 

its uncertainties, in a manageable and meaningful way. 

4. Towards integrated modelling solutions 

for urban ecosystem analysis 

The work presented here is inspired by recent developments in the fields of 

urban ecology, remote sensing and spatial modelling and focuses on the 

assessment of land cover related impacts of urban growth in support of urban 

ecosystem service-oriented studies. It seeks to contribute to the development of 

integrated solutions for urban ecosystem analysis drawing on the potential of 

state-of-the-art remote sensing and urban modelling approaches.  
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UES assessment supported by remote sensing is a relatively new field, 

though one that has experienced a major boost in scientific attention in recent 

years. Considerable effort in this field goes out to exploring how various 

(combinations of) airborne (Alonzo et al., 2016; Behling et al., 2015) or satellite 

(Baker et al., 2020; Das and Das, 2019; Haas and Ban, 2017a; Wang et al., 2019) 

remote sensing systems can be used to map Land Use/Land Cover (LULC) and 

estimate the associated supply/demand of UES. The potential of fusing different 

types of remote sensing(-derived) information as an input for LULC mapping 

proves a fertile ground for contemporary research in this field (Haas and Ban, 

2017b; Ramirez-Reyes et al., 2019). Seeing that urban areas are particularly 

difficult to map with remote sensing due to their complex geometry and 

pronounced land cover diversity, one of the key questions is to what extent data 

fusion can help to deal with pertinent issues such as shadow and interclass 

spectral confusion.  

With regards to regulating UES, we see a particular scientific interest in 

confronting biophysical composition and structure of the urban environment, 

which can be mapped using remote sensing, with urban climate and hydrology 

to better understand their linkages (Ampe et al., 2012; Bechtel et al., 2017; 

Heldens, 2010). Although discrete land-use classes are predominantly used to 

perform these types of analyses, calls are mounting to put more emphasis on the 

development of modelling approaches able to describe land-cover gradients, 

such as urban densities. This type of Land Cover (LC) information can be 

systematically derived from satellite remote sensing imagery (Okujeni et al., 2013; 

R. Powell et al., 2007; Walton, 2008), and can be related more directly to UES 

indicators (Maes et al., 2018; Ramirez-Reyes et al., 2019). It enables a better 

description of the strong spatial heterogeneity of the urban environment and its 

resulting physical behaviour (Sunde et al., 2018; Verbeiren et al., 2012, 2011). 

Deriving quantitative sub-pixel land cover from remote sensing imagery remains 

a challenging task, however. A key aspect here is the production of ground truth 

data, as this data is essential for constructing models that can extract useful 

information from remotely sensed imagery. Traditionally, map-based training 

approaches that rely on exogenous land cover maps (Walton, 2008) are preferred. 
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Yet considering the limitations of these approaches for big data processing, calls 

are mounting to further explore the potential of spectral libraries to produce 

training data more generically (Foody and Mathur, 2006; Okujeni et al., 2013) and 

examine the transferability of reference spectra between sensors, sites and scales. 

The field of urban modelling has, much like urban remote sensing, 

experienced a remarkable growth over the past decades.  A well-known but still 

strongly developing family of modelling techniques are Cellular Automata (CA), 

which are widely used to spatially simulate urban growth. This discrete 

modelling technique typically starts from a remote sensing-derived land cover 

map and essentially yields urban LULC change maps describing the possible 

future states of the urban environment (Jantz et al., 2010; Lavalle et al., 2004). 

Contrary to remote sensing though, use of quantitative land cover information 

describing gradients in land-cover composition is strongly underexplored in CA 

research, barring relatively few exceptions (Mustafa et al., 2018b; Tang, 2011). 

Addressing this gap is critical considering the above-mentioned need for 

quantitative and physically meaningful land cover information in urban 

ecosystem assessment. 

Another pertinent issue in CA modelling relates to the challenge of properly 

linking urban land-cover change with societal dynamics (Santé et al., 2010; White 

et al., 2012). This is needed to simulate future urban growth given that society, a 

vast body of dynamically interacting socioeconomic agents, is the main driver for 

urbanization. Microsimulation and Agent-Based Modelling (ABM) are 

interesting in this regard because they allow addressing the spatiotemporal 

distributions of urban activities. As with CA, these modelling approaches have 

proliferated and become ever more intricate, both in terms of the number of 

urban subsystems and types of agents they can model (Jones et al., 2015; Waddell, 

2010; B. Wu and Birkin, 2013). These types of modelling are furthermore 

considered useful for urban decision support because they allow us to evaluate 

the effects of policy or planning measures on comprehensive populations and 

economies (Ballas et al., 2004; E. Miller, 2018). A valuable tool here, besides the 

modelling itself, is the definition and explorative analysis of alternative urban 
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development scenarios, as these can help to explore different futures for our 

cities. In (Moniz, 2006), a scenario is defined as “a policy analysis tool that 

describes a possible set of future conditions” after which it is immediately added 

that “the most useful scenarios (for corporations and policy decision makers) are 

those that display the conditions of important variables over time”. A well-defined 

and implemented scenario thus stands to make the link between abstract 

modelling and real-world urban planning/policy issues more tangible. The 

linkage of modelling with praxis through scenario analysis unfortunately remains 

an underexplored research topic that urgently requires more attention in the 

frame of SUD. 

While urban LULC and activity change are interesting information for 

urban policy support in general (Koomen et al., 2008), these types of information 

are now also increasingly used to assess expected environmental impacts on a 

city’s ecosystem. Examples include modelling of hydrology and water-related 

services (Verbeiren et al., 2011; Willuweit and O’Sullivan, 2013), flood risk 

(Canters et al., 2014; Ford et al., 2019), and local climate (Darmanto et al., 2019; 

Firozjaei et al., 2018). We are likewise seeing a growing tendency to couple or 

integrate several of the above modelling techniques addressing both the human 

activity and environmental aspects of future urban growth (Crols et al., 2015; 

White et al., 2012),  which is especially useful for assessing UES indicators and 

valuation (Pan et al., 2019; Peng et al., 2021; Song et al., 2020). A longstanding but 

still largely open research issue in the spatiotemporally disaggregated modelling 

of society-environment dynamics, is the challenge to make inherently different 

models, that are designed according to discipline-specific logic to handle varying 

data sources and scales, interact in a way that is both practical and conceptually 

sound (Alberti, 2008, 1999; Alberti et al., 2018; White, 2006). 

5. General research objectives 

The previous sections presented the societal and scientific drivers of the 

thesis research, which touches upon the fields of urban planning, remote sensing, 

and spatial modelling. The overall objective of this research is to develop a 
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mapping-modelling framework to perform scenario-based assessment of land-

cover change related impacts of urban growth (Figure 10). To develop the 

proposed framework, we will explore new ways to exploit the potential of urban 

remote sensing as a tool for monitoring past and current land cover that reflects 

the biophysical state of the environment. We will specifically focus on the merits 

of fusing complementary (non-)optical and/or multi-resolution remote sensing 

data sources for improving urban mapping accuracy and efficiency. To model 

changes in land-cover gradient information, obtained through remote sensing, 

we will develop a new CA-based modelling approach that enables us not only to 

assess where urban change is expected to occur, but also the intensity of change. 

We will then explore how predicted changes in human activity patterns, obtained 

through spatial disaggregation of regional forecasts of demographic and 

economic activity, can be transformed into expected urban land consumption for 

different urban development scenarios. In turn this information will serve as a 

land demand module to the new CA-model to predict land-cover change at the 

local level. As a demonstration case, the proposed modelling approach will be 

applied to predict urban land-cover change up to 2040 in the Brussels Capital 

Region and the province of Flemish Brabant, considering an urban sprawl and 

compact development scenario. The research will be concluded with an impact 

study showing the effect of predicted land-cover change on hydrology-related 

ecosystem service indicators. 

With regards to urban remote sensing, the general research question of this 

dissertation is: how can fusion of optical and/or non-optical remote sensing data 

sources contribute to a higher accuracy and efficiency in urban land cover mapping 

on the scale of medium and high-resolution imagery? With regards to urban 

modelling, the overarching research question can be formulated as follows: how 

can remote sensing-derived land cover maps and techniques for modelling urban 

activity and land-cover dynamics be enhanced and coupled to simulate future 

quantitative land cover change so as to better support UES assessment and 

sustainable urban planning? Over the following two sections of this chapter, we 

provide some background information on urban remote sensing and on 

spatiotemporal modelling that is needed for a proper understanding of the 
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Figure 10. Abstract representation of the mapping-modelling framework of the thesis research. 
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research challenges which we aim to address in this thesis. We will then explain 

our proposed research framework in more detail and give an overview of the 

structure of the thesis and of the specific research objectives and research 

questions addressed in each of the chapters. 

6. Urban remote sensing 

6.1. Basic concepts 

Remote sensing is defined as measuring the characteristics or state of a 

surface, using a sensor mounted on a platform detached from said surface (Panda 

et al., 2016). In the case of Urban Remote Sensing, the surface in question is the 

urban environment and the used platform is usually an aerial vehicle or a 

satellite. Distinction can be made between passive – or optical – and active 

remote sensing. We will come back to the latter further on. Optical remote 

sensing measures sunlight reflected by a surface located within the sensor’s 

Instantaneous Field Of View (IFOV). It thus measures the electromagnetic (EM) 

radiation resulting from the reflection of solar irradiance from a surface, 

considering surface absorption, transmission, scattering and atmospheric effects. 

The ratio of reflected radiance over solar irradiance is called reflectance. Most 

modern optical sensors used for URS measure radiance/reflectance over multiple 

intervals, or spectral bands, of wavelengths in the Visible (VIS), Near-Infrared 

(NIR) and Short-Wave Infrared (SWIR) spectral ranges (Figure 11), which feature 

relatively good atmospheric transmission (Panda et al., 2016; Teillet, 2016). The 

chemical, physical and geometrical properties of a surface and its surroundings 

affect how sunlight interacts with it, and thus what the measured signal looks 

like (Eismann, 2012; Rees, 2012). The outcome of remote sensing, when  
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Figure 11. Schematic representation of reflected surface radiance/reflectance measurements in the VNIR-SWIR range with an optical 
sensor, resulting in a spectral profile or spectrum. 



26 
 

performed in scanning-wise fashion over an area, is a georeferenced raster image 

in which each pixel describes a spectral signature, or spectrum, reflecting some 

aspects of the biophysical composition and/or state of the surface area 

represented by that pixel (Richards, 2013). 

There are different types of optical remote sensing systems used in URS that 

cater to different applications. The suitable applications of a sensor largely 

depend on its spatial, spectral and temporal resolution (Weng, 2020). Spatial 

resolution is expressed as the dimension of the pixels in the imagery produced 

by a sensor, which is closely related to the ground sampling distance and 

acquisition geometry of a sensor. Spectral resolution relates to the number, width 

and coverage of a sensor’s spectral bands. High spectral resolution means that 

many narrow bands are covering a broad range of wavelengths, resulting in 

imagery with rich spectral information. Temporal resolution relates to both the 

acquisition scale and revisit time of a sensor, which determine the spatial extent 

of individual images and the frequency at which every location on Earth is 

repeatedly measured over time. A high temporal resolution means that any given 

surface area is frequently measured, allowing assessment of change dynamics 

and increasing the chance of acquiring cloud-free images (Panda et al., 2016). 

Due to technical and financial limitations, it is not feasible to produce 

remote sensing systems that yield imagery with a high spatial, spectral and 

temporal resolution at the same time. Certain trade-offs must be made. Table 1 

illustrates these resolution trade-offs for some common types of URS. A well-

known example of a medium spatial and spectral resolution sensor, often 

denoted as broadband sensors, is Landsat, which features an extensive image 

archive dating back to the 1970s (Wulder et al., 2019). With six VNIR-SWIR bands 

and 30 m pixels, many describing spectral signatures of land cover mixtures in 

urban settings, a common urban application with this type of image data is sub-

pixel fraction mapping of generalized land cover classes (Adams et al., 1995, 1986; 

Bauer et al., 2004), such as those of the Vegetation-Soil-Impervious mixing 

scheme (Ridd, 1995). In the case of WorldView-2 high-resolution satellite 

imagery (Puetz et al., 2009), a spatial resolution of about 1.8 m is combined with  
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Table 1. Common types of medium to high resolution optical imagery used in 
URS with example sensors and typical characteristics. 
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a moderate spectral resolution of 8 VNIR-SWIR bands, yet at the cost of smaller 

image extents and a higher revisit time for close to nadir acquisitions. This sensor 

facilitates discrete per-pixel (Momeni et al., 2016) or object-based (De Roeck et 

al., 2009; Mugiraneza et al., 2019) assessment of urban land cover, possibly up to 

the level of material groupings (Giaccom Ribeiro and Garcia Fonseca, 2013; 

Hamedianfar and Shafri, 2016). 

When an optical sensor has a high spectral resolution with several tens or 

even hundreds of thin bands covering the VNIR-SWIR range, we enter the 

domain of Hyperspectral Imagery (HSI) or Imaging Spectroscopy (IS) (Pu, 2017a) 

(Figure 12). Despite being studied for decades and seeing its use in numerous 

applications, IS was considered an experimental technology until recently 

(Raychaudhuri, 2016). HSI is typically acquired from airborne platforms, yielding 

imagery with a high spatial and spectral resolution. Examples of airborne 

hyperspectral sensors include HyMAP (Cocks et al., 1998) and AVIRIS (Green et 

al., 1998). Due to their high cost, airborne hyperspectral acquisitions are sporadic 

and have limited spatial coverage. The main strength of this type of imagery is 

its combination of rich spectral and spatial information, allowing 

characterization of pixels up to urban material level (Ben-Dor, 2002a; Herold et 

al., 2004, 2003), and even to some extent material condition (Herold, 2008) or 

plant species (Alonzo et al., 2014; Roth et al., 2012). IS can be operationalized for 

more efficient large-scale image acquisition from orbital platforms. Examples 

include CHRIS/PROBA (Barnsley et al., 2004) and the upcoming EnMAP mission 

(Guanter et al., 2015; Stuffler et al., 2007). Just as with Landsat, the spatial 

resolution of these sensors is moderate, but the improved spectral resolution may 

allow or improve mapping based on (extended) generalized land cover schemes 

(Demarchi et al., 2012; Heldens et al., 2011; Okujeni et al., 2015). 

The usefulness of remote sensing data for a better characterization and 

understanding of the urban environment has been addressed in many studies 

and applications (Heldens et al., 2011; Pesaresi et al., 2016a; Roessner et al., 2011). 

A classic analysis entails using low to medium-resolution sensors such as Landsat 
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Figure 12. Graph showing the difference in spectral resolution between broadband and hyperspectral imagery (Pu, 2017b). 
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and MODIS to perform multitemporal mapping of urbanization on a regional 

(Bagan and Yamagata, 2016; Sun et al., 2017; Vanderhaegen and Canters, 2016) or 

even global scale (Esch et al., 2018; Gerten et al., 2019; Schneider et al., 2010). 

When combined with socio-economic data, investigation of land cover change 

can yield insights on drivers of urbanization (Bagan and Yamagata, 2012; Xiaoma 

Li et al., 2013) or highlight socioeconomic issues (Patino and Duque, 2013). URS 

is also used to examine the ecological characteristics of urban land use, which is 

interesting for urban planning and quality of life assessment (Gluch and Ridd, 

2010; Lo, 1997; Ridd, 1995; Weng, 2020). More recently, Sentinel-2 imagery has 

been used to map provision and demand of UES (Baker et al., 2020; Haas and 

Ban, 2017a). In the field of regulating UES, specific attention goes out to mapping 

the spatial relation between the composition and/or structure of the urban 

environment and its hydrologic and climate behaviour (Ampe et al., 2012; Bechtel 

et al., 2017; Heldens, 2010). In (Carlson, 2004) for instance, Landsat-derived land 

cover fractions are used to model surface run-off in an urbanizing watershed. In 

a study on urban heat, (Jenerette et al., 2016) show how urban land cover 

information derived from high-resolution airborne MODIS/ASTER Simulator 

imagery can be related to land surface temperature variations and used for 

assessing heat stress risk. High-resolution airborne hyperspectral imagery, such 

as APEX, has been proven useful to assess tree health in urban settings 

(Degerickx et al., 2018). The above examples just go to show that each type of 

urban remote sensing imagery and its associated map products have their uses 

for urban applications. 

6.2. Research challenges 

One of the core challenges of URS is the spatial heterogeneity of the urban 

environment. Spatially speaking, cities are geometrically complex 3D mosaics 

containing many different cover types. An important implication of the urban 

mosaic is that lower resolution images of cities consist mostly of mixed pixels 

(Figure 13), that are technically more difficult to characterize on a high level of 

thematic detail compared to their pure equivalents (Small, 2003). Another 

difficulty lies in the material diversity of cities, reflected by the fact that optical  
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Figure 13. Visualization of the mixed pixel issue in moderate resolution urban remote sensing (Heldens et al., 2011). 



32 
 

urban remote sensing images generally display very strong spectral variability 

(Ben-Dor, 2002a; Small and C., 2005). Sometimes, cover types with different 

material compositions and/or functions display similar optical behaviour, 

rendering image interpretation ambiguous, and particularly so if spectral 

resolution is low (Herold et al., 2003). More challenges arise from the way 

sunlight interacts with real-world surfaces. Rather than being perfectly diffuse or 

specular, urban surfaces typically show reflectance behaviour that is somewhere 

in between due to their varying roughness, composition and geometry (Eismann, 

2012; Rees, 2012). This implies that the sensor’s view angle influences reflected 

radiance measurements, increasing spectral variability even more (Schiefer et al., 

2006). Other optical phenomena that further increase urban spectral variability, 

mainly in high-resolution URS, include multiple scattering (Dobigeon et al., 2014; 

Heylen et al., 2014) and shading (Adeline et al., 2013; Dare, 2005; Friman et al., 

2011)(Figure 14). 

Also recall that optical sensors used in URS entail trade-offs between 

different resolutions. Airborne HSI, with its rich spectral information and its 

small, mostly pure pixels, may be better suited to describe urban spectral 

variability, yet even this source has its limits with regards to handling spectral 

ambiguity. And spatiotemporal coverage attained with airborne HSI will in any 

case be irregular or often even limited to one moment in time. Orbital remote 

sensing on the other hand has the advantage of systematic coverage, yet at the 

price of reduced spatial and/or spectral detail. If the impacts of the shortcomings 

of airborne HSI and orbital remote sensing are to be overcome, or at least 

reduced, we must somehow find ways to consolidate these complementary types 

of remote sensing, and maybe even supplement them with additional data 

sources. 
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Figure 14. Illustration of spectral variability arising from the interaction of sunlight with the 3D urban mosaic whose surfaces display 
heterogenous reflection behaviour. 
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Finally, a word about big data. Over the past years, we witnessed an 

exponential growth in the number of available remote sensing systems and the 

volumes of their corresponding image archives (Figure 15). This trend is 

predicted to continue over the coming decades. Hence, we must now also 

address how to process these huge volumes of imagery in a way that is both 

computationally feasible and that allows us to maximize their utility (Y. Ma et 

al., 2015a). Unfortunately, many traditional mapping tools developed in the 

frame of remote sensing are not suited for automatized and operationalized 

image processing, either because they require too much direct user interaction 

and/or because they need auxiliary information that is difficult to produce on 

demand (Dong et al., 2017; Huang et al., 2018). Addressing the need for more 

automatized, efficient and generic mapping workflows has thus become a key 

research topic in present-day remote sensing (Chi et al., 2016; Liu et al., 2018). 

7. Modelling urban dynamics 

7.1. Basic concepts 

While URS can map the states of the past and present urban environment, 

it says nothing about what drove observed changes and what the future will 

possibly look like considering the drivers of change. This issue is addressed by 

spatial modelling, a discipline that dates back to the influential works of von 

Thünen (1826), Christaller (1933) and Alonso (1964). Following developments in 

Geo-Information Systems (GIS) and remote sensing over the past decades, spatial 

modelling approaches have been proposed that facilitate more disaggregated and 

dynamic simulation of urban phenomena, and sometimes even their interactions 

(Batty, 2007). While these methods come in many names and flavours, we group 

them simply as urban modelling. 



35 
 

 

Figure 15. Observed and projected growth of the German Satellite Image Database (D-SDA), expressed here in Petabytes (PB), 

illustrating the issue of remote sensing big data volumes. This image was downloaded from 

https://www.dlr.de/eoc/en/Portaldata/60/Resources/images/8_arch_2018/23_2ndlibrary/Datenvolumen_D-SDA.jpg. 

https://www.dlr.de/eoc/en/Portaldata/60/Resources/images/8_arch_2018/23_2ndlibrary/Datenvolumen_D-SDA.jpg
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Two of the main aspects of spatial modelling are the choice of phenomenon 

and the spatial scale on which this phenomenon is going to be modelled. If the 

areal units are coarse, such as regions or countries, then spatially undistributed 

data may suffice to describe the considered relations. This is the case for example 

in econometric (Bassilière et al., 2013; Bossier et al., 2000) or demographic 

modelling (Smith et al., 2002; van Imhoff and Keilman, 1991), which are 

essentially non-spatial. However, if modelling is performed on more 

disaggregated units, such as census tracts, parcels or image pixels -which are 

often called cells in modelling contexts- then spatially distributed data, their 

interactions and spatial autocorrelations tend to play more prominent roles in 

the modelling of the considered phenomenon (Haase and Schwarz, 2009; 

Manley, 2014; Poelmans et al., 2010). Two important examples of contemporary 

modelling approaches that are used to spatially assess societal dynamics are 

Agent-Based Modelling and Microsimulation. Simulation of urban 

environmental change on the other hand is often performed with Cellular 

Automata. Over the following two paragraphs we describe these modelling 

techniques in more detail. 

ABM and Microsimulation are conceptually similar modelling approaches, 

whose lineage can be traced back to the work of Orcutt (1957). They are used to 

assess how complex socioeconomic systems may react to changing conditions or 

stimuli, i.e. to answer “what if” questions. ABM and microsimulation emulate 

choice behaviour of the agents making up the considered system, e.g. individuals, 

households, real estate developers or enterprises. If these models address change 

on geographical units and over time, they are termed spatial and dynamic (Li, 

2013; Tanton, 2014). A much-studied urban application using this type of 

modelling, simulates residential (re)location choice behaviour for an 

comprehensive population of households within an area (Clark and Van Lierop, 

1987; Huang et al., 2014; McFadden, 1978). Residential location choice modelling 

acknowledges that households display varying location preferences and 

predispositions toward relocating (Cockx and Canters, 2020; Walker and Li, 

2007). These variations are in part governed by spatial reflections (Heldt et al., 

2016; Kim et al., 2005; Schirmer et al., 2014) but are also to some extent 
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unpredictable (Figure 16). Similar applications exist for location choice 

modelling of economic enterprises and their activities (Jones et al., 2015; 

Siedschlag et al., 2013). When simulation is performed on populations of agents 

over consecutive timesteps, the resulting interactions give rise to emerging 

behaviour that is difficult to predict with static analyses (Crooks and 

Heppenstall, 2012; E. J. Miller, 2018). The main differences between ABM and 

Microsimulation lies in the way how agent behaviour is modelled. ABM mostly 

uses expert-knowledge to define behaviour rulesets in a flexible way, which is 

useful when data availability is limited or when more complex forms of behaviour 

are considered. Microsimulation on the other hand determines behaviour 

empirically, usually by performing discrete choice modelling on a dataset 

describing observed choice behaviour in relation to socioeconomic and 

environmental factors (Ballas et al., 2018; Birkin and Wu, 2012; Heppenstall et al., 

2012).  

Cellular Automata are discrete mathematical models that have been studied 

since the 1950-1960s (Hägerstrand, 1952; von Neumann, 1966), though some 

elements even date back to Turing’s work in the 1930s (Sarkar, 2000; Turing, 

1936). The use of CA in urban geographical applications such as Land-Use/Land 

Cover change modelling proliferated mostly over the past decades, driven by 

advances in GIS and remote sensing (Iltanen, 2012). Urban CA abstract the 

urbanizing environment as a regular lattice or grid of cells in which each cell has 

one out of a finite set of states. Traditionally, these states are urban or non-urban, 

though use of more diverse land-use classes has become more common (Santé et 

al., 2010) and is to be preferred over use of binary classes (Dietzel and Clarke, 

2006). Cells can change their state over consecutive timesteps, driven by 

underlying societal-environmental processes. A key feature of CA is that cell state 

transitions are governed by rulesets or potentials that at least consider the cell’s 

own state and that of neighbouring cells (Figure 17), reflecting spatial interaction 

and dependency (Basse et al., 2014; Tobler, 1979; White et al., 1997; White and 

Engelen, 1993). In constrained CA, overall changes for a timestep are given by a 

zero-sum set of increases and decreases for each considered land use (White et 

al., 1997; White and Engelen, 1993). The consecutive allocations of these changes  
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Figure 16. Symbolic representation of agency and decision process in the 
simulation of residential location choice. 
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Figure 17. Rather than relying on deterministic rulesets, constrained Cellular Automata consider the presence of different states in the 
vicinity of a cell to quantify attraction/repulsion of transitioning from one state to another (de Nijs et al., 2004). 
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to individual cells yield a series of maps depicting predicted urban change 

dynamics. Like with ABM and Microsimulation, CA give rise to complex and 

emerging behaviour when simulation is performed on a grid of cells over several 

iterations (Wolfram, 1984). CA furthermore have an advantage over most other 

urban modelling techniques in that they explicitly consider spatial relations 

(Barredo et al., 2003; Crooks and Heppenstall, 2012). 

Earlier we stated how urban modelling allows moving beyond the limits of 

URS. It would perhaps be more correct to say that these disciplines have a 

synergetic relation, as urban modelling typically needs remote sensing data to 

characterize the environment on which modelling is performed. In residential 

location choice research for example, urban green space and access to it are 

frequently used as variables indicating location preference for certain types of 

households (Schaeffer et al., 2016; Schirmer et al., 2014). Vegetation mapping and 

characterization are common applications of remote sensing that can be 

performed with sensors of varying resolutions (Xie et al., 2008; Xue and Su, 2017). 

In most urban CA, remote sensing data is used to assess past and current states 

of the modelled environment. The resulting multitemporal LULC maps, and 

derived information, are indispensable to calibrate transition potential functions 

(Xia Li et al., 2013; Mustafa et al., 2018c), perform simulation and assess its 

accuracy (Pontius et al., 2004; Pontius and Petrova, 2010). Additional GIS and 

remote sensing layers, e.g. related to topography, infrastructure, hydrology and 

ecology, are often used in CA to better understand cell state transitions 

(Arsanjani et al., 2012; Shafizadeh-Moghadam et al., 2017; Siddiqui et al., 2018). 

Urban modelling has, much like remote sensing, proven its worth for urban 

applications over the past decades. Microsimulation is a standard tool to spatially 

disaggregate socioeconomic projections under varying assumptions (Birkin and 

Clarke, 2011), supporting small area assessment of alternative national or regional 

policies (Ballas et al., 2005, 2004; Ballas and Clarke, 2001; Clarke and Holm, 1987; 

Marois and Bélanger, 2015). Integrated urban transport and land use models 

drawing on ABM or Microsimulation to spatially simulate socio-economic 

dynamics are on the way of becoming established planning and policy support 
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tools (Behan et al., 2008; E. J. Miller, 2018; Pettit et al., 2018). Examples of well-

known urban spatial modelling frameworks are UrbanSim (Waddell, 2010, 2002), 

ILUTE (Miller et al., 2004; Salvini and Miller, 2005) and ILUMASS (Strauch et al., 

2005). CA and other LULC change studies typically start by modelling past urban 

development and then use this insight to simulate possible future urbanization, 

which can help design better development strategies (de Nijs et al., 2004; 

Koomen et al., 2008; Lagarias, 2012; Poelmans and Van Rompaey, 2009). The use 

of CA to address practical planning-related applications has become increasingly 

common too, particularly for hydrological purposes (Anand et al., 2018; Awotwi 

et al., 2019; Giacomoni et al., 2014). An example can be found in the MOLAND 

model (Lavalle et al., 2004), that has been used to assess future LULC dynamics 

for different cities in Europe (Van De Voorde et al., 2016). 

7.2. Research challenges 

One of the central challenges of modelling future dynamics is dealing with 

uncertainty. Since it is generally not possible to predict the timing and nature of 

future events with certainty, every model or analysis considering the future must 

make assumptions to be able to say anything meaningful about the investigated 

process (Schoemaker, 2004). This issue is addressed by scenario analysis, which 

is the discipline of defining, implementing and comparing (the implications of) 

alternative yet plausible assumptions regarding future developments (Ogilvy, 

2002; Schoemaker, 1995). While originating from military and corporate 

backgrounds, scenario analysis can be applied to various domains, including 

policy assessment (Moniz, 2006). Despite being an essential feature of urban 

modelling, scenario analysis has unfortunately received little scientific attention 

up until recently. Most urban modelling applications tend to rely on overly 

simplistic or vaguely defined scenarios to run their simulations, as such lowering 

their societal significance. Yet coming back to SUD, scenarios are needed that 

allow decision makers to visualize with some level of confidence how alternative 

urban development strategies or policies may affect the urban environment, its 

ecosystem services and its populations (Holway et al., 2012; Mikovits et al., 2018; 

Zhang et al., 2019). 
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Another key challenge of modelling is complexity. Cities are intricate 

systems encompassing many socioeconomic, political and biophysical 

subsystems that interact through various borders and across scales (Figure 18). 

This implies that transdisciplinary exchanges are required to address real-world 

urban issues (Allen et al., 2007). From a quantitative point of view, this also 

means that many variables must be considered to perform pertinent scenario 

analysis (Schoemaker, 2004). Most modelling studies avoid this complexity by 

focussing on one aspect of the urban environment. A smaller though fast-

growing research field tries to connect two or more of these aspects through 

integrated or coupled modelling (Pan et al., 2019; Waddell, 2002; B. M. Wu and 

Birkin, 2013). The advancement of better-informed urban planning in any case 

requires a more holistic understanding of society-environment interactions 

(Allen et al., 2007; Ramirez-Reyes et al., 2019; Swart et al., 2004). We might, for 

instance, need studies that, starting from regional projections, first predict future 

residential dynamics for alternative development strategies and evaluate how 

these outcomes may shape the physical urban environment, to in turn estimate 

the impact of these changes on the UHI and finally assess heat risk. 

At least two considerations are in place here. It was illustrated earlier that 

different models accommodate different processes and applications, with ABM, 

for example, being more apt to emulate human behaviour directly while CA is 

better suited to spatially evaluate environmental change under certain 

assumptions of overall urban growth. Second, it is important to address the 

Modifiable Areal Unit Problem (MAUP). MAUP arises from the observation that 

the dimensions of the spatial units on which modelling is performed, may 

influence the statistical meaning and significance of data layers used to predict 

the modelled phenomenon (Fotheringham and Wong, 1991; Manley, 2014). The 

above thus implies that (1) a setup containing different models operating at 

different scales may be required to address related urban dynamics and (2) that 

the scale of these models should be chosen with care, as well as pragmatically, 

considering both data availability and meaningfulness of modelling on those 

scales (Guo and Bhat, 2004; Kryvobokov, 2015; Kryvobokov et al., 2015; Wegener, 

2011). Multi-scale linkage between socio-economic and environmental modelling  
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Figure 18. Graph illustrating the main urban subsystems and their connectedness across spatial and social scales. Whereas planning and 
policy traditionally approach urban issues from a top-down view, modelling can help to systematically assess lower-level implications or 

reactions to envisioned measures. This information can then be used on a higher level of governance/analysis to better evaluate the 
proposed measures. 
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is illustrated, for instance, in activity-based CA (Crols et al., 2012; White, 2006; 

White et al., 2012). 

Finally, a word about the connection between urban modelling, remote 

sensing and urban ecology. We clarified that URS-derived land use timeseries are 

widely used in CA to calibrate transition potential and evaluate simulation 

performance. While valuable for certain tasks, discrete land use classes hold less 

value for ecosystem assessment, which relies more on physical and quantifiable 

measures of land-cover composition since they better indicate (potential for) 

ecosystem services (Maes et al., 2018; Ramirez-Reyes et al., 2019). Remote sensing 

can accommodate this type of information, yet in urban modelling research, use 

of discrete thematic cell states remains dominant. Only a small fraction of urban 

CA research has investigated the possibility of modelling sub-cell quantitative 

states, such as, for example, level of imperviousness, which is an important UES 

indicator. So far, Quantitative state Cellular Automata have used fuzzy logic (Liu 

and Phinn, 2003; Mantelas et al., 2012; Tang, 2011; Vancheri et al., 2007), auxiliary 

regression analysis (W. Li et al., 2018; Liu and Feng, 2012; Vanderhaegen et al., 

2015) or assigned quantitative meaning to discrete cell states (Mustafa et al., 

2018b). This topic is still strongly underexplored and requires further 

consideration for the benefit of SUD research. 

8. Proposed mapping-modelling framework 

and research questions 

8.1. Layout of the thesis and mapping-modelling 

approach 

The work presented in this dissertation addresses several of the challenges 

sketched in the previous sections. It combines state-of-the-art remote sensing 

image processing and urban modelling techniques for: (1) mapping urban land 

cover, (2) modelling its relationship with residential and economic activities, (3) 

simulating future changes in built-up area for different urban development 
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scenarios and (4) assessing the corresponding impact on urban ecosystem service 

indicators. The different chapters of the thesis address specific challenges in 

mapping urban land cover and in modelling and simulating changes in urban 

density that are driven by human activity dynamics. This will provide the 

building stones for the overall framework of the research shown in Figure 19. 

Considering the above-mentioned research challenges, the mapping-modelling 

framework proposed in this thesis was designed specifically to (1) exploit the 

benefits for urban land cover mapping that can be gained by fusing high and/or 

medium resolution remote sensing data sources, (2) solidify the conceptual 

synergies that exist between urban remote sensing, urban modelling and urban 

ecosystem assessment, (3) construct scenarios rooted in alternative planning 

logics for simulating urban change, and (4) consolidate information generated 

across mapping and modelling applications that operate on different scales. The 

structure of this framework is reflected in the outline of the thesis manuscript 

shown in Figure 20. Note that this is predominantly a publication-based thesis, 

which means that research papers published in peer-reviewed journals in the 

frame of this thesis are reproduced directly as chapters, with only minor changes 

to layout. Also note that Figure 20 indicates the Research Objectives (RO) and 

corresponding Research Questions (RQ) handled by each chapter. These 

objectives and questions are formulated further on in this section. All chapters 

of this thesis consider (parts of) the same case study covering Brussels and 

Flemish Brabant (Belgium) as study area. The case study is presented in the next 

section. 

The first part of the research presented in this thesis shown on the top of 

Figure 19 relates to the trade-offs between the use of high-resolution airborne 

and medium resolution spaceborne remote sensing imagery for urban land cover 

mapping. In Chapter 1 we investigate high-resolution urban material mapping 

based on APEX airborne hyperspectral and LiDAR laser altimetry data. While 

these data sources typically feature limited spatiotemporal coverage, they do 

allow to describe the biophysical and geometric complexities of a city in detail. 

Here we also pay attention to the issue of shade in high-resolution imagery and 

assess mapping performance both in and out of shadow. The former may allow 
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Figure 19. Overall framework of the thesis research. RMSM = Residential 
Microsimulation, RT = Regression Tree, QCA = Quantitative state Cellular 

Automata. 



47 
 

 

Figure 20. The outline of this dissertation with indication of the research 

questions and objectives addressed by each of the five chapters. 
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mapping at great spatial and thematic detail, yet coverage of urban areas is 

typically sparse with high-resolution airborne sensors. Spaceborne medium-

resolution sensors on the other hand produce spatially and thematically coarser 

land cover maps yet with comprehensive spatiotemporal coverage, which is 

needed for the type of research presented in this thesis. Therefore, in a second 

remote sensing study covered in Chapter 2, the high-resolution land cover map 

resulting from Chapter 1, as well as a spectral library of urban cover types derived 

from the APEX image, are used to perform larger scale Vegetation-Impervious-

Soil (VIS) fraction mapping with medium resolution Sentinel-2 satellite imagery. 

The idea here is to compare alternative, multi-scale training approaches for 

regression-based urban fraction mapping and to assess the potential of spectral 

library based training as a way of increasing the efficiency of urban mapping, a 

concern that is becoming increasingly important in the context of remote sensing 

big data processing. 

The modelling part of the thesis is illustrated in the middle of Figure 19. 

When multitemporal land cover data is combined with spatially distributed data 

on residential and economic development over the same period, as well as 

auxiliary spatial information, empirical relations can be established that (1) 

explain how socio-economic activity change drives urban land consumption and 

(2) indicate probable locations for future changes in land cover/activity. Based 

on scenarios about how future urban development may manifest itself, and by 

drawing on demographic and econometric projections, this process knowledge 

can be used to support simulation of future changes in urban activities and 

associated land take. In line with (2), Chapter 3 first proposes a new modelling 

approach, Quantitative State Cellular Automata (QCA), which contrary to 

traditional CA allows modelling sub-cell quantitative urban density change. The 

QCA is indicated by the blue arrows in the middle of Figure 19. Corresponding 

to (1), Chapter 4 then proposes a Residential Microsimulation (RMSM) 

framework that supports simulation of future residential dynamics under 

alternative urban development scenarios. The RMSM is shown with red arrows 

in Figure 19  
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Finally, as shown in Figure 19, simulated land cover changes are produced 

that form the input for environmental models assessing impacts of land cover 

change on urban ecosystem service indicators. Yet land cover and coinciding 

urban activities are for practical reasons monitored and modelled at different 

scales, using spatial units that differ both physically and conceptually, and the 

overall modelling workflow must thus account for this. Chapter 5 hence 

proposes a multi-scale coupling of the above modelling techniques. In this model 

coupling, the conversion of sector-level activity to land cover change is achieved 

with a historically calibrated regression tree. The regression tree-based land 

demand model is illustrated with blue arrows in the middle of Figure 19. The 

proposed modelling framework is illustrated with a scenario-driven case study 

on the hydrological response to urban development, which is assessed with 

empirical hydrological modelling. By considering different planning scenarios 

constraining the simulation of change, one can analyse and compare the 

expected environmental impact of alternative strategies for urban development, 

which may support the definition of policies for more sustainable and resilient 

cities. 

With the above framework in mind, the following two subsections provide 

a more detailed outline of the workflows defined in this thesis. We start with the 

remote sensing part that relies strongly on data fusion, and then address the 

modelling part drawing on scenario analysis and multi-scale model coupling. The 

chapter specific objectives and research questions of the thesis are formulated in 

the final subsection of this part. 

8.2. Remote sensing data fusion 

Since no single type of remote sensing data can address all mapping issues 

of URS, it stands to reason that when different complementary data types are 

combined, we may be able to do things better. This basically describes Remote 

Sensing Data Fusion (RSDF), which has become a major research topic in remote 

sensing in response to the opportunities presented by the growing diversity of 

image and GIS data (Gamba, 2014). RSDF techniques can be categorized based 
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on the spatial or conceptual level where fusion takes place, which tends to 

correspond to a certain stage of the image processing workflow (Pohl and van 

Genderen, 2017)(Figure 21). This dissertation focuses on the two extreme forms 

of RSDF, i.e. decision and sensor fusion, to improve information extraction from 

remotely sensed data. These topics are handled respectively in Chapter 1 and 

Chapter 2. 

8.2.1. Decision fusion 

Decision fusion is the highest level of RSDF and happens when one or more 

of the involved data sources have already been interpreted to some extent. While 

probabilistic approaches are useful for this purpose (Castanedo, 2013; Pohl and 

van Genderen, 2017), in its simplest form decision fusion can be performed with 

user defined rulesets that combine said data layers to produce a final layer with 

enhanced accuracy and/or thematic value (Yang and Huang, 2016). The first 

major research topic of this thesis, covered in Chapter 1, investigates decision 

fusion for detailed urban land cover mapping using airborne HSI and geometrical 

information derived from Light Detection And Ranging (LiDAR), a form of active 

remote sensing. Contrary to optical sensors, LiDAR emits its own EM signals to 

the urban surface, and measure both the timing and intensity of the reflected 

signal. The resulting data product is a georeferenced 3D point cloud describing 

the surface geometry of the measured area in detail (Brubaker et al., 2013)(Figure 

22). Digital Elevation Models (DEM) built from LiDAR point clouds support a 

wide range of urban geometric applications, including shadow modelling (Li and 

Guan, 2011; Morello and Ratti, 2009a; Ratti and Richens, 2004; Richens, 1997).  

Recall that due to spectral ambiguity, it is not always feasible to discern 

urban materials on their optical properties alone. Previous research indicates 

that fusing optical and geometrical features may improve urban land cover map 

products (Brook et al., 2013; Gamba et al., 2011; Ghamisi et al., 2015; Hartfield et 

al., 2011; Huang et al., 2011). In Chapter 1 of the thesis, we expand on this topic 

by proposing an iterative post-classification decision fusion that uses LiDAR- 
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Figure 21. Classification of remote sensing data fusion techniques based on the level or stage in the image processing workflow where data 
fusion is applied (Pohl and van Genderen, 2017). 
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Figure 22. A LiDAR point cloud of an urban park, illustrating the ability of this sensor to capture complex surface geometries in 3D. This 
image was downloaded from https://behcolumbia.files.wordpress.com/2012/05/lidar_11.png. 

https://behcolumbia.files.wordpress.com/2012/05/lidar_11.png
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derived pixel and sub-pixel level geometrical information and HSI-derived land 

cover class membership rates. To identify shaded pixels in the image, we propose 

a shadow detection method that combines HSI-derived brightness and LiDAR-

derived intensity information. For this study we use an APEX airborne 

hyperspectral image (Itten et al., 2008; Schaepman et al., 2015b) and LiDAR 

acquisition of Brussels. Material mapping is performed using Support Vector 

Classification. 

8.2.2. Sensor fusion 

The second main research topic of the remote sensing part of this thesis 

addresses sensor fusion. Optical sensor fusion consists of coupling multi-sensor 

spectral information independently from source location. A significant example 

of sensor fusion can be found in mapping applications that use spectral libraries. 

Spectral libraries are collections of labelled spectra corresponding to various 

cover types (Figure 23). Urban spectral libraries are generally acquired from 

lab/field spectrometry or airborne HSI (Ben-Dor, 2002a; Herold et al., 2004; 

Kotthaus et al., 2014; Okujeni et al., 2013), since these data sources allow detailed 

spectral, spatial and thematic description of urban cover type spectra. A common 

application of spectral libraries and sensor fusion is to use the library spectra to 

unmix (i.e. perform sub-pixel fraction mapping) an image with a lower spatial 

resolution into generalized land cover fractions (R. L. Powell et al., 2007; van der 

Linden et al., 2019). 

The key benefit of library-based unmixing of broadband imagery is that it 

consolidates strengths of HSI, being detailed description of urban spectral 

variability, with that of orbital remote sensing, being extensive coverage of the 

urban environment. Compared to traditional map-based unmixing applications 

that require sub-pixel level fusion of high-resolution land cover and mixed 

spectra to perform model calibration (Bauer et al., 2008; Walton, 2008), which is 

expensive and error-prone, we pose that use of spectral libraries is more efficient. 

Chapter 2 contributes to this topic with a comparison of both training 

approaches. Support Vector Regression-based unmixing experiments are  
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Figure 23. Example of a spectral library containing high-resolution surface 
reflectance profiles of various urban materials (Kotthaus et al., 2014). 
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performed on Sentinel-2 imagery (Drusch et al., 2012; Uwe et al., 2013) that has a 

better optimized spatial-spectral resolution trade-off compared to similar 

Landsat imagery, making it potentially more useful for urban applications 

(Lefebvre et al., 2016; Pesaresi et al., 2016a). The spectral library used to perform 

the experiments is again produced from an APEX airborne hyperspectral image 

of Brussels. The high-resolution urban material map produced in Chapter 1 is 

incorporated in this study to produce the reference maps of VIS fractions, which 

are needed for the map-based training approach. 

8.3. Scenario analysis and multi-scale model 

coupling 

A key assumption underlying the modelling work of this research, also 

adopted in previous studies (Crols et al., 2012; White, 2006; White et al., 2012), is 

that urban activities are robust predictors of the environmental state of the area 

hosting them. Following this line of thinking, we have developed a multi-scale 

model coupling approach that simulates future land cover change reflecting 

urban density in relation to simulated changes in residential and economic 

activities. Alternative urban development scenarios are used to perform the 

simulations. As it is unfeasible to directly operate the environmental and activity 

components of this modelling workflow on the same spatial scale, the decision 

was made to refine district-level urban activity projections to the more detailed 

administrative units of sectors, and then translate these simulated activity 

changes to cell-level land cover changes. To show the scientific and societal value 

of the proposed modelling framework and how a spatially well-specified scenario 

analysis can contribute to a better-informed debate on important urban 

sustainability topics, we consider a case study on Brussels and Flemish Brabant 

focusing on the relation between residential dynamics, physical urban 

development, and hydrological response. More precisely, we want to spatially 

assess how land-cover change linked to urban growth affects water regulating 

UES for different urban development scenarios. We aim to produce spatially 

distributed land cover data to support the hydrological modelling, as previous 

research has indicated the importance of this data in urban settings (Canters et 
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al., 2006; Verbeiren et al., 2016, 2012). The following subsections clarify the 

components of the multi-scale modelling approach in more detail. 

8.3.1. Quantitative State Cellular Automata 

The QCA forms the topic of the first modelling study in this dissertation, 

covered in Chapter 3. The QCA draws inspiration from earlier approaches, like 

the one proposed in (Mustafa et al., 2018b). A limitation of this interesting CA 

with regards to the objectives of this dissertation, is that it considers a finite set 

of cell states reflecting intervals of urban densities (including one state with zero 

density) and uses separate parameters to model the transition potentials between 

each combination of states. In other words, the number of parameters increases 

factorially with the number of considered quantitative states. As it is infeasible 

to extend this framework to model land cover fractions, we propose a QCA that 

considers and directly models quantitative state change, i.e. without reverting to 

a finite set of cell states. Implementing such a QCA requires certain conceptual 

and practical changes to the traditional discrete CA framework. The proposes 

changes are discussed in the Chapter 3. The QCA is calibrated and validated 

using a 30m resolution Landsat-derived time series of sub-pixel Sealed Surface 

Density (SSD) produced in (Vanderhaegen and Canters, 2016), that covers 

Brussels and Flemish Brabant, the common study area for the modelling part of 

the dissertation. Note that this SSD time series aligns conceptually with the VIS 

fraction maps produced earlier on. 

8.3.2. Scenario definition 

The objective of the scenario analysis proposed in Chapter 4 is to spatially 

assess and compare the expected outcomes of two seemingly irreconcilable 

approaches to spatial planning: urban sprawl and compact city development. 

Considering the study area’s history, the scenarios are respectively labelled 

Business As Usual (BAU) and Sustainable development (SUS). Conceptually, 

BAU provides minimal barriers for further urban sprawl, as was historically the 

case, whereas SUS clearly limits the possibility for new residential development 
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to areas that are deemed more appropriate. Reasons for unsuitability in the SUS 

scenario include suboptimal access to public transport or services, flood hazard, 

preservation of ecologically/historically valuable areas ... The temporal scope of 

the scenarios runs from 2011 (last Belgian census) up to 2040. Practically, for each 

scenario we produce sector-level estimations of additional dwellings that can be 

used to guide subsequent Residential Microsimulation. For this reason, the 

definition of the scenarios as well as the development and testing of the RMSM 

are both covered in Chapter 4. Implicitly, these scenarios thus constrain all 

subsequent simulations that depend on the output of the RMSM in the model 

coupling. 

Following quantitative (Amer et al., 2013; Yin et al., 2015) and spatial 

approaches to urban scenario analysis (Mikovits et al., 2018; Polimeni and 

Erickson, 2007), several GIS layers and spatial policy tools are collected to 

describe the pertinent aspects of the studied environment (Figure 24). These 

layers pertain to cadastral information, transport, residential and economic 

activity, public services, flood hazard, ecologic valuation, zoning and other 

spatial policy constraints. Note that the final Study Area section of this chapter 

sheds light on some of the core datasets used in this dissertation. We then go on 

to perform a spatial analysis that estimates on parcel level how many new 

dwellings can maximally be added to the existing housing stock. This is done by 

applying the above layers in comprehensive rulesets that reflect the logic of the 

two spatial planning scenarios. For this part of the research, support was received 

from the Building Architecture and Town Planning research department of the 

Université libre de Bruxelles. Residential microsimulation 

The scenario definition discussed above forms the basis for the second 

modelling study of the dissertation, also covered in Chapter 4, and addresses the 

simulation of residential dynamics by means of Residential Microsimulation. The 

proposed RMSM framework incorporates ABM elements and draws on earlier 

influential works (Miller et al., 2004; Waddell et al., 2003; B. Wu and Birkin, 2013). 

It considers twelve segments of households that are defined on a set of key 

socioeconomic variables, which are made available for the full populations of  
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Figure 24. Cadastral layers of parcels and buildings, as well as many other layers, are used in the scenario definition to estimate the 
additional number of dwellings that can be built on empty parcels, or even added to partially built-up parcels under certain conditions. 
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households in 2001 and 2011, the years of the last two Belgian censuses. For this, 

data support was received from Statistics Belgium. Location preferences are 

modelled separately for each segment, using conditional logistic regression 

(Train, 2002) that takes endogenic interdependence in account. The presence of 

one household segment could thus attract or repulse other segments during 

simulation. The above scenario definition is of key importance for the RMSM, as 

it shapes the spaces within which respective simulations can allocate residential 

activity. To assess RMSM performance, simulation is performed between the 

years of the last two Belgian censuses, i.e. 2001 and 2011, and this on all sectors of 

Brussels and Flemish Brabant. Finally, 2011-2040 residential change is then 

simulated with the RMSM for the BAU and SUS scenario. 

8.3.3. Model coupling 

The third and final modelling study of the PhD, corresponding to Chapter 

5, proposes the multi-scale model coupling framework. Here we couple the 

strengths of the investigated spatial modelling techniques in a four-step multi-

scale model coupling workflow shown in Figure 25. Over the following 

paragraphs, we point out the highlights of this modelling approach. 

The model workflow starts from demographic HPROM (Vandresse, 2014) 

and economic HERMES (Bassilière et al., 2018a) projections provided by the 

Belgian Federal Planning Bureau (FPB). HPROM and HERMES operate on the 

scale of districts, a Belgian administrative level located between city and province 

(Figure 26). Step 1 of our strategy consists of spatially disaggregating these 

socioeconomic projections to the level of statistical sectors, i.e. Belgian census 

tracts (Figure 25). Residential microsimulation (Chapter 4) and spatially 

weighted distribution are respectively used to spatially refine the residential 

(household) and economic (job) dynamics. The spatially weighted distribution 

of jobs is a practical approach to produce fine-scaled economic projections, 

which are needed to assess activity-based land cover change in this research. 
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Figure 25. Simplified workflow of the multi-scale model coupling approach used in this thesis. The four steps are explained in the text. 
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Figure 26. The three scales used in the model coupling approach of this thesis, illustrated on Flanders and Brussels. 
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In step 2 of the workflow sector-level changes in residential and economic 

activities are converted to a corresponding increase in built-up area at the level 

of each sector. This is accomplished  by making use of a historically calibrated 

regression tree approach that has proven effective for this purpose (Canters and 

Vanderhaegen, 2017; Vanderhaegen et al., 2015). A key advantage of using a 

regression tree is that it facilitates modelling spatial variations in the parameters 

describing the relation between changes in activity and the corresponding 

changes in urban land cover. Then, in step 3, sector-level land cover changes are 

allocated to individual cells located within those sectors (Figure 25) by means of 

the proposed QCA (Chapter 3). 

Finally, step 4 quantifies the hydrological response to the predicted cell-

level land cover changes. An empirical hydrological modelling, developed in 

(Wirion et al., 2019), is used to assess the components of the water balance 

system, i.e. net rainfall, infiltration, potential evapotranspiration and surface 

runoff. These hydrological fluxes indicate potential for water regulating 

ecosystem (dis)services. For this last part, support was received from the 

Hydrology and Hydraulic Engineering research department of the Vrije 

Universiteit Brussel. The four steps of this modelling workflow are performed 

separately for the urban development scenarios BAU and SUS to allow 

comparative analysis and better framing within the realities of the study area. 

8.4. Research objectives and questions 

Seeing that the framework of the thesis, including its targeted research 

challenges and workflows, has now been sufficiently elaborated, we finally 

summarize the research objectives and put forward the questions that the PhD 

aims to address. The research questions are numbered corresponding to their 

matching research objective, as shown in the outline of the thesis in Figure 20. 

With regards to the work of Chapter 1, the research objective is (RO1) to 

develop an approach that fuses airborne APEX-derived maps and laser altimetry-

derived geometric features to improve the accuracy of high-resolution urban 
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material mapping. Linked to this objective, the following two research questions 

are considered. (RQ1a) Does the proposed decision fusion of HSI-derived class 

membership rates and LiDAR-derived geometrical information significantly 

improve the thematic accuracy of urban material mapping compared to using only 

the HSI? (RQ1b) How do potential increases in urban material mapping accuracy 

compare between shaded and fully illuminated pixels? 

For Chapter 2, the research objective is (RO2) to assess the potential of 

sensor level data fusion of APEX-derived spectral libraries and broadband Sentinel-

2 satellite imagery to train regression models for VIS land cover fraction mapping. 

With this objective in mind, we formulate the following research question. (RQ2) 

What are the advantages of library-based versus map-based training approaches 

for VIS fraction mapping of urban areas using broadband satellite imagery? 

In Chapter 3, the objective is (RO3) to expand the Cellular Automata 

modelling framework to simulate quantitative sub-cell urban land cover densities, 

operationalized here by remote sensing derived Sealed Surface Density (SSD) or 

imperviousness. We hence ponder the following research question. (RQ3) Does 

the proposed QCA framework succeed in reproducing the spatial/quantitative 

patterns of remote sensing-derived historical change in urban density? 

Chapter 4 targets two research objectives, i.e. (RO4) to define scenarios 

reflecting alternate urban development strategies for the study area, corresponding 

to the planning logic of urban sprawl (status quo) and densification (more 

sustainable alternative) and (RO5) to develop a spatial Microsimulation 

framework that allows simulating residential dynamics based on locations 

preferences of different household types in the study area. This chapter hence 

addresses two corresponding research questions. (RQ4) How can we translate 

alternative approaches to spatial planning into scenarios that reflect both current 

planning practices as well as regional policies promoting more sustainable urban 

development in Flanders and the BCR? (RQ5) Does the proposed RMSM framework 

succeed in reproducing the spatial pattern of observed residential dynamics for 

each considered household segment? 
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Chapter 5 finally aims (RO6) to couple the above models in a multi-scale 

workflow to produce quantitative cell-level SSD change for different urban 

scenarios and assess their resulting hydrologic responses relative to the current 

situation. The following two research questions are addressed here. (RQ6a) How 

can remote sensing-derived urban density change maps and geospatial modelling 

techniques proposed in this dissertation be integrated in one coupled modelling 

framework to produce scenario-driven simulations of cell-level urban densities for 

alternative urban futures? (RQ6b) What is the impact of these simulated changes 

in urban density on water regulating ecosystem service indicators for the 

alternative urban development scenarios? 

9. Case study 

For reasons that will be clarified in this section, we have decided to use 

Brussels-Flanders as a case for the proof of concept of the mapping-modelling 

framework proposed in this dissertation. Consequently, each chapter focuses 

mostly on the same study area and considers strongly related urban planning 

topics. It will undoubtably also have become clear by now that this is a data-rich 

thesis research entailing many datasets and derived layers that are shared 

amongst different chapters. It thus makes sense to end this introduction chapter 

with some background on the study area, including its planning context, and a 

description of the core datasets used in this research. 

9.1. Urban planning in Brussels-Flanders: 

challenges, history, and policy 

The Brussels Capital Region, commonly just referred to as Brussels, is 

centrally located in Belgium (Figure 27). It is geographically surrounded by the 

region of Flanders, though its southern border lies at only 5 km from the region 

of Wallonia. The BCR is the largest city of Belgium and is its main population 

and employment centre. On January 1st, 2020, the BCR counted over 1.2 million 

residents (Statistic Belgium, 2020), approximately 10% of Belgium’s population, 

and provided employment to over 720 000 people in 2018 (BISA, 2020), roughly 
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Figure 27. The study area of this dissertation, including the Belgian districts of Brussels Capital Region, Halle-Vilvoorde and Leuven. 
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15% of the Belgian workforce. The BCR and its nearby municipalities are the 

fastest urbanizing area of the country, and this trend is predicted to continue 

over the coming decades (Marie Vandresse et al., 2019). The BCR is the common 

study area for each chapter in this thesis. The final three chapters expand this 

study area by additionally considering its surrounding two Flemish districts of 

Halle-Vilvoorde and Leuven, that together form the province of Flemish Brabant 

(Figure 27). 

It is important to note here that Belgium transitioned from a unitary to a 

federal governance model from the 1970s onward (Belgian Federal Government, 

2021a). This resulted in the current situation in which three regions, i.e. Flanders, 

Wallonia and BCR, have largely separated territorial jurisdictions. This includes 

spatially connected themes such as urban development and public transport, 

with exception of rail transport that is still organized on the federal level (Belgian 

Federal Government, 2021b). Political relations are generally tense between these 

regions, and cooperation on mutual planning issues tends to be weak. The BCR 

consequently features a poor spatial integration with its surrounding urban 

agglomeration. The interregional animosity also contributed to urban sprawl in 

Flanders, as many of its inhabitants display a strong aversion to living in urban 

areas (Meeus and De Decker, 2015; Schuermans et al., 2015). Most peri-

urban/rural areas of Flanders are characterized by low-density scattered and 

ribbon settlement patterns around secondary/tertiary roads (Verbeek et al., 2014; 

Vermeiren et al., 2018). Interestingly, the BCR by contrast displays urban 

densities that are remarkably high for a city of its moderate size. 

The study area is confronted with many challenges arising from its intricate 

spatial and political-economic organization. The BCR economy focusses on 

tertiary high-skilled activities, yet despite it housing a large working age 

population, over half of the BCR workforce commutes from outside the region, 

with Flanders accounting for 2/3 and Wallonia for 1/3 of this commute (Ermans 

et al., 2019, 2018; Strale, 2019). Brussels’s regional unemployment rate of 10% 

(2019-Q4) is therefore the highest of the country (Statistics Belgium, 2020), and 

this unemployment is most concentrated in socially disadvantaged migrant 
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communities. The combination of a large commuting workforce, poor 

interregional public transport, government subsidized private car use (Princen, 

2017) and a dense yet underfinanced road infrastructure (Schoeters et al., 2019) 

makes the BCR one of the most congested cities in the EU (Christidis and Ibañez 

Rivas, 2012). This congestion in turn feeds an entire range of environmental, 

health and economic issues (Pisman et al., 2018), including a poor air quality that 

is also assessed among the worst in Europe (EEA, 2018). 

At the same time, climate change is resulting in ever more extreme and 

frequent heat wave events. Predictions indicate that the BCR yearly heat wave 

days will increase considerably faster compared to its rural surroundings (De 

Troeyer et al., 2020; Hamdi et al., 2016; Lauwaet et al., 2016). Other climate 

change induced threats are caused by the increasingly irregular rainfall 

distributions. Even though Flanders is naturally susceptible to flooding, 

widespread surface sealing and settling in flood prone areas have increased the 

frequency and damages caused by urban flooding. And unfortunately, this 

detrimental evolution is predicted to continue for some time (VMM, 2018). Since 

urban run-off carries all kinds of pollutants from the surfaces it flows over 

(Ignatavičius et al., 2017; Wang et al., 2017), widespread urban development 

furthermore adds to the low quality of Flemish surface waters, that is yet again 

among the worst of Europe (Kristensen et al., 2018). Expanding soil sealing 

moreover lowers rainfall infiltration to the subsoil, and this is a key contributor 

to the structural water shortages experienced in Flanders over the past years (CI, 

2020; Cornet et al., 2019; VMM, 2020). 

To better understand how we arrived at this situation, one should consider 

the urban planning history of this region. In the decades following the formation 

of the Belgian state in 1830-1831, industry was booming in the country. This 

industrial development initially led to a fast-paced urbanization of Flanders, 

which politically benefited the Socialist movement. The then Christian-Liberal 

elites opposed this development by instating a spatial policy that favoured rural 

development yet allowed workers to commute to their urban workplaces through 

what soon became the densest railroad network in the world. It is argued that 
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the Flemish planning mentality and resulting environmental situation are the 

outcome of a historical process that is rooted in this 19th century policy, which 

eventually merged rather seamlessly with the suburbanisation induced by the 

earlier discussed post-WWII Fordist model of economic development (De 

Decker, 2011; Kesteloot, 2001). The Flemish antiurban attitude and ongoing 

federalisation of Belgium contributed to the fact that the Flemish government 

only started to seriously address the issues of urban sprawl and urban decay in 

the late 1990s. And it did so with the seemingly ambitious Ruimtelijk 

Structuurplan Vlaanderen (RSV) (Vlaamse Overheid, 2011). 

A key policy tool of the RSV was an updated land use zoning map covering 

the whole Flemish territory (Vlaamse Overheid, 2011). Zoning can be generally 

defined as “the regulation of land uses through designation of permitted and 

prohibited uses in given areas delineated on zoning maps” (Huxley, 2009). One of 

the stated goals of the RSV and its land use zoning was to provide a framework 

to concentrate new urban development within the boundaries of the existing 

urban fabric. The idea was to achieve this goal in a more bottom-up fashion, by 

transferring a considerable portion of planning jurisdictions and responsibilities 

from the regional to the provincial and municipal levels of governance, who were 

supposed to concretise the RSV locally (Vlaamse Overheid, 2011). Unfortunately, 

this transfer of jurisdiction did not yield the expected results, in part because 

many municipalities were hesitant, poorly equipped and/or politically opposed 

to implementing the RSV. Despite a revision a decade later, the RSV ended up 

having little impact on urban development in Flanders, which continued to 

sprawl unabated (De Decker, 2011; Voets et al., 2010). 

Climate change, environmental degradation, and the corresponding need 

for more sustainable urban development have recently revived political interest 

for urban planning in Flanders and Brussels. Both regions have produced a spatial 

development strategy to address the above challenges. The Flemish Beleidsplan 

Ruimte Vlaanderen (BRV) aims to systematically reduce and eventually negate 

uptake of new built-up space outside of its urbanized centres by 2040,hence the 

end date for our scenario analysis. This effectively means favouring urban 
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densification in and around urban/village cores (Departement Omgeving, 2018; 

Ruimte Vlaanderen, 2017), especially if they have good access to public transport 

and services (Verachtert et al., 2016)(Figure 28). The initial implementation of 

the BRV is however facing considerable political and public opposition, raising 

doubts on its successful outcome. It is also unclear how this strategy is to be 

implemented, as concrete blueprints are lacking and targets are vaguely defined 

(Boussauw and Boelens, 2015). 

Contrary to most of Flanders, urban development in the BCR is densely 

clustered and features an extensive regional public transport network. Yet 

Brussels’ development priorities do show similarities with those of Flanders. The 

BCR’s regional plan for sustainable urban development involves further 

concentration of urban activities near hubs that combine better access to 

transport infrastructure and place of work (Figure 29). Particular attention goes 

out to redeveloping strategically located historic neighbourhoods, including 

those in the de-industrialized canal area running through the region (Chemetoff 

et al., 2014). Considering the risks of the UHI and the wellbeing of its residents, 

blue and green spaces are expanded and integrated in networks that better 

connect the city with its peripheral nature reserves (be.brussels, 2018). It should 

be noted that the Brussels and Flemish strategies for more sustainable urban 

development are legally speaking still subject to preceding land use zoning 

policies, e.g. as specified in the Flemish RSV or the Brussels Gewestelijk 

Bestemmingsplan (GBP) (perspective.brussels, 2019). It is unclear however if the 

newer strategies can be fully consolidated with the spatial frameworks of former 

planning logics, as these may rely overly on single function use, leave too much 

room for additional urban sprawl and/or exclude areas that are actually 

interesting for more sustainable development. 
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Figure 28. Synthesis map of a study by (Verachtert et al., 2016) that analysed spatial access to services and public transport in support of 
a more sustainable urban development policy for Flanders. 
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Figure 29. The BCR’s Regional Plan for Sustainable Development aims to 
densify/redevelop certain strategically located areas (large blue polygon = 

canal area) while also improving transport and green space connectivity with 
the region’s periphery (BUUR, 2016). 
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9.2. Motivation to consider the case of Brussels-

Flanders 

From an URS point of view, the choice of the BCR as our case study was 

both thematically and pragmatically motivated. Brussels displays a dense and 

diverse urban landscape covering many land uses and cover types. This is ideal 

to illustrate the challenges of mapping on a spatially heterogenous city. In the 

frame of the BELSPO-BELAIR campaign, several sites in Belgium have been 

measured with an APEX airborne hyperspectral sensor every second year since 

2013. One of these sites covers part of the BCR. The availability of these data was 

essential to illustrate some of the core concepts of this research, making Brussels 

interesting to work on. And since the BCR also hosts our research institute, we 

did not lack for knowledge of or access to the studied terrain. 

As the above paragraphs have illustrated, the decision to investigate future 

urban dynamics in the BCR and its surroundings is particularly relevant in the 

context of exploring more sustainable urban development strategies. The 

political difficulties arising from Flemish-Brussels tensions add more flavour to 

the proposed analyses, as closer interregional cooperation will surely become an 

essential precondition to tackle the major problems of this country. The exact 

delineation of the study area with its three selected districts was then again 

practically motivated, as the HPROM and HERMES projections, which are core 

datasets for this study, are provided on district level. The proposed scenario 

analysis focuses on Brussels and its adjacent Flemish urban agglomeration. While 

acknowledging that the Wallonian part of the Brussels urban agglomeration 

forms an integral part of the bigger story, including it in this study would have 

added considerable workload that was not considered feasible in the scope of this 

dissertation. 

9.3. Core datasets 

For the urban remote sensing part of the dissertation, three types of imagery 

are considered. The first is airborne hyperspectral APEX imagery, and this is used 
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both in Chapter 1 and 2. Chapter 1 uses a 2013 APEX acquisition covering the 

eastern part of the BCR to perform per-pixel urban material mapping (Figure 

30). The APEX image is geometrically and atmospherically preprocessed (Sterckx 

et al., 2016; Vreys et al., 2016a), and its 2m resolution pixels describe surface 

reflectance over 288 bands covering the VNIR-SWIR range. The image contains 

four NW-SE oriented flight lines that were acquired on the 8th of July 2013 at 

approximately 11:00 hours, from an aircraft flying at an average altitude of 3650m 

above mean sea level. Considering the time and geographical latitude of Brussels, 

the urban image is characterized by considerable shadow cover. This was part of 

the motivation to invest attention on classifier performance differences between 

shaded and fully illuminated pixels. Chapter 2 uses a 2015 APEX acquisition that 

covers three additional flight lines to the West (Figure 30). Here, the APEX data 

is used for two purposes: (1) to produce an urban spectral library and (2) to 

produce a high-resolution land cover map that serves as the basis for the map-

based training method. The proposed library-based and classic map-based 

training method are used to perform VIS fraction mapping on 20m resolution 

broadband Sentinel-2 imagery, the third core remote sensing image. Sentinel-2 

features eight spectral bands in the VNIR-SWIR range. A 2015 Sentinel-2 summer 

acquisition of Brussels was selected, and this image was also preprocessed to 

describe surface reflectance. 

Chapter 1 addresses the potential of HSI-LiDAR decision fusion, and so the 

second main remote sensing dataset is a LiDAR point cloud acquired on the BCR 

in the winter of 2011, which was made available by the Brussels Regional 

Informatics Centre. The LiDAR dataset has a high point density of around 50 

points per m2. From this georeferenced 3D point cloud, three raster layers were 

constructed for the post-classification accuracy improvement: a Normalized 

Difference Surface Model (NDSM) describing the height of each pixel above 

street level, a slope layer and a surface roughness layer. These layers are 

illustrated in detail in Chapter 1. 
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Figure 30. The APEX 2015 image covering the BCR, with indication of the 2013 APEX image extent and an excerpt from the urban spectral 
built with this data. 
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An important dataset linking the remote sensing and modelling work of this 

research, is the sealed surface density timeseries produced in (Vanderhaegen and 

Canters, 2016). It entails three SSD fraction maps at 30 m resolution covering 

Flanders for the years 1987, 2001 and 2013 (Figure 31). These maps were derived 

from Landsat imagery and were produced with linear regression-based sub-pixel 

fraction mapping. Urban and non-urban regression models were constructed 

with training datasets sampled from an urban/non-urban mask, respectively, 

produced for each time period. This SSD timeseries is essentially based on the 

map-based training procedure investigated in Chapter 2. Pixel-level mean 

absolute error on SSD ranges from 9 to 17%, depending on the image scene 

processed (Vanderhaegen and Canters, 2016), which is reasonable for this type of 

application. The decision to re-use this interesting SSD timeseries was pragmatic, 

as reproducing it would have been costly and yielded little added value for this 

research. 

The SSD timeseries shown in Figure 31 is the main input used in Chapter 

3 to train and test the proposed quantitative state CA. SSD changes observed 

between 1987 and 2001 are used to calibrate the CA model, whereas 2001-2013 

SSD change is used to validate CA simulation output on a timeframe beyond that 

of the training data. The latter is an important test for any CA, since this may 

indicate if it is able to generalize temporally. This is important to know if the CA 

will be used to simulate into the future, as we do in Chapter 5. Here, the 2013 

SSD map serves as the starting point of CA simulation to assess and compare the 

2040 hydrological responses for the tested scenarios. 

Next, we go on to describe the remaining core datasets used in the 

modelling part of the thesis. First, the layers used to define the urban 

development scenarios are address (Figure 32). These six layers play important 

roles in the decision trees of both scenarios, and particularly so in the SUS 

scenario. They provide the basis to decide if a parcel is considered apt for  
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Figure 31. Landsat-derived sealed surface density timeseries covering the study area of this research for the years 1987, 2001 and 2013 
(Vanderhaegen and Canters, 2016). 
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Figure 32. Six important GIS layers used in the definition of the urban 
development scenarios BAU and SUS. The BAU scenario only considers urban 

cores and zoning. The sources of these datasets are shown in Table 2. 
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Table 2. Sources of the datasets shown in Figure 32. 

dataset source(s) 

Urban core (Vanderhaegen and Canters, 2016) 

Distance from railway 

or metro station 

National Railway Company of Belgium, 

Brussels Regional Informatics Centre 

Zoning 
Perspective.Brussels, Spatial Development 

Department Flanders 

Flood Hazard 
Brussels Environment, Coordination 

Committee on Integrated Water Policy 

Ecological valuation Research Institute for Nature and Forest 

Protected heritage site 
Heritage.brussels, Agency for Spatial 

Planning and Immovable Heritage 
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further residential development and, if so, which dwelling density is to be used 

to realize this development. In strategically located parcels, we also consider the 

possibility of adding dwellings to partially built-up parcels, representing urban 

densification. It is important to note here that the SUS scenario is spatially more 

constrained compared to BAU, as will be explained in Chapter 4. Also note that 

land use zoning constraints of Flanders and the BCR are respected in the 

definition of both scenarios, as these constraints are legally binding. Technically 

speaking zoning can be revised, but such adaptations require an elaborate 

administrative process. 

Next up are the datasets used in the spatial refinement of the HPROM 

residential activity projections (Table 3). HPROM is a demographic model 

developed by the Federal Planning Bureau (Vandresse, 2013a) that draws on the 

cohort component method (Smith et al., 2002) to produce district-level trends 

up to 2070 for the LIPRO typology of households (van Imhoff and Keilman, 1991). 

The basis for the Microsimulation of these projections, addressed in Chapter 4, 

is provided by Census data of 2001 and 2013. These datasets contain sector-level 

locations and socioeconomic characteristics of the full population of households 

for their corresponding two years. A microsample provided by Statistics Belgium 

provides 2003-2004 relocation dynamics for a subset of the household 

population, which allows characterizing relocation frequencies and distances for 

each considered household segment. The access to service/public transport maps 

produced in (Verachtert et al., 2016) are considered important variables for the 

household location choice modelling of the proposed Microsimulation 

framework. For brevity, we refrain from listing here all variables used in the 

location choice analysis and refer the reader to Chapter 4 for more info. The 

sector-level demographic projections yielded by the Microsimulation are used in 

Chapter 5 to estimate land cover change. 

The HERMES model is used in this dissertation to describe expected 

economic developments. HERMES is a macro-economic model, also developed 

by the Federal Planning Bureau, whose main purpose is to enable economic 

projection and analysis for policy research/support (Bassilière et al., 2018b). One  
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Table 3. Core datasets used in the spatial microsimulation of residential 
dynamics. 

name description source 

HPROM 

Demographic projections 
on district level for the 

LIPRO classes of 
households up to 2040. 

Federal 
Planning 
Bureau 

Census 2001 & 
2011 

Locations and 
socioeconomic 

characterization of the full 
population of households in 

2001 and 2011 + additional 
layers pertaining to housing 

stock and its conditions. 

Statistics 
Belgium 

Microsample 

Detailed dataset describing 
relocation dynamics for a 

sample of the population of 
households in 2003-2004. 

Statistics 
Belgium 

Access to 
services/public 

transport 

Relative indicators of 
spatial access to services 

and public transport. 

(Verachtert et 
al., 2016) 
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of the main outputs of this model is a projection of employment for 15 types of 

economic activities on the geographic level of districts. The temporal scope of 

the prediction made available for this research runs up to 2030, and so an 

extrapolation must be performed to extend this to the envisioned scenario 

analysis end date of 2040. The spatial refinement of HERMES in Chapter 4 is 

based on the locations and dimensions of economic enterprise establishments. 

To obtain this information, three databases are used (Table 4). First, the 

Crossroads Bank for Enterprises Open Data is geocoded with the Best Address 

database to get establishment locations and activities. Then, information from 

the National Social Security Office is linked to this to estimate the number of 

employees per geocoded establishment. Employment information is used in 

Chapter 4 as a variable to help explain household location choice as well as a 

driver of land cover change in the model coupling in Chapter 5. 

10. Impact of the COVID-19 pandemic on the 

research 

Finally, a word on the possible impacts of the COVID-19 pandemic on the 

thesis research. Its stands to reason that short- to mid-term residential/economic 

developments in Belgium will be affected by the nationwide lockdowns and other 

sanitary measures taken throughout most of 2020 and up to the time of finalizing 

this introduction in the late spring of 2021. And there is of course the immediate 

economic downturn resulting from these measures that should also be 

considered. The analyses included in this dissertation, and the projections they 

are based on, predate these events and must thus be interpreted with extra care. 

This warning is not at all an undermining of their value, as the reader will recall 

that this dissertation mainly aims at a proof of concept. The ideas behind the 

proposed simulation approaches are just as important as the outcome of the 

simulations themselves, and maybe even more. The core issue of the study area 

furthermore remains the same, i.e. unsustainable urban sprawl development. As 

the corresponding problems will keep on mounting, sooner rather than later 

attention will shift back to where it left in 2020. 
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 Table 4. Core datasets used in the spatial distribution of economic activities. 

name description source 

HERMES 

Economic projections on 
district level, indicating 
predicted jobs per 
economic activity sector. 

Federal 
Planning 
Bureau 

CBE Open Data 

Exhaustive database of 
Belgian enterprises with 
indication of status, main 
economic activity and 
addresses of 
establishments. 

Crossroads 
Bank for 
Enterprises 

BeST Address 
Belgian database linking 
text-form addresses to 
geographic coordinates. 

Federal Public 
Service Policy 
and Support 

NSSO 

Belgian employment 
database with indication of 
dimension of employment 
per enterprise 
establishment. 

National Social 
Security Office 
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Chapter 1 -  

Synergistic Use of LiDAR and APEX 

Hyperspectral Data for High-

Resolution Urban Land Cover 

Mapping 

This chapter is based on “Priem, Frederik, Canters, Frank, 2016. Synergistic Use of 

LiDAR and APEX Hyperspectral Data for High-Resolution Urban Land Cover 

Mapping. Remote Sensing. 8, 787, 1-22”. 

Abstract: Land cover mapping of the urban environment by means of remote 

sensing remains a distinct challenge due to the strong spectral heterogeneity and 

geometric complexity of urban scenes. Airborne imaging spectroscopy and laser 

altimetry have each made remarkable contributions to urban mapping but 

synergistic use of these relatively recent data sources in an urban context is still 

largely underexplored. In this study a synergistic workflow is presented to cope 

with the strong diversity of materials in urban areas, as well as with the presence 

of shadow. A high-resolution APEX hyperspectral image and a discrete waveform 

LiDAR dataset covering the Eastern part of Brussels were made available for this 

research. Firstly, a novel shadow detection method based on LiDAR intensity-

APEX brightness thresholding is proposed and compared to commonly used 

approaches for shadow detection. A combination of intensity-brightness 

thresholding with DSM model-based shadow detection is shown to be an 

efficient approach for shadow mask delineation. To deal with spectral similarity 

of different types of urban materials and spectral distortion induced by shadow 

cover, supervised classification of shaded and sunlit areas is combined with 

iterative LiDAR post-classification correction. Results indicate that height, slope 

and roughness features contribute to improved classification accuracies in 
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descending order of importance. Results of this study illustrate the potential of 

synergistic application of hyperspectral imagery and LiDAR for urban land cover 

mapping. 

1. Introduction 

In light of the challenges presented by climate change and urbanization, 

more than ever urban areas need to be monitored in order to gain a better 

physical understanding of this complex and dynamic environment. Over the past 

decades, urban remote sensing has presented itself as a viable means to 

systematically acquire information on different spatial, spectral and temporal 

scales using a wide range of spaceborne and airborne Earth observation 

platforms. Remote sensing of urban scenes remains a challenging topic though 

due to characteristic difficulties presented by the urban environment and 

limitations of traditional sensors. Urban areas are composed of a complex mosaic 

of different materials that can usually be attributed to a combination of four 

material components: minerals, vegetation, oil-derived products and other 

artificial materials including metals (Rashed and Jürgens, 2010). Each material 

displays specific reflectance features in the Visible Near-Infrared (VNIR) and 

Short Wave Infrared (SWIR) wavelength regions so consequently cities are 

characterized by a very high degree of spectral heterogeneity (Ben-Dor, 2001; 

Roberts and Herold, 2004). Adding to the complexity is the fact that some 

materials that are used for different purposes (e.g., roof versus road materials) do 

share similar material compositions and thus also show similar spectral 

behaviour (Xian, 2016). Variations in composition within a material type, 

material weathering and material condition can furthermore induce a significant 

degree of spectral intra-class confusion (Ben-Dor, 2002b; Deng et al., 2015; 

Herold et al., 2007; Wu, 2004). Another concern of urban remote sensing is the 

complex geometry of the urban environment. Most observed urban objects tend 

to have rather small spatial dimensions compared to objects encountered in 

natural environments and these objects are often arranged in complex site-

specific geometries (Rashed and Jürgens, 2010; Xian, 2016). The characteristic 

geometric assembly and the differences in surface roughness of urban areas 
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result in substantial impact of direction-dependent reflectance properties and in 

the presence of shade. Both these phenomena lead to a substantial increase in 

heterogeneity in the measured spectral response of urban materials (Herold et 

al., 2007). 

The complexity of urban scenes has led to an increased demand for more 

advanced, high resolution remote sensing solutions. Especially in the past decade 

there has been a steady growth in the development and availability of new 

sensors able to better cope with the challenges outlined above. Two technologies 

that have made remarkable contributions are hyperspectral remote sensing, also 

referred to as imaging spectroscopy, and Light Detection And Ranging (LiDAR) 

(Hardin and Hardin, 2013; Raychaudhuri, 2016; Yan et al., 2015). As opposed to 

broadband multispectral sensors, hyperspectral sensors tend to extensively cover 

both the VNIR and SWIR regions with a high number (ranging from tens to 

hundreds) of narrowly defined spectral bands, allowing them to capture even 

subtle spectral features, strongly improving the ability to discriminate different 

materials and in some cases even material conditions (Raychaudhuri, 2016). 

LiDAR technology can be described as a laser profiling and scanning system 

emitting monochromatic NIR pulses that produce very dense point clouds in 

which each point is accurately positioned in 3D using direct geo-referencing. As 

such, LiDAR is a powerful tool for altimetric modelling of nearly any terrain (Yan 

et al., 2015). The advent of LiDAR marked a major step forward in urban remote 

sensing since it allowed to move beyond the limits dictated by multi- and 

hyperspectral imagery by adding new components to the equation such as 

height, intensity and multiple return/texture features (Brubaker et al., 2013; 

Mallet et al., 2011; Mallet and Bretar, 2009; Song et al., 2002; Yan et al., 2015). 

Despite the merits that hyperspectral and LiDAR data possess on their own, 

it is mainly through synergistic use of both these technologies that urban 

mapping has managed to produce some of its most interesting and promising 

results in recent years (Alonzo et al., 2014; Brook et al., 2013; Ghamisi et al., 2015; 

Heiden et al., 2012; Khodadadzadeh et al., 2015). Data fusion of imaging 

spectroscopy and laser altimetry or hyperspectral-LiDAR synergy is a young but 
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dynamic research field that has only started to develop fully in the last decade. 

Approaches for synergy can be differentiated based on how the LiDAR data are 

integrated in the land-cover mapping workflow: through vector stacking (feature 

selection or pre-processing), re-classification or in a post-classification phase 

(Huang et al., 2011). Vector stacking should be understood as a process of 

combining raw spectral, textural or object-based features derived from a 

hyperspectral image and a LiDAR point cloud before being used as input for a 

classifier (Gamba, 2014). Given the completely different nature of hyperspectral 

and LiDAR data, machine learning classifiers are preferred in this approach, since 

these classifiers are non-parametric and do not make assumptions regarding the 

distribution of the input variables (Gamba et al., 2011). Re-classification involves 

a two-step mapping process where the first step consists of a classification based 

on hyperspectral data, which is followed by a second classification using the 

output of the spectral classifier and LiDAR derived features as its input. More 

than just improving the accuracy of the spectral classification, adding height 

(derived) information can improve thematic detail in land cover mapping 

(Heiden et al., 2012). Finally, post-classification involves the improvement of 

classification output using external data (in this case LiDAR) in combination 

with a specific ruleset. Rulesets for post-classification can be constructed 

manually or semi-automatically using discrete thresholds, soft classification 

output, object-based and/or statistical information in order to perform 

correction (Van de Voorde et al., 2007). A number of examples can be  found in 

the literature where multiple approaches for hyperspectral-LiDAR synergy are 

combined within one workflow (Ghamisi et al., 2015; Heiden et al., 2012). 

Regardless of the approach, LiDAR height information and derivatives naturally 

complement hyperspectral data because they may allow discriminating between 

geometrically dissimilar but spectrally similar material classes.  

Use of LiDAR data in combination with hyperspectral data may also prove 

useful for dealing with the omnipresence of shadow in urban areas. Shadow is 

the result of a complete or partial blocking of direct irradiance. It is particularly 

problematic for analysis of imagery covering cities with a strong degree of high-

rise development or strong topographic features. Likewise, imagery acquired 
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before or after solar noon, outside of the summer season, during cloudy weather 

conditions or in temperate to arctic climate zones may be severely tainted by 

shadow (Arévalo et al., 2008; Dare, 2005). Whereas for sunlit surfaces direct 

irradiance will be the main contributing factor to the total radiance budget, for 

shaded areas the relative contributions of environmental and atmospheric 

radiance will be far greater while direct irradiance may even be reduced to zero 

(Adler-golden et al., 2000). Because shadow distorts the spectral signature of 

materials, accurate mapping of urban areas requires dedicated approaches to 

deal with shadow. A distinction can be made between shadow detection and 

shadow compensation techniques. Shadow detection answers the question 

where and to what extent shadow occurs in an image (Adeline et al., 2013). 

Shadow compensation on the other hand encompasses methods that can be used 

to reduce or avoid the impact of shadow cover on mapping (Shahtahmassebi et 

al., 2013). A considerable number of shadow detection and compensation 

techniques have been developed for remote sensing but most focus on high 

resolution multispectral data. Only more recently have techniques been 

proposed that attempt to benefit from LiDAR and hyperspectral imagery. Model-

based or geometric shadow detection approaches utilize a-priori information, in 

most cases Digital Surface Models (DSM) and solar illumination angles at the 

time of image acquisition, to perform line-of-sight analysis or ray tracing 

(Morello and Ratti, 2009b; Ratti and Richens, 2004; Richens, 1997; Tolt et al., 

2011). These geometric approaches have the advantage of avoiding errors in 

shadow detection induced by spectral confusion but their output will be directly 

dependent on the quality of the DSM and its co-registration with the image data. 

Colour Invariant approaches, on the other hand, select certain image bands, 

spectral indices or colour space components that are (near) insensitive to 

lighting conditions and compare those with light dependent features (Tsai, 

2006). Machine learning shadow detection relies on the unique spectral 

characteristics of shaded materials to detect shadow induced spectral features. 

Support Vector Machines (SVM) are currently prevalent classification algorithms 

used for this purpose (Lorenzi et al., 2012). The main drawback of the machine 

learning approach, however, is the need to produce a dedicated training dataset 

of shaded areas, which can be very difficult and labour intensive. Machine 
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learning shadow detection methods will be inclined to produce more satisfying 

results when used with high resolution spectral information, but will in any case 

still be prone to spectral confusion (Adeline et al., 2013; Shahtahmassebi et al., 

2013).  

Shadow compensation includes a wide range of methods. A differentiation 

can be made between pre-processing, classification and post-processing 

techniques. Illumination effects in hyperspectral imagery can be suppressed in 

pre-processing by converting radiance or reflectance information to spectral 

angles and linearly correcting them based on shadow/non-shadow statistics 

(Ashton et al., 2008). A more intricate method to compensate for the effect of 

shadow in hyperspectral urban imagery using LiDAR information has been 

proposed in (Friman et al., 2011). Here, a DSM and other LiDAR derived features 

such as sky view factor are used to model different irradiance components which 

are in turn entered in a non-linear spectral correction model. Direct classification 

or classification of shaded areas using shaded material training data is a shadow 

compensation technique that has been applied with relative success for 

classifying multispectral imagery (Wu et al., 2014) but remains remarkably 

unexplored for hyperspectral data. This approach relies on the idea that 

radiances received from shaded areas are still material dependent and assumes 

that a significant amount of class related spectral information is still present in 

shadow (Adeline et al., 2013). Shadow compensation can also be achieved in a 

post-classification phase by training a machine learning classifier with a separate 

shadow class and then running a second, dedicated classifier to assign shadow 

pixels identified in the first step to meaningful non-shadow classes (Van de 

Voorde et al., 2007). 

Few studies so far have combined airborne hyperspectral and LiDAR data 

for accurate urban land cover mapping on a high level of thematic detail, 

exploiting LiDAR for shadow detection as well as improvement of land-cover 

classification output. Dealing with shadow remains a topic that has been mainly 

explored for urban mapping with multispectral high-resolution imagery. The 

general objective of this chapter is to investigate the potential of hyperspectral-
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LiDAR synergy for urban land cover mapping when faced with strong spectral 

heterogeneity of materials, between-class spectral confusion and shadow cover. 

Three specific research objectives are envisioned: (1) defining a novel approach 

for shadow detection in urban scenes by combining hyperspectral imagery with 

LiDAR features; (2) assessing the performance of  hyperspectral SVM 

classification in shadow and non-shadow areas, using both sunlit and shaded 

training data for a large variety of urban materials; (3) assessing the added value 

of  different height-derived LiDAR features for post-classification improvement 

of hyperspectral classification output. The two primary data sources used in this 

research are an APEX airborne hyperspectral image and a discrete waveform 

LiDAR dataset, both covering a NW–SE urban transect in the eastern part of the 

Brussels Capital Region (BCR). In the first part of the chapter, a novel intensity-

brightness thresholding technique for shadow detection is proposed. Next, a 

detailed mapping of urban land cover in both shaded and non-shaded areas is 

performed, using Support Vector Classification (SVC). SVC has been selected 

based on its flexibility, robustness, relative ease of use, performance and its soft 

class probability output. Finally, an iterative post-classification correction 

algorithm using SVC class membership probabilities and LiDAR features is 

proposed and tested on the APEX hyperspectral classification result. This study 

illustrates the strengths of combining airborne imaging spectroscopy and laser 

altimetry for urban material mapping as well as the potential of APEX 

hyperspectral data, when used in combination with high-resolution LiDAR data. 

2. Materials and Methods 

2.1. Data and Study Area 

2.1.1. APEX Hyperspectral Imagery and Image 

Preprocessing 

The Airborne Prism Experiment or APEX sensor is a dispersive pushbroom 

imaging spectrometer designed for airborne applications as well as simulation 
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and calibration of (future) spaceborne missions. The sensor has a spectral 

coverage of 372–2540 nm but the number and widths of the spectral bands can 

be configured for the purpose of the application (Itten et al., 2008; Schaepman et 

al., 2015a). An APEX image was acquired on 8 July 2013 around 11h local time 

covering the eastern part of the Brussels Capital Region and most of the Sonian 

forest (Figure 33). The East of the BCR is characterized by a strongly 

heterogeneous urban fabric composed of residential, commercial service-

oriented and mixed function areas with differing densities, as well as leisure 

infrastructure, parks and other green spaces. Four NW-SE oriented flight lines 

were needed to cover the study area, each recorded at an altitude of 

approximately 3650 m.a.s.l. The instrument was configured to perform 

measurements over 288 spectral bands but bands 147–160 and 198–219 were 

removed from further analyses due to atmospheric absorption effects, leaving 252 

bands. The initial level 1C product was geometrically corrected using direct 

georeferencing and atmospherically corrected using the MODTRAN4 radiative 

transfer code to derive bottom-of atmosphere reflectance (de Haan et al., 1991; 

Sterckx et al., 2016; Vreys et al., 2016b, 2016a). The final level 2B image was 

registered in the Belgian Lambert72 coordinate system with dimensions 

encompassing 8860 rows by 3491 columns and a pixel size of 2 × 2 m2. 

To ease computational burdens, use was made of the BandClust 

dimensionality reduction algorithm. BandClust is a recursive non-parametric 

semi-unsupervised band clustering algorithm that employs minima in Mutual. 

Information plots over a range of adjacent bands to find optimal splitting points. 

Bands located between two splitting bands are clustered by averaging in order to 

acquire a reduced number of bands. For more information on the BandClust 

algorithm the reader is referred to (Cariou et al., 2011). A total of 21 bands was 

retained after performing BandClust. Previous research with APEX on the BCR 

has shown that BandClust has no negative impact on classification accuracies 

compared to using the full hyperspectral image dataset when working with a 

large number of    urban classes (Demarchi et al., 2014). 
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Figure 33. (a) RGB-image (R = band 36, G = band 18 and B = band 5) of the 2013 APEX image covering the Eastern part of the Brussel 
Capital Region and (b) inset map for VUB university campus. Annotations in (b) refer to material spectra (see below). 
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2.1.2. LiDAR and Derived Features 

An airborne discrete waveform LiDAR dataset acquired in the winter of 2012 

with an average point density of 35 points/m² after point filtering has been used 

for this study (LiDAR data provided by the Brussels Regional Informatics Centre). 

The original extent covering the whole BCR was reduced to that of the 

hyperspectral image and a 25 cm resolution DSM was extracted using the LAS 

dataset to raster tool provided in ArcGIS with maximum height values for 

binning. Linear void filling was used to interpolate caveats in the DSM although 

these were rare due to the very high LiDAR point density. Subsequently, this 

DSM was co-registered with the hyperspectral image and resampled to the APEX 

2 m resolution. Performing this two-step procedure proved to avoid 

oversensitivity of the DSM to narrow tall or linear objects present in the urban 

environment (e.g., antennae and power cables). A normalized DSM or nDSM at 

2 m resolution describing the height of pixels above ground level, was produced 

by subtracting a LiDAR derived Digital Elevation Model (DEM) from the DSM 

(Figure 34a). From the 25 cm DSM, a slope image was extracted which was in 

turn used to construct a roughness image (Figure 34b,c). Roughness was 

acquired by taking the standard deviation of all 25 cm slope pixels located within 

a 2 m pixel, while slope was calculated by taking the mean value. By means of a 

procedure similar to that for DSM extraction but with average binning, a LiDAR 

intensity image was produced (Figure 34d). LiDAR intensity represents the peak 

amplitude of a backscattered pulse and although this measure is subject to a 

number of factors, what is mainly important for this study is its correlation with. 

inherent surface brightness and near insensitivity to surface lighting conditions. 

These are useful characteristics for shadow detection as will be illustrated further 

on. It has to be noted that due to sensor-to-surface angles of incidence and 

scattering effects of LiDAR pulses on oblique and very rough surfaces (e.g., 

canopy), intensity values will not be representative for each material class. Since 

intensity was delivered in the unitless range of [0, 1500], this range has been 

rescaled to [0, 1] in order to avoid computational issues during classification and 

to facilitate comparison with brightness data 
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Figure 34. LiDAR features used in this research illustrated for the VUB 
university campus with (a) normalized DSM, (b) slope, (c) roughness and (d) 

intensity (expressed in uncalibrated Digital Numbers (DN)). 
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2.1.3. Very High-Resolution Orthophotos and other 

Ancillary Data 

A 2012 winter acquisition RGB-NIR orthophoto with a resolution of 7.5 cm, 

obtained from the Brussels Regional Informatics Centre, was used as visual 

reference for the purpose of producing ground truth data over the study area. 

Ancillary vector datasets from the UrbIS spatial database of Brussels, including 

water and building shapefiles, have been utilized in this study to improve 

classification results in post-processing. Google Street View proved to be 

invaluable in assisting in discriminating different materials at street level, both 

in and out of shadow. Oblique aerial imagery has also been used to complement 

the earlier mentioned orthophotos for material discrimination (acquired at 

http://geoloc.irisnet.be). 

2.2. Methodology 

2.2.1. Classification Scheme and Sampling Strategy 

The complete workflow adopted in this study is depicted in Figure 35. All 

steps will be explained in further detail over the following paragraphs. The first 

step in the workflow was the design of a hierarchical classification scheme in 

which level 2 or the material class level is of particular interest (Table 5). For 

clarity’s sake, all mention of land cover classes will refer to level 2 unless explicitly 

stated otherwise. A total of 27 classes were included in the scheme describing 

some of the most common urban materials (Figure 36) but also some that have 

only recently been introduced in the urban landscape on a significant scale (e.g., 

solar panels, reflective hydrocarbon roofing, extensive green roofs). Note that 

bright roof material is actually a conglomerate of different white PVC, EPDM and 

other bright hydrocarbon roofing materials as well as bright coatings applied on 

metal roofs. Attempts to map these as separate classes were unsuccessful due to 

their spectral similarity and since all these materials serve the same purpose of 

providing bright impervious roofing, the decision was made to cluster them. 

Reflective hydrocarbon also mainly consists of PVC and EPDM based roofing 

http://geoloc.irisnet.be/
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Figure 35. Flowchart outlining the workflow implemented in this research. 
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Table 5. Hierarchical classification scheme adopted for this study with indication of number of sunlit-shaded ground truth polygons and pixels for 
each level 2 material class. 

Level 1 Level 2 Sunlit Polygons Sunlit Pixels Shaded Polygons Shaded Pixels 

roof 1. red ceramic tile 25 247   

 2. dark ceramic tile 35 307 16 99 

 3. dark shingle 33 280 26 150 

 4. bitumen 29 260 12 121 

 5. fiber cement 28 306 11 92 

 6. bright roof material 27 311 14 122 

 7. hydrocarbon roofing 30 308 12 115 

 8. gray metal 15 143   

 9. green metal 20 216   

 10. paved roof 28 302 11 99 

 11. glass 13 153   

 12. gravel roofing 30 322   

 13. green roof 24 258   

 14. solar panel 28 309   
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Table 5 continued 

Level 1 Level 2 Sunlit Polygons Sunlit Pixels Shaded Polygons Shaded Pixels 

pavement 15. asphalt 27 313 17 158 

 16. concrete 29 328 17 159 

 17. red concrete pavers 28 312 14 105 

 18. railroad track 29 300 12 91 

 19. cobblestone 20 229 10 100 

 20. bright gravel 19 195 13 135 

 21. red gravel 28 309 10 112 

 22. tartan 17 198   

 23. artificial turf 26 307 9 112 

 24. green surface 25 282   

high vegetation 25. high vegetation 27 312 14 107 

low vegetation 26. low vegetation 27 306 14 133 

bare soil 27. bare soil 31 342   

water° 28. water° n/a n/a n/a n/a 

° = manually classified with mask 
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Figure 36. Examples of different material spectra sampled from the APEX image and included in the set of ground truth data with (a) 
sunlit spectra and (b) shaded spectra. Notice that the materials have been annotated in Figure 33. 
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materials but here the prevailing colors are gray and to a lesser extent green and 

red. 

For each class, a set of sunlit ground truth polygons with a maximum size 

of 12 APEX pixels was manually digitized using all available data described above. 

Except for a limited number of classes, 250–300 spectra were collected per class. 

In addition, shaded ground truth polygons were digitized for as many material 

classes as was deemed feasible. Classes with only a marginal occurrence in 

shadow were excluded and finally 17 out of 27 classes were covered. The amount 

of digitized shaded polygons is however considerably lower than the amount of 

sunlit polygons (Table 5). Subsequently, the shaded and sunlit ground truth 

polygons were each split in training and validation sets based on a 1/3 training 

and 2/3 validation stratified sampling scheme. Given that the applied SVM 

classifier is known to retain its ability to generalize even with a limited training 

sample size, this split ratio was deemed appropriate for this study. The ground 

truth set of shaded polygons was already limited to start with and the adopted 

sampling scheme thus ensures a representative accuracy assessment. 

2.2.2. Shadow Detection 

A novel shadow detection method is presented here that is inspired by 

Invariant Colour Model shadow detection. The idea of the approach proposed is 

to use LiDAR derived intensity as an image-external lighting invariant feature, 

more specifically as a proxy for inherent surface brightness of the APEX image. 

The first step of the procedure encompasses taking the ratio of LiDAR intensity 

(scaled to a [0, 1] range) over APEX image brightness. Brightness is calculated 

simply by taking the average reflectance for each pixel. In this ratio image, high 

pixel values represent areas where inherent or expected brightness is high 

compared to the observed brightness in the APEX image. The assumption is 

made that such areas are affected by cast shadow. In the second step, a manually 

determined threshold value is applied on the ratio image resulting in a binary 

shadow mask. A threshold value of 4 was found to cover almost all fully shaded 

areas without giving rise to overestimation. It should be noted that this shadow 
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detection approach is not suited for identifying areas affected by partial shadow 

cover or self-shadow. In order to detect those brighter types of shadow, a lower 

threshold value would be needed but tests indicated that this results in an 

overestimation of shadow cover on darker sunlit areas.  

To allow comparison with other approaches for shadow detection, a 

machine learning and a geometry-based shadow mask were produced. The 

former was obtained by training a two class SVM classifier with shaded and sunlit 

training data, the latter by applying the shadow volume approach proposed by 

(Richens, 1997) on the 25 cm DSM using solar angles at the time of APEX image 

acquisition (Morello and Ratti, 2009b; Ratti and Richens, 2004; Richens, 1997). 

The shadow volume approach was implemented by developing a Matlab function 

that iteratively shifts the DSM in the horizontal direction of cast shadow dx and 

dy while uniformly subtracting a corresponding decrease in height dz from the 

DSM. This process continues until the accumulated change in height surpasses 

the maximal height difference in the DSM or until a predefined number of 

iterations has been reached that reasonably allows all shadows to be fully 

projected. A near zenith solar height will cast smaller shadows requiring fewer 

iterations and vice versa. The resulting shadow volume model can subsequently 

be converted into a shadow mask simply by subtracting the original DSM from 

it and converting all positive values to 1 (Figure 37). 

2.2.3. Support Vector Classification 

Support Vector Machines are a group of non-parametric statistical machine 

learning methods that are capable of solving complex non-linear classification 

and regression problems. SVM has proven itself to be robust even when faced 

with low observations to dimensionality training samples (Chi et al., 2008). Not 

surprisingly, Support Vector Classification has witnessed a drastic growth in 

popularity over the past decades in many different scientific disciplines, 

including remote sensing (Mammone et al., 2009; Mountrakis et al., 2011). For 

this study, the imageSVM Classification tools provided by the EnMAP-box 

software were used to perform SVC (van der Linden et al., 2015). The SVC tools  
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Figure 37. Overview of the DSM model-based shadow detection approach, in this chapter referred to as shadow volume approach. 
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included in EnMAP-box are based on the LIBSVM algorithm. The primary output 

is a class probability image from which a class image is derived by selecting the 

class with the highest probability for each pixel (C.-C. Chang and Lin, 2011). A 

Support Vector Classification was performed using all sunlit and shaded training 

data. The output was subjected to a majority filter with a 3 × 3 pixel kernel before 

validation to smooth out oversensitivity to spectral variations within objects 

(also referred to as the pepper and salt effect). 

2.2.4. LiDAR Post-Classification Correction 

An iterative post-classification correction workflow has been designed and 

implemented to improve the accuracy of the original SVC (Figure 38). 

Essentially, the correction algorithm assesses if the land cover class label assigned 

by the classifier logically corresponds to the observed spatial characteristics as 

derived from the LiDAR data. This logic correspondence is implemented by 

means of a user-defined look-up table in which each land cover class is assigned 

to a certain range of allowed values of height, slope and roughness. If the 

observed geometry of a pixel conflicts with any of the ranges of spatial attributes 

that are associated with the class the pixel has been assigned to, the 

corresponding class membership probability is set to zero and a new land cover 

class label is assigned based on the second highest probability. Since the second 

highest probability will not necessarily provide an acceptable land cover class, 

this procedure is repeated until no more conflicts are detected for each of the 

pixels in the image at which point the final corrected land cover image is 

obtained. For ease of implementation, one threshold value was defined for each 

LiDAR feature and land cover classes were linked to a range corresponding with 

all values below or above the threshold. For some combinations of classes and 

LiDAR features, no thresholds were used (e.g., asphalt can occur both on flat as 

well as sloped terrain). Based on the distribution of LiDAR feature values for the 

ground truth data and expert knowledge, the following threshold values were 

chosen: 0.5 m for height, 15° for slope and 1.8° for roughness. Because roughness 

is inherently noisy due to spatial errors of LiDAR points, only class assignments 
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Figure 38. Detailed workflow of the iterative LiDAR post-classification correction used in this research. 
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for three classes with distinct roughness characteristics (asphalt, concrete and 

railroad track) were allowed to be corrected based on this feature. In order to 

account for the presence of asphalt, railroad materials and concrete above street 

level (as is the case on bridges and viaducts), a vector dataset describing buildings 

was used. The occurrence of these three materials above 0.5 m was not flagged 

as a conflict if they occurred on a location that was not a building. Before 

validation, the output of this correction was also subjected to a majority filter 

(see above). 

2.2.5. Accuracy Assessment 

Using an independent set of shaded and sunlit validation polygons as 

reference data, confusion matrices were constructed for SVM classification, 

before and after LiDAR post-classification. From these matrices two overall 

accuracy measures were derived, being Percentage Correctly Classified (PCC) 

and overall kappa Κ. Conditional class wise kappas Κi were also calculated. Kappa 

analysis provides a statistical basis for deciding if the overall or class wise 

accuracies obtained with different classification approaches significantly differ 

from each other. The latter can be achieved by calculating the Z-statistic based 

on the estimates of kappa K1 and Κ2 and their respective estimated variances 

var(Κ1) and var(Κ2) (Congalton and Green, 2009): 

Z =  
|K1  −  K2|

�var(K1)  +  var(K2)
 (1) 

Assuming a null hypothesis H0: (K1 − K2) = 0 and alternative hypothesis H1: (K1 − 

K2) ≠ 0, the null hypothesis is rejected when Z is greater than or equal to a critical 

value corresponding to a desired level of confidence. In most cases, a critical 

value of 1.96 is used to assess significant difference corresponding to a 95% 

confidence level. 
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3. Results 

3.1. Shadow Detection 

The three selected shadow detection approaches, being Support Vector 

Classification, shadow volume and intensity-brightness thresholding, were 

applied on their corresponding input data. In Figure 39, results obtained with 

the three methods are illustrated for a number of subscenes showing the 

strengths and weaknesses of each approach. The main drawback of the SVC 

approach is its susceptibility to false labelling of bright shaded materials as sunlit 

and dark sunlit materials as shadow. This is clearly illustrated in column 1 of 

Figure 39 where for SVC dark sunlit roofing is wrongly mapped as shadow while 

bright roofing located in cast shadow is omitted from the shadow mask. Also, in 

column 2, parts of shadow cover on ground level are omitted using the SVC 

approach. Such spectral confusion is avoided by the intensity-brightness and 

shadow volume approaches but the shadow volume mask does suffer from 

certain DSM related and APEX mosaicking related issues. Since the APEX flight 

lines were acquired over a time period of about half an hour not long before solar 

noon, non-negligible changes in solar azimuth and elevation can be observed in 

the image. These variations induce considerable errors in some parts of the 

shadow mask as is highlighted in column 2 of Figure 39. Shadow detection based 

on DSM height information is furthermore prone to errors caused by long linear 

objects such as construction cranes and power cables, which is shown in column 

3. The weakness of the intensity-brightness approach is related to the effect of 

LiDAR sensor-to-surface incidence angles on intensity. For materials with rough 

surfaces or on tilted roofs, a considerable fraction of the inbound pulses will be 

lost due to scattering, resulting in an underestimation of intensity for those 

surfaces. The underestimation of self-shadow on oblique roofs is clearly 

illustrated in column 4 of Figure 39.  

A rough quantitative validation of the shadow masks obtained with each 

approach was accomplished by calculating a PCC based on all shaded validation 

pixels. Both the SVC and shadow volume approach estimate shadow cover very 
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Figure 39. Results of the four shadow detection approaches (detected shadow 
shown in purple) applied in this research for a selection of APEX subsets 

illustrating strengths and weaknesses of each approach. The first row depicts 
the subsets without shadow mask as visual reference. A number of typical 

errors are highlighted in this figure. 
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well and obtain an almost equal PCC of 0.93 and 0.92 respectively. The intensity-

brightness approach on the other hand seems to perform less well with a PCC of 

0.69. As discussed above, this is the result of a failure to detect brighter partial 

shadow cover or self-shadow in the set of validation pixels. Nonetheless, an in-

depth visual analysis of the shadow mask obtained with the brightness-intensity 

approach (see above) reveals its benefits compared to the other approaches for 

detecting cast shadow. Based on these findings a hybrid or mixed shadow mask 

was constructed by combining the intensity and shadow volume masks (bottom 

row of Figure 39). Ground level shadow was modelled with the intensity mask 

while rooftop/canopy shadow was defined based on the shadow volume mask. 

This hybrid approach combines the strengths of both methods and avoids their 

weaknesses. The final shadow mask was subjected to intensive visual inspection 

and the same validation procedure was applied as used on the other masks, 

yielding a superior result with a PCC of 0.99. 

3.2. SVC Land-Cover Mapping 

A SVC model was parametrized based on both the sunlit and shaded 

training data and was subsequently applied to the APEX image. The resulting 

land-cover classification is illustrated in Figure 40 and Figure 41. In the former 

four smaller image subsets are shown corresponding to different urban 

typologies encountered in the image scene: commercial/light industry, 

university campus, dense residential and sparse residential. In Figure 41, a 

somewhat larger subset, covering the Cinquantenaire Park and its surroundings, 

is shown. All maps depict land cover at level 1 of the classification scheme. 

Accuracy assessment of the land cover mapping output on level 2, based on 

confusion matrices constructed from the independent set of sunlit and shaded 

validation polygons, results in a PCC of 0.81 and an overall kappa of 0.80 for sunlit 

areas and a PCC of 0.67 and overall kappa of 0.65 for shaded areas (Table 6). The 

difference between PCC and kappa is limited in this case because the high 

amount of classes included in the classification scheme reduces the impact of 

chance agreement. As could be expected, the accuracy for shaded areas is 

considerably lower with a difference of 0.15 in overall kappa.
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Figure 40. Illustration of level 1 mapping results of Support Vector 
Classification (third row) and LiDAR post-classification correction (fourth 

row) for a selection of subsets representing different urban typologies 
(commercial-light industry, university campus, dense residential and sparse 
residential) present in the image scene. The RGB APEX image (first row) and 

the hybrid shadow mask (second row) have been included in this figure as 
visual reference. 
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Figure 41. Illustration of level 1 results of Support Vector Classification (c) 
and LiDAR post-classification correction (d) for a larger subset covering the 
Cinquantenaire Park and surroundings. The RGB APEX image (a) and the 

hybrid shadow mask (b) have been included in this figure as visual reference. 
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Table 6. Summary of level 2 sunlit-shaded overall accuracy results (overall kappa and PCC) for Support Vector Classification and for each 
LiDAR post-classification correction. Bold underlined values indicate significantly higher kappas (z = 0.05) compared to SVC before 

correction. 

Mapping Result 
Sunlit Shaded 

PCC Overall Kappa PCC Overall Kappa 

SVC (before correction) 0.81 0.80 0.67 0.65 

LiDAR correction (height) 0.85 0.84 0.71 0.69 

LiDAR correction (slope) 0.84 0.83 0.68 0.65 

LiDAR correction (roughness) 0.81 0.81 0.67 0.65 

LiDAR correction (all) 0.88 0.87 0.71 0.69 
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Visual inspection of the results of Support Vector Classification in Figure 

40 and Figure 41 illustrates that there is a considerable amount of confusion 

present in this output. In the campus and dense residential areas of Figure 40, 

one can clearly observe that the presence of shadow has a considerable impact 

on mapping results. Even sunlit pavement and roof classes are not well identified 

in multiple areas of the commercial, campus and dense residential subsets. 

Notably, the sunlit part of the North-South oriented boulevard in the commercial 

subscene indicates a very high degree of confusion between roof and pavement 

classes. With exception of the sparse residential subscene, numerous examples 

of pavement–roof confusion can be found in the different subscenes shown in 

Figure 40. Similar effects can be observed in the Cinquantenaire subset (Figure 

41) and here an intermixing between low and high vegetation can also be seen, 

especially in the shaded parts of canopy. Mapping output seems to be quite noisy, 

making it difficult to identify the structures present in the urban environment 

well. The sparse residential subset however seems to produce reasonably good 

results based on spectral information only. 

Also, accuracies at class level for sunlit and shaded areas have been 

estimated by means of conditional kappas. These results can be found in the SVC 

column of Table 7 and Table 8, respectively. To ease interpretation of these 

extensive tables, summarizing graphs have been provided. In Figure 42, the 

class-wise accuracy profile of the SVC mapping output (before correction) is 

illustrated separately for sunlit and shaded areas. In sunlit areas, the classifier 

performs reasonably well up to very well for most classes. Only four out of 27 

land-cover classes have accuracies lower than 0.7 while the other 23 classes 

consequently have kappas higher than or equal to 0.7, 11 classes even have 

conditional kappa values of more than 0.9. For the shaded part of the 

classification, the classes with poor to very poor conditional kappas (<0.7) 

outnumber the classes with good to very good kappas (≥0.7). A total of six classes 

out of 17 have very poor kappas (<0.5), underlining the difficulty of urban 

material mapping in shadow.
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Table 7. Conditional kappas of level 2 sunlit land cover classes for Support Vector Classification and for each LiDAR post-classification 
correction. Bold underlined values indicate significantly higher and italic underlined values indicate significantly lower conditional kappas (z 

= 0.05) compared to SVC before correction. Note that level 2 land cover numbering of Table 1 has also been used in this table. 

land cover SVC Cor. (height) Cor. (Slope) Cor. (Roughness) Cor. (All) 

1. red ceramic tile 0.82 0.82 0.88 0.82 0.88 

2. dark ceramic tile 0.81 0.95 0.95 0.81 0.99 

3. dark shingle 0.51 0.51 0.94 0.50 0.94 

4. bitumen 0.77 0.79 0.90 0.76 0.93 

5. fiber cement 0.85 0.84 0.79 0.85 0.75 

6. bright roof material 0.55 0.64 0.55 0.55 0.63 

7. reflective hydrocarbon 0.75 0.90 0.81 0.73 0.95 

8. gray metal 0.82 0.83 0.78 0.82 0.76 

9. green metal 0.95 0.97 0.97 0.95 0.97 

10. paved roof 0.87 0.89 0.87 0.87 0.88 

11. glass 0.91 0.89 0.91 0.91 0.89 

12. gravel roofing 0.71 0.81 0.69 0.70 0.83 

13. extensive green roof 0.84 1.00 0.83 0.84 1.00 
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Table 7 continued 

land cover SVC Cor. 
(height) 

Cor. 
(Slope) 

Cor. 
(Roughne

ss) 
Cor. (All) 

14. solar panel 1.00 1.00 0.96 1.00 0.95 

15. asphalt 0.90 0.98 0.92 0.95 0.92 

16. concrete 0.52 0.71 0.62 0.51 0.71 

17. red concrete pavers 0.83 1.00 0.78 0.79 1.00 

18. railroad track 0.83 0.70 0.80 0.98 0.98 

19. cobblestone 0.59 0.75 0.53 0.62 0.69 

20. bright gravel 0.90 0.72 0.90 0.90 0.72 

21. red gravel 0.96 0.96 1.00 0.96 0.89 

22. tartan 1.00 1.00 1.00 1.00 1.00 

23. artificial turf 0.98 0.98 0.93 0.98 0.97 

24. green surface 1.00 1.00 1.00 1.00 1.00 

25. high vegetation 1.00 0.85 1.00 1.00 1.00 

26. low vegetation 0.80 0.94 0.80 0.80 0.94 

27. bare soil 0.93 0.85 0.92 0.93 0.85 
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Table 8. Conditional kappas of level 2 shaded land cover classes for Support Vector Classification and for each LiDAR post-
classification correction. Bold underlined values indicate significantly higher and italic underlined values indicate 
significantly lower conditional kappa’s (z = 0.05) compared to SVC before correction. Note that level 2 land cover 

numbering of Table 1 has also been used in this table. 

Land Cover SVC Cor. (Height) Cor. (Slope) Cor. 
(Roughness) Cor. (All) 

1. red ceramic tile 0.47 0.57 0.53 0.47 0.55 

2. dark ceramic tile 0.72 0.67 0.60 0.72 0.57 

3. dark shingle 0.28 0.36 0.48 0.28 0.49 

4. bitumen 0.51 0.75 0.42 0.44 0.94 

5. fiber cement 1.00 0.82 0.82 1.00 0.80 

6. bright roof material 0.65 0.85 0.60 0.65 0.81 

7. reflective hydrocarbon 0.77 0.93 0.96 0.77 0.86 

8. gray metal 1.00 1.00 0.80 1.00 0.84 

15. asphalt 0.41 0.51 0.48 0.46 0.57 

16. concrete 0.24 0.30 0.25 0.18 0.25 

18. railroad track 0.95 0.96 0.98 0.95 0.98 

19. cobblestone 0.43 0.37 0.45 0.38 0.34 
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Table 8 continued 

Land Cover SVC Cor. (Height) Cor. (Slope) Cor. 
(Roughness) Cor. (All) 

20. bright gravel 0.88 0.69 0.88 0.89 0.70 

21. red gravel 0.87 0.74 0.98 0.87 0.81 

23. artificial turf 0.66 0.76 0.69 0.66 0.72 

25. high vegetation 0.42 0.50 0.39 0.72 0.94 

26. low vegetation 0.94 0.98 0.95 0.94 0.98 
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Figure 42. Cumulative histograms of class-specific kappa values listed in Tables 3 and 4 for (a) sunlit and (b) shaded areas, before post-
classification correction, and after LiDAR based correction using height, slope, roughness, and all LiDAR features combined. Remember 

that a total of 17 shaded classes were trained and validated compared to 27 sunlit classes. 
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3.3. LiDAR Post-Classification Correction 

As explained in Section 2.2.4, SVC class membership probabilities, LiDAR 

features (height, slope and roughness) as well as user defined look-up tables and 

threshold values were entered in the iterative post-classification correction 

algorithm. Corrections were run for each separate LiDAR feature and for the 

combination of them all in order to assess their relative impacts on mapping 

accuracy. Subsets of the corrected land-cover maps are included in Figure 40 

and Figure 41. Each LiDAR correction was validated using the same procedure 

as above. The overall results of these validations are included in Table 6. 

Correction with height clearly has the most positive impact on accuracies for 

both sunlit and shaded surfaces, resulting in a significant increase in overall 

kappa from 0.80 to 0.84 and from 0.65 to 0.69, respectively. Correction based on 

slope leads to a significant increase in overall kappa for sunlit areas from 0.80 to 

0.83. In terms of overall kappa, no significant improvement is achieved with a 

correction based on roughness, neither for sunlit areas nor for shaded areas. 

Using all features together produces the highest accuracies, with an overall kappa 

of 0.87 for sunlit pixels and 0.69 for shaded pixels.  

When looking at results obtained at class level (Table 7, Table 8), 

correction with height and slope results in an increase of conditional kappa for 

some classes, but in a decrease in kappa for other. Roughness does not seem to 

have much impact on classification accuracy at class level, except for sunlit 

railroad track and for shaded high vegetation, which both show a substantial 

increase in conditional kappa. Figure 42 shows class-based accuracy profiles for 

each type of correction, indicating the number of classes reaching a certain level 

of accuracy, based on conditional kappas (Table 7 and Table 8), while Figure 43 

depicts the number of classes with significantly higher and lower conditional 

kappa’s after correction, compared to SVC based on spectral data only. When 

comparing accuracy profiles before and after correction (Figure 42) one can see 

that the amount of classes with good (≥0.7) to very good (>0.9) kappas tends to 

increase while the amount of classes with poor (<0.7) to very poor (< 0.5) kappas 

decreases. In sunlit areas (Figure 42a), the improvement is most marked when 
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Figure 43. Number of land-cover classes with significantly higher and lower conditional kappa value after LiDAR post-classification 
correction, compared to before correction, in (a) sunlit and (b) shaded areas. 
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using height or slope as a feature for correction. The impact of roughness is 

clearly limited. Best results are obtained when using all features together. In 

terms of the number of classes for which the kappa value significantly improves 

(Figure 43a), height correction clearly has the strongest impact, followed by 

slope correction, while the impact of roughness is limited. When using all 

features for correction, the highest gain is reached, although it must be 

mentioned that correction also reduces the accuracy for several classes (for 

details see Table 7). LiDAR correction yields less positive results for shaded 

pixels (Figure 42b and Figure 43b). Although correction undeniably improves 

overall accuracy, an increase in accuracy for some classes seems to be 

counterbalanced by a decrease in accuracy for other. 

Comparison of the SVC and post-classification land-cover maps in Figure 

40 and Figure 41 clearly indicates that synergistic use of machine learning 

classification of hyperspectral imagery and LiDAR post-classification yields an 

improved mapping result. Even though the level 1 maps shown do not display the 

full extent of between-material class confusion, especially in shadow, LiDAR 

correction undeniably allows to capture the typical morphological characteristics 

of urban areas better compared to mapping with only APEX data. Both in sunlit 

and shaded regions mapping results are less noisy and one can clearly identify 

the building block and street patterns present in the subscenes. Besides clearing 

out numerous cases of pavement-roof confusion, on Figure 41 it can be seen that 

shadow located in canopy, before often wrongly classified as low vegetation, is 

corrected in the final map. Improvements are limited for the sparse residential 

subset which is already mapped rather well using spectral data only. 

4. Discussion 

4.1. Shadow Detection 

Two established shadow detection approaches were applied in this study: 

an image-based SVM machine learning approach and a LiDAR-based geometric 

model approach. Both approaches produce good results but show different 
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strengths and weaknesses. The SVM approach is better equipped to handle self-

shadow and partial shadow cover but suffers from spectral confusion between 

dark materials and shadow. The geometric approach is not affected by spectral 

confusion but fails to capture partial shadow cover. It also leads to errors induced 

by projection of linear objects and proves to be sensitive to small differences in 

solar angle caused by mosaicking data obtained from consecutive flight lines. 

Based on these observations a new hybrid shadow detection method has been 

proposed that uses both image and LiDAR data and combines intensity-

brightness thresholding with DSM-derived shadow mask detection. The 

approach has been shown to benefit from the strength of both methods, while 

compensating for their respective weaknesses.  

The hybrid shadow mask allowed producing an estimate of the relative 

shadow cover in the complete image scene which amounts to 17.64%, implying 

that the image is for nearly one fifth covered by shadow. This highlights the 

importance of paying particular attention to the presence of shadow in 

developing approaches for mapping of urban scenes, as well as in assessing the 

accuracy of the mapping methods used. The hybrid shadow mask detection 

approach proposed in this study is relatively easy to apply, and may be very useful 

as a pre-processing step prior to image classification, to facilitate the collection 

of ground truth data needed for both training and validation of supervised image 

classification approaches incorporating spectra for both shaded and sunlit areas. 

Moreover, if validation is performed separately for sunlit and shadow areas, the 

shadow mask is also useful to spatially identify regions characterized by lower 

mapping accuracies due to the presence of shadow, and to demonstrate the 

impact of improvements induced by post-processing in both shaded and non-

shaded areas, as has been clearly demonstrated in this study. Use of a shadow 

mask in combination with confusion matrices defined separately for shaded and 

sunlit areas also opens possibilities for spatially explicit modelling of image 

classification uncertainty (at pixel level), thereby acknowledging differences in 

the performance of the classifier within and outside shaded areas. 
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4.2. SVC Land-Cover Mapping 

Results obtained with SVC, based on spectral information only, reveal that: 

(1) overall accuracies are much higher for sunlit than for shaded areas; (2) a 

considerable degree of confusion occurs between certain roof and pavement 

materials, particularly in shaded areas.  

As shown in Table 7, most sunlit classes perform reasonably to very well in 

terms of mapping accuracy. Sunlit classes with poor conditional kappas (kappa 

<0.7) entail bright roof material, cobblestone, concrete and dark shingle. The 

confusion matrix for sunlit areas (Appendix 1) reveals a number of spectral 

similarities between these and other sunlit classes. The most significant 

confusion occurs between bright roof material, concrete and to some extent bare 

soil and between dark shingle, bitumen and hydrocarbon roofing. Also bitumen, 

dark shingle and asphalt are to some extent confused by the SVM classifier, 

which could have been expected based on the very similar and relatively 

unpronounced spectral features of these materials (Figure 36a). Similar material 

compositions and/or effects related to material condition (e.g., degraded asphalt 

or bitumen exhibiting a higher brightness) have a negative impact on land-cover 

mapping accuracy, despite the high spectral resolution of the APEX image.  

Class-specific conditional kappas in Table 8 provide a clearer picture of the 

specific strengths and weaknesses of the SVC in the shaded part of the image 

scene. A number of classes seem to perform relatively well in shadow (kappa 

>0.8), including fibre cement and grey metal roofs as well as railroad track, bright 

gravel, red gravel and low vegetation. Pavement materials that perform very 

poorly (kappa <0.5) include asphalt, concrete, cobblestone as well as bitumen, 

dark shingle, high vegetation and red ceramic tile roofs. At least four factors can 

help explain why a material can be mapped accurately or not in shadow cover: 

(1) the uniqueness of the material’s spectral signature (also applies outside 

shadow); (2) the occurrence of the material’s characteristic spectral features 

inside parts of the spectrum disturbed by shadow; (3) the amplitude of these 
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features (also applies outside shadow); and (4) the inherent brightness of the 

material that can often be related to (3) and vice versa  

The confusion matrix of the SVC for shaded areas (Appendix 1) reveals that 

there is a great deal of spectral confusion between pavement classes such as 

concrete and asphalt. Figure 36a suggests that separability of sunlit concrete and 

asphalt is possibly due to brightness differences even though the signatures of 

these two material classes share similar spectral features. In shadow (Figure 

36b), this brightness difference largely disappears, explaining the high degree of 

confusion and suboptimal accuracies. In addition, there is a great deal of shadow 

induced roof–pavement confusion, especially for asphalt–bitumen and 

cobblestone–red ceramic tile. This confusion could be expected, and also occurs, 

be it to a smaller extent, in sunlit areas as these classes share similar material 

compositions. Inherently bright classes such as bright roof materials or bright 

gravel seem to suffer less from the effect of shadow on spectral response (Figure 

36b). 

4.3. LiDAR Post-Classification Correction 

Three observations can be made based on the results obtained: (1) in order 

of decreasing importance height, slope and roughness LiDAR features contribute 

to an improved mapping output after LiDAR-based post-classification; (2) when 

used together the different features seem to complement each other by 

improving accuracies of different material classes and compensating for some of 

the decreases in conditional kappa observed when LiDAR features are used 

separately; (3) improvements through post-classification are limited in shaded 

areas. 

A few remarkable cases of confusion endure in sunlit regions even after 

correction (Appendix 1), including cobblestone-asphalt, bright roof materials-

grey metal-paved roof and bare soil-various materials with a mineral component. 

The latter is a classic problem encountered in urban remote sensing that is 

apparently very difficult to eliminate fully even when using hyperspectral 
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information. A detailed look at the error matrix for shaded areas after post-

classification correction (Appendix 1) points out that some low accuracy shaded 

pavement classes are confused considerably. The same holds for some shaded 

roof classes. This finding indicates that some degree of thematic aggregation may 

be needed to allow accuracies in shaded areas to reach acceptable levels. 

Accuracy assessment of the final land-cover map on level 1 yields overall kappas 

of respectively 0.96 and 0.95 for sunlit and shaded areas, but this relatively 

limited level of thematic detail may have little added value for urban applications 

that require material (condition) information. 

Based on the observations made above, some final considerations 

concerning the LiDAR correction model are in place. For one it became clear that 

with each included LiDAR feature a trade-off between increases in accuracy for 

certain material classes and decreases for other classes occurred (Table 7 and 

Table 8). The correction model starts from the SVC land-cover class membership 

probabilities from which the highest value is removed for each pixel when a 

conflict between the land cover class the pixel is assigned to and the allowed 

ranges of LiDAR feature values for that class occurs. The basic assumption 

underlying this approach is that class probability ranking allows the classifier to 

identify the class that is actually present in a pixel after all classes with higher 

probabilities flagged by conflict have been removed. This assumption will of 

course not be valid for all wrongly classified pixels and so LiDAR correction will 

induce some commission errors on other classes. As long as the correction 

balance remains positive, such losses in accuracy can be justified. Secondly, 

combining different LiDAR features can lead to a compensation of decreases in 

class accuracies prompted by the use of separate LiDAR features. Including 

multiple LiDAR features increases the detection of possible conflicts and thus 

reduces the chance of accepting incorrect classes with high class membership 

probabilities. Thirdly, the overall poorer response of shaded pixels to LiDAR 

post-classification can be explained by spectral limitations. Besides having a very 

low brightness, signatures of shaded pixels are also disturbed by radiance 

originating from the immediate environment and the atmosphere. These 

combined effects result in less interpretable signatures and thus less reliable 
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modelled class membership probabilities. Clearly this has an impact on the 

effectiveness of the adopted post-classification approach but nonetheless 

significant improvements in overall accuracy are still achieved.  

5. Conclusions 

Hitherto, few studies have looked into the potential of combining airborne 

imaging spectroscopy and laser altimetry for managing particular difficulties of 

urban land-cover mapping. Especially the topic of shadow remains 

underexplored in this setting. In the study presented here, an urban land-cover 

mapping workflow was developed for synergistic use of an APEX hyperspectral 

image and a discrete return LiDAR dataset and applied on an urban transect 

covering part of the Brussels Capital Region. For the purpose of investigating the 

effect of shadow on classification performance, separate shaded and sunlit 

ground truth polygons were digitized. A novel shadow detection method has 

been proposed based on applying thresholding on a normalized LiDAR intensity 

over APEX brightness ratio image. This approach was compared to a 

classification-based approach and LiDAR DSM shadow volume detection. The 

results revealed that intensity-brightness thresholding, as proposed in this study, 

and DSM-derived shadow mask detection each display unique strengths and 

weaknesses and that combining both approaches results in a highly accurate 

shadow mask reflecting the strengths of both methods.  

Support Vector Classification with both shaded and sunlit training data 

followed by a majority filtering yielded respective overall kappas of 0.65 and 0.80 

for shaded and sunlit regions for a classification distinguishing 27 land-cover 

types in sunlit areas and 17 land-cover types in shaded areas. Accuracy 

assessment on class level revealed that the mapping output suffered considerably 

from confusion induced by strong within-class spectral heterogeneity and 

spectral similarity between classes with similar material compositions. The 

output of SVC mapping was corrected through an iterative post-classification 

workflow using SVC class membership probabilities and LiDAR features as an 

input. The use of different features, being height, slope and roughness, was tested 
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separately and combined in the correction workflow. All separate features 

significantly contributed to a better outcome, either overall, on class level or 

both, but primarily height information and secondarily slope information had 

the highest impact on accuracies. The overall kappas of the final correction with 

all LiDAR features amounted to 0.87 and 0.69 for sunlit and shaded areas, 

respectively. Class-wise accuracies confirmed that shaded pixels respond less 

positively to the proposed correction due to their unreliable SVC class 

membership probabilities. Despite the satisfactory results achieved for sunlit 

pixels, accuracies obtained for shaded pixels remained suboptimal after 

correction. Taking into account the loss of spectral information due to shading, 

in addition to the challenge of mapping urban materials even under optimal 

conditions, improvements obtained in shaded areas are still significant. The 

result of this research underlines the potential, and perhaps even the necessity 

of combining hyperspectral imagery and LiDAR for thematically detailed urban 

land-cover mapping. 
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Chapter 2 -  

Comparing map-based and library-

based training approaches for urban 

land-cover fraction mapping from 

Sentinel-2 imagery 

This chapter is based on “Priem, Frederik, Okujeni, Akpona, van der Linden, 

Sebastian, Canters, Frank, 2019. Comparing map-based and library-based training 

approaches for urban land-cover fraction mapping from Sentinel-2 imagery. 

International Journal for Applied Earth Observation and Geoinformation. 78, 295-

305”. 

Abstract: An improved trade-off between resolution, coverage and revisit time, 

makes Sentinel-2 multispectral imagery an interesting data source for mapping 

the composition and spatial-temporal dynamics of urban land cover. To fully 

realize the potential of Sentinel-2’s high amount of available data, efficient urban 

mapping workflows are required. Machine learning regression is a powerful 

approach to produce subpixel land cover fractions from remote sensing imagery, 

yet it requires mixed spectra for model training for which the fractions of the 

land cover classes present in the pixel are known. Typically, this data is obtained 

by sampling spectra from the image to be unmixed, and corresponding land-

cover fractions from higher-resolution land cover reference data, i.e. map-based 

training. We propose synthetic mixing of library spectra as an alternative for 

producing land cover fraction training data for regression modelling, i.e. library-

based training. The approach is applied to a Sentinel-2 image of the city of 

Brussels (Belgium) and part of its urban fringe for mapping Vegetation, 

Impervious, and Soil (VIS) fractions at 20 m resolution. VIS fraction maps 

obtained with library-based training have mean absolute errors below 0.1 for all 
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three surface types. The composition of these three key surface categories and 

their spatial distribution is well represented for the entire area in resulting maps. 

As a proof of concept, library-based training is compared with the map-based 

training approach. The more flexible library-based training not only achieves 

similar mapping accuracies, but in most cases, outperforms the map-based 

training approach in terms of bias and magnitude of error. The outcome of the 

research suggests that use of spectral libraries and synthetic mixing may provide 

an efficient modelling framework for regression-based mapping from Sentinel-2 

imagery in operational contexts. 

1. Introduction 

Urban land-cover change, particularly the substitution of (semi-)natural 

surfaces with impervious materials, induces severe impacts on ecosystem 

services that regulate water quality, air quality, biodiversity and local to regional 

climate (Carlson, 2004; Jacobson, 2011; Lawler et al., 2014; Oke, 1973b; Seto and 

Shepherd, 2009; Vargo et al., 2013; Voogt and Oke, 2003). Time series of medium 

resolution remote sensing data like Landsat and the recently launched Sentinel-

2 provide increasingly rich data for monitoring biophysical changes in urban 

areas. Over the past two decades medium-resolution Landsat data has been 

extensively used for mapping the fraction of vegetation (V), impervious surfaces 

(I) and soil (S) at sub-pixel level (Kaspersen et al., 2015; Lu and Weng, 2007; 

Mitraka et al., 2016; Priem et al., 2016; Wu, 2004), in accordance with Ridd’s well-

known conceptual model for describing physical urban composition (Gluch and 

Ridd, 2010; Ridd, 1995). The quality of land-cover fraction estimation is largely 

determined by the spatial and spectral resolution of the imagery used to produce 

it (Okujeni et al., 2018a). 

With the Sentinel-2 constellation, which has become fully operational since 

2017, opportunities for mapping and monitoring of urban areas at the global scale 

have increased significantly, mainly because Sentinel-2 has higher spatial, 

spectral and temporal resolutions compared to earlier generations of medium 

resolution sensors (Drusch et al., 2012). The improved spectral resolution 
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decreases ambiguity between spectrally similar but functionally dissimilar urban 

land cover types, thus potentially increasing the accuracy and thematic detail of 

fraction mapping products (Okujeni et al., 2015; Wetherley et al., 2017). Sentinel-

2 is useful for many application fields, including geology (Van der Meer et al., 

2014; van der Werff and van der Meer, 2015), agriculture (Defourny et al., 2019; 

Vuolo et al., 2018), monitoring of aquatic systems (Pahlevan et al., 2019) and soil 

mapping (Gholizadeh et al., 2018). While the use of Sentinel-2 for urban mapping 

is still in an early stage, research results so far indicate that Sentinel-2 urban 

mapping is promising, with mapping products showing noticeable quality 

improvements compared to Landsat and Sentinel-1 derived land-cover products 

(Degerickx et al., 2019; Lefebvre et al., 2016; Pesaresi et al., 2016a). 

This study focuses on VIS mapping from Sentinel-2 using a regression based 

unmixing approach and proposes a flexible framework for training the regression 

model based on the use of a spectral library. Over the last decade, machine 

learning regressors have become increasingly popular for land-cover fraction 

estimation (Heylen et al., 2014; Okujeni et al., 2014; Van De Voorde et al., 2008; 

Weng, 2012; Yang et al., 2003). Machine learning regressors are robust, and 

frequently outperform traditional regression approaches, especially for mapping 

of complex urban areas (Mountrakis et al., 2011; Van De Voorde et al., 2008). 

Regression-based fraction mapping requires mixed spectra and corresponding 

land-cover fractions for training that represent the full range of variations in land 

cover composition present in the image to be unmixed. Such information is 

typically obtained by sampling mixed pixel spectra from the image and deriving 

corresponding land cover fractions from high-resolution reference land cover 

maps. The land cover maps may be obtained by using existing digital maps, 

manual digitizing (e.g. aerial photographs) or classification of higher resolution 

remote sensing imagery (Walton, 2008). In the remainder of the chapter, this 

approach will be referred to as map-based training. Using reference land cover 

maps to produce training data for unmixing is straightforward but requires the 

availability of accurately co-registered land cover data. Obtaining a sample of 

training data representing the whole range of land cover fraction combinations 

present in the imagery may also be cumbersome and difficult to achieve.  
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The use of synthetically mixed data for regression-based fraction mapping 

has been reported as a promising alternative training approach (Okujeni et al., 

2013). Synthetically mixed training data are obtained by mixing endmember 

spectra from a spectral library for different predefined land-cover fraction 

combinations. Endmember spectra can be sampled directly from the image on 

which fraction mapping is to be performed. However, in the case of medium-

resolution broadband imagery with a high share of mixed pixels, extracting 

endmembers from the image is difficult to achieve. As an alternative for sampling 

endmembers from the image itself, reference urban spectral libraries based on 

airborne or field/laboratory spectroscopy may be used (Okujeni et al., 2013; Priem 

et al., 2016). The main strength of reference spectral libraries is that spectra are 

defined with both high spectral and thematic resolution and are therefore able 

to represent the strong within-class spectral variability typical of urban scenes 

(Ben-Dor, 2001; Herold et al., 2003; Herold and Roberts, 2010). By resampling 

these reference spectra to the spectral characteristics of the targeted image and 

synthetically mixing them, training sets can be produced representing the full 

spectrum of land cover class combinations up to the level of urban materials. The 

mixed spectra can then easily be relabelled as mixtures of more general classes, 

e.g. VIS, and used as input for the calibration of a regression based unmixing 

model.  We will refer to this approach as library-based training. A major 

advantage of library-based training is that it enables calibration of a regression 

model using a spectral library as sole input. As such the approach is promising 

as a key component in the development of more generic, automated workflows 

for urban mapping.  

The main goal of this research is to test a library-based model building 

scheme for VIS fraction mapping on Sentinel-2 imagery, drawing on 

endmembers sampled from a hyperspectral library. This way, we extend previous 

research where library-based regression modelling for urban fraction mapping 

focused on hyperspectral applications with images and libraries coming from the 

same or very similar sensors (Okujeni et al., 2013; Rosentreter et al., 2017). Our 

analysis includes a benchmark testing of library-based compared to map-based 

training. This way, we evaluate the potential of the library-based training 
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approach for VIS mapping using Sentinel-2 data and provide evidence for a 

critical reflection on the merits and limitations of both training approaches. 

2. Data and study area 

2.1. Imagery 

A Sentinel-2 surface reflectance image at 20 m resolution covering the 

Brussels Capital Region and part of its urban fringe was used for this research. 

The image was acquired on the 22nd of August 2015 at 10:40 local time and was 

downloaded as geometrically corrected at-sensor reflectance product (Level-1C). 

Atmospheric correction was performed using Sen2Cor to acquire a surface 

reflectance image (Uwe et al., 2013). Nine bands (2, 3, 4, 5, 6, 7, 8a, 11 and 12) 

covering spectral intervals with high atmospheric transmission were retained. 

The 10 m bands (2, 3 and 4) were resampled to 20 m by bi-linear interpolation. 

The other bands (1, 9 and 10) cover wavelengths of low atmospheric transmission 

at 60 m resolution and were not deemed useful for this research. A subset 

covering the study area was extracted from Sentinel-2 tiles UES31 and UFS31. It 

covers a wide range of urban and sub-urban land-use types, including dense to 

sparse residential areas, industry, commerce, forest and agriculture (Figure 44). 

A set of 7 Airborne Prism Experiment (APEX) imaging spectroscopy flight 

lines was used to produce a library of endmember spectra for synthetic mixing. 

The flight lines were acquired on the 30th of June 2015 between 11:32 and 12:37 

local time at an altitude of approximately 3,600 m above mean sea level 

(elevation in Brussels ranges from 20 to 130 m above mean sea level). Coverage 

includes large parts of the study area, including the Sonian Forest located south 

of Brussels (Figure 44). The 2m resolution APEX image was geometrically 

corrected using direct georeferencing (Vreys et al., 2016a) and atmospherically 

corrected using the MODTRAN4 radiative transfer code (de Haan et al., 1991; 

Sterckx et al., 2016). The APEX sensor is configured to measure on 285 bands 

covering the 0.41 to 2.43 µm spectral range. Bands 147-162, 191-223 and 280-285 

were removed due to atmospheric absorption effects and processing artefacts.  
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Figure 44. Sentinel-2 true color RGB-composite of the Brussels Capital Region 
and its urban fringe. The spatial extent of the 2015 APEX image used to 

construct the endmember library and the areas defined for validation are also 
shown (1. dense urban fabric, 2. medium-dense urban fabric, 3. sparse urban 

fabric, 4. sub-urban, 5. industry and 6. rural). 
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More information on technical specifications and data acquisition with the APEX 

sensor can be found in (Itten et al., 2008; Schaepman et al., 2015a; Vreys et al., 

2016b). 

2.2. Ground truth data 

A high-resolution urban land cover map covering Brussels and its 

surrounding was used to produce ground truth data. Since the study area covers 

2 political regions, the Brussels Capital Region and part of its hinterland, located 

in the Flanders Region (Figure 44), land cover reference data was based on 

different sources. To produce ground truth data for the Brussels Capital Region, 

which lacks readily available high-resolution land cover data, we classified the 2 

m resolution APEX hyperspectral image data set using Support Vector 

Classification (SVC). The accuracy of the classification was improved in a post-

classification phase using co-registered LiDAR derived features (normalized 

surface height, slope and roughness) and SVC class probabilities. The post-

classification approach is described in detail in Chapter 1 (Priem and Canters, 

2016). The high-resolution SVC result was then relabelled to match the three VIS 

classes. Validation of this map yielded an overall kappa of 0.94. To cover the more 

rural surroundings of the study area, located in Flanders, a readily available 2012 

reference high-resolution land cover map at 1 m resolution, made available by 

Agentschap Informatie Vlaanderen, was used. The SVC classification of Brussels 

and the reference land cover data of Flanders were merged into a single 2 m 

resolution map with pixels labelled according to the VIS scheme. The resulting 

land-cover map was then co-registered with the Sentinel-2 image and spatially 

resampled to 3 separate layers of VIS sub-pixel fractions at 20 m resolution. 

Resampling of the land cover map to VIS fraction maps was done simply by 

calculating the relative frequency of 2 m pixels labelled as vegetation, impervious 

or soil within a 20m pixel. 
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3. Methods 

3.1. Overview 

The workflow of this study entails 4 important steps: (1) training data 

generation, (2) model building, (3) VIS fraction estimation and (4) accuracy 

assessment. For training data generation, first the proposed library-based 

training method, that generates mixed training spectra using solely a spectral 

library as input, is explained. The benchmark method, map-based training, that 

draws on image-derived mixed spectra and corresponding land cover fractions 

derived from high resolution land cover data, is covered next. Model building 

and VIS fraction estimation is done using an ensemble of SVR models, which is 

clarified in the fourth part of this section. In the fifth and last part, we describe 

the validation strategy used. 

3.2. Library-based training 

For the library-based training approach, we first need to produce a spectral 

library containing pure spectra for the different materials present in the image 

scene. To do this, we draw on airborne imaging spectroscopy. Selection of pure 

material spectra from the APEX imagery was based on a previous study (Priem 

and Canters, 2016) on high-resolution mapping of urban materials for the 

Brussels study area, which relied on a detailed inventory of urban material 

classes. For each of these classes pure material spectra were manually sampled in 

the APEX image and labelled based on analysis of very-high-resolution aerial 

photography and Google Street View, complemented with field observation. 

Within-class spectral variability through degrading of materials and differences 

in exposure was taken in account during the selection of spectra. The APEX 

hyperspectral library was downsampled to the spectral response of the Sentinel-

2 image using a Gaussian model with full width at half-maximum spacing 

(Figure 45). The resampled library was then optimized to only retain spectra that 

are contained by the mixing space of the Sentinel-2 image by means of the 

MUSIC algorithm (Degerickx et al., 2017; Iordache et al., 2014). Subsequently, 
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Figure 45. A selection of urban cover type spectra from the urban library used in this study. Spectra are shown in their original (APEX) 
and resampled (Sentinel-2) spectral resolution. 
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Endmember Average Root mean square error (EAR) was used to reduce between-

class spectral ambiguity and within class redundancy (Dennison and Roberts, 

2003; Roth et al., 2012). This resulted in a final spectral library containing 47 

artificial and natural material spectra (Table 9). The selected spectra represent 

pure urban cover types, i.e. impervious roof-street materials, vegetation types, 

soils, that are most prominent in the area. The spectral library was then used to 

produce synthetic mixtures of library spectra for different class fraction 

combinations (Okujeni et al., 2013). The process of synthetic mixing is flexible 

and allows the user to adapt the mixing scheme to the level of thematic detail 

(number of land-cover classes to be distinguished) and to the mixing complexity 

(number of material spectra used per mixture) required for mapping an urban 

scene. Mixing complexity is determined by the assumptions made with regards 

to the number of endmembers/materials that may occur within one pixel, as well 

as the nature of the mixing process (linear/non-linear mixing). In this research, 

linear synthetic mixing is used to produce mixed spectra (Figure 46). A linearly 

mixed spectrum m of order j (including j pure library spectra) is constructed by 

taking for each band b a linear combination of pure spectrum reflectance values 

ri with fractions fi defined in the range [0,1] and with the sum of fractions equal 

to 1: 

𝑚𝑚(𝑏𝑏) =  �𝑓𝑓𝑖𝑖𝑟𝑟𝑖𝑖

𝑗𝑗

𝑖𝑖=1

(𝑏𝑏) (2) 

𝑓𝑓𝑖𝑖 ∈ [0,1] (3) 

�𝑓𝑓𝑖𝑖

𝑗𝑗

𝑖𝑖=1

= 1 (4) 

These fractions are summed per corresponding land-cover class label to produce  
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Table 9. Composition of the urban hyperspectral library derived from high-
resolution airborne APEX imagery. 

VIS cover type spectra 

impervious asphalt 2 

 bright roof material 2 

 ceramic roof tile 3 

 fiber cement 1 

 gravel roof 2 

 membrane roofing 1 

 concrete 4 

 cobbles 1 

 railroad track 2 

vegetation grass 4 

 herbaceous 2 

 crops 6 

 deciduous tree 6 

 coniferous tree 2 

soil sand 4 

 brown earth 5 

  47 
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Figure 46. Library-based approach to produce mixed training data. 
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final VIS fractions. Tools to perform spectral resampling and synthetic mixing of 

spectral libraries are available in the EnMAP-box plugin for QGIS (van der Linden 

et al., 2015). For any number of synthetic mixtures, we produce 30% binary (2 

spectra) and 70% ternary (3 spectra) mixtures. For each mixture, random 

fractions that sum to 1 are generated according to the corresponding mixing 

complexity. Then, a VIS class is randomly assigned to each generated fraction. 

For each randomly assigned VIS class, a random pure cover type spectrum 

labelled according to that class is sampled from the library. Finally, synthetic 

mixtures and corresponding VIS fractions are calculated according to (2). 

3.3. Map-based training 

In map-based training, mixed spectra are extracted from the image to be 

unmixed, while corresponding land-cover fractions for the sampled pixels are 

obtained from a higher-resolution land-cover map, overlapping with the image 

data (Figure 47). In the present study training data was obtained by sampling 

spectra from the Sentinel-2 image and deriving the corresponding VIS land-cover 

fractions from the ground truth fraction maps (see section 2.2). Training datasets 

were generated by stratified random sampling of spectra, i.e. by sampling equal 

amounts of spectra in the 0 - 0.2, 0.2 - 0.4, 0.4 - 0.6, 0.6 - 0.8, 0.8 - 1 fraction range 

for each of the VIS target classes. 

3.4. Model building and VIS fraction estimation 

In this study ε-Support Vector Regression (SVR) as defined in the LIBSVM 

algorithm (C.-C. Chang and Lin, 2011) was applied to define a model for VIS 

fraction estimation and produce VIS fraction maps. The Scikit-learn library was 

used to implement SVR (Pedregosa et al., 2011). A Radial Basis Function (RBF) 

kernel was used, the insensitivity parameter ε set to 0.01 and the penalty 

parameter C and kernel parameter γ were determined using a grid search. To 

improve the robustness of fraction mapping and avoid overfitting of SVR models, 

an ensemble SVR approach was used (Okujeni et al., 2016). For each VIS class, an 
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Figure 47. Map-based approach to 
produce mixed training data. 



143 
 

ensemble of SVR models was developed using mixed spectra for different class 

fraction combinations derived through library-based or map-based training. 

Ensembles of SVR fraction estimates were aggregated by averaging obtained 

fractions to produce final fraction estimates (Figure 48). Based on comparative 

analysis of results obtained with a range of ensemble parameters, 10 iterations 

and a training sample size of 400 mixed spectra per SVR run were found 

appropriate to perform ensemble regression. SVR estimates outside of the [0 - 1] 

range were replaced by their nearest physically meaningful value. Water surfaces 

are rare in this study area and were manually masked out of the final fraction 

maps using auxiliary data. 

3.5. Accuracy assessment 

We used blocks of 3 by 3 Sentinel-2 pixels as elementary spatial unit for 

assessing the accuracy of fraction maps. This strategy was chosen to reduce the 

impact of co-registration errors and of the presence of off-nadir vertical 

structures on the validation process. From the ground truth data, six square 

validation subsets were selected. The square validation blocks each have a 1 km 

dimension and represent 6 different urban land use types. The different land uses 

were selected to make sure that the validation dataset is representative for the 

range of urban composition/urban morphology present in the study area.  The 

validation areas were defined prior to model training, to ensure that in the map-

based training approach no mixed spectra for training would be selected within 

the validation areas. The total validation set consists of 1400 mixed spectra with 

VIS fraction labels. To validate ensemble SVR class fraction estimates, per-class 

accuracies were quantified for vegetation, impervious and bare soil classes by 

calculating the mean absolute error (MAE) and mean error (ME): 

𝑀𝑀𝑀𝑀𝑀𝑀 =  
∑ |𝑝𝑝𝑖𝑖 − �̂�𝑝𝑖𝑖|𝑛𝑛
𝑖𝑖=1

𝑛𝑛
 (5) 
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Figure 48. Ensemble SVR workflow used to produce fraction maps. 
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𝑀𝑀𝑀𝑀 =  
∑ (𝑝𝑝𝑖𝑖 − �̂�𝑝𝑖𝑖)𝑛𝑛
𝑖𝑖=1

𝑛𝑛
 (6) 

with 𝑝𝑝𝑖𝑖  estimated fractions and �̂�𝑝𝑖𝑖 reference fractions for n validation pixels. MAE 

indicates the magnitude of error where error standard deviation indicates the 

range of error. ME indicates systematic bias in fraction estimation. Scatterplots 

were also produced, with corresponding linear trend line, trend line parameters 

and R². The extent to which the trend line intercept approaches 0 and trend line 

slope approaches 1 are indicators of model performance. A high R² indicates that 

deviations from the modelled trend line are low. To quantify heterogeneity at 

pixel level, Shannon’s entropy E was used: 

𝑀𝑀 =  −�𝑝𝑝𝑖𝑖 log 𝑝𝑝𝑖𝑖

𝑐𝑐

𝑖𝑖=1

 (7) 

with pi pixel fractions for the c classes defined (Cabral et al., 2013). Entropy 

indicates the degree of mixing of land cover classes within a pixel and is useful to 

assess how well the regression model succeeds in properly assessing class fraction 

heterogeneity. If modelled entropy is higher than observed entropy, this may 

indicate model confusion. We compared entropies for the two tested approaches 

with entropies derived from the reference land cover fraction maps. Validation 

results are documented for all validation areas combined, as well as for the six 

validation areas separately. 

4. Results 

Library-based and map-based VIS fraction mapping results are shown in 

Figure 49. Visual inspection reveals a strong visual consistency between urban 

features observed in the Sentinel-2 true colour image on the one hand and the 

VIS fraction composites on the other. Patterns of densely and sparsely built-up 

areas are correctly represented in both VIS fraction images. The forest located in 

the southeast of the study area and other vegetative areas located in the urban  



146 
 

 

Figure 49. Sentinel-2 true-color and VIS fraction composites obtained with 
library-based training and map-based training. 
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fringe are clearly outlined in the image. Patches of bare soil linked to agricultural 

land use are clearly delineated in the fraction images. When zooming in closer, 

some inconsistencies are observed (Figure 49b-d). While mapping of bare soil 
surfaces is overall successful, some areas covered by shade, located along the 

edges between bare soil fields and trees, are incorrectly mapped as impervious. 

Some confusion also exists between bright concrete or ceramic roof tiles soils. 

With library-based training, impervious (red) and vegetation (green) surfaces 

tend to have corresponding high fractions of the proper class. For map-based 

training, on the other hand, impervious and vegetation surfaces often contain 

significant fractions of soil, pointing at class confusion. 

MAE and ME are always lower for library-based training than for map-based 

training (Table 10). While differences are rather small for impervious and 

vegetation fraction mapping, soil fraction errors are considerably higher for map-

based training with a respective MAE and ME of 0.12 and 0.10 compared to 0.08 

and 0.06 for library-based training. Modelled linear trend lines in the library-

based validation scatterplots prove to be close to the 1:1 line, with R² values 

ranging from 0.86 to 0.92 (Figure 50). Scatterplots generally indicate 

overestimation of the lower fractions and underestimation of the higher fractions 

(Figure 50). This effect is more pronounced for impervious and soil compared to 

vegetation. The phenomenon is less pronounced for library-based training. 

Validation scatterplots corroborate with the obtained MAE’s and ME’s by 

denoting overall higher accuracies for library-based fraction mapping, 

particularly for impervious and soil. The higher slopes, lower intercepts and 

higher R² of modelled trendlines indicate stronger performance. Soil has a more 

unbalanced scatterplot and more pronounced systematic bias compared to 

vegetation and soil, largely caused by overestimation of low soil fractions. While 

occurring in both training approaches, the overestimation of low soil fractions is 

clearly stronger for map-based training. 

MAE and ME were asessed on the level of the six validation zones covering 

different urban land-use types for both training scenarios (Figure 51). Most 

validation zones have MAE values below 0.1 for both library-based and map-  
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Table 10. MAE and ME values for fraction mapping with library- and map-based training. 

 MAE  ME 

 V I S  V I S 

library-based 

training 
0.06 0.09 0.08  -0.02 -0.01 0.06 

map-based 

training 
0.08 0.1 0.12  0.04 -0.02 0.1 
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Figure 50. Validation scatterplots of VIS fraction mapping obtained with library-based and map-based training. Validation is performed 
on an aggregated resolution of 60 m. 
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Figure 51. MAE and ME for the entire validation area and per validation zone (1 - dense urban fabric, 2 - medium-dense urban fabric, 3 - 
sparse urban fabric, 4 - sub-urban, 5 - industry and 6 - rural) for VIS fraction mapping using library- and map-based training. 
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based training. Exceptions are: (1) the dense urban zone, where a relatively high 

fractional error for soil for map-based training is observed that can be linked to 

the observed overestimations of soil in Figure 50; (2) the industrial zone, where 

the MAE value for soil and impervious surface is very high for map-based 

training. MAE’s obtained with library-based training are lowest in validation area 

1 and remain below 0.1 for the three lower-density urban validation zones and for 

the rural zone. A remarkable observation to be made in the ME plots is that soil 

is systematically overestimated, whereas most validation zones display a 

tendency for underestimation of impervious surface cover. ME values are highest 

for map-based training. Systematic error for soil and impervious in this case is 

most extreme for the industrial validation zone, with a mean overestimation of 

the soil fraction of 0.27. For dense urban fabric, map-based training produces soil 

fractions that are on average more than 10 % higher than the actual fraction 

value. In some validation zones, map-based training produces positive ME values 

for all three classes. 

For the six validation areas, map-based training seems to produce a more 

blurred fraction composition image compared to library-based training (Figure 

52). Cases of impervious-soil confusion are visible for both training scenarios in 

different validation areas. Estimation of soil as impervious is the most common 

type of error observed, particularly for map-based training in area 5 (industry). 

The reverse also occurs to a lesser extent, as can be seen for both library-based 

and map-based training in area 6 (rural). These observations confirm 

quantitative validation results obtained for areas 5 and 6. Entropy maps (Figure 

52) show that entropy for map-based training is generally higher in areas that 

have low entropy in the reference image, indicating more heterogeneous VIS 

class mixtures than present in these areas. While also for the library-based result 

entropy values tend to be higher than for the reference data, the pattern of class 

mixture heterogeneity more closely resembles the reference entropy maps. 
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Figure 52: RGB-composite maps depicting VIS fractions (R=impervious, 
G=vegetation, B=soil) and grayscale maps depicting entropy obtained with 
library-based and map-based training for the six validation zones (1. dense 
urban fabric, 2. medium-dense urban fabric, 3. sparse urban fabric, 4. sub-

urban, 5. industry and 6. rural). 
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5. Discussion 

Maps on the abundances of major urban land-cover components at sub-

pixel level are valuable products for numerous urban applications, including 

ecosystem service analysis related to the urban water cycle (Bell et al., 2016) and 

to heat regulation (Jenerette et al., 2016; Roberts et al., 2015). Sentinel-2 has the 

potential to provide this information on an operational basis, but the geometric 

and spectral complexity of the urban environment makes urban fraction 

mapping a challenging task. To operationalize regression-based approaches for 

fraction mapping, model training requires considering trade-offs between 

realistically describing the urban spectral variability and reducing the amount of 

input and processing needed for generating mixed reference spectra (Y. Ma et al., 

2015b; Patela et al., 2015; Wentz et al., 2014). Use of independent hyperspectral 

libraries and synthetic mixing, as proposed in this study, features several 

characteristics that can contribute to the development of more generic 

workflows for mapping urban land-cover fractions from Sentinel-2. One of the 

most important advantages of library-based training is that it only requires a 

spectral library as input. Hence there is no need for site-specific, high-resolution 

land-cover reference data for model training. As was demonstrated in this study, 

the VIS fraction maps obtained from Sentinel-2 imagery with library-based 

training, successfully capture urban features observed in densely as well as 

sparsely built-up parts of the study area. 

The accuracies obtained with the library-based training approach 

underlines the potential of the technique for urban fraction mapping from 

Sentinel-2. Comparing library-based with map-based training, a commonly used 

approach in regression-based fraction mapping, shows that synthetic mixing 

improves VIS mapping outcome. The main source of fraction mapping error in 

both training approaches is the spectral confusion between soil and impervious 

spectra. This observation is in line with findings from other research performing 

VIS fraction mapping on urban environments using broadband medium-

resolution satellite imagery (Degerickx et al., 2019; Mitraka et al., 2016; Powell et 

al., 2007). Figure 45 illustrates that spectral ambiguity does exist in the urban 
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library between red roof tile and brown earth spectra, as well as between concrete 

and sand spectra. Yet both globally (Figure 50) as well as on a local scale (Figure 

51, Figure 52), library-based training seems to be less impacted by the soil-

impervious confusion than map-based training. 

Respective overestimations and underestimations occur in the low and high 

fraction regions of the validation scatterplots of both library-based and map-

based training (Figure 50). This phenomenon is typically encountered in sub-

pixel mapping research (Okujeni et al., 2013; R. Powell et al., 2007; Walton, 2008). 

Visual inspection reveals that this phenomenon manifests itself spatially as an 

underestimation of a dominant land-cover fraction in a pixel combined with an 

overestimation of one or more land-cover fractions that are either absent or 

marginally present in the pixel. One of the consequences of the presence of these 

residual errors is an increase in the heterogeneity of class mixtures compared to 

the reference data, which leads to an increase of class entropy, as illustrated in 

Figure 52. This increase in entropy proves to be less for library-based training 

than for map-based training. 

One of the possible reasons for the better performance of library-based 

training is that mixtures are generated based on very high spatial and spectral 

resolution endmember spectra, defining different urban materials and even 

material conditions. This allows producing mixtures for model training that 

cover the full range of the mixture space from pure ends, equally balanced and 

for contiguous class fraction intervals. Both within-class and between-class 

spectral variability are therefore optimally represented. In case of map-based 

training, it is much more difficult to sample similar amounts of training data 

representing all possible mixtures of materials, as well as pure or close to pure 

instances of land cover classes, which hardly occur in medium resolution 

imagery, especially in urbanised areas. Not only the representativeness, but also 

the consistency of defined mixtures is an important asset of library-based 

training compared to map-based training. Classification errors, geometric shifts 

and temporal mismatch between map and image are the foremost sources of 

error in map-based training approach. These errors yield inconsistencies 
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between mixed image spectra and the land-cover fractions associated with each 

spectrum in the training phase, introducing noise in the modelling. For library-

based training, the mixing space is defined independently from exogenous land-

cover data, guaranteeing full agreement between class fraction values and the 

mixed spectrum modelled for each class combination. Moreover, as synthetic 

mixing interpolates between library endmembers, synthetically mixed spectra 

will be more representative for areas not covered by the training data compared 

to the map-based approach. 

While in this study we focused on fraction mapping using Sentinel-2, the 

concept of library-based training using an independent spectral library can be 

applied to other sensors as well. The fact remains though that library spectra and 

image data to be unmixed have different sources and spatial/spectral resolutions. 

This implies that attention should be given to acquisition conditions, 

phenological changes and spectral calibration. In our work, simple spectral 

resampling was applied to transform APEX hyperspectral signals into spectra 

matching the spectral characteristics of Sentinel-2. More thorough matching of 

library and image spectra (Al-Ruzouq and Habi, 2012; Jilge et al., 2017; Tuia et al., 

2016) may be required to improve mapping results, but this did not fit in the 

scope of this research. 

An advantage of traditional map-based training is that non-linear mixing 

effects are implicitly incorporated in the modelling because mixed spectra for 

training are extracted from the image itself. In this research, library-based 

training was achieved through linear mixing of spectral endmembers. While the 

assumption of linear mixing is common in many studies on urban mapping, and 

has been shown to produce accurate results – as documented in many studies on 

linear spectral mixture analysis (Demarchi et al., 2012; R. Powell et al., 2007; 

Rashed et al., 2003) - non-linear mixing is known to occur in urban areas (Heylen 

et al., 2014). Incorporating non-linear effects in synthetic mixing has already been 

tested for urban fraction mapping on Landsat imagery (Mitraka et al., 2016). 

However, the nature of non-linear mixing is complex and not fully understood, 

making it difficult to model it properly.  
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6. Conclusions 

Sentinel-2 provides high-quality multispectral imagery with global coverage 

on a weekly basis. Improving fraction mapping efficiency is essential to fully 

realize the potential of this sensor for urban monitoring. Contributing to the 

operationality of regression-based fraction mapping with Sentinel-2 entails, 

among other things, reducing data, user and computational requirements and 

providing space and time independent approaches for model building. Fraction 

mapping based on spectral libraries, synthetic mixing and ensemble SVR is 

presented in this study as a contribution towards achieving this goal. Our 

research demonstrates that the proposed framework, which requires an 

independent spectral library as sole input for model training, enables the 

generation of accurate VIS fraction maps from Sentinel-2 imagery. Results 

obtained with library-based training have a lower bias and lower fractional errors 

compared to traditional training based on site-specific reference land-cover 

maps. Library-based training can thus produce improved fraction mapping 

results despite having lower data and user requirements compared to traditional 

training. 

Library-based training was used in this study to show the possibilities of 

Sentinel-2, linear synthetic mixing and ensemble SVR for VIS fraction mapping 

of an urban scene. It should be noted however that any sensor data, mixing space 

definition, synthetic mixing approach, or regression technique can be integrated 

within the framework. In the scope of this research, fraction mapping was 

performed on a single urban scene. Yet real world mapping applications using 

Sentinel-2 undoubtedly require workflows that can easily be implemented on 

different urban sites. Generic libraries describing the spectral variability present 

in a variety of urban environments are key to taking this next step. Given the 

strong increase in urban imaging spectroscopy data availability in recent years, 

joint efforts are required to compile and properly document such libraries, and 

to test models calibrated with mixtures generated from such libraries over 

different urban settings. To further explore the potential of the proposed 

approach for urban fraction mapping, more research is thus suggested on the 
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development and use of generic spectral libraries, and on regression model 

transferability between cities. 
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Chapter 3 -  

Modelling transitions in sealed 

surface cover fraction with 

Quantitative State Cellular 

Automata 

This chapter is based on “Priem, Frederik, Canters, Frank, 2021. Modelling 

transitions in sealed surface cover fraction with Quantitative State Cellular 

Automata. Landscape and Urban Planning. 211, 104081, 1-12”. 

Abstract: Cellular Automata (CA) applications simulating urban processes 

generally employ discrete land-use classes to characterise the physical 

environment. Yet there is an increasing demand for urban land cover models 

simulating quantitative change at the sub-cell level. The proposed Quantitative 

State Cellular Automata model (QCA) addresses this issue by relaxing part of the 

CA definition and considering real-valued quantitative cell states reflecting a 

physically meaningful measure. QCA entails two components of change: 

transition potential and quantity of change. The potential component addresses 

the likelihood of any change occurring in a cell, whereas the quantity component 

estimates the magnitude of change. The QCA concept is illustrated for Sealed 

Surface Density (SSD) transitions in Brussels and part of Flanders (Belgium). A 

Mutual Information (MI) approach is used to define the neighbourhood 

interaction framework. The QCA model is respectively calibrated and validated 

using Landsat-derived 1987-2001 and 2001-2013 SSD change on 30m resolution. 

The results show that QCA successfully emulates spatial patterns of urban 

development, and significantly outperforms a random model in terms of 

quantitative and spatial distribution of SSD change. Further improvements can 
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be achieved by explicitly integrating socio-economic information in the proposed 

workflow. 

1. Introduction 

Cellular Automata (CA) are discrete models that are widely used to perform 

spatiotemporal simulation of urbanisation processes (Barredo et al., 2003; Ghosh 

et al., 2017; Santé et al., 2010). Most geographic CA applications abstract the 

spatial environment as a regular grid of cells, often using remote sensing-derived 

land-use/land cover timeseries to define the initial cell state and calibrate the 

model (Arsanjani et al., 2012; Kamusoko and Gamba, 2015; Siddiqui et al., 2018; 

Yang et al., 2008). Each cell in the grid has one of a finite number of discrete 

states. Cells can transition into other states over the course of several time steps. 

Such state transitions are governed by one or more indicators of transition 

potential that consider the current state of the cell and the states of neighbouring 

cells (White et al., 1997; White and Engelen, 1993). Cell states typically represent 

a limited number of urban land-use classes (Lauf et al., 2012; Poelmans and Van 

Rompaey, 2009), even use of binary classes is common in CA research (Alaei 

Moghadam et al., 2018; Wu, 2002). Yet discrete land-use maps are not suitable 

for every application, particularly if the target is to model more continuous 

processes of urban change. Urban planning and ecosystem analysis increasingly 

require quantitative measures describing change in biophysical composition, e.g. 

urban density, on the level of individual cells (Kain et al., 2016; Lang and Song, 

2019; Maes et al., 2018; Ramirez-Reyes et al., 2019). The possibility of CA providing 

this type of information is still largely unexplored. 

Some CA studies apply fuzzy logic to include quantitative cell state 

information in the form of membership rates or probabilities (Al-Ahmadi et al., 

2009; Liu and Phinn, 2003; Mantelas et al., 2012; Tang, 2011). Others use 

exogenous models to distribute changes in urban density among cells of 

corresponding land-use states (W. Li et al., 2018). Another possibility is to define 

transitions based on ordered cell states representing intervals of increasing urban 

densities (Mustafa et al., 2018b). Activity-based CA does not consider 
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quantitative land-use states but models quantitative information on cell level in 

the form of socio-economic densities that co-govern land-use state transition 

(Crols et al., 2015, 2012; White et al., 2012). All the previously mentioned 

approaches hold on to the traditional Cellular Automata framework entailing a 

finite set of possible discrete land-use states (Tobler, 1979). In a traditional CA, 

the amount of possible transitions, and by extension the complexity of the 

transition potential model, increases factorially with the number of cell states. 

Calibrating such a CA model with many states may thus become unfeasible. 

We propose a novel CA framework, called Quantitative state Cellular 

Automata (QCA), that relaxes part of its definition by considering an infinite 

amount of ordered cell states, each corresponding to a real number representing 

some thematically meaningful quantity. In this approach, change in cell state is 

governed by a combination of potential (probability of change) and quantity 

(magnitude of change). We illustrate QCA by applying it to simulate change in 

surface sealing in Brussels and Flemish Brabant (Belgium). The objective of this 

study is to deliver a proof of concept, i.e. showing that QCA reproduces with 

reasonable accuracy the observed changes in the spatial distribution of surface 

sealing over a timeframe beyond the one covered by the calibration data. CA 

calibration and simulation are supported by a Landsat satellite imagery-derived 

time series of Sealed Surface Density (SSD) maps for the years 1987, 2001 and 

2013. CA neighbourhood size and interaction effect is defined using Mutual 

Information (MI), a measure of shared information content between 2 variables 

(Shannon, 1948) that allows us to efficiently address both shorter and longer 

distance interactions. Potential and quantity models are implemented by means 

of a binary logistic regression model tree and Support Vector Regression (SVR) 

respectively. CA calibration is performed using observed 1987-2001 SSD changes, 

validation is performed on 2001-2013 simulated SSD changes. The QCA model is 

implemented in a Python environment. 
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2. Data and study area 

The study area of this research covers the Brussels Capital Region (BCR) and 

its surrounding Flemish districts of Halle-Vilvoorde and Leuven (Figure 53). 

These two districts together form the province of Flemish Brabant. The region of 

Flanders is characterised by some of the highest degrees of urban sprawl in 

Europe (EEA-FOEN, 2016). Urban sprawl patterns observed in the rural and 

suburban parts of the study area include scattered patch development but 

particularly ribbon development around secondary roads connecting urban cores 

(Verbeek et al., 2014; Vermeiren et al., 2018). The BCR by contrast is the most 

densely urbanised and populated region of Belgium, and it is the country’s 

foremost employment hub. Besides the main urban core of Brussels, smaller 

urban cores such as Leuven and Tienen are also included in this study area. 

The main dataset of this research is a time series of Sealed Surface Density 

layers covering the years 1987, 2001 and 2013 (Figure 53). SSD is defined as the 

fraction of a horizontal surface unit covered by artificial (semi-)impermeable 

materials. SSD maps were derived from Landsat satellite imagery by spectral 

unmixing, using a linear regression approach (Vanderhaegen and Canters, 2016). 

The regression models were trained with a map-based approach (Frederik Priem 

et al., 2019), using high-resolution land cover information derived from 4 m 

resolution Ikonos multispectral imagery to provide class fraction labels of 

spatially coinciding mixed pixels in the Landsat imagery. Different regression 

models were trained for urban and non-urban areas, and the spatial distinction 

between the two was made with urban masks. These masks were produced 

separately for each considered year by drawing on normalized difference 

vegetation index analysis and auxiliary GIS layers defining agricultural areas. The 

Mean Absolute Error (MAE) of the produced SSD maps ranged from 9 to 17%, 

depending on the image scene processed (Vanderhaegen and Canters, 2016). 

Additional GIS layers used in the QCA of this study include road network 

and zoning data (Figure 54). From the road network layer, we derived a layer 

describing the distance to the nearest road in each cell. The zoning data are 
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Figure 53: Sealed Surface Density in the study area and its evolution from 1987 
to 2013 (Vanderhaegen and Canters, 2016). 
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Figure 54: Generalised zoning classes with dominant activities (Departement Omgeving, 2020; perspective.brussels, 2019). 
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derived from spatial policy documents developed by the Flemish and BCR 

governments, respectively the Spatial Accounting of the Spatial Structure Plan 

Flanders (Departement Omgeving, 2020) and the Demographic version of the 

Regional Land-use Plan Brussels (perspective.brussels, 2019). The differing land-

use typologies used in these datasets were simplified to consolidate them in one 

map, as shown in Figure 54. For simplicity, we assume that the road network 

and zoning polygons remained unchanged during the time frame covered by the 

SSD data. 

3. Methods 

3.1. The QCA model 

3.1.1. Overview 

Figure 55 shows an overview of the QCA approach. It starts from the 

current cell space at timestep tstart, containing the current cell states, their 

derived neighbourhood measures as well as the static layers describing zoning 

and distance from the nearest road. This information is first passed to the 

potential and quantity models that yield their corresponding estimated 

components of change. In turn, these components are passed to the allocation 

module of the QCA, which also takes an overall measure of required change for 

this timestep from the change demand module. The allocation module 

distributes the overall change to individual cells, updating the cell space for the 

next simulation timestep. The iteration is repeated until tend is reached. The 

workings of the different submodules of QCA are explained in more detail over 

the following paragraphs. QCA calibration, application and validation are 

explained in the last paragraph of this section. 

3.1.2. Cell space 

The QCA cell space is derived from the SSD maps. It covers an array of 1 351 

rows by 3 051 columns, with cell dimensions of 30 by 30 m. A total of 2 534 401  
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Figure 55: Schematic representation of simulation performed with the Quantitative state Cellular Automaton. 
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cells are in the study, those located outside of it are considered background. Cells 

located within protected green spaces in the study area are considered static, i.e. 

they affect neighbouring cells without changing state themselves. Cells in airport 

and railroad areas are also made static, since the QCA is not intended to emulate 

large-scale infrastructural developments in the study area. All other cells in the 

study area are active, meaning that they both affect neighbouring cells and 

possibly change state themselves. 

3.1.3. States and transitions 

The proposed QCA model considers real-valued quantitative cell states 

ranging between 0 and 1, corresponding to the SSD value of a cell. A cell state of 

0 means no built-up surfaces within the cell, a cell state of 0.5 represents a 50% 

built-up cell, etc. Considering that loss of built-up space is rare in the study area, 

state transitions are constrained to non-negative values. Any state transition, or 

quantity of change added to the initial state, is allowed insofar that it does not 

result in a cell state exceeding its [0, 1] bounds. Background and static cells do 

not change state. 

3.1.4. Neighbourhood 

As with all CA models, QCA considers the relation between state change in 

a cell and the current states of neighbouring cells during each time step. 

Euclidean distance is used to define consecutive non-overlapping ring 

neighbourhoods or distance zones around each cell, i.e. cells located between a 

minimum and maximum distance from a given cell. The neighbourhood 

interaction measure N of a distance zone D around cell i, specified by dmin and 

dmax, is quantified as follows: 

𝑁𝑁𝑖𝑖𝑖𝑖 =
∑ 𝑆𝑆𝑖𝑖𝑖𝑖  𝑤𝑤𝑖𝑖  𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚
𝑖𝑖=𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚

∑ 𝑤𝑤𝑖𝑖
𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚
𝑖𝑖=𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚

  (8) 
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𝑤𝑤𝑖𝑖 ≥ 0 (9) 

with Sid the average SSD state of cells located at distance d from the central cell i 

and wd the non-negative weight assigned to each distance. The specification of 

the weights will be addressed further on. 

The number of possible neighbourhood configurations is vast. We hence 

apply Mutual Information to assess the relevance of each neighbourhood (i.e. 

cells located at a specific distance from the central cell) to predict change. We 

also use MI to evaluate the possibility to cluster neighbourhoods. MI is a measure 

of shared information content between 2 random variables. It is based on the 

information theory concept of entropy, i.e. the ability of a random variable to 

produce information (Shannon, 1948). MI has been used before in CA research 

to support neighbourhood and transition rule design (Richards et al., 1990; Zhao 

and Billings, 2006). We can formalise MI between two random variables r and s 

as follows: 

𝑀𝑀𝑀𝑀𝑟𝑟𝑟𝑟 = 𝑀𝑀𝑟𝑟 + 𝑀𝑀𝑟𝑟 − 𝑀𝑀𝑟𝑟𝑟𝑟 (10) 

𝑀𝑀𝑟𝑟 =  − � 𝑝𝑝(𝑚𝑚) 𝑙𝑙𝑛𝑛�𝑝𝑝(𝑚𝑚)�
𝑚𝑚∈𝑀𝑀𝑟𝑟

 
(11) 

𝑀𝑀𝑟𝑟𝑟𝑟 = − � � 𝑝𝑝(𝑚𝑚,𝑛𝑛) 𝑙𝑙𝑛𝑛�𝑝𝑝(𝑚𝑚,𝑛𝑛)�
𝑛𝑛∈𝑁𝑁𝑠𝑠𝑚𝑚∈𝑀𝑀𝑟𝑟

 
(12) 

with Er and Es the marginal entropy of r and s respectively, Ers the joint entropy 

of r and s, p the (joint) probability distribution, Mr/Ns the respective value 

domains of r/s, and m and n their corresponding elements. Histograms are used 

instead of the full value domains to estimate MI and the bins of these histograms 

are optimised with the Freedman-Diaconis rule (Freedman and Diaconis, 1981). 

We use MI to inspect how 1987-2001 SSD state change relates to average 1987 SSD 

state in ring neighbourhoods located at different distances from the central cell. 
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MI is high when the distributions of SSD change in the central cell and average 

SSD at a given distance from the central cell display strong internal variability 

and strong covariation. In this case, they thus describe similar information which 

may indicate that the average SSD state at the considered distance from the 

central cell is an important variable to help predict change in the central cell. 

3.1.5. Transition potential and quantity 

In QCA, change is divided in a potential and quantity component. Potential 

represents the possibility of any non-zero change occurring in a cell. Quantity 

represents the magnitude of change occurring in a cell, assuming some degree of 

change will happen. These components of change have separate models, each 

taking as input the dynamically updated cell states, the neighbourhood 

interaction measure at different distances from the central cell, and the 

additional static layers (pertaining to distance from road and the zoning classes). 

Both models return a real number ranging between 0 and 1. For the potential 

model, this number represents an indicative likelihood of change occurring in a 

cell during a certain timestep vs. the alternative event of no change happening. 

For the quantity model, the output corresponds to the amount of SSD change 

manifesting itself in a cell. 

Since the target variable for potential is essentially of a Boolean nature 

(change/no change) we decided to use binary logistic regression to model it. 

Potential P for a cell i is then quantified using the probabilities associated with 

change, as derived from a linear utility model V (Train, 2002): 

𝑉𝑉𝑖𝑖 = �  𝑋𝑋𝑖𝑖𝑗𝑗
𝐽𝐽

𝑗𝑗=1
𝑎𝑎𝑗𝑗 (13) 

𝑃𝑃𝑖𝑖 =
1

1 + 𝑒𝑒−𝑉𝑉𝑚𝑚
 (14) 



170 
 

with J the number of features, a the logit parameter estimates and X the design 

matrix. Logistic regression is widely used in urban land change applications 

(Mustafa et al., 2017; Poelmans and Van Rompaey, 2010; Siddiqui et al., 2018). To 

account for possible variations in transition behavior depending on spatial 

context (Mustafa et al., 2018b; Vanderhaegen et al., 2015) , we applied logistic 

regression in a model tree approach. A model tree performs iterative binary 

splitting on a dataset, using a certain feature and corresponding threshold value 

at each split, and fits separate models on the resulting subsets or nodes (Quinlan, 

1992). The splitting features and threshold values are selected by minimizing the 

Residual Sum of Squares (RSS) of the newly formed models. Stepwise backward 

feature selection is used to select parsimonious submodels in each node (Huang 

and Townshend, 2003). The regression tree approach effectively allows having 

different transition parameters depending on the spatial context as defined by 

the splitting features and thresholds. In this study, the full feature set used to 

perform modelling consists of cell state (cell-level SSD), neighbourhood 

interaction measures (weighted average SSD for ring neighbourhoods at different 

distances from the central cell), distance to the nearest road and zoning class. 

We use the Python-based module Statsmodels to implement logistic regression 

in this study (Seabold and Perktold, 2010). The model tree approach is applied 

using our own implementation that draws on Huang and Townshend (2003). 

A preliminary exploration of the data, which is not reported here for 

brevity’s sake, showed that a non-linear machine learning regressor was needed 

to model quantity of change, i.e. the amount of SSD change, in function of the 

available data. The decision was made to use SVR with a radial basis function 

kernel. Support Vector Machines (SVM) are performant and robust machine 

learners that generalize well even from relatively small training datasets 

(Mammone et al., 2009; Vapnik, 2000). Support Vector Classification is widely 

used in the context of CA (Mustafa et al., 2018c; Rienow and Goetzke, 2015; 

Shafizadeh-Moghadam et al., 2017; Yang et al., 2008), yet whereas these studies 

use class membership rates to estimate probabilities of discrete cell state change, 

we instead use SVR to estimate quantitative land cover change. SVR is 

implemented here using the corresponding class from the Python-based module 
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Scikit-Learn (Pedregosa et al., 2011), itself based on the LIBSVM library (C. C. 

Chang and Lin, 2011). The relative importance of features used in a non-linear 

SVR model are not straightforward to interpret. We hence used a permutation-

based indicator of feature importance, based on Breiman (2001), as currently 

implemented in Scikit-Learn (Pedregosa et al., 2011): 

𝐹𝐹𝑗𝑗 = 𝑅𝑅 −  𝑅𝑅𝑗𝑗 (15) 

𝑅𝑅 = 1 −  
∑ �∆𝑆𝑆𝑖𝑖,𝑟𝑟𝑖𝑖𝑚𝑚 − ∆𝑆𝑆𝑖𝑖,𝑟𝑟𝑟𝑟𝑟𝑟�

2𝑁𝑁
𝑖𝑖

∑ �∆𝑆𝑆𝑖𝑖,𝑟𝑟𝑟𝑟𝑟𝑟 − ∆𝑆𝑆𝑟𝑟𝑟𝑟𝑟𝑟��������2𝑁𝑁
𝑖𝑖

  (16) 

with Fj the importance of feature j, R the coefficient of determination of the SVR 

model, Rj the coefficient  of determination of the SVR model fitted on a training 

dataset in which feature j is permutated, ΔSsim and ΔSref the respective simulated 

and observed quantities of change and N the number of observations in the 

training dataset. The quantity component SVR uses the same features as the 

logistic regression tree of the QCA potential component described above, i.e. cell 

state, neighbourhood interaction measures, zoning class and distance to the 

nearest road. 

3.1.6. Change demand 

To guide the QCA during simulation, an overall amount of SSD change 

demand must be provided for each yearly timestep. The QCA then allocates these 

changes to individual cells as explained in the next paragraph. In this study, 

overall yearly SSD increases are defined on district level (BCR, Leuven, Halle-

Vilvoorde) by distributing corresponding changes observed during the two 

periods (1987-2001 and 2001-2013) equally over each timestep. 

3.1.7. Allocation of change 

The allocation module of the QCA assigns overall changes provided by the 

change demand module to individual cells during each simulation time step. It 
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uses change potential and quantity estimates based on the current state of the 

cell space to perform the allocation. Cells are first ranked in decreasing order of 

potential values. State transitions are then executed using quantities of change 

of the corresponding cells, starting from the highest potential cell and going forth 

until the demand for SSD change is satisfied. As we have no information on how 

cell-level changes are distributed in quantity and time between the 1987, 2001 

and 2013 SSD maps, we simply assume that these changes manifest themselves 

in a single timestep. Considering this, we also presume that cells can only change 

state once during simulation, which seems reasonable for small cell sizes (30 x 

30m). After a cell changes it state, its potential is thus set to zero during 

subsequent timesteps. 

Prior to allocation, a random perturbation is added to potential P to address 

the partial randomness of urbanisation (White and Engelen, 1993): 

𝑃𝑃𝑖𝑖′ = �−𝑙𝑙𝑛𝑛(𝑟𝑟𝑖𝑖)�
𝜃𝜃  𝑃𝑃𝑖𝑖 (17) 

with Pi’ the stochastically perturbated change potential of cell i, ri a random 

number drawn from a ]0, 1[ uniform distribution for cell i and θ a non-negative 

stochasticity parameter. The larger the stochasticity parameter, the more the 

QCA behaves randomly and the more chaotic the simulations become.  

3.1.8. Calibration, simulation and validation 

To fit the potential and quantity models, 10 000 active cells were randomly 

drawn from the cell space. An additional sample of 5 000 active cells was drawn 

for model assessment. Training and validation samples do not overlap. The 

training sample entails the observed 1987-2001 SSD changes and their 

corresponding 1987 data, i.e. the 1987 cell states, derived neighbourhood 

measures and static features. Standardisation and outlier removal were applied 

on the data prior to sampling and model fitting. The purpose of this 

standardisation is to facilitate convergence in the parametrisation of the 

potential (logistic regression tree) and quantity (SVR) models. For the logistic 
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regression tree analysis of the potential model, standardisation has the further 

benefit of making parameter estimates and feature importance more 

interpretable. The data were also inspected for multicollinearity using 

correlation analysis. For the logistic regression model tree estimating transition 

potential, the target variable equals 1 if some amount of SSD change has occurred 

in the cell, and 0 otherwise. The model tree was limited to a depth of one, as 

further splitting yielded only minor improvements. This means that the model 

tree only contains two models based on a single split. A p-value threshold of 0.2 

was used to perform the backwards feature selection. Transition potential model 

assessment was done with a Receiver Operator Characteristic (ROC) graph and 

its associated Area Under Curve (AUC) value (Fawcett, 2006). To account for the 

fact that there are considerably less changing than non-changing cells in the 

ground truth data, a more detailed comparison was made between the 

performance of the proposed potential model and a null model, i.e. a utility 

model in which only the intercept is fitted. For the quantity SVR, the target 

variable is observed SSD change and the training dataset is reduced to cells that 

have undergone some SSD change, conform to the definition of this model. The 

SVR parameters were optimised using a grid search with five-fold cross-

validation. Quantity model assessment was performed by means of a linear 

regression analysis on the observed non-zero SSD changes in the validation 

dataset and their corresponding SVR predictions. 

Simulation was performed with 12 yearly timesteps for the period of 2001 to 

2013. Change demand was derived from observed 2001-2013 changes on district 

level, as explained in 3.1.6. The stochasticity parameter was set to 0.5 based on a 

comparison between test simulations performed on the 1987-2001 timeframe 

with different stochasticity values. 

Due to the stochastic and path dependent nature of the proposed QCA it is 

unreasonable to expect that produced 2001-2013 simulations emulate observed 

changes of said period on the level of individual cells (Hewitt and Díaz-Pacheco, 

2017; White and Engelen, 1993). Three adapted validation approaches are 

therefore used. First, a multi-resolution validation is performed (Pontius, 2000; 
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Pontius et al., 2004; Pontius and Millones, 2011). This entails assessing allocation 

accuracy at increasing resolutions, starting from the base resolution. Cells of 

simulation and reference maps are spatially aggregated to multitudes of the base 

cell resolution using the method described in Pontius et al.  (2004). The used 

resolutions are 1, 2, 4, 8, 16, 32, 64, 128 and 256, expressed as cells with 30m 

dimensions. Simulated SSD change accuracy is quantified with Mean Absolute 

Error MAE: 

𝑀𝑀𝑀𝑀𝑀𝑀 =
∑ �𝑆𝑆𝑖𝑖,𝑟𝑟𝑖𝑖𝑚𝑚 − 𝑆𝑆𝑖𝑖,𝑟𝑟𝑟𝑟𝑟𝑟�𝐴𝐴
𝑖𝑖=1

𝑀𝑀
 (18) 

with Si,sim the simulated state of cell i, Si,ref the observed state of cell i and A the 

number of active cells in the validation set. When performing multi-resolution 

validation, it is common to compare the proposed model to a random and null 

model (Poelmans and Van Rompaey, 2010; Pontius et al., 2004). In this context, 

a random model is defined as a QCA with constant transition potential and 

magnitudes of change drawn randomly from a uniform distribution, i.e. all active 

cells exhibit an equal non-zero probability for each transition that does not make 

the corresponding cell exceed its SSD limit of 1. A null model is simply a no-

change model yielding the initial cell space. Note that this null model is not the 

same as the null model used for the accuracy assessment of the potential model.  

The second validation method used in this study, involves measuring and 

comparing spatial autocorrelation of simulated and observed change with 

increasing kernel sizes. Spatial autocorrelation of SSD change is quantified using 

Moran’s I (Moran, 1948, 1947):  

𝑀𝑀 =  
𝑛𝑛

∑ ∑ 𝑢𝑢𝑖𝑖𝑗𝑗𝑛𝑛
𝑗𝑗

𝑛𝑛
𝑖𝑖

 
∑ ∑ 𝑢𝑢𝑖𝑖𝑗𝑗(∆𝑆𝑆𝑖𝑖 − ∆𝑆𝑆����𝑖𝑖)�∆𝑆𝑆𝑗𝑗 − ∆𝑆𝑆����𝑗𝑗�𝑛𝑛

𝑗𝑗
𝑛𝑛
𝑖𝑖

∑ (∆𝑆𝑆𝑖𝑖 − ∆𝑆𝑆����𝑖𝑖)2𝑛𝑛
𝑖𝑖

 (19) 

with uij a matrix containing spatial weights between cells i and j, ΔSi the observed 

SSD change in cell i and n the number of cells in the cell space. Circular kernels 
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with radii of 1, 2, 3, 4, 5, 6, 7 and 8 cells and zero-weighted centres are used to 

define wij, i.e. cells located within the given distance of one another get value 1 

for the corresponding indices in the weight matrix and 0 otherwise. The third 

and final validation technique assesses if the QCA successfully reproduces the 

quantitative distribution of change in the cell space. This is done by comparing 

histograms of SSD change for the observed and simulated 2001-2013 changes. 

4. Results 

4.1. Neighbourhood definition (1987-2001) 

Figure 56 shows mutual information between observed 1987-2001 SSD 

change and 1987 average SSD at increasing distances from the central cell. Here 

we observe that shared information content between SSD change in a cell and 

average SSD value for increasing distance from the cell first increases up to a 

distance of around 1000m, after which it reaches a plateau up to 2700m. 

Subsequently, said MI starts falling with increasing distance, particularly from 

4800m onward, and from roughly 8750m MI stabilises around a low value. The 

plot indicates the presence of neighbourhood clusters, becoming broader further 

away from the central cell. Internally, these clusters display an approximate 

linear relation considering the MI between SSD change and average SSD value at 

increasingly remote distances from the central cell. Yet when compared to each 

other, the slopes of the linear trends in each cluster are different. 

Based on these observations, five neighbourhood clusters are defined. The 

cells adjacent to the central cell are kept as a separate ring neighbourhood, the 

other ring neighbourhoods are clustered in four regions corresponding to the 

approximated linear trend lines, as shown in Figure 56. The borders of these 

clustered neighbourhoods, each corresponding to an approximated linear 

segment, are identified as [2, 35[, [35, 90[, [90, 160[, [160, 275], expressed as cells. 

For each of these clusters, a neighbourhood interaction measure is constructed 

as defined in (8), with the weights of the ring neighbourhoods in the cluster equal  
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Figure 56. Neighbourhood analysis with Mutual Information between 1987 average SSD at different distances from the central cell and the 
observed 1987-2001 SSD change in the central cell. 
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to its corresponding MI value on the cluster’s linear trend line in Figure 56. The 

choice of the neighbourhood clusters based on MI linearity is on the one hand 

motivated by the need to keep the parametrisation of the neighbourhood weights 

as straightforward as possible. On the other hand, it abstracts the relations seen 

in the historic data to reduce overfitting. 

4.2. QCA calibration (1987-2001) 

Figure 57a-b respectively show the parameter estimates and feature 

importance of the potential and quantity models. The potential model tree 

contains two leaf node models respectively covering cells with states lower than 

0.09 and cells with an SSD higher than this value. The logit parameter estimates 

vary between these models, particularly on the influence of cell state and the 

closest neighbourhood interaction measure. Both models have negative 

estimates for road distance and positive estimates for the zoning classes 

residential, public services and industrial (Figure 57a). Note that zero-valued 

parameter estimates in Figure 57a correspond to features that were excluded 

during the backward feature selection. The feature importance of the SVR 

quantity models shows a somewhat contrary behaviour with relatively higher 

influences for the longer distance neighbourhoods and smaller influence for road 

distance and zoning (Figure 57b). 

To assess the transition potential model, a ROC curve was constructed using 

100 uniformly spaced probability threshold values to identify changing cells in 

the independent test dataset (Figure 57c). The ROC curve has an AUC value of 

0.89 and reaches its optimum True Positive Rate (TPR) vs. False Positive Rate 

(FPR) ratio at a threshold value of 0.18. Appendix 2 shows that the proposed 

potential model outperforms a null model (one utility model with only intercept 

fitted) on all counts of accuracy, including in terms of TPR, which amounts to 

0.65 for the former and 0.24 for the latter. The quantity model performance 

derived from the same test dataset is shown in Figure 57d. The MAE of 0.09 is 

relatively small, but considerable underestimations are observed for the higher 

yet sparser SSD estimates. 
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Figure 57. Potential-quantity model calibration and assessment: (a) logit parameter estimates of the transition potential model tree, (b) 
feature importance for the SVR quantity model as defined in eq. (15). 
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Figure 57 continued. (c) ROC curve showing the transition potential model performance and (d) scatterplot of observed vs. SSD change 
predicted with the quantity model. The blue dashed line represents the 1:1 diagonal, i.e. the ideal trend line. Recall that model calibration 

and assessment were performed with independent samples of 1987-2001 data. 
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4.3. QCA simulation and validation (2001-2013) 

The outcome of the multi-resolution validation is illustrated in Figure 58a. 

It shows that the proposed QCA model consistently outperforms the random 

model with a considerable margin for smaller cell sizes. The null resolution, i.e. 

the resolution at which point a model outperforms the null model, is reached 

around 4 cells (120m) for the QCA, whereas for the random model this occurs 

somewhere between 8 cells (240m) and 16 cells (480m). Next, the spatial 

autocorrelation of simulated and observed change is shown in Figure 58b. The 

random model clearly underestimates spatial autocorrelation at every tested 

kernel size, whereas simulated spatial autocorrelation approximates the curve of 

the observed data quite well, albeit with a minor underestimation in the smaller 

kernels and vice versa. Finally, the obtained quantitative distributions of SSD 

change are shown in Figure 58c. The random model deviates completely from 

the observed distribution, whereas the QCA simulation shows a strong similarity 

with observed frequencies. Only the highest SSD changes are clearly 

overestimated by the QCA. To avoid confusion, recall the difference between the 

null model used here for simulation assessment (no change) and the null model 

used for calibration assessment in the previous paragraph (only intercept fitted). 

Figure 59 shows the observed spatial distribution of 2001-2013 SSD change 

on 150m resolution, i.e. the earlier discussed null resolution rounded upward in 

multitudes of 30m cells, and the one obtained with the QCA. Overall, both maps 

display similar distribution patterns, corroborating the results shown in Figure 

58. Three differences are observed, however. For one, we see that the actual 2001-

2013 SSD change pattern displays a higher frequency of small yet high-density 

patches of development compared with QCA. Secondly, while we observe that 

the proposed model quite successfully emulates sprawl development in some 

segments of the study area, particularly in the western and centre parts, the same 

cannot be said for the eastern part of the Leuven district where there is an 

underestimation of sprawl development. And thirdly, it seems that the QCA 

overestimates development in industrial and logistic zones. 
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Figure 58. (a) Multi-resolution validation of the 2001-2013 simulation obtained with the proposed QCA, the random model and the null model. 
(b) Validation of spatial autocorrelation, expressed as Moran’s I, of 2001-2013 SSD change obtained with the proposed QCA and a random 

model. 
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Figure 58 continued. (c) Validation of the frequency distribution of 2001-2013 SSD change obtained with the proposed QCA and a random 
model. 
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Figure 59. Observed and QCA simulated 2001-2013 SSD change on 150m 
resolution. 



184 
 

5. Discussion 

Integrating quantitative land cover information in the cell states of cellular 

automata, and more generally in urban change modelling, has so far received 

little attention. The main purpose of this study was to address this research gap. 

We proposed a novel framework for quantitative state CA and applied it to the 

use case of modelling surface sealing growth in Brussels and the Flemish districts 

of Halle-Vilvoorde and Leuven. QCA combines the simplicity of a binary change 

model (change/no change) defining transition potential with a model estimating 

various magnitudes of change. The QCA approach proposed is easy to grasp and 

relatively straightforward to calibrate, requiring mainly a two-step timeseries of 

the targeted phenomenon. The case study presented shows that the SSD change 

simulation produced with QCA consistently outperforms that of a random model 

in every tested aspect (Figure 58). The QCA simulation also has a favourable null 

resolution of approximately 120m (Figure 58a). 

Traditionally, CA transition parameters or rules used to be defined and 

calibrated manually (Clarke and Hoppen, 1997; White et al., 1997; White and 

Engelen, 1993), yet over time automated approaches steadily received more 

attention (van Vliet et al., 2016). Data-driven CA can be roughly divided in use of 

machine learners (Mustafa et al., 2018c; Poelmans and Van Rompaey, 2010), 

optimisation techniques based on evolutionary algorithms (Xia Li et al., 2013; 

Mustafa et al., 2018d; Shan et al., 2008) and random/grid sampling of the 

parameter space (Roodposhti et al., 2020). The approach proposed in this study 

belongs to the first group. CA transition potential is often implemented with 

hyperparametric machine learners, such as Support Vector Machines (Rienow 

and Goetzke, 2015; Yang et al., 2008), Neural Networks (Basse et al., 2014) or 

Random Forests (Kamusoko and Gamba, 2015). In line with earlier studies, we 

found that binary transition potential (change vs. no change) can also be 

accurately identified with simpler logistic regression models (Arsanjani et al., 

2012; Siddiqui et al., 2018), although the quantitative component of change used 

in this study required a hyperparametric learner to function properly. 
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The parameter estimates of the transition potential model tree and the 

feature importance of the quantity SVR model are interesting sources of 

information, as they allow us to better understand the spatial dynamics in the 

study area, i.e. if and/or how different spatial variables influence the likelihood 

and magnitude of SSD change. Interestingly, the transition potential model tree 

separates cells with little or no SSD from cells that are at least somewhat built 

up, and these two groups show partially diverging behaviour. This observation is 

in line with Mustafa et al. (2018a), who proposed a CA with quantitatively 

meaningful states that explicitly makes the distinction between expansion and 

densification dynamics, i.e. cells starting with (near-)zero states and cells starting 

with non-zero states respectively. As expected, it was verified that road 

accessibility strongly controls urban development in the study area (Poelmans 

and Van Rompaey, 2009). We further saw that zoning constraints have varying 

yet significant impacts on transition potential. It was also interesting to note that, 

contrary to the potential model, longer distance neighbourhood interactions 

play a more prominent role in the prediction of magnitude of SSD change, 

although we cannot deduct the exact nature of their influence due to the non-

linearity of the used SVR. Again, contrary to the potential model, the influence 

of zoning is relatively small for quantity. Overall, it seems that the potential and 

quantity model draw on complementary sources of information, with exception 

of the cell state which is important for both. 

The neighbourhood interaction framework is an essential component of any 

CA, as it reflects the real-world spatial interactions that in part control how urban 

growth manifests itself in one place given the amount and pattern of previous 

development in the wider vicinity. Yet many studies do not provide a 

methodological basis for the definition of this framework and default to a small 

neighbourhood instead. While considered a safe choice, this approach does not 

account for longer distance interactions, which are non-negligible. Use of fractal 

or irregular neighbourhood grids have been proposed to account for long-

distance interaction in CA (Andersson et al., 2002a, 2002b; Crols et al., 2015, 2012). 

This strategy makes sense from a theoretical point of view, but its proposition 

should be empirically supported. Data-driven neighbourhood analyses, similar 
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to the one presented in this study, have been used before in CA (de Nijs et al., 

2004; Verburg et al., 2004a, 2004b). They have the benefit of revealing some 

(aspects) of the spatial dependencies that are present in the cell space. We 

propose using mutual information since it is a generic criterium that makes no 

assumptions about data distributions. In our approach, clusters of 

neighbourhoods are defined based on differences in MI behaviour with regards 

to distance from the central cell (Figure 56). A benefit of the linear 

approximation of the MI relations to define neighbourhood weights, is that it 

decreases the chance of overfitting by retaining only essential trends. Although 

the performed MI analysis does not provide a conclusive answer to the question 

of how to best define neighbourhood interaction, it does provide some indication 

of how important the inclusion of short as well as long distance neighbourhood 

effects may be in predicting change. The parameter estimates and feature 

importance of the potential and quantity models (Figure 57) indicate that both 

the short- and long-range MI-derived neighbourhood interaction measures 

incorporated in the modelling contribute significantly to the explanatory power 

of these models. As such, MI proves to be a useful measure for more automated 

definition of CA neighbourhood interaction. Seeing furthermore that the 

neighbourhood measures defined in this study display mutual information, 

feature importance and model parameter signs that vary with initial cell state 

and/or distance from the cell, this confirms that the spatial interactions 

underlying urban development in the study area are indeed elaborate and require 

a non-trivial neighbourhood analysis to account for in the CA. 

Accuracy assessment of CA simulation is challenging, as paradoxically 

urban CA try to predict a somewhat unpredictable process (Hewitt and Díaz-

Pacheco, 2017). We hence evaluated if QCA simulation approximates different 

aspects of observed change rather than producing an exact copy of it (Ahmed et 

al., 2013). The three formal validation techniques used in this study addressed the 

following aspects of QCA performance: (1) how accurate is the spatial allocation 

of SSD change relative to the observed change, (2) how well does the simulated 

SSD pattern reflect the spatial correlation structure of the SSD distribution, and 

(3) how close is the frequency distribution of SSD change to the observed 
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distribution? The first two analyses used varying resolutions or kernel sizes to 

spatially abstract simulation output, allowing for a more nuanced interpretation 

of simulation accuracy. Whereas multi-resolution validation is common in land 

change modelling (Poelmans and Van Rompaey, 2009; Rienow and Goetzke, 

2015), inspection of spatial autocorrelation of change is less so (Alaei Moghadam 

et al., 2018). Spatial autocorrelation shows some resemblance to fractal geometry-

indicators, a more commonly used validation approach in CA research (Hewitt 

and Díaz-Pacheco, 2017; White et al., 1997; White and Engelen, 1993), in the sense 

that both consider the spatial properties of the simulated pattern. Yet compared 

to fractal geometry-based validation of CA, which is oriented towards discrete 

states, spatial autocorrelation is more appropriate for quantitative data. The third 

formal validation is important because QCA, as implemented in this study, does 

not impose any explicit restrictions on the frequency distribution of SSD 

changes. It is interesting to see how well QCA performed on all tested aspects, 

indicating that the potential and quantity models work in synergy. 

Several issues were encountered during validation of the QCA output that 

require attention. Although we saw that the model correctly predicts urban 

sprawl (ribbon and scattered development) in some rural areas of the study area, 

it underpredicts these phenomena in other parts (Figure 59). It seems that the 

QCA model lacks some explanatory power to better identify development-prone 

areas on a local level. This can partly be attributed to the fact that the proposed 

model in its current definition does not explicitly consider socio-economic 

activities related to residence and employment (Crols et al., 2012; Poelmans and 

Van Rompaey, 2009; Vanderhaegen et al., 2015) which may impact where specific 

types of development are more likely to occur. We also saw that industrial zones 

had overestimated SSD change. This can be explained by the fact that the QCA 

was fitted on a historic timeframe in which more industrial development 

occurred in the study area compared to the simulated time frame. More 

generally, this indicates that there is some degree of temporal non-stationarity 

in the land change dynamics of the study area, which reduces the spatiotemporal 

generalisation capacity of the CA beyond its calibration timeframe of 1987-2001 

(van Vliet et al., 2016). Non-stationarity between the periods of 1987-2001 and 
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2001-2013 can in part be attributed to the fact that the Flemish government 

started to acknowledge the issue of urban sprawl in the second half of the 90s, 

resulting in a series of policy measures that may have impacted urban 

development in Flanders after 2000 (De Decker, 2011). Temporal non-stationarity 

in urban land change modelling can be addressed with spatially explicit scenario 

analysis (Barredo et al., 2003; Koomen et al., 2008). The non-stationarity of the 

observed urban dynamics can also be considered from a spatial point of view, in 

the sense that CA transition parameters may vary over space (Feng et al., 2018). 

The regression tree used to predict change potential in the proposed QCA 

partially addresses this issue. In a recent study by Chen et al (2020), for instance, 

use of spatial autoregressive methods in CA is shown to better emulate urban 

sprawl compared to traditional non-spatial estimators. Testing such or similar 

approaches does however fall outside the scope of this study. 

The research presented here indicates that the proposed QCA holds 

potential for modelling sub-cell quantitative state change. This proof-of-concept 

study deliberately focused on its core ideas, and there are several important 

topics that require further exploration. Future research could expand on the 

concept of stochasticity and how its associated parameter(s) affect the 

performance of QCA. Particularly with regards to quantity of change, there is a 

need to assess how stochasticity can be integrated in this component and h0w 

this relates to stochasticity in the potential component of change. We 

furthermore acknowledge that the machine learning methodology proposed 

here is just one of many possible setups. It would thus be useful to assess the 

impact of estimator choice, and if perhaps more robust and/or performant results 

can be obtained by using ensembles of different estimators. Another topic that 

did not fit in the scope of this chapter but warrants consideration, is the 

sensitivity of QCA to errors in the remote sensing derived SSD maps. Regarding 

the application of QCA to simulate urbanisation processes, it would also be 

useful to evaluate the use of additional input information, possibly pertaining to 

socio-economic activities, that could allow the model to better grasp which areas 

are more prone to infill development or to the manifestation or intensification of 

urban sprawl. Finally, it was discussed that, at least in our case study, non-
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stationarity in the time domain seems to play a role in the ability of the QCA to 

reproduce observed patterns of urban sprawl development. It would thus be 

interesting to assess the potential benefit of addressing spatiotemporal variations 

in QCA parameters. 

6. Conclusion 

This study presents a novel framework for quantitative state cellular 

automata addressing the growing need for non-discrete land change modelling. 

We applied the QCA concept to the simulation of sealed surface density change 

in Flanders and Brussels. A neighbourhood interaction framework supported by 

mutual information was proposed to better gauge how SSD change relates to its 

surrounding environment. A major feature of QCA is the distinction made 

between change and amount of change, reflected in a potential and a quantity 

model component. The potential model was implemented using a logistic 

regression model tree, and the quantity model with SVR. This approach offers a 

good balance between being able to deal with non-linearity, good performance 

and easy interpretability. We demonstrated that the QCA model consistently and 

clearly surpassed a random model in every tested aspect of simulation 

performance, while also achieving a null resolution of 120m, which is only four 

times the base resolution. Particularly with regards to spatial autocorrelation and 

frequency distribution of simulated SSD change, QCA showed considerable 

strengths. As such, we argue that the proposed QCA framework holds potential 

and merits further exploration. 
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Chapter 4 -  

Microsimulation of residential 

activity for alternative urban 

development scenarios: a case 

study on Brussels and Flemish 

Brabant 

This chapter is based on “Priem, Frederik, Stessens, Philip, Canters, Frank, 2020. 

Microsimulation of Residential Activity for Alternative Urban Development 

Scenarios: A Case Study on Brussels and Flemish Brabant. Sustainability. 12, 2370, 

1-28”. 

Abstract: The historically rooted suburbanization of Flanders and the Brussels 

Capital Region (BCR) in Belgium has resulted in severe urban sprawl, traffic 

congestion, natural land degradation and many related problems. Recent policy 

proposals put forward by the two regions aim for more compact urban 

development in well-serviced areas. Yet, it is unclear how these proposed policies 

may impact residential dynamics over the coming decades. To address this issue, 

we developed a Residential Microsimulation (RM) framework that spatially 

refines coarse-scale demographic projections at the district level to the level of 

census tracts. The validation of simulated changes from 2001 to 2011 reveals that 

the proposed framework succeeds in modelling historic trends and clearly 

outperforms a random model. To support simulation from 2011 to 2040, two 

alternative urban development scenarios are defined. The Business As Usual 

(BAU) scenario essentially represents a continuation of urban sprawl 

development, whereas the Sustainable Development (SUS) scenario strives for 

higher-density development around strategic well-serviced nodes in line with 
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proposed policies. This study demonstrates how residential microsimulation 

supported by scenario analysis can play a constructive role in urban policy design 

and evaluation. 

1. Introduction 

Flanders, the northern part of Belgium, is among the regions that are most 

strongly characterized by urban sprawl in Europe (EEA-FOEN, 2016). This has 

contributed to an unsustainable mobility model that is excessively dependent on 

private car use (De Vos, 2015). Predictably, Flemish roads are also among the 

most congested in Europe (Christidis and Ibañez Rivas, 2012; Dingil et al., 2018). 

Urban sprawl and road congestion contribute significantly to negative 

environmental and health impacts (EEA, 2018; Stassen et al., 2008), greenhouse 

gas emission (EEA, 2019), landscape and ecosystem degradation (Maes et al., 

2018; Pisman et al., 2018; Stevens et al., 2015) and economic losses (Baert and 

Reynaerts, 2018; Christidis and Ibañez Rivas, 2012). The problematic spatial 

organization of Flanders has a long history, going back to nineteenth-century 

industrialization, and is aggravated by poor coordination between the political 

regions of Belgium, which transitioned from a unitary to a federal governance 

model in the 1970s (De Decker, 2011; Verhetsel et al., 2009). Both Flanders and 

the Brussels Capital Region (BCR) have recently pointed out the need for more 

sustainable urban development strategies (be.brussels, 2018; Ruimte Vlaanderen, 

2017). Higher-density development around well-serviced urban hubs, decreasing 

private car use and improving interregional cooperation are important features 

of the strategies proposed in the two regions. What is lacking, however, is an 

understanding of how strategic plans may affect residential dynamics, i.e., where 

different types of households will end up living over time. Having spatially 

detailed knowledge on expected demographic changes is of considerable 

importance for regional and municipal governance, to better plan its 

infrastructure and services, or to adjust strategies should they potentially yield 

undesirable results. In this research, we address this topic by means of 

Residential Microsimulation (RM) and scenario analysis. 
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RM is a modelling approach that considers residential activity of individuals 

and households (Huang et al., 2014). If the microsimulation has a path-

dependent temporal dimension and covers geographic units, it is said to be 

dynamic and spatial (Li, 2013; Tanton and Edwards, 2013). The idea of 

microsimulation has been around since the 1950s (Orcutt, 1957), yet it expanded 

into a research field mainly from the 1970s onward, driven by developments in 

computational capacity (Huang et al., 2014; Tanton and Edwards, 2013; Wegener, 

2011). RM draws heavily on residential location choice modelling, which can be 

described as a behavioral modelling approach that attempts to quantify the 

process of deciding one’s place of residence. Although several methods are suited 

to performing this type of analysis (Clark and Van Lierop, 1986), discrete choice 

modelling based on the random utility framework is widely used (McFadden, 

1984, 1978). Important examples of spatial dynamic RM applications include 

UrbanSim (Waddell, 2010, 2000; Waddell et al., 2003), ILUTE (Integrated Land 

Use Transport Environment) (Miller et al., 2004; Salvini and Miller, 2005) and 

ILUMASS (Integrated Land Use Modelling and Transportation System 

Simulation) (Strauch et al., 2005). RM can be used to spatially disaggregate 

regional demographic projections to smaller geographic units (Tanton et al., 2011; 

Vidyattama and Tanton, 2013). Another feature of RM is its ability to 

spatiotemporally assess changing relations between various aspects of the urban 

environment. By doing so, it can yield emerging behavior, i.e., outcomes that are 

difficult to predict based solely on an understanding of the underlying system at 

one point in time. Hence, RM is considered to be a useful tool to support 

integrated urban modelling or to evaluate policy (E. J. Miller, 2018). Spatial 

dynamic RM is often used to investigate the effects of economic or social policy 

on residential activity, particularly in relation to demography (Rephann and 

Holm, 2004; Wu et al., 2011), taxation (Ballas and Clarke, 2001), the housing 

market (Fransson and Mäkilä, 1994), public health (Edwards and Clarke, 2009; B. 

M. Wu and Birkin, 2013) and transport (Miller et al., 2004; Salvini and Miller, 

2005). RM rests on inductive logic, using regression-based or other data-driven 

algorithms, and typically involves large numbers of choice agents and location 

alternatives. Consequently, RM can be computational and data intensive, 
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requiring considerable information on the involved population and environment 

(Birkin and Clarke, 2011; Huang et al., 2014; Tanton, 2014). 

Spatial dynamic RM is often accompanied by one or more scenario to 

support simulation into the future. A scenario is a timeline entailing 

assumptions, constraints and events, designed according to a narrative of what 

the future may look like (Amer et al., 2013; Van der Heijden, 2005). Scenarios are 

thus idealized representations of the future, used to deal with the complexity and 

uncertainty of modelling phenomena beyond the present (Schoemaker, 2004). 

They are by definition subjective, and should not be interpreted as predictions 

per se, but more as complementary visions. As such, scenarios can be used to set 

the topic of discussion or to compare the expected outcomes of strategies and 

policies (Moniz, 2006). Originating from military and corporate backgrounds, 

scenario planning has only slowly found its way into science, in part due to its 

somewhat ambiguous conceptual foundation (Van der Heijden, 2005). Over the 

past decades, several authors have contributed to creating a stronger theoretical 

and practical basis for scenario development and its application (Ogilvy, 2002; 

Schoemaker, 2004; Schwartz, 1991; Van der Heijden, 2005). Among these authors, 

it is generally agreed that scenarios should be relevant, plausible, consistent and 

unique. Scenarios should, furthermore, have clearly identified topics, 

stakeholders, spatiotemporal scope and drivers of changes. If scenarios are used 

to perform quantitative analyses, suitable metrics must also be defined. Scenario 

analysis is increasingly used in sustainability research to explore alternative 

development pathways (Boyko et al., 2012; Ramirez-Reyes et al., 2019; Swart et 

al., 2004). 

Some studies combine RM and scenario analysis to answer questions related 

to (hypothetic) policies (Rephann and Holm, 2004; Vermeiren et al., 2016; 

Waddell, 2002; Waddell et al., 2003), e.g., “what are the expected impacts of 

policy measures X and Y on residential dynamics, and how do they compare?”. 

So far, however, few studies apply RM in the context of assessing impacts of 

spatial planning scenarios, particularly with regard to urban sprawl versus more 

sustainable forms of urban development. In (Marois and Bélanger, 2015), RM is 
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used to project the future urban development of Montreal for three urban 

planning scenarios depicting alternative assumptions with regard to the 

evolution of housing stock distribution. Another Canadian study on the city of 

Hamilton (Behan et al., 2008) simulates residential relocation for six 

urbanization scenarios representing varying degrees of urban sprawl and assesses 

the impact of these scenarios on transport-related emission and energy 

consumption. In a similar study on Beijing, (J. Ma et al., 2015) use RM and urban 

densification scenarios to explore future transport emmission up to 2030. An 

American study by (Tirumalachetty et al., 2013) simulates residential and firm 

locations in Austin (Texas) under, among others, an urban growth boundary 

scenario, with the intent to also forecast greenhouse gas emission. The urban 

planning scenarios in the above studies, while useful in their respective research 

contexts, are quite vaguely defined and lack a more explicit spatial basis to 

support their validity with regard to spatial policy and its associated tools, i.e., 

legislated regional strategies, zoning restrictions, historic/ecologically protected 

areas and use of land registry data, etc. 

The overarching objective of this research is to demonstrate that spatial 

dynamic RM supported by spatially explicit scenario analysis can contribute to a 

better informed discussion on urban development policy. To do so, we address 

the so far underexploited potential of RM for exploring sustainable urban 

development pathways. Countering urban sprawl in Brussels and Flanders is a 

particularly relevant case to illustrate this point. The objectives of this study are: 

(1) developing and presenting a spatial dynamic RM framework; (2) testing and 

validating this simulation framework for a timeframe covering the last two 

Belgian Censuses; (3) defining two alternative urban development scenarios for 

our case study, using all the relevant spatial information at our disposal; and (4) 

applying the RM framework to simulate residential dynamics up to 2040 for both 

scenarios. With this work, we try to contribute to narrowing the gap that is still 

present between the fields of spatial modelling and strategic level spatial 

planning. 
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The rest of this chapter is structured as follows. Firstly, the study area of this 

research is delineated. Secondly, we give an overview of the used datasets. 

Thirdly, the Methods section covers the microsimulation framework, validation 

strategy and scenario analysis. Finally, our results are presented and discussed. 

2. Study Area  

The study area of this research entails three districts located in the centre 

of Belgium: the BCR, Halle-Vilvoorde and Leuven (Figure 60). Together, the 

districts of Halle-Vilvoorde and Leuven form the province of Flemish Brabant. 

The study area covers two political regions, the BCR and Flanders, and 84 

municipalities. While the BCR is quite densely built-up in accordance with its 

economic activities, the districts of Halle-Vilvoorde and Leuven are 

characterized by extensive urban sprawl. In 2011, the year of the last Census, 

980,701 households resided in the three districts of the study area and 1,084,039 

people were employed in it (Bassilière et al., 2018a, 2018b). Despite the BCR being 

the largest employment centre in the country, it also has the highest regional 

unemployment rate (Statistics Belgium, 2019), as much of its workforce comes 

from Flanders and Wallonia. The pervasiveness of private car commuting 

combined with the poorly designed road infrastructure in and around the BCR 

frequently results in extreme road congestion. According to the TomTom 

(TomTom International BV, 2019) and INRIX (INRIX, 2019) congestion indices, 

Brussels is among the most congested cities in the world, despite being a 

relatively small city. In addition to these challenges, Brussels and its urban 

periphery are projected to be among the fastest growing areas of the country in 

terms of residential (Marie Vandresse et al., 2019) and economic activity 

(Bassilière et al., 2018a). 

3. Data 

Table 11 shows an exhaustive list of the data sources used in this research. 

Besides the Census and relocation data, which are privacy sensitive, most of the 

other datasets used are open data that are freely available for download on the 
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Figure 60. Study area of this research entailing the districts of Brussels Capital Region, Halle-Vilvoorde and Leuven, located in the centre 
of Belgium. Sealed surface density from the European Settlement Layer is added for visual support. 
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Table 11. Data used in this study. 

Data 
Name dataset (publisher) 

Brussels both Flanders 

Household location & 

features 

Census 2001 & 2011 (Statistics Belgium) 

Demographic projections HPROM (Federal Planning Bureau & Statistics Belgium) 

Employment potential CBE Open Data (Crossroads Bank for Enterprises), Federal Inquiry on 

Commuting 2011 (FPS Mobility and Transport), (National Social Security 

Office), Central Reference Address Database (Flanders Information Agency) 

Residential relocations 2003-

2004 

(Statistics Belgium) 

Access to public transport Node value (Flemish Planning Bureau for the Environment and Spatial 

Development) 

Access to services Access to services (Flemish Planning Bureau for the Environment and 

Spatial Development) 

Selling price house Average selling price ordinary houses (Statistics Belgium) 
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Table 11 continued. 

Data 
Name dataset (publisher) 

Brussels both Flanders 

Parcels (Land Registry Office) 

Social housing (Brussels Institute for Statistics and 

Analysis) 

(Flemish Society for Social 

Housing) 

Buildings (Land Registry Office) 

Dwellings per sector in 2001 

and 2011 

Census 2011 (Statistics Belgium) 

Zoning Demographic Regional Zoning Map 

(Perspective.Brussels) 

Spatial accounting (Spatial 

Development Department 

Flanders) 

Highway ramps Urbis (Brussels Regional Informatics Centre) 

Number of travelers per 

railway station 

iRAIL (National Railway Company of Belgium) 

Metro stations Urbis (Brussels Regional Informatics 

Centre) 

n/a 
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Table 11 continued. 

Data 
Name dataset (publisher) 

Brussels both Flanders 

Ecologic value Biologic valuation map 

(Research Institute for Nature and Forest) 

Flood hazard Flood hazard map (Brussels 

Environment) 

Flood-prone areas (Coordination 

Committee on Integrated Water 

Policy) 
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web portals of their respective data providers. The first four rows in Table 11 are 

the main datasets for this study. A complete list of households residing in the 

study area, with observed locations on ward level in 2001 and 2011, was obtained 

from the last two Censuses. The Census data also provides certain characteristics 

of the Reference Person (RP) of each household. Demographic trends on a 

district level were provided by HPROM (Household Projection Model) 

projections produced by the Federal Planning Bureau. Employment potential 

was derived by combining multiple sources. The locations of all company 

establishments in Belgium were identified by geocoding the Crossroads Bank for 

Enterprises database using the Central Reference Address Database. The number 

of employees per establishment was estimated using additional data from the 

Federal Public Service (FPS) Mobility and Transport and the National Social 

Security Office. Residential relocation frequency was quantified by means of a 

microsample made available for this research by Statistics Belgium. The 

microsample covers a randomly drawn 20% sample of all Belgian households 

with the corresponding sector of residence at the start of 2003 and 2004. It is 

considered representative of household movements taking place within the 

Belgian territory. 

Given the strong relation between public/private transport and urban 

sprawl, information on the availability and proximity of transport infrastructure 

and its use was included in the modelling. A zoning map showing areas with good 

and poor access to public transport and services was derived from a policy 

support study on densification-oriented urban development for Flanders 

(Verachtert et al., 2016). This map constitutes one of the key inputs in the 

scenario definition. To address the socio-economic realities faced by households 

relating to housing costs and social housing (Rezaei and Patterson, 2016; 

Schirmer et al., 2014; Walker and Li, 2007), use was made of data provided by 

Statistics Belgium, the Brussels Institute for Statistics and Analysis and the 

Flemish Society for Social Housing.  

To define urban development scenarios in a spatially explicit fashion, a 

spatial analysis of zoning, parcel and building data proved essential to quantify 
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feasable evolutions of housing stock distributions. Because urban development 

does not occur in a vacuum, it is also important to address additional geographic 

constraints. Hence, we included information on cultural heritage and 

ecologically protected areas in the scenario definition. Knowing that flooding is 

a frequent occurrence in Brussels and Flanders (Deckers et al., 2010), and that 

historically many flood-prone areas have been developed despite this knowledge 

(Kellens et al., 2013), the choice was made to integrate flood-prone areas in the 

scenario analysis. 

4. Methods 

4.1. Overview Research 

For this research, we developed a spatiotemporal microsimulation 

framework and applied it to simulate residential dynamics in the BCR and the 

two surrounding Flemish districts. In our approach, we used HPROM household 

projections (Marie Vandresse et al., 2019; Vandresse, 2014, 2013b) for different 

household types, which are defined on a district level as an exogenous 

demographic model. Relocation behavior was modelled by means of a 

microsample made available by Statistics Belgium. Simulation was performed by 

letting households choose from individual dwellings defined on a statistical ward 

level, the finest scale on which statistics are published in Belgium. As such, our 

microsimulation constitutes a spatial disaggregation of the HPROM projections 

from the district to statistical ward level. We first performed RM between 2001 

and 2011, the years of the last two Censuses, to assess simulation accuracy. 

Scenario analysis was then performed to simulate residential dynamics for the 

period 2011-2040. To do so, we defined two scenarios representing alternative 

urban planning policies with regard to residential development. The first 

scenario is called Business As Usual (BAU) and is based on current planning 

practice that has led to extensive urban sprawl. The second scenario is called 

Sustainable Development (SUS) and is based on recently proposed spatial 

planning strategies for Flanders and the BCR, aiming at denser urban 
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development in well-serviced areas. Both scenarios were defined in a spatially 

explicit fashion, using land registry, zoning and other relevant spatial data. 

Essentially, the scenarios quantify how housing stock may evolve over time, using 

their respective underlying rationales. 

Figure 61 shows a time-scale perspective overview of the two residential 

microsimulation experiments and the supportive analyses performed for this 

research. The first part of the research covered testing the proposed RM 

framework between 2001 and 2011. To do so, we drew on Census data, particularly 

the locations of each household in 2001 and 2011, as well as the evolution of the 

housing stock between those years. The former served as a driver of change in 

residential activity. The latter provided us with constraints, i.e., the number of 

dwellings available per ward. Simulation was performed on the ward level, yet an 

accuracy assessment was performed on the more spatially aggregated level of the 

municipality. In a second phase, we performed scenario analysis between 2011 

and 2040 by defining our two alternative urban planning scenarios, BAU and 

SUS. The corresponding residential constraints were quantified in a spatially 

explicit fashion using parcel-level data. District-level demographic projections 

were derived from HPROM. Scenario analysis simulation output was analysed on 

a ward municipality level. In the following the household segmentation and 

residential location choice model is explained. Then, the simulation framework 

and its components are covered. Finally, the validation strategy used to assess 

simulation performance is discussed. 

4.2. Residential microsimulation 

4.2.1. Household segmentation 

Households were partitioned in 12 segments to address the variations in 

residential location behaviour and enable coupling between the microsimulation 

and HPROM demographic projections (Table 12). The variables used to define 

the segmentation, i.e., age, home ownership, household composition 
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Figure 61. A diagram illustrating the time frame and spatial scale of the two residential microsimulation experiments of this research. 
Secondary analyses are performed to support residential microsimulation. 
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Table 12. Household segmentation used to perform residential microsimulation. The variables used to construct this segmentation are 
derived from Census data, of which some relate to a reference person of a household. 

Age Children Home Ownership Highest degree Segment 
2001 

count 

2011 

count 

< 60 years 

Yes 

Own 
Higher education (H) 1 80 513 95 202 

Primary/Second. (P/S) 2 113 031 98 917 

Rent 
H 3 26 693 34 580 

P/S 4 70 399 94 143 

No 

Own 
H 5 48 590 58 055 

P/S 6 72 941 62 698 

Rent 
H 7 83 620 95 905 

P/S 8 120 379 151 192 

>= 60 years 

Own 
H 9 34 068 49 159 

P/S 10 153 367 146 642 

Rent 
H 11 9 151 14 487 

P/S 12 72 946 79 721 

    Total 885 698 980 701 
 



206 
 

(children/no children) and education, are often identified as important 

determinants of residential location choice behaviour (Heldt et al., 2016; Lee and 

Waddell, 2010; Moos, 2014). Some of the used variables relate to a reference 

person of a household. Despite being a simplification of reality, we assumed 

equal within-segment location choice behaviour with stochastic variation. 

4.2.2. Location Utility and Choice Probability 

Conditional logistic regression (CLR), as implemented in the Python-based 

module Pylogit (Brathwaite and Walker, 2018), was used to model residential 

location choice behaviour. Logistic regression uses an abstract unitless measure 

called utility to estimate choice probabilities. A choice alternative with higher 

utility has a larger probability to be chosen compared to a choice alternative with 

lower utility. Separate utility models were developed for each of the 12 household 

segments: 

𝑈𝑈𝑗𝑗 = 𝑋𝑋𝑗𝑗𝑗𝑗𝛽𝛽𝑗𝑗 + ∊𝑗𝑗  (20) 

with U utility, j the choice alternatives (dwellings), X a matrix containing k 

location feature values for every choice alternative, β a parameter vector 

describing the relation between location features and utilities, ∊ the stochastic 

component of utility (Train, 2002). 

CLR assumes that ∊ is independent and identically distributed, implying 

that the logit model can be used to define the following choice probabilities: 

𝑃𝑃𝑗𝑗 =
𝑒𝑒𝑋𝑋𝑗𝑗𝑗𝑗𝛽𝛽𝑗𝑗

∑ 𝑒𝑒𝑋𝑋𝑚𝑚𝑗𝑗𝛽𝛽𝑗𝑗𝐽𝐽
𝑖𝑖=1

 
(21) 

with J the number of choice alternatives. 
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4.2.3. Parameter Estimation and Choice Set Generation 

The parameters of the utility models of each household segment s were 

estimated by maximizing the log-transformed likelihood ℒ of a choice set: 

𝑙𝑙𝑛𝑛 ℒ𝑟𝑟 = ��𝑑𝑑𝑜𝑜𝑗𝑗ln (
𝑒𝑒𝐶𝐶𝑜𝑜𝑗𝑗𝑗𝑗𝛽𝛽𝑗𝑗

∑ 𝑒𝑒𝐶𝐶𝑜𝑜𝑚𝑚𝑗𝑗𝛽𝛽𝑗𝑗𝑖𝑖
)

𝐽𝐽

𝑗𝑗=1

𝑂𝑂

𝑜𝑜=1

 (22) 

with C the choice set, O the number of observations (households) in the choice 

set, J the number of considered choice alternatives per observation, doj a Boolean 

indicating if alternative j is chosen in observation o (Train, 2002). 

Choice sets were generated per household segment by randomly sampling 

1000 chosen dwellings, i.e., dwellings occupied by a household from the 

corresponding segment from the complete 2001 set of dwellings in the study area. 

Since it is computationally unfeasible to consider each non-chosen alternative, 

nine non-chosen dwellings were randomly sampled for each chosen dwelling. By 

using this random sampling scheme, the choice probability model (21) remains 

valid despite only considering a subset of non-chosen alternatives (McFadden, 

1978). 

4.2.4. Model Selection 

The 12 location features used to construct utility models are displayed in 

Table 13. Similar location features are often used in residential location choice 

research (Rezaei and Patterson, 2016; Schirmer et al., 2014; Walker and Li, 2007). 

Location features were defined on a statistical ward level, with the exception of 

% social housing and average house selling price, which were defined on a 

municipality level due to the lack of spatially more detailed data. The feature 

access to public transport, originally considered in the set of location features, 

was not retained due to it causing multicollinearity. The conditional number of 

the correlation matrix of the design matrix, constructed with the 12 retained 

features, had a value lower than 15, indicating absence of excessive 
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Table 13. Location features defined on statistical ward level used to construct 
location utility and choice models. 

Static features 

distance to nearest highway entrance/exit 

access to services 

% attached single dwelling houses or apartments 

% social housing (defined on municipality level) 

average house selling price (defined on municipality level) 

job density 

employment potential (i.e. jobs within 5km) 

Dynamic features 

household density 

% households owning their dwelling 

% households with children 

% households with reference person younger than 60 years 

% households with reference person having a higher education degree 
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multicollinearity. All features were standardized prior to model fitting. Whereas 

static features remain constant throughout simulation, dynamic features depend 

on the outcome of previous simulation years. Hence, they were updated and 

standardized at the start of each simulation year. 

To select which features were retained for each segment’s utility model, the 

Akaike Information Criterion (AIC) was used. The AIC of a model is defined as: 

𝑀𝑀𝑀𝑀𝐴𝐴 =  −2 lnℒ − 2𝑀𝑀 (23) 

with lnℒ the log-likelihood of the model, here defined in (22), I the number of 

independently adjusted parameters in the model (Akaike, 1973). The AIC 

penalizes model fit for the number of estimated parameters. A model with a 

smaller AIC value is considered more parsimonious, i.e., yielding a similar model 

fit using less parameter estimates, compared to a model with a higher AIC value. 

Final models were obtained by means of backward iterative feature selection 

resulting in the highest decrease in AIC. 

4.2.5. The Simulation Framework 

The microsimulation starts with a given distribution of households at the 

ward level, belonging to one of the 12 segments, over all of the dwellings in the 

study area (Figure 62). Households are considered the agents of choice, 

relocating as a single unit between dwellings. Dwellings are the choice 

alternatives and are spatially defined on a statistical ward level. Each ward is 

characterized by a set of location features and a residential capacity, i.e., the 

number of dwellings, which is updated yearly. For simplicity, we assumed that 

each dwelling can host one household of any segment. Due to the lack of more 

spatially detailed data, we also assumed that all dwellings that belong to the same 

ward have identical attributes, being the characteristics of the ward in which they 

are located. Simulation was performed in yearly time steps, the distribution of 

households at the start of each year depending on the output of the previous 
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Figure 62. Schematic overview of a simulation year. 
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simulation year. During each simulation year, residential dynamics were 

emulated by means of relocation and demographic change. Demographic change 

is evaluated last, after relocations have occurred, to ensure that yearly simulation 

output respects the HPROM projections defined on a district level. 

4.2.6. Allocation 

The allocation module takes lists of relocating or newly formed households, 

respectively provided by the relocation and demographic change modules, and 

allocates them to individual dwellings. Allocations are performed iteratively and 

in a random order. The dwelling that a relocating household is leaving is first 

randomly sampled. For this sampling, we use the distribution of the 

corresponding segment at the start of the simulation year as weights. Then, the 

relocating household is probabilistically allocated to a new dwelling, using the 

choice probabilities derived from (21). Dwelling occupancy is updated after each 

allocation. Occupied dwellings have their choice probabilities set to zero for 

subsequent allocations. Dwelling utilities are updated at the start of each 

simulation year. 

4.2.7. Relocation 

During each simulation year, the number of relocations for each segment is 

estimated. For this we used relocation fractions derived from the number of 

observed relocations/non-relocations between the start of 2003 and 2004 

(Figure 63). This information was derived from the microsample made available 

for this research. We multiplied these fractions with the current populations of 

the corresponding segments to produce a list of all relocations to be performed. 

This list was then passed on to the allocation module discussed above.  

4.2.8. Demographic Change 

The demographic change module provides yearly predicted changes in 

household populations per district. If a segment decreases in size, a 

corresponding number of households is randomly removed from the district. If  
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Figure 63. Observed relocation frequencies between 2003 and 2004, per household segment. 
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a segment increases in size, a corresponding number of entries are added to a list 

of households to be allocated to a dwelling in the district. As before, this list is 

then passed on to the allocation module. Demographic change between 2001–

2011 was derived from linear interpolation between the observed values of the last 

two Censuses. For the period 2012–2040, we used the HPROM model from the 

Federal Planning Bureau (Marie Vandresse et al., 2019; Vandresse, 2013b). 

HPROM covers the natural growth, migration and household (de)formation 

components of demographic change. To refine the LIPRO typology (van Imhoff 

and Keilman, 1991) used in HPROM to our 12 household segments, we used 

membership rates of segments versus LIPRO classes. This information was 

derived from the 2011 Census data. 

4.2.9. Accuracy Assessment 

To assess to what extent the RM framework can recreate past residential 

dynamics, simulation was performed between 2001 and 2011, the years of the last 

two Censuses. Similar to demographic change for this time period, the yearly 

number of dwellings per statistical ward was derived by linearly interpolating the 

number of dwellings between 2001 and 2011. Considering the stochastic 

component of RM and the high level of spatial detail on which dwellings are 

defined (wards), some degree of spatial aggregation was required to properly 

assess simulation performance (Edwards and Tanton, 2013). Hence, validation 

was performed on the 84 municipalities in the study area. Also, since the 

objective of RM is to simulate household location dynamics, we focused on 

assessing the accuracy of simulated changes per household segment. Scatterplots 

visualizing simulated versus actual change between 2001 and 2011 were made for 

each household segment, similar to (Edwards and Clarke, 2009). To quantify the 

extent to which the scatterplot point cloud approximates the diagonal line, the 

latter representing perfect accuracy, a measure called Standard Error around 

Identity (SEI) was used. SEI is defined here as: 
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𝑆𝑆𝑀𝑀𝑀𝑀 = 1 −  
∑ (𝑦𝑦𝑟𝑟𝑟𝑟𝑒𝑒,𝑚𝑚 − 𝑦𝑦𝑟𝑟𝑟𝑟𝑟𝑟,𝑚𝑚)2𝑀𝑀
𝑚𝑚=1

∑ (𝑦𝑦𝑟𝑟𝑟𝑟𝑟𝑟,𝑚𝑚 − 𝑦𝑦�𝑟𝑟𝑟𝑟𝑟𝑟)2𝑀𝑀
𝑚𝑚=1

 (24) 

with yest change in households estimated by means of simulation, yref observed 

change in households or a reliable estimate thereof, 𝑦𝑦�𝑟𝑟𝑟𝑟𝑟𝑟 the mean of yref, M the 

number of municipalities (Tanton et al., 2011). SEI values range between an 

arbitrary negative value and a maximum positive value of 1. SEI values of 1 

indicate perfect accuracy (Edwards and Tanton, 2013). 

When spatiotemporally modelling change of any kind, it is considered good 

practice to check that the proposed model outperforms a random model 

(Poelmans and Van Rompaey, 2010; Pontius and Millones, 2011; Pontius and 

Schneider, 2001). In this study, a random model is defined as a model with 

uniform dwelling utilities for each household segment, meaning that each 

dwelling has an equal probability to be chosen by any household. SEI values of 

simulated changes obtained with the proposed and uniform utility models were 

compared, both overall and on a per-segment basis. Overall SEI is defined as a 

weighted average of per-segment SEI values: 

𝑆𝑆𝑀𝑀𝑀𝑀����� =  �
ℎ𝑟𝑟
∑ℎ𝑗𝑗

 𝑆𝑆𝑀𝑀𝑀𝑀𝑟𝑟

𝑆𝑆

𝑟𝑟=1

 (25) 

with hs the 2011 total number of households from segment s and S the number of 

household segments, i.e. 12. 

4.3. Scenario Definition 

4.3.1. Rationale for Scenario Definition 

In this study, scenario analysis was used to explore alternative futures in 

terms of how spatial planning policy affects residential dynamics in the study 

area. The baseline scenario BAU assumed a continuation of current planning 
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practices. In this scenario, new residential development can occur in any area 

where zoning allows it, without spatial prioritization. An alternative scenario, 

SUS, envisioning a more sustainable form of urban planning, was also defined. 

The SUS scenario draws on the spatial planning strategies of the Flemish and 

Brussels regional governments. The main objective of the Spatial Policy Plan for 

Flanders (SPPF) is to achieve a more sustainable form of spatial planning that 

addresses expected demographic and socioeconomic changes in Flanders over 

the coming decades. It envisions the concentration of new development near 

already built-up areas, with the intent of achieving a higher spatial efficiency, 

protecting remaining open spaces, countering urban sprawl and decreasing 

private car usage. The densification of the existing urban fabric is an important 

tool to achieve these goals (Ruimte Vlaanderen, 2017). The Brussels Regional Plan 

for Sustainable Development (RPSD) defines 12 high-priority neighbourhoods to 

address its future expansion. These neighbourhoods are intended to spatially 

connect high-density residential–economic activity with the blue and green 

network, and with the transport networks of the region. Decreasing private car 

use is one of the core objectives of this strategy (be.brussels, 2018). In addition to 

the RPSD, the Brussels region has also developed an urban renewal plan 

dedicated to its canal area (Chemetoff et al., 2014). Both the SPPF and RPSD 

acknowledge the importance of interregional cooperation, particularly in 

addressing the dire mobility situation plaguing the BCR and its Flemish vicinity. 

Considering the importance of more sustainable mobility for both regional 

spatial strategies, it makes sense that the SUS scenario uses (metro) railway 

station neighbourhoods as priority areas for denser urban development. Figure 

64 shows that the vicinities of railway stations are generally characterized by 

good access to public transport and services (Verachtert et al., 2016). 

4.3.2. Implementing the Two Scenarios 

A set of residential constraints, i.e., yearly estimates of dwellings per ward, 

were defined for each scenario. The constraints guided microsimulation beyond 

2011, which was considered to be the current situation given the data used. 

Decision trees were designed for each scenario to estimate the maximum number  
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Figure 64. Access to public transport (PT) and services, according to (Verachtert et al., 2016), and locations of railway stations 
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of extra dwellings per statistical ward, on top of the dwellings already present in 

2011 (Figure 65). The decision tree analysis was performed on a parcel level using 

land registry and other data, though results were used on ward level.  

The BAU decision tree requires parcels eligible for new development to be 

unbuilt and located in residential zoning or mixed zoning, including residential. 

The BAU does not consider access to public transport, services, flood risk or 

ecological value. Each new parcel outside an urban core that is less than 2500 m2 

in size can only contain one dwelling. This area threshold was based on a random 

sample of parcels containing at least one building. Larger parcels are divided in 

units of 900 m2 per household, which is the Flemish average. In the BAU scenario, 

only parcels located in urban cores are considered for denser dwelling 

development, following the surrounding dwelling density. Here we defined 

urban cores morphologically based on ward-level surface sealing being at least 

25%. 

In the SUS scenario, residential development is firstly limited to low flood 

hazard and to areas with low ecological value. Contrary to BAU, both built-up 

and free parcels are considered for new development. Empty parcels within 2250 

m of railway stations are candidates for denser development. The 2250 m 

threshold represents a short trip covered by bike or public transport (Martínez 

and Viegas, 2013). The highest dwelling densities are appointed to housing 

expansion areas, i.e., currently empty reserve areas for new residential 

development, within the above-mentioned distance from train stations. Note 

that contrary to the BAU, the SUS uses a default residential parcel size of 200 m² 

instead of 900 m². Empty parcels located further than 2250 m from railway 

stations are only developed in this scenario if they are located in an urban core. 

Built-up parcels follow a separate branch in the decision tree and are densified 

using surrounding dwelling density. Another separate branch of the SUS decision 

tree is dedicated to parcels located within 600 m of important railway stations or 

any metro station, regardless of whether they are built-up or not. A railway 

station is considered important if at least 2000 travellers use it on an average 

weekday. The 600 m distance threshold represents short trips on foot  
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Figure 65. Decision trees used to define residential constraints for the SUS 
and BAU scenarios. 
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Figure 65 continued. 
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(Martínez and Viegas, 2013). Here, empty space within non-historically protected 

parcels is densified up to 150 dwellings/ha. Overall, residential development is 

denser in the SUS. 

Starting with the 2011 housing stock, it was assumed that, in the simulation, 

housing supply on a district level follows demand dictated by the total number 

of households plus a 5% margin where possible. Ward level housing stock never 

exceeds the scenario-based constraints. In the BAU iterative random sampling of 

new dwelling locations is applied over all wards until the current year’s housing 

demand is met. The SUS uses sampling weights proportional to the maximum 

number of extra dwellings per ward, reflecting the prioritization of new 

residential development in areas that are deemed more interesting according to 

the logic of the scenario. 

Two microsimulations were performed using the residential constraints of 

the BAU and SUS scenarios. Apart from the yearly estimates of dwellings per 

ward, all simulation input was the same. Simulations begin in 2011, using 

observed household distributions from the last Census, and progress to 2040. 

The output of the two simulations was mapped, analysed and compared. 

5. Results 

5.1. Microsimulation Performance 

Microsimulation was performed between 2001 and 2011 using choice 

probabilities derived from the household location choice models fitted for each 

household segment. The summaries of these conditional logistic regression 

models are shown in appendix of this document (Appendix 3). Validation 

scatterplots showing simulated versus observed changes in numbers of 

households per segment are shown in Figure 66. Visual inspection of the 

scatterplots indicates that the microsimulation correctly reproduces positive and 

negative trends for each segment. Most observations, i.e., municipalities, are 

situated close to the 1:1 line of the scatterplots. Most relative errors, i.e., the 
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Figure 66. Validation 
scatterplots of 
microsimulation results per 
household segment, plotting 
simulated versus observed 
changes in number of 
households on municipality 
level between 2001 and 2011. 
SEI values quantifying the 
extent to which the point 
cloud corresponds to the 1:1 
line, are added to each 
scatterplot. The red dotted 
line on these plots represents 
the 1:1 line. Additionally, the 
absolute value of the relative 
error is displayed for each 
observation. Dots with red 
edges correspond to the 
municipality of Leuven. Dots 
with blue edges correspond to 
the municipalities of the 
Brussels Capital Region 
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absolute error divided by the 2011 number of households per corresponding 

segment, are reasonably small, ranging between 0% and 20%. Some larger errors 

can, however, be observed. An examination reveals that for 9 out of 12 segments, 

the municipality of Leuven exhibits the largest absolute error (dots with red 

edges in Figure 66). The municipalities of the BCR (dots with blue edges in 

Figure 66) also often display large errors. Except from segment 12 (renting 

households whose reference person is older than 60 and does not hold a higher 

education degree), all household segments have SEI values larger than 0. 

To perform a somewhat fairer assessment of the microsimulation’s 

performance, outlier errors were removed from the scatterplot and SEI values 

were recalculated (Figure 67). Outlier errors were identified here as errors 

located further than 3 standard deviations from the mean error. Between 1 and 3 

outliers were identified and removed per segment. In addition, a comparison was 

made with simulation accuracy obtained with a uniform household location 

choice model, i.e., one with identical utilities for each dwelling. Note that all 

segments have positive SEI values for the corrected output, and 8 out of 12 

segments have SEI values over 0.5. Segment 12 still has a notably low simulation 

accuracy after correction, with SEI equal to 0.1, though its improvement 

compared to the uncorrected SEI is the largest of all segments. Apart from 

segment 5 (homeowner households without children and a reference person 

younger than 60 holding a higher education degree), all household segments 

have higher SEI values for the proposed simulation compared to simulation with 

a random model. The weighted average SEI values are 0.35 and 0.58 for the 

uncorrected and corrected simulation output respectively. For the random 

model, overall SEI amounts to −1.16.  

5.2. Scenario Predictions 

Microsimulation was performed between 2011 and 2040 using the HPROM 

derived demographic projections and the BAU and SUS scenario constraints. 

Overall district-level changes in residential activity are equal for each scenario; 

only their spatial distribution over wards differs. Figure 68 shows the simulated  
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Figure 67. Comparison of SEI 
values obtained with the 
proposed simulation model, 
both uncorrected and 
corrected for outlier errors, 
and when performing 
simulation with a uniform 
utility model (random). 
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Figure 68. Simulated 2011-2040 change in household density for the SUS and 
BAU scenarios, mapped on statistical ward level. 
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changes between 2011 and 2040. Figure 69 shows the differences between the 

2040 scenarios. The inspection of both maps reveals that new development in 

SUS is spatially more concentrated compared to simulated development in BAU. 

Remote, poorly serviced rural areas are characterized by negative change in SUS, 

whereas the same areas often have strong growth in BAU. Within the BCR, SUS 

development is grouped around public transport hubs whereas BAU 

development is spread out over the region, with some degree of clustering in the 

municipalities of Sint-Gillis and Vorst, south of the city center of Brussels. 

Outside the BCR, SUS development is clustered around secondary (Leuven) and 

tertiary urban cores, and to a lesser extent in the areas between those cores. BAU 

development outside the BCR shows some clustering around urban cores, 

although clearly much of its new residential activity is scattered over the rural 

areas of the study area. 

The BAU and SUS simulation results are mapped for different segment 

groupings in Figure 70. Overall, SUS seems to yield more extreme differences 

between areas of growth and decline. For households with children, SUS predicts 

a pronounced concentration of growth near well-serviced urban hubs, resulting 

in negative growth in most other areas, particularly in the districts of Leuven and 

Halle-Vilvoorde. Growth of households with a reference person older than 60 

seems to be most spread out over the whole study area, both for BAU and SUS. 

Growth in homeowner households and household with a RP holding a higher 

education degree is quite dispersed within the districts of Leuven and Halle-

Vilvoorde, yet in SUS these households are drawn to the higher-density 

development areas identified by the scenario. 
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Figure 69. Household density difference between 2040 SUS and BAU microsimulation output (SUS minus BAU). Blue means more in 
BAU, orange/red more in SUS. 
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Figure 70. Simulated 2011-2040 household density change for the SUS and 
BAU urban planning scenarios, mapped for different groupings of household 

segments on ward level. RP = reference person, HE = higher education. 
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6. Discussion 

6.1. Considerations Regarding Microsimulation 

Performance 

The validation of the RM performed between 2001 and 2011 shows its 

capability to reproduce changes in residential activity with reasonably accuracy. 

We show that the proposed models clearly outperform a uniform household 

location choice model assigning households randomly to available dwellings. 

Some issues remain to be addressed. From a methodological point of view, we 

acknowledge that microsimulation performance may be improved by using more 

advanced discrete choice algorithms, such as nested and mixed logistic 

regression (Lee and Waddell, 2010; Rezaei and Patterson, 2016; Vichiensan et al., 

2005). These techniques are better suited to address issues such as agent 

heterogeneity and spatial autocorrelation. Such models are, however, also more 

difficult to calibrate, and do not always yield expected increases in modelling 

accuracy (Cushing and Christiadi, 2007). 

The inspection of simulation performance shows that the municipality of 

Leuven exhibits disproportionally large errors for each household segment. This 

can be explained by the fact that Leuven is a university city with a high share of 

residing students relative to its population. Belgian fiscal policy makes it 

advantageous for students to formally reside with their parents while renting a 

second student home in the city where they study. As a result, considerable 

portions of the housing stock in university cities are taken up by people that are 

not official residents. The issue of dealing with student populations in RM for the 

UK is addressed in (Wu et al., 2011, 2008). Yet, for this study it was not possible 

to obtain reliable data to account for this phenomenon. Secondly, we observe 

that the microsimulation performs poorly, in terms of 2001–2011 accuracy, for 

segment 12, i.e., older lower educated renting households. This is somewhat to 

be expected, given that the more complex housing situations of this segment 
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(retirement/nursing homes, service flats, intergenerational living, social housing 

reserved for elderly) are difficult to capture with the limited data at our disposal 

6.2. Scenario Analysis 

This chapter focuses on the definition of a spatial simulation framework for 

policy-inspired scenario assessment. Such an exercise is necessarily bound to the 

political and socio-economic realities of the area on which it is performed. The 

results obtained with the household location choice models (Figure 66-Figure 

67) and the scenario-based microsimulation (Figure 68-Figure 70) should thus 

be interpreted in light of the rather unique context of residential dynamics in 

Flanders. Many Flemings prefer to live close to their family network (Meeus and 

De Decker, 2015) and/or live in a suburban–rural neighbourhood (Schuermans et 

al., 2015). This behaviour effectively reduces the number of longer distance 

relocations and contributes to the societal normalization of commuting. 

Suburban–rural living, and the private car commuting needed to support it, are 

made fiscally attractive in Belgium, e.g., by heavily subsidizing company cars 

(Princen, 2017). Many Flemings perform long distance commutes to Brussels on 

a daily basis. In addition to congestion and its many related issues, this 

contributes to the absence of a clear spatial pattern in the residential locations 

of the Brussels workforce, contrary to most other European cities (Verhetsel et 

al., 2010). 

The urban planning scenarios developed for this research represent 

alternative forms of spatial planning policy, with the BAU akin to weak regulation 

and the SUS representing strong regulation in favour of residential development 

in well-serviced areas. Some of the simulated differences between the 2040 

scenarios may have a considerable impact on municipal socioeconomic fabric 

and fiscality. Compared to the BAU, the SUS scenario predicts much more 

concentrated growth of households with children, homeowner households and 

higher educated households around urban cores, whereas older households are 

spread out more evenly over the study area. The SUS even predicts net 2011–2040 

negative growth in households for most rural areas of the study area. Whereas 
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this may make sense from a sustainable transport perspective, it is likely that 

measures leading to this outcome will face resistance from rural populations, 

unless suitable financial compensation is provided for planned changes in land 

use. It is also likely that policies promoting relocation to more urbanized areas 

will face resistance from many Flemings who generally prefer rural/suburban 

living (Meeus and De Decker, 2015; Schuermans et al., 2015). The increase in 

residential activities in urban areas predicted by the SUS are founded on a 

spatially explicit analysis of available space on a parcel level, using areal estimates 

based on insight from contemporary urban planning. Yet, these higher densities 

will have far-reaching implications on how urban spaces are to be designed, 

including the private, public or ecosystem facilities needed to support such 

densities. Policy-makers, planners and other stakeholders must consider how 

further increasing density in an area that is already quite densely urbanized , the 

BCR, will impact living conditions, and if they are prepared—both politically and 

logistically—to take the measures required, and to maintain them over longer 

periods of time, in order to guide this process to an outcome that ultimately 

benefits a large majority of the population. We believe, however, that the highest 

dwelling density proposed in this research (150 dwellings/ha) allows sufficient 

provision of green space, services and other urban qualities, if designed properly. 

Obviously, the performed scenario analysis has its shortcomings, one of 

them being that it only covers two visions of future urban development — for 

the rather complex case-study of BCR–Flanders. Secondly, we only explored the 

impact of differing spatiotemporal distributions of housing stock defined 

according to the logic of our urban development scenarios. It goes without saying 

that many more factors play important roles in the process of future urban 

development, including social inequality, transport infrastructure, social 

housing, financial crises, urban economy, real estate, and the popularity of 

alternative housing strategies (e.g., co-housing). However, as stated above, the 

proposed scenario-driven RM is not intended to be final or exhaustive, but only 

to show that it can be of use to explore the impact of alternative planning 

decisions, and how this can contribute to a better informed debate on the 

recently proposed strategies of Flanders and the BCR. One possible way to do 
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this would be by quantifying where 2011–2040 demographic growth will be 

located in terms of current access to public transport and services, as determined 

by (Verachtert et al., 2016). Such a possible analysis is illustrated in Figure 71, 

which shows histograms weighed according to predicted changes in households 

on a statistical ward level for each scenario. Both in terms of services and 

transport, and particularly the latter, the SUS scenario predicts a considerably 

better 2040 situation compared to residential development predicted by the BAU 

scenario. Remarkably, while still being considerably better compared to the BAU, 

most SUS growth is located in average public transport accessibility areas. This 

can be explained in part by the limited space left for new development in areas 

with good public transport servicing. Another explanation lies in the constraint 

of the SUS scenario excluding densification in historically valuable 

neighbourhoods, many of which are located in well-serviced areas of the BCR. 

This constraint could be partially relaxed in an alternative scenario definition, if 

deemed necessary. Findings from this, or similar considerations, could in turn be 

used to quantify related positive impacts, e.g., reductions in transport related 

greenhouse gas emissions, air pollution or road congestion. 

Another potentially interesting way to valorise our microsimulation output 

would be by comparing it to other demographic projections on spatially detailed 

geographic units. Such projections have been made at the level of Flemish 

municipalities up to 2035, named after the Study Department of the Flemish 

Government (SVR) (Pelfrene et al., 2015; Willems and Lodewijckx, 2011). In 

Figure 72, a comparison is made between SVR and our own 2011–2035 projected 

increases in households over the Flemish municipalities of our study area. 

Remarkably, the BAU predictions seem to correspond strongly to the SVR 

projections. A comparison to the SUS estimates reveals that the SVR projections 

have more small growth municipalities in which SUS growth is (near) zero or 

even negative. Conversely, the SUS also predicts more concentrated growth 

compared to the SVR. The SVR projections are based on the cohort-component 

method (Smith et al., 2002), which is a stepwise numerical extrapolation 

approach supported by assumptions of fertility, mortality and migration. The  
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Figure 71. Access to 
services/public transport 
(normalized index, see 
(Verachtert et al., 2016)) for 
the 2011-2040 change in 
households obtained with 
the BAU and SUS urban 
planning scenarios. 
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Figure 72. Comparison between scenario-based microsimulation output, expressed as change in number of households between 2011 and 
2035, to the SVR projections for the Flemish municipalities of the study area. 
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cohort-component method does not take into account spatially explicit 

information related to how and where expected growth can be allocated. 

Considering our findings in Figure 72, it could be stated that the BAU is in fact 

similar to a non-spatial scenario, or at least a spatially trivial scenario, 

representing a mere extrapolation from the 2011 spatial distribution of 

households, itself a result of decades of urban sprawl. The SUS scenario on the 

other hand does constitute a clear break with urban sprawl. 

6.3. Future Opportunities 

This study aims to support the claim that the combined use of RM and 

scenario analysis should play a more prominent role in integrated urban 

modelling applications and spatial policy assessment, as recently proposed by (E. 

J. Miller, 2018). What sets this study apart from earlier research, e.g., (Behan et 

al., 2008; J. Ma et al., 2015; Marois and Bélanger, 2015; Tirumalachetty et al., 2013), 

is its focus on providing a more formal scenario analysis that draws on an 

extensive set of revelant spatial data. In addition, we explain in detail which 

urban planning logic and assumptions are used to define our scenarios, as well 

as how this relates to current and potential future planning practice. As agreed 

upon in the literature, scenarios should be defined in a transparant reproducable 

fashion, aiming to be as relevant as possible to the involved stakeholders (Ogilvy, 

2002; Schoemaker, 2004; Schwartz, 1991; Van der Heijden, 2005).  

Particularly for the selected case study, there is a need for more scientifically 

grounded information to support, or debunk, different narratives on how we can 

tackle the issues of urban sprawl and congestion. What is key in this debate, or 

any discussion involving the future, is open and transparent communication of 

the assumptions made to support one’s vision. The analysis proposed in this 

research leaves plenty of room for further refinement. Generally, this research 

would greatly benefit from a more interdisciplinary approach and the direct 

involvement of stakeholders, including planning officials, politicians and 

citizens. Scenario-wise, there are important developments that could be explored 

by means of microsimulation. One such example is the planned construction of 
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the new North–South metro line in the BCR. Scenario-based RM can be used to 

assess how this new infrastructure may impact residential patterns in the region, 

giving a new perspective on this highly debated project. A similar analysis can be 

performed on the GEN railroad network, an ongoing, yet strongly delayed, 

project intended to provide better public transport connection between the BCR 

and its periphery. 

7. Conclusions 

In this chapter a a spatial dynamic microsimulation framework is proposed 

to simulate residential dynamics in the Brussels Capital Region and Flemish 

Brabant up to 2040. Simulation is based on two scenarios entailing alternative 

visions on future urban development. The BAU scenario constitutes a status quo 

with regards to historic urban sprawl, whereas the SUS scenario defines a viable 

pathway to more compact urban development. Both scenarios are supported by 

spatially explicit analysis and rely on a set of urban development rules. For the 

SUS, inspiration is further drawn from recently formulated strategic policies in 

Flanders and the Brussels Capital Region. 

The validation over the time period between the last two national Censuses 

shows that the proposed simulation approach succeeds in modelling past trends, 

at least on a municipality level, outperforming a random model. Running the 

BAU and SUS scenarios until 2040 results in different evolutions of ward-level 

housing stocks. The scenario-based microsimulation results suggest potentially 

far-reaching implications: the BAU leads to even more urban sprawl; the SUS 

counters this trend at the cost of strong concentration of growth around urban 

cores, particularly for the younger household segments. Spatially detailed 

information on future distributions of different types of households as provided 

by the scenarios may be of use to assess the economic, social and environmental 

impacts of alternative pathways of urban development to make better informed 

decisions on a spatial policy level and to better prepare for their outcomes. With 

this work, we contribute to an emerging body of research underlining the value 

of spatial microsimulation, used in combination with scenarios, for policy 
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assessment or integrated urban modelling (E. J. Miller, 2018; Rephann and Holm, 

2004; Waddell, 2002). We believe that the modelling approach proposed in this 

study, and the outcomes of the scenario analysis presented, will positively 

contribute to the ongoing debate on countering urban sprawl in Flanders. 
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Chapter 5 -  

Modelling the Hydrological 

Response to Future Urban 

Development 

A Scenario-driven Impact Analysis of Urban 

Sprawl and Sustainable Densification (with 

Green Infrastructure) in Brussels and Flemish 

Brabant 

This chapter is a currently unpublished research report that is the outcome of a 

collaboration between Frederik Priem, Charlotte Wirion, Boud Verbeiren and 

Frank Canters. The report contains elements from “Wirion, Charlotte, 2019. 

Evaluating the effect different urban planning scenarios have on the water balance. 

Chapter 5. Quantification of the urban water fluxes supported by remote sensing. 

Doctoral dissertation. Department of Hydrology and Hydraulic Engineering, Vrije 

Universiteit Brussel.” to which Frederik Priem also contributed. 

Abstract: Urban sprawl has severely degraded the Flemish environment. More 

sustainable urban development strategies must correct this situation to 

safeguard climate resilience. Satellite remote sensing-derived land cover maps, 

for instance describing Sealed Surface Density, are useful to assess past and 

present hydrology regulating ecosystem service indicators. Spatial modelling on 

the other hand can simulate future dynamics in terms of socio-economic 

activities and related SSD change. This study proposes a multi-scale model 

coupling that integrates both approaches to temporally expand historic SSD time 

series and quantify the hydrological response to future urban expansion. The 
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modelling framework encompasses Residential Microsimulation, regression 

trees and Quantitative State Cellular Automata that respectively handle the 

simulation of residential dynamics, the relation between activity and SSD 

change, and the spatial allocation of regional SSD change to individual 

pixels/cells. SSD maps of the year 2040 are produced for Brussels and Flemish 

Brabant, and this for three scenarios envisioning continued urban sprawl, 

compact city development and Blue-Green Infrastructure. An empirically 

calibrated model estimates water balance components that indicate hydrology 

regulating ecosystem services. The analysis shows that the urban sprawl and 

compact city development scenarios yield qualitatively similar outcomes in 

terms of infiltration/evapotranspiration decrease surface runoff/net rainfall 

increase, although compact city development is clearly less detrimental. The 

Blue-Green Infrastructure scenario by contrast negates most negative trends 

predicted by the other scenarios and even reverses them to some extent. An 

important policy implication of this research is that compact city development, 

which is currently pursued by the involved regional governments, may not suffice 

to significantly alter, let alone improve, the hydrological conditions of this study 

area. To achieve this, considerable investments in Blue-Green Infrastructure may 

be needed. 

1. Introduction 

Urban sprawl has fragmented the natural environment of Flanders (Pisman 

et al., 2018), reducing its ability to provide water regulating Ecosystem Services 

(ES). The widespread surface sealing of the region contributes to water pollution 

(Kristensen et al., 2018; Teunen et al., 2020), susceptibility to flooding (Akter et 

al., 2018; Schneiders et al., 2014) and ground water shortage (Boeckx et al., 2019; 

Vrebos et al., 2014). Extreme rainfall and droughts are moreover predicted to 

increase in frequency and intensity due to global warming (Brouwers et al., 2015; 

Hoegh-Guldberg et al., 2018). While Flanders is not alone in experiencing urban 

sprawl-induced environmental issues, it is certainly one of the more extreme 

examples in Europe (EEA-FOEN, 2016). The Flemish and Brussels regional 

governments recently started to address the subject by proposing more 
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sustainable urban development strategies (be.brussels, 2018; Ruimte Vlaanderen, 

2017). A key feature of the Flemish strategy is reducing, and eventually blocking, 

new urban land uptake by densifying well-serviced hubs in the urban fabric 

(Verachtert et al., 2016). Additional mitigation with Blue-Green Infrastructure 

(BGI) may further improve the hydro-climatologic properties of the urban 

environment (Gaffin et al., 2012; Liu and Jensen, 2018; Oberndorfer et al., 2007). 

Spatiotemporal modelling of alternative urban development scenarios and their 

hydrological response could help optimize the implementation of such 

strategies. This can be achieved with water balance and environmental change 

modelling. 

The water balance describes the fluxes in and out of hydrologic systems 

such as large river catchments or smaller drainage basins. The components of the 

water balance, including interception, storage, run-off, infiltration and 

evapotranspiration, can be quantified with hydrological models (Zhang et al., 

2002). Information on these components in turn supports quantification of 

water-related ES (Francesconi et al., 2016), flood hazard modelling (Akter et al., 

2018; Canters et al., 2014), climate change impact analysis (Zahabiyoun et al., 

2013) and more. Hydrological models can be broadly categorized in physical and 

empirical models (Jajarmizadeh et al., 2012). Physically-based models, including 

examples such as SWAT (Arnold et al., 2012, 1998) and WETSPA (Helmi et al., 

2019; Krysanova and Arnold, 2008; Wang et al., 1996), use a set of predefined 

equations reflecting the physical understanding of a hydrologic system. Newer 

empirical models on the other hand rely on machine learning to emulate the 

physical relations existing between water balance components and pertinent 

spatial or meteorological variables (Shortridge et al., 2016; Solomatine and 

Ostfeld, 2008). These two approaches are mostly similar in terms of performance, 

yet empirical models are considerably easier to calibrate (Booker and Woods, 

2014; Wirion et al., 2019). Distributed hydrological models use GIS or remote 

sensing derived land cover data to quantify the biophysical properties of the 

environment on which modelling is performed (Canters et al., 2006; Verbeiren 

et al., 2016, 2012). To address the impact of possible future urbanization on water-

related issues, hydrological research increasingly relies on land-use/land cover 
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change modelling (Anand et al., 2018; Haase, 2009; Joorabian Shooshtari et al., 

2017; Kundu et al., 2017). Cellular Automata (CA) are commonly used for this 

purpose (Ford et al., 2019; Giacomoni et al., 2014; Marshall and Randhir, 2008; 

Mustafa et al., 2018a; Verbeiren et al., 2011). 

Cellular automata are discrete mathematical models that can be applied to 

simulate urban dynamics on a regular grid of cells (Ghosh et al., 2017; Santé et 

al., 2010). During each simulation timestep, CA predict whether cells transition 

from one state to another, choosing from a finite set of states (Tobler, 1979). 

Transitions are governed by at least considering the states of neighbouring cells, 

although geographic CA typically use more variables to quantify the potentials 

of each possible transition, e.g. topography, zoning and road accessibility (White 

et al., 1997; White and Engelen, 2000, 1993). MOLAND is a well-known CA 

implementation that has been used before to support urban hydrological 

applications (Verbeiren et al., 2011; Willuweit and O’Sullivan, 2013).  

As a discrete modelling approach, CA typically consider few thematic land-

use classes to characterize the urban environment (Canters et al., 2014; de Nijs et 

al., 2004; White and Engelen, 1993), and often only two, i.e. urban and non-urban 

(Kamusoko and Gamba, 2015; Wu, 2002). Use of discrete land-use classes is 

prevalent in environmental modelling, yet several studies show that sub-cell land 

cover information, e.g. surface sealing density, is better suited to assess the 

hydrological behaviour of an urban environment (Dams et al., 2013), particularly 

in medium-resolution settings (Canters et al., 2006) or when modelling peak 

discharge events (Schiefer et al., 2006; Verbeiren et al., 2012). Integrating 

quantitative biophysical land cover information is thus an interesting pathway 

for further scientific exploration of urban hydro-environmental modelling. 

Proposals have been made to integrate quantitative sub-cell land cover 

information in CA, for instance by applying fuzzy logic (Liu and Phinn, 2003; 

Mantelas et al., 2012; Tang, 2011) or by defining cell states representing 

consecutive ranges of urban densities (Mustafa et al., 2018b). Recently, a CA was 

put forward that relaxes part of its definition by considering infinite cell states 

corresponding to real-valued urban densities (Chapter 3; Priem and Canters, 
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2021). Coupling a CA model able to predict changes in urban density with 

distributed hydrological modelling tools offers the possibility to assess detailed 

hydrological responses to possible future states of the urban environment. 

To support achieving more sustainable/resilient urban development, spatial 

models assessing impacts of land-cover change on water-related ecosystem 

services need to be based on comprehensive scenario analysis, i.e. in which each 

alternative vision on future urban development is explicitly founded on spatial-

quantitative analysis of the relevant physical, political, and socioeconomic 

constraints pertaining to the study area (Pan et al., 2019; Polimeni and Erickson, 

2007; Priem et al., 2020; Verdonck et al., 2019a). Relevant society-environment 

interactions should thus be incorporated in the modelling, e.g. by using expected 

socioeconomic dynamics to determine land cover change demand. In CA models 

like MOLAND, regional socio-economic projections determine demand for each 

considered land-use class, which the model then allocates to individual cells in 

the corresponding regions (Lavalle et al., 2004). Activity-based CA on the other 

hand spatially refine activity information to the level of individual cells to predict 

state transitions (Crols et al., 2012; White, 2006; White et al., 2012). Regardless of 

the specific scale used to incorporate them, socio-economic activity projections 

are useful to quantify land change demand in CA and are to be preferred over 

extrapolations based on historic trends (Mitsova et al., 2011; Siddiqui et al., 2018). 

This chapter proposes a scenario-based multi-scale hydro-environmental 

model coupling approach for assessing impacts of future urban growth on the 

water balance. The workflow is illustrated on the Brussels Capital Region (BCR) 

and its two surrounding Flemish districts (Belgium). We consider three scenarios 

envisioning alternative urban development pathways up to 2040: a continuation 

of urban sprawl labelled Business as Usual (BAU), a break away from urban 

sprawl by means of Sustainable Densification (SUS) and, thirdly, Sustainable 

Densification with additional focus on large-scale implementation of green 

infrastructure (SUS+). The scenarios are defined using parcel-level GIS-

information, urban planning guidelines and maps reflecting spatial policy 

frameworks. The main purpose of the scenarios is to provide constraints that 
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guide subsequent modelling. The proposed model coupling allows transforming 

district-level urban activity projections to 30m cell-level Sealed Surface Density 

(SSD) change, and by extension hydrological response, by way of an intermediate 

spatial level of statistical sectors, i.e. Belgian census tracts. Spatial refinement of 

residential activity from district to sector level is done with a Residential 

Microsimulation (RMSM) framework, developed in (Chapter 4; Priem et al., 

2020), that uses household location choice modelling. The application-oriented 

study presented in this chapter draws heavily on tools, methods and datasets 

developed in previous parts of this research or provided by external 

organizations, including Statistics Belgium and the Belgian Federal Planning 

Bureau. To perform the hydrological modelling, support was received from the 

Hydrology and Hydraulic Engineering Research Department of the Vrije 

Universiteit Brussel. Besides developing the proposed model coupling workflow, 

the second objective of this research is to assess and compare the hydrologic 

responses in terms of regulating ecosystem services. The third objective is to 

analyse how predicted hydrological changes may impact the study area, 

including its population which is also simulated with the proposed modelling 

framework, and how this kind of information may be of use for urban 

practitioners or for policy evaluation. 

2. Study area 

The study area of this research is shown in Figure 73 and entails the BCR 

and Flemish districts of Halle-Vilvoorde and Leuven. The latter districts together 

form the province of Flemish Brabant. Contrary to the unpronounced flat 

topography that is characteristic for most of Flanders, the study area displays a 

rather hilly landscape with several wide valleys. The main rivers of this area are 

the partially covered Senne River, flowing through the BCR, and the Dijle River, 

flowing through the city of Leuven. The BCR is the administrative and foremost 

urban centre of Belgium, hosting the country’s highest concentrations of 

population and economic activity. The city of Leuven is the second largest city of 

the study area, and other notable urban centres include Vilvoorde and Halle. 

Whereas the BCR is densely built-up, the rural areas of the districts Halle-  
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Figure 73. The study area of this research, with indication of locations of measuring stations used for hydrological model 
calibration/validation. 
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Vilvoorde and Leuven are characterized by widespread urban sprawl, particularly 

in the form of ribbon development along secondary roads between village cores 

(Verbeek et al., 2014; Vermeiren et al., 2018). The propensity toward urban sprawl 

in Flanders is the outcome of a historical process dating back to 19th century 

politics that favoured rural over urban residential development (De Decker, 2011). 

3. Materials and methods 

3.1. Overview 

Figure 74 shows a schematic overview of the multi-scale model coupling 

workflow used in this research. Due to limitations in more recent data availability 

that overlaps all topics addressed in this research, the year 2013 is considered the 

present in this study. The workflow starts from the HPROM demographic 

(Vandresse et al., 2019; Vandresse, 2014, 2013) and HERMES economic projections 

(Bassilière et al., 2018a, 2013; Bossier et al., 2000) which respectively provide 

changes in households and jobs on district level. We spatially refine these 

projections to statistical sectors, respectively using the Residential 

Microsimulation framework presented in Chapter 4 and Spatially Weighted 

Redistribution (SWR). Spatial refinement is guided by alternative sets of 

assumptions regarding future urban development that we organize in the form 

of scenarios. Each scenario has unique constraints in terms of available dwellings 

per sector per year, and separate RMSM simulations were performed with them 

(Priem et al., 2020). Due to research scope limitations, the spatial refinement of 

economic activity is performed independently from scenarios. In turn, the sector-

level activity projections are converted to sector-level SSD changes using a 

Stepwise Regression Tree (SRT)(Huang and Townshend, 2003). SSD describes 

the fraction of a horizontal areal unit that is covered by sealed surfaces, and its 

values thus range from zero to one. Next, a Quantitative State Cellular Automata 

is used to simulate SSD change on cell level between 2013 and 2040 (Chapter 3; 

Priem and Canters, 2021). Finally, a spatial metric-driven hydrological model 

(Wirion et al., 2019) quantifies the envisioned cell-level water balance  
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Figure 74. Overview of the multi-scale model coupling workflow used in this 
study. RMSM = Residential Microsimulation, SWR = Spatially Weighted 

Redistribution, SRT = Stepwise Regression Tree, QCA = Quantitative State 
Cellular Automata. 
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components, i.e. net rainfall, evapotranspiration, surface run-off and infiltration, 

of the 2013 and three simulated 2040 situations using the corresponding SSD 

maps as input. The SRT, QCA and hydrological model all depend on a remote 

sensing-derived cell-level SSD timeseries developed in (Vanderhaegen and 

Canters, 2016) for calibration. 

3.2. Scenario definition 

Three scenarios are considered that represent unique urban development 

pathways for the study area going from 2013 up to 2040. Practically, each scenario 

provides yearly constraints in terms of available dwellings per sector. This 

information guides subsequent RMSM and all other models depending on its 

output. The BAU scenario represents a status quo in terms of urban sprawl-

oriented development. For this scenario we thus assume that further residential 

development simply follows traditional practices that have led to extensive 

sprawl. The definition of the SUS scenario on the other hand is guided by policy 

proposals and territorial strategies that aim to counter urban sprawl and ensure 

a viable future city (be.brussels, 2018; Chemetoff et al., 2014; Ruimte Vlaanderen, 

2017). The Flemish proposal aims to block further uptake of urban land by 2040, 

hence the choice of the simulation end year. 

SUS incorporates contemporary urban planning insights on the compact 

city (Bibri et al., 2020). The concept of a compact city and the process of 

implementing it, i.e. densification, are considered remedies to urban sprawl that 

revolve around achieving higher urban densities in terms of residential and 

economic activity (Dieleman and Wegener, 2004; Jenks, 2019), and this 

preferably in places of the urban network where public transport and services 

coalesce (Verachtert et al., 2016). At the same time sufficient green and blue 

space are to be provided in proximity to guarantee viability (Haaland and van 

den Bosch, 2015; Russo and Cirella, 2018). Some of the key envisioned benefits of 

compact city development include reducing uptake of new urban land, 

shortening the distance of commutes and other trips, increasing use of lower 

impact transport modes, raising resource/energy efficiency and strengthening 
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the resilience of the urban environment to heat and water stress (Ahlfeldt and 

Pietrostefani, 2017; Blanco et al., 2009; Shi et al., 2016). 

The BAU and SUS scenarios have been developed in Priem et al. (2020; 

Chapter 4), and we refer the reader to this source for a detailed explanation. 

Here we summarise that these scenarios are based on unique decision trees that 

determine how many new dwellings can be built on each parcel, taking in 

account the size of the parcel, footprints of existing buildings, zoning, 

surrounding urban densities, access to public transport and services, flood 

hazard, ecological valuation and historic protection status. For this study, a third 

scenario was defined that is a derivate of SUS, called SUS+, in which we 

additionally address Blue-Green Infrastructure (BGI), i.e. a grouping of 

infrastructural measures that provide better ecosystem amenities compared to 

traditional Grey Infrastructure (Bartesaghi Koc et al., 2017). Many BGI measures 

use beneficial biophysical properties of vegetation. A clear example can be found 

in green roofs that retain some rainfall, display a limited cooling effect and 

support biodiversity in urbanized settings (Oberndorfer et al., 2007). Other BGI 

rely on engineering to produce materials with improved hydro-climatologic 

characteristics. This is the case for instance with permeable pavement that allows 

partial infiltration of rainfall into the underlying soil (Scholz and Grabowiecki, 

2007; Weiss et al., 2019), as illustrated in Figure 75. BGI are considered useful to 

increase the resilience of cities to the effects of global warming (Gaffin et al., 2012; 

Liu and Jensen, 2018). SUS+ copies the SUS scenario in terms of new residential 

development, but additionally assumes that 10% of both the currently existing 

buildings and road segments will respectively be covered with extensive green 

roofs and permeable pavement by 2040. For this we make the additional and 

optimistic assumption that priority is given to buildings and road segments with 

larger horizontal surface areas, to increase the impact of these BGI. The building 

and road segment polygons needed to perform this analysis are provided by GIS 

databases managed by the Flemish and BCR regional governments. Contrary to 

BAU and SUS, SUS+ is more intended as an indicative scenario that explores the 

combination of urban densification and widespread BGI. 
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Figure 75. Graphic illustration of the concepts Grey and Blue-Green Infrastructure, with the latter including (among others) extensive 
green roofs and permeable street pavement. 
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3.3. Activity modelling 

Since we aim to spatially model socio-economic and corresponding 

environmental dynamics on a high resolution, it is essential to first have some 

indication of how these changes may unfold on a coarser scale. For this we draw 

on two projections from Statistics Belgium and/or the Federal Planning Bureau. 

The first projection, derived from the HPROM demographic model, provides 

yearly district-level trends of residing households per household type, up to 2060. 

The HERMES projection, derived from the correspondingly named macro-

econometric model, provides yearly district-level employment per economic 

activity class, up to 2030. To extrapolate HERMES up to 2040, the target year of 

our simulations, we use projections on the age distribution of the population (M 

Vandresse et al., 2019). To perform this extrapolation, we simply presumed a 

constant ratio between active population and employment on district-level. This 

assumption holds reasonably well over historic trends. HPROM, HERMES and 

active population projections are shown in Figure 76. 

To spatially refine HPROM demographic projections from district to sector, 

we apply a spatial Residential Microsimulation framework, developed in Priem 

et al. (2020, Chapter 4), that considers residential location preferences of 

households on the geographic scale of statistical sectors. We refer the reader to 

said source for a thorough description of the model. For the spatial refinement 

of the HERMES projections, we draw on the Crossroads Bank for Enterprises 

database. This database provides a comprehensive list of enterprise 

establishments with corresponding address and core economic activity. The 

recently published Belgian Streets and Addresses database is used to geolocate 

each establishment. A dataset made available by the National Social Security 

Office is then used to estimate the dimension of each geocoded establishment in 

terms of employment. We then aggregate this employment data to statistical 

sectors and spatially distribute yearly district-level projections of jobs per activity 

type, as provided by HERMES, proportional to the currently observed spatial 

distribution of employment. 
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Figure 76. HPROM (households), HERMES (jobs) and active population projections for the three districts of the study area, provided by 
the Federal Planning Bureau and/or Statistics Belgium. Note that extrapolations of HERMES prior to 2012 and beyond 2030 are based on 

our own calculations. 



253 
 

3.4. SSD modelling 

Sector-level changes in residential and economic activities, as represented 

by yearly densities in households and jobs, are converted to yearly sector-level 

SSD changes by means of a regression tree, similar to the work of (Canters and 

Vanderhaegen, 2017; Vanderhaegen et al., 2015). A regression tree is a decision 

tree that iteratively partitions a dataset and fits a regression model on each node. 

Splitting is regulated by maximizing an indicator of global model fit (Breiman et 

al., 1984; Quinlan, 1992). For this study, we use the Stepwise Regression Tree 

(SRT) from Huang and Townshend (2003). SRT uses multivariate Ordinary Least 

Squares (OLS) regression with stepwise feature selection to construct the node 

models. The OLS models used here have the following form: 

𝑆𝑆𝑖𝑖𝑗𝑗 = 𝑎𝑎𝑖𝑖  log (1 +  𝐻𝐻𝑗𝑗) + 𝑏𝑏𝑖𝑖  log (1 +  𝐽𝐽𝑗𝑗) +  𝑐𝑐𝑖𝑖  (26) 

with S the SSD at a given time for leaf node i and statistical sectors j (i.e. the 

sectors identified by the decision rules of node i), a, b and c the OLS parameter 

estimates, H Household Density (HHD) expressed as households per ha and J Job 

Density (JD) expressed as jobs per ha. The log-transforms in (26) are used to 

collapse the wide value ranges of the considered urban activity densities, which 

is preferred over standardisation as the independent variables hold absolute 

meaning and vary over time. Note that feature standardisation, or a similar 

normalization approach, is advisable to ensure optimal convergence of the OLS 

parametrisation. SRT minimizes the total Residual Sum of Squares (RSS) of the 

child node OLS models obtained with each split (Figure 77). If the relative 

improvement in RSS falls below a certain threshold, the model converges (Huang 

and Townshend, 2003). We use a threshold of 5%. The regression tree is 

calibrated on the 2001 situation as derived from the corresponding SSD and 

activity densities. This year was chosen for calibration due to data availability of 

the involved variables. The main advantage of regression trees is that they allow 

non-linear regression modelling and spatial variation in the parameters of the 
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Figure 77. Illustration of the Stepwise Regression Tree and its node splitting procedure (Huang and Townshend, 2003). 
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regression model in a way that is easier to interpret compared to other machine 

learning methods. 

To estimate sector-level SSD change between consecutive years, the SRT 

leaf model parameters are used as indicators of SSD change per unit density 

activity increase. This indirect approach is preferred over estimating SSD change 

directly with (26) as residential and economic activities, while essential, do not 

fully explain the presence of all sealed surfaces. The proposed approach thus 

ensures that estimated increases in SSD are proportionate to corresponding 

increases in activity densities, i.e. we negate the effect of model bias which may 

in some sectors yield non-sensical results (e.g. activity density increase leading 

to zero SSD increase or even SSD decrease). Barring the effects of BGI, we assume 

that SSD change is non-decreasing over time. The performance of the SRT is 

tested on an independent subset covering 30% of the data points, the rest is used 

for model fitting. Model accuracy indicators used are Mean Absolute Error 

(MAE) and Mean Error (ME), that respectively estimate the overall magnitude of 

error and systematic bias: 

𝑀𝑀𝑀𝑀𝑀𝑀 =  
∑ �𝑆𝑆𝑟𝑟𝑗𝑗 − 𝑆𝑆𝑟𝑟𝑗𝑗�𝑁𝑁
𝑗𝑗=1

𝑁𝑁
 (27) 

𝑀𝑀𝑀𝑀 =  
∑ 𝑆𝑆𝑟𝑟𝑗𝑗 − 𝑆𝑆𝑟𝑟𝑗𝑗𝑁𝑁
𝑗𝑗=1

𝑁𝑁
 (28) 

with Se estimated SSD, Sr reference SSD and N the number of sectors j included 

in the validation dataset. Since the SRT is calibrated on 2001 data, the model thus 

describes the spatial relations at a fixed point in time. Using such a model to 

simulate dynamics over a longer time periods may be risky, particularly if the 

modelled relations are temporally non-stationary. We presume that the temporal 

stationarity holds for BAU as this is a status quo scenario, yet for SUS this makes 

less sense given that urban densification requires a higher spatial efficiency. We 

hence define a compactness factor for the SUS scenario that exponentially 

reduces SSD uptake over the simulation timeframe for any given activity change: 
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𝑆𝑆𝑒𝑒′ = 𝑐𝑐𝑒𝑒  𝑆𝑆𝑒𝑒  (29) 

with St’ the corrected SSD change estimated by the SRT parameter-based 

approach at timestep t and c the compactness factor set to 0.975, resulting in a 

50% reduction in SSD uptake by 2040. We will come back to the choice of this 

parameter later. 

Sector-level SSD change predictions are then allocated to individual cells 

using a Quantitative state Cellular Automata described in Priem & Canters (2021; 

Chapter 3). Contrary to traditional discrete state Cellular Automata, QCA 

consider infinite cell states corresponding to a real-valued measure with physical 

meaning. In our case this measure is SSD and its value range is thus constrained 

between 0 and 1. A Landsat-derived timeseries of Sealed Surface Density maps 

with 30m resolution, covering the study area for the years 2001 and 2013 

(Vanderhaegen and Canters, 2016), was used to calibrate the QCA. The workings 

of the QCA, including its neighbourhood definition, calibration, and 

performance on a historic timeframe, are described in Priem & Canters (2021). 

The QCA considers two components to change, i.e. potential and quantity. The 

former indicates the probability of any non-zero change in cell state, whereas the 

latter specifies the most likely quantity of change. Both components are 

addressed with separate models, and their yearly updated estimates are used in 

a CA workflow to allocate sector-level SSD changes during each simulation 

timestep (Figure 78). Besides dynamic SSD-derived neighbourhood measures, 

the QCA also considers additional static spatial variables of zoning class and 

distance to the nearest road. For a more detailed description of the QCA, we refer 

the reader to Chapter 3. 

Recall that the SUS+ scenario envisions that both the 10% largest buildings 

and road segments will be respectively covered with green roofs and permeable 

pavement by 2040. Obviously, this will affect the hydrological properties of the 

involved surfaces. To address this, we decompose cells in separate land cover 

components according to the following logic: 
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Figure 78. Workflow of the Quantitative State Cellular Automata proposed in 
Priem & Canters (under review). 
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𝑆𝑆 + 𝑈𝑈 + 𝑊𝑊 = 1 (30) 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆+ + 𝐻𝐻 + 𝐺𝐺 (31) 

with SSUS and SSUS+ the SSD yielded by the SUS and SUS+ scenario analysis 

respectively, U the sub-cell surface fraction of unsealed surfaces, W the fraction 

of surface waters, H the fraction of permeable pavement and G the fraction of 

green roofs. W is derived from GIS layers describing surface waters and is 

assumed constant over time. Unsealed surfaces correspond mostly to vegetation, 

with exclusion of green roofs, and to a lesser extent bare soil. Permeable 

pavement and green roof fractions are derived from the polygons that were 

sampled to identify them. The land cover components of (30) and (31) are passed 

on to the water balance modelling. 

3.5. Water balance modelling 

Water balance components, or fluxes, are estimated for the current (2013) 

and simulated 2040 scenario outcomes using an empirical model proposed by 

Wirion et al. (2019). This hydrological modelling approach uses spatial metrics 

derived from the observed SSD maps to fit regression models that predict cell-

level net rainfall production Pnet, surface runoff volume R, infiltration volume I 

and cumulative evapotranspiration E, with net rainfall defined here as the 

portion of rainfall reaching the ground after interception storage. A physical 

model, WETSPA, developed on a high resolution is used in an intermediary step 

to set up the regression equations. This WETSPA model has been calibrated and 

validated locally for discharge, interception, transpiration, and infiltration. The 

spatially distributed input metrics required by the empirical model include 

vegetation cover, which is equated here to unsealed surfaces as defined in (30), 

Total Impervious Area (Ebrahimian et al., 2016), which is equated here to SSD 

(S), and hydrological distance (hdO)(Miller and Brewer, 2018). Hydrological 

distance is defined with a 1 m resolution Digital Surface Model from the year 2015, 

provided by Informatie Vlaanderen. The four modelled water balance 
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components are formulated by the following regression equations, which were 

designed using the WetSpa hydrological modelling framework (Wirion et al., 

2019): 

𝑃𝑃𝑛𝑛𝑟𝑟𝑒𝑒 = 𝑎𝑎1 𝑃𝑃 + 𝑎𝑎2 𝑙𝑙𝑙𝑙𝑙𝑙(𝐿𝐿) (32) 

𝑅𝑅 = 𝑃𝑃𝑛𝑛𝑟𝑟𝑒𝑒  (𝑏𝑏1 + 𝑏𝑏2 𝑃𝑃𝑛𝑛𝑟𝑟𝑒𝑒 + 𝑏𝑏3 𝑆𝑆) (33) 

𝑀𝑀 = 𝑃𝑃𝑛𝑛𝑟𝑟𝑒𝑒  (𝑐𝑐1 + 𝑐𝑐2 𝑃𝑃𝑛𝑛𝑟𝑟𝑒𝑒 + 𝑐𝑐3 𝑈𝑈) (34) 

𝑀𝑀 = 𝑑𝑑1 + 𝑑𝑑2 𝑀𝑀𝑝𝑝𝑜𝑜𝑒𝑒  �𝑀𝑀 + (𝑃𝑃 − 𝑃𝑃𝑛𝑛𝑟𝑟𝑒𝑒)� (35) 

with P precipitation, L Leaf Area Index (LAI)(Wirion et al., 2017a), S sealed 

surface density, U unsealed surface density as defined in (30), Epot potential 

evapotranspiration and a, b, c and d the parameter of the corresponding four 

regression models. To simulate the routing of runoff to the basin outlets, time to 

outlet tO is estimated with the following regression equation: 

𝑡𝑡𝑡𝑡 = 𝑒𝑒1 − 𝑒𝑒2 𝑆𝑆 + 𝑒𝑒3 ℎ𝑑𝑑𝑡𝑡 (36) 

Note that seasonal variations between the periods May-October (Summer) and 

November-April (Winter) are considered for each estimated water balance 

component. For a complete discussion on how equations (32)-(36) were defined, 

how tO is used to estimate discharge and how the effect of catchment size and 

seasonal change on discharge is addressed, we refer the reader to Wirion et al. 

(2019). 

Hourly rainfall, discharge and potential evapotranspiration data from the 

year 2013 were used to calibrate the above models. The meteorological data were 

acquired from the Uccle measuring station located in the Southeast of the BCR, 

which is managed by the Royal Meteorological Institute. Potential 

evapotranspiration was estimated with the Penman–Monteith equation 
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(Monteith, 1965). Discharge measurements were acquired at the outlet of two 

micro-catchments in the East of the BCR (FlowBru, 2018)(Figure 73). 

(32)(36)(Helmi et al., 2019). The parameters of these models were defined with 

(generalized) linear regression using the Watermaelbeek catchment as a 

calibration catchment and the Roodebeek and Molenbeek for validation (Wirion 

et al., 2019). The produced hydrological models were temporally validated using 

hourly and 10-minute timesteps to evaluate the reliability of their estimated 

components. The validation for interception storage, infiltration and 

evapotranspiration was undertaken with local field measurements (Wirion, 

2019a). The validation of the surface runoff component consisted of assessing the 

accuracy of a simulated 2013 discharge timeseries resulting from routing runoff 

to the outlet of the Molenbeek catchment in the Northwest of the BCR (Figure 

73). For this purpose, hourly and 10-minute discharge measurements from the 

corresponding Flowbru station were used. Discharge accuracy was quantified 

with Nash-Sutcliffe Efficiency (NSE), Percent bias (Pbias) and the ratio of root 

mean squared error and standard deviation of the measured data (RSR) (Moriasi 

et al., 2007). We note here that, similar to (Wirion, 2019b), it was checked that 

the estimations of the empirical models respect the water balance, i.e.: 

𝑃𝑃 = 𝑄𝑄 + 𝑀𝑀 + ∆𝑆𝑆 (37) 

with Q river discharge and ΔS storage change (interception, depression, and 

infiltration). Yet for brevity’s sake this validation is not documented in this 

chapter. 

The link between simulated land cover change and its corresponding effect 

on hydrological fluxes is mainly concretised in this study by (changes in) cell-

level sealed and corresponding unsealed surface density, which are used as inputs 

by the empirical models specified above. In addition, the following assumptions 

are made. In the SUS+ scenario, permeable pavement fractions are added to 

unsealed fractions for the purpose of infiltration estimation. This effectively 

constitutes a lowering of the sealed surface density in the cell to which permeable 

pavement is added, of course respecting the logical [0, 1] bounds of each land 
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cover component. Permeable pavement in other words allows for infiltration. As 

remote sensing-derived LAI measurements obviously cannot be provided for 

future conditions, present day LAI estimations are scaled proportionally 

downward corresponding to simulated SSD increases. In addition, it is presumed 

that a cell fully covered by green roof has an LAI of 2 (Ascione et al., 2013; Wirion, 

2019a). So green roofs are filled until saturated as accounted for by this LAI. 

Green roofs have no infiltration capacity, meaning they only serve as a 

retention/delay for surface water runoff. Both green roofs and permeable 

pavement do however have a cooling factor due to the evaporation they can 

generate. 

Unfortunately, we had no access to simulated meteorological data for the 

year 2040, and so hydrological fluxes are estimated with current meteorological 

data. This means that variations in the results are caused only by land cover 

change. Summer (May-October) and winter (November-April) total cell-level 

fluxes are estimated for the current situation and for each of the three scenario 

outcomes. 

4. Results 

4.1. Activity projections 

The 2011-2040 RMSM outputs for the BAU and SUS scenarios are directly 

re-used from Priem et al. (2020; Chapter 4), and the corresponding changes in 

the spatial distribution of household density will not be discussed here for 

brevity’s sake. We refer the reader to Chapter 4 to consult the corresponding 

maps. Figure 79 shows the obtained spatial refinement of the HERMES 

economic projections on the level of sectors. Recall that for this projection we do 

not use scenario information. Clearly economic activity growth, as expressed in 

total employment, is much larger for Halle-Vilvoorde and particularly for the 

BCR compared to the district of Leuven. Whereas most rural areas of Halle-

Vilvoorde experience considerable growth, in Leuven new jobs are almost 

exclusively concentrated in and around urban centres. 
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Figure 79. Spatial refinement to sectors of the district-level 2011-2040 HERMES projections. 
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4.2. Land cover change 

The regression tree models the sector-level relation between the target 

variable SSD and the two independent variables Household Density (HHD) and 

Job Density (JD). The structure of the obtained SRT is shown in Figure 80a. The 

SRT has a depth of two, and each of the 3 splits is performed on HHD. The OLS 

parameter estimates of the leaf node models are also shown in Figure 80b. We 

observe that SSD footprints of residential and economic activity decreases with 

increasing HHD. Overall, the model ascribes higher SSD footprints per unit 

residential activity density compared to economic activity. In model 4, i.e. the 

model corresponding to the highest household density, the influence of 

economic activity is found to be statistically insignificant and SSD variation can 

be described with HHD. The obtained SSD estimates obtained display a MAE of 

0.09 and ME of -0.01 (Figure 81). Particularly for sectors with high observed SSD 

values, stronger underestimations can be detected. When mapped, we observe 

that the strongest SSD underestimations are concentrated in the BCR, mainly 

surrounding its historical industrial axis, and its North-eastern border towards 

Brussels Airport (Figure 81). 

In Figure 82 the obtained 2013-2040 sector-level SSD changes are shown for 

the BAU and SUS scenarios. We see that BAU displays widespread SSD change, 

with little distinction between urban and rural areas. The SUS scenario on the 

other hand concentrates most of its SSD change in urban areas. Overall, the BAU 

scenario yields a sealed surface increase corresponding to 2.8% of the study area’s 

surface (63 km2), whereas for SUS this amounts to 1.8% (41 km2). Finally, Figure 

83 shows the cell-level 2013-2040 SSD changes obtained with the QCA that 

spatially allocates the above sector-level predictions of SSD change. 

Unsurprisingly, the distribution patterns are roughly the same as in Figure 82, 

yet cell-level predictions do show the importance of the dense road network of 

the study area, which forms a spatial guide for further urban expansion. 
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Figure 80. (a) Structure and (b) parameter estimations of the Stepwise 
Regression Tree model that is used to convert residential and economic 

densities to Sealed Surface Densities. Note that SRT calibration was performed 
on a 2001 training dataset. HH = households, J = jobs, D = density. 
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Figure 81. Validation of sector-level Sealed Surface Density estimates 
generated by the Stepwise Regression Tree, with (a) containing a scatterplot of 

observed SSD vs. SSD estimate error and (b) a map of SSD error. Note that 
validation was performed on a 2001 validation dataset. 
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Figure 82. Sector-level 2013-2040 SSD changes for the BAU and SUS scenarios, 
obtained with the regression model tree. 
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Figure 83. Cell-level predictions of 2013-2040 SSD change for the BAU and SUS 
scenarios obtained with the Quantitative state Cellular Automaton. Note that 

SSD change was log-transformed here to better display the full value range. 
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4.3. Green Infrastructure in SUS+ scenario 

The SUS+ scenario assumes that the 10% largest roofs and road segments 

will be respectively covered with extensive green roofs and permeable pavement 

by 2040. The spatial distribution of green roofs and permeable pavement 

fractions are respectively shown in Appendix 4 & Appendix 5. In the SUS+ 

scenario, green roofs will be mostly concentrated in the urban centres and 

industrial zones, which is to be expected considering the used sampling 

procedure that favours large building structures. A total surface area of 43 km2 is 

covered with green roofs in this scenario. While the most noticeable patches of 

permeable pavement are located on the main highways running through the 

study area, again to be suspected with the used sampling, this type of Blue-Green 

Infrastructure is more extensively distributed over the study area compared to 

green roofs. A total surface area of 37 km2 is covered by permeable pavement in 

this scenario. 

4.4. Hydrological response 

The parameter estimates and degrees of fit of the calibrated hydrological 

models are included in a table in Appendix 6. The net rainfall, runoff, infiltration 

and evapotranspiration R2 values are all 0.97 or higher, indicating good model 

fit. The validation of the 2013 runoff routing in the Molenbeek catchment is 

shown in Figure 84. The simulated discharge timeseries approximates the 

observations quite well, and the obtained NSE (0.8), Pbias (o.062) and RSR (0.75) 

are all within the bounds of reasonable runoff routing performance (Moriasi et 

al., 2007). 

Average total and district-level fluxes per season are documented in a table 

in Appendix 7. In Figure 85, a visual overview is given of the district-level 

changes in hydrological fluxes of each scenario outcome, relative to the 2013 

situation. Recall that fluxes were simulated based on 2013 weather data, and the 

simulated changes in fluxes are thus only indicative for land cover change, not 

climate change. A first general observation to be made here is that BAU and SUS  
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Figure 84. Accuracy assessment of the 2013 runoff routing and resulting 
discharge simulation on the Molenbeek catchment, performed with the 

empirical hydrological modelling. 



270 
 

 

Figure 85. District-wise relative change in simulated 2040 cell-level 
hydrological fluxes vs. the 2013 situation. 
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qualitatively yield similar results, i.e. they both have overall increases in net 

rainfall (lower interception) and surface runoff as well as overall decreases in 

infiltration and evapotranspiration. The biggest relative changes are observed for 

surface runoff, which exceeds 10% for the district of Halle-Vilvoorde in winter. 

Note that relative change in surface runoff is highest for Halle-Vilvoorde and 

Leuven, whereas relative change in infiltration is highest for Brussels and Halle-

Vilvoorde. Quantitatively speaking, the SUS scenario performs better than BAU, 

in that it has less increase in net rainfall and surface runoff, and less decrease in 

infiltration and evapotranspiration. The SUS+ scenario deviates from the other 

scenarios by either estimating opposite change or little to no change in 

hydrological fluxes. Particularly the BCR shows more extreme changes in net 

rainfall, runoff and evaporation in the SUS+ scenario. Remarkably, SUS+ winter 

infiltration is the only flux that grew worse for the BCR compared to the other 

scenarios, yet this relatively limited decrease in infiltration seems to be a direct 

result of a larger decrease in net rainfall, while the surface runoff shows the 

largest relative decrease (approximately -5%). 

To better show the spatial distribution of the relative changes in 

hydrological fluxes, and the differences between scenarios, a series of eights maps 

(one for each flux and season) was produced, showing this information on 

drainage basin level with a common legend. Compared to cells, drainage basins 

are considered conceptually and visually more apt to illustrate change in 

hydrological fluxes. The map displaying summer net rainfall was in the end 

discarded as it contained little variation. It is impractical to include all seven 

maps directly in this text, so instead they are included in Appendix 8 up to 

Appendix 14. These maps confirm that overall, the estimated hydrological 

indicator differences between BAU and SUS are relatively limited, yet differences 

between BAU and SUS on the one hand and SUS+ on the other are more 

pronounced. Appendix 8 shows the reduced SUS+ net rainfall compared to the 

other scenarios, which is most markable in the BCR. This links to the surface 

runoff and infiltration maps shown respectively in Appendix 9-Appendix 10 and 

Appendix 11-Appendix 12. Here we see that surface runoff decreases meaningly 

in the SUS+ scenario, and particularly so in the BCR, whereas the earlier 
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mentioned decrease in BCR winter infiltration is in fact minor. The relative 

summer evapotranspiration differences shown in Appendix 13 again indicate a 

similar pattern, here with an increase in the BCR and its surrounding area for 

SUS+, yet a corresponding decrease for SUS and even more so for BAU. Though 

there are considerable relative winter evapotranspiration differences, as shown 

in Appendix 14, absolutely speaking winter evapotranspiration is near-negligible 

in this geographic setting. 

4.5. Impact assessment 

To illustrate possible impacts that can result from the simulated changes in 

hydrological fluxes and how this information can be of use for practitioners, the 

following two example analyses, respectively considering cumulative surface 

runoff and the exposure of household populations to changes in 

evapotranspiration, are put forward. Figure 86 shows cumulative 2040 winter 

surface runoff routing to consecutive drainage basin outlets for each scenario, 

based on flow directions derived from the study area’s topography. This analysis 

indicates that in the BAU scenario, many upstream drainage basins may 

experience overall increases in winter runoff volumes ranging from 10 to 20%, 

whereas for SUS the increases range mostly between 5 and 15%. Although 

downstream relative increases are smaller, absolute increases in cumulative 

winter runoff will obviously be much larger here, which may also require 

preventive measures to avoid or reduce the damage caused by elevated water 

levels, or even flooding. In accordance with the earlier discussed simulation 

results, SUS+ mostly yields decreases in cumulative runoff, sometimes even more 

than 10%, and only the most upstream basins seem to experience smaller 

increases of up to 5%. 

Figure 87 show the relative distribution of simulated 2040 household 

populations per scenario with regards to total summer evapotranspiration. The 

used spatial unit of this analysis is the statistical sector, as this is the most 

detailed level on which population data are modelled here. Note that 

evapotranspiration is an important indicator for urban climate regulation.  
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Figure 86. Simulated change in 2040 cumulative upstream winter runoff at 
drainage basin outlet, relative to the 2013 situation. Note that 2013 weather 

data was used to produce these simulations. 
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Figure 87. Relative distribution of the simulated 2040 household populations 
over sectors with varying summer evapotranspiration (simulated with 2013 

weather). 
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Higher evapotranspiration correlates negatively with canopy layer air 

temperatures (Cascone et al., 2019; Meili et al., 2021; Qiu et al., 2017), which is 

important to consider when addressing the potential dangers of the urban heat 

island effect. Figure 87 shows that BAU and SUS distributions are virtually equal, 

with about 10% of households living in extremely low evapotranspiration sectors 

(which will likely be warmer during heat waves). For SUS+ by contrast, 

remarkably less households live in low evapotranspiration sectors, and only 4% 

live under very low evapotranspiration conditions. This finding could already be 

a motivator for installing more BGI in dense urban settings, yet from a public 

health point of view it would be more interesting to know where the most 

vulnerable households will be located, e.g. those having underaged or elderly 

members (65 years or older). This information is shown in Figure 88. Here the 

difference between BAU and SUS on the one hand and SUS+ on the other are 

smaller, though SUS+ still reduces the number of vulnerable households living 

in the lowest evapotranspiration sectors by half. 

5. Discussion 

Expected hydrological responses in terms of net rainfall, surface runoff, 

infiltration and evapotranspiration were simulated between 2013 and 2040 for 

three urban development scenarios. The simulations focused on the impact of 

urbanization-driven environmental change. For urban planning purposes, 

decision makers need a quantification of the urban response to rainfall linked to 

expected land cover change. The model has been set up for this purpose, and so 

it does not aim to evaluate dynamic water storage but rather simulate 

hydrological response and the impact of land cover change on this response. It is 

meant for a seasonal, annual, or long-term evaluation to make our cities more 

resilient. Previous studies indicate that climate change-induced variations in 

hydrological response, which were not considered in this study,  tend to 

outweigh those caused by urbanisation (Kalantari et al., 2017; Pumo et al., 2017; 

Sunde et al., 2018; Zhou et al., 2019), yet this does not negate the value of more 

sustainable planning. Particularly for this study area that is already affected by 

extreme urban sprawl, it is useful to perform an exploratory analysis of the  
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Figure 88. Relative distribution of the simulated 2040 populations of 
vulnerable households, i.e. having underaged and/or elderly members, over 

sectors with varying summer evapotranspiration (simulated with 2013 
weather). 



277 
 

possible benefits of more sustainable urban expansion, independent from 

climate change. The impacts of climate change should obviously be addressed as 

well, yet this fell outside the scope of this study. 

At each spatial level considered and in each modelled component, markedly 

different outcomes were achieved with the three scenarios, that each reflect 

markedly different approaches to urban planning and governance. BAU can be 

interpreted as a laissez-faire/status quo policy, whereas SUS(+) represents 

stronger regulation or even enforced guidance of new urban development. With 

regards to expected hydrological response, BAU and SUS are found to be 

qualitatively similar, in the sense that they both results in a deterioration of the 

water balance composition, though SUS is the better outcome quantitatively 

speaking. The SUS+ scenario, that also envisions widespread BGI, by contrast 

results in a near complete negation or even partial reversal of the deterioration 

simulated by BAU and SUS. The modelled improvements are overall more 

pronounced in the BCR, as this is where most BGI is concentrated in the SUS+ 

scenario, which is particularly the case for green roofs. Considering this, it is 

interesting to note that an at first sight remarkable decrease in winter infiltration 

was modelled for the BCR in the SUS+ scenario (Figure 85). This is seemingly 

contradictive as all other SUS+ hydrological fluxes have non-detrimental or even 

beneficial evolutions compared t0 2013. We found however that the modelled 

relatively limited decrease in infiltration (-1.4%) is mainly a result of a larger 

decrease in net rainfall (-2.6%) caused by a higher interception of rainfall. 

Moreover, surface runoff shows the largest relative decrease in the SUS+ 

scenario. This or a similar hydrological response can reasonably be expected in a 

scenario where green roofs are widely integrated in the dense urban fabric of the 

BCR. As was mentioned before, the SUS+ scenario is only intended to be 

indicative of the potential impact of BGI in terms of hydrological response, 

compared to BAU and SUS which are based on thorough spatial analysis. We 

acknowledge for instance that the current state of permeable pavement 

technology mostly limits its instalment to surfaces with lower intensity traffic, 

e.g. parking spaces, small streets, and pedestrian areas. The instalment of green 
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roofs may likewise not be feasible on considerable segments of the BCR housing 

stock, which consists largely of late 19th to early 20th century architecture. 

Regardless of the financial or technical feasibility of SUS+, the implications 

of this analysis are significant for urban planning policy in the study area. The 

presented simulations indicate that sustainable urban densification, a 

cornerstone of recent spatial policy in Flanders (Ruimte Vlaanderen, 2017) and 

Brussels (be.brussels, 2018), by itself may not suffice to significantly alter the 

evolution of the hydrological state of the environment, and this even without 

considering climate change. Recall that the modelled indicators are important 

predictors of ground water availability, surface water quality and flood hazard, 

all critical topics in this region. To raise resilience to expected climate change 

impacts, it thus seems that additional measures must be considered. In this 

study, the possible benefits of green roofs and permeable pavement were 

explored, which seem to hold potential when applied in sufficiently high 

quantities and strategically chosen locations. Of course, many more BGI options 

are available to enhance the hydrological resilience of a city, e.g. retention basins, 

expanded blue-green networks, rainwater tanks etc. (Ghofrani et al., 2017; 

O’Donnell et al., 2020). Here we limit ourselves to a diagnostic analysis and keep 

the exploration of possible solutions as something to be addressed in future 

research and debate. 

Urban hydro-environmental modelling received considerable scientific 

attention in recent years (Gori et al., 2019; Kundu et al., 2017; C. Li et al., 2018), 

and so the question arises how this study contributes to this burgeoning field. 

Compared to previous research this study puts more weight on the scenario 

analysis aspect of modelling, and explicitly grounds it in societal topics, expected 

dynamics, politics, planning praxis and spatial investigation (Priem et al., 2020). 

Scenario analysis is a topic that deserves more attention, as it is key to increase 

the transferability of modelling research to decision making (Dessie et al., 2017; 

Wagener and Pianosi, 2019). To illustrate this point with the produced simulation 

outcomes, we put forward an assessment of cumulative winter runoff routing 

(Figure 86). A similar analysis with a higher temporal resolution and more 
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extensive spatial scope can be used to perform hazard assessment identifying 

areas likely to experience problematic increases in river discharge in the coming 

decades, and this under varying assumptions of urban growth. A second point of 

note of the proposed modelling workflow is its inclusion of socio-economic 

activity, which was practically achieved with residential microsimulation (Priem 

et al., 2020). Relatively few studies couple modelling of population dynamics, 

urban land cover change and hydrological modelling (Canters et al., 2014; Ford 

et al., 2019), which is unfortunate as this type of analysis yields valuable insights. 

An example analysis was put forward indicating exposure of (vulnerable) 

households, provided by the residential microsimulation component of the 

proposed framework, to expected changes in summer evapotranspiration 

(Figure 87-Figure 88), which is key in the regulation of urban climate. Even 

though this analysis is only indicative, it shows that modelling urban land cover 

change and related hydrological response can be used to better target the 

locations of new BGI in the urban fabric. 

A third noteworthy aspect of this simulation framework is that it models 

land-cover density (Priem and Canters, 2021) instead of presence/absence of a 

particular land cover. The latter is traditional in urban hydrology research, and 

the former has so far been explored considerably less (Sunde et al., 2018). Sub-

cell land cover fractions are of added value for urban hydrological modelling, 

particularly if the spatial resolution of the data is low (cells larger than 5m) and 

when high temporal resolution phenomena are being simulated (Verbeiren et al., 

2012, 2011). Use of quantitative land cover data is still sparse in CA research, and 

this topic requires further exploration. Quantitative and physically interpretable 

forms of land cover are deemed useful for ecosystem service assessment 

(Ramirez-Reyes et al., 2019), and it stands to reason that demand for this type of 

information will grow in future Earth system modelling studies. 

To couple the models for residential microsimulation (Priem et al. 2020) 

and QCA sealed surface allocation (Priem and Canters, 2021) with the empirical 

hydrological modelling approach proposed by Wirion et al. (2019), an essential 

step was added, i.e. the conversion of sector-level changes in activities to changes 
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in SSD, which was done with a stepwise regression tree approach. Validation of 

static 2001 SSD estimates showed reasonable performance that is in line with 

earlier studies using a similar approach (Canters and Vanderhaegen, 2017; 

Vanderhaegen et al., 2015). Yet the SSD error map (Figure 81) revealed negative 

bias along a North-South axis running through the BCR, as well as to the 

Northeast of the BCR and in the city centre of Leuven. These are places that are 

characterized by very dense urban activities, administrative centres, 

monumental buildings, airport infrastructure and/or (historical) industry. It 

seems that the SRT failed to fully explain SSD for these areas, at least not with 

the used two variables of household and job density. Such errors are however to 

be expected when performing this type of modelling, and this was also part of 

the motivation to use the OLS parameter estimates of the SRT as SSD footprints 

for residential and economic activities in different spatial contexts, rather than 

directly estimating SSD change with the SRT. A possible improvement of the 

proposed method could be explored in future research by considering different 

types of economic activity densities instead of only general employment density. 

Recall the compactness factor that was used to simulate increasing spatial 

efficiency in the SUS(+) scenarios, i.e. the effective lowering of SSD footprints 

over time for the same amount of sector-level activity change. This model aspect 

was parametrized to yield a 50% increase in spatial efficiency by 2040. While this 

value is only indicative and may seem high, it is inspired by the fact that Belgium 

has one of the highest per capita built-up space footprints of all OECD countries, 

at least in rural settings. In 2014 this amounted to 500 m2 outside of metropolitan 

areas and 200 m2 in core metropolitan areas, with the latter approaching the EU 

average. Spain and Sweden, for example, have about half the rural built-up 

footprint per capita of Belgium (OECD, 2018b). Staying with this example, it is 

interesting to note that the fraction of Spain’s 2019 housing stock consisting of 

apartments (42%) is three times that of Belgium (Eurostat, 2020). These numbers 

just go to show that a significant improvement in spatial efficiency is 

theoretically possible under a sustainable densification-oriented form of urban 

development of the study area, yet a precise quantification of this specific 
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scenario aspect falls outside the scope of this study and is proposed as a topic for 

future research. 

Finally, a word on the empirical hydrological modelling and its validation. 

We recognize that the spatial scope of the performed validation is limited, as it 

only covers part of a strongly urbanized micro-catchment. So even though the 

validation results were positive, it would make sense to at least perform tests on 

one more basin in a rural setting in the Flemish part of the study area, this 

considering the mixed composition of the study area as a whole. However, due 

to challenges in the acquisition of reliable discharge data, this additional 

validation was not realized. The main issue here is the widespread presence of 

upstream retention basins in the Flemish part of the study area, which distort 

discharge measurements at downstream stations. The distortions are most 

obvious during/after high-intensity rainfall events, which are of critical 

importance for the validation of runoff routing. It is not straightforward to 

correct the available discharge measurements for the presence of these retention 

basins, at least not with the currently available means, and we thus unfortunately 

had to leave this as something falling outside the frame of this research. 

6. Conclusion 

In this study, three scenarios envisioning alternative urban development 

pathways up to 2040 were spatiotemporally simulated with a multi-scale model 

coupling approach that addresses socioeconomic and environmental dynamics. 

The intent was to assess the corresponding hydrological responses in terms of 

net rainfall, surface runoff, infiltration and evapotranspiration. To the extent that 

this was not covered in previous research, illustrated in the previous chapters of 

this thesis, the model components were validated to ensure reliability of the 

simulated outcomes. A main finding of this study is that continued urban sprawl 

(BAU) and sustainable urban densification (SUS) yield qualitatively similar 

hydrological outcomes, with increases in net rainfall and surface runoff, and 

decreases in infiltration and evapotranspiration. Quantitatively speaking, 

however, SUS does outperform BAU. The scenario combining urban 
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densification with extensive green infrastructure (SUS+) succeeds in altering the 

negative trends predicted by BAU and SUS and even achieves improvements in 

some of the modelled regulating ecosystem service indicators, relative to the 

current situation. The main policy implication of this finding is that increasing 

the spatial efficiency of urban development by means of densification may not 

suffice to significantly improve the hydrological situation in Brussels and 

Flanders. Additional BGI measures should be considered to enhance climate 

change resilience. From a conceptual point of view, the research indicates that 

scenario-driven multi-scale model coupling may be useful for designing more 

sustainable urban development strategies and may thus support better-informed 

decision making. 
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Conclusions 

This dissertation presents a remote sensing and spatial modelling 

framework whose main purpose is supporting more sustainable urban planning. 

Practically this is achieved by satisfying part of the environmental data needs of 

urban ecosystem assessment, more precisely in terms of land cover maps 

describing the past, present and possible future states of the built-up area at the 

metropolitan or at the regional scale. A key feature of the proposed framework is 

that it uses remote sensing-derived land cover change maps to establish spatial 

relations with coinciding urban activity change. In turn this knowledge is applied 

to simulate activity and related land cover change into the future, and this for 

alternative urban development scenarios. Another key feature of the modelling 

is that it transfers information across geographic scales, given that urban 

activities and land cover are -for practical reasons- monitored and modelled on 

different levels of spatial detail. 

Over the past five chapters, the core components of this framework were 

presented. For each of these components a study was performed that focuses on 

research challenges associated with the topic. Over the following paragraphs the 

highlight outcomes of the individual chapters and their implications will be 

reviewed in consideration of the corresponding research questions. The text is 

structured along the lines of the remote sensing, spatiotemporal modelling and 

model coupling work. 

1. Research questions 

1.1. Urban remote sensing 

While previous research has demonstrated the benefits of hyperspectral 

imagery for mapping urban land cover up to the level of urban material classes, 

it has also pointed out the limitations of optical data for distinguishing between 

spectrally similar urban materials typically found in urban scenes. Chapter 1 
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focused on the potential of data fusion, more precisely decision fusion, of optical 

imaging spectroscopy with high-density LiDAR point clouds for improving high-

resolution mapping of urban materials. Additional focus was put on mapping 

accuracy differences between fully illuminated and shaded pixels. RQ1a inquires 

if the proposed decision fusion yields accuracy increases compared to mapping 

only with HSI. RQ1b reflects on the accuracy differences between fully 

illuminated and shaded pixels.  

Support Vector Classification of urban materials using only APEX data 

yielded overall kappas of 0.80 and 0.65 respectively in fully lighted and shaded 

pixels. An iterative post-classification correction procedure using height, slope 

and surface roughness information derived from LiDAR, as well as SVC class 

membership probabilities, increased the respective overall kappas to 0.87 and 

0.69. Both increases were significant (z=0.05). Comparative analysis points out 

that height, slope and surface roughness each contribute to improve class-wise 

accuracies significantly, though in decreasing order of importance. Overall, this 

study confirms that combined used of detailed spectral and geometric airborne 

remote sensing information, supports urban material mapping with enhanced 

accuracy, although accuracy gains are limited in shaded pixels. The further 

exploration of this or similar data fusion approaches thus merits consideration, 

though additional attention is needed on how to deal with shadow cover in high-

resolution imagery, both in terms of shadow identification and compensation for 

the corresponding loss of spectral information. 

The overall mapping accuracies hide extremer class-wise accuracy 

differences. Inclusion of geometric information yielded accuracy increases of 10% 

conditional kappa or more for bitumen, dark shingle, concrete pavement, gravel 

roof and extensive green roof. These cover types have counterparts with similar 

material composition yet different form and function. A clear example can be 

found in bitumen roofing and asphalt pavement that share the same 

hydrocarbon base material yet occur at different elevations relative to street 

level. This and similar examples illustrate the potential of the proposed data 
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fusion to cope with the strong within- and between-class spectral variability that 

is characteristic for the urban environment. 

To detect shadow in the APEX image, three approaches were compared: 

classification-based detection (spectral), shadow volume (geometric) and 

intensity-brightness ratio (spectral and geometric). Inspection of shadow 

detection accuracies revealed that all methods have specific strengths and 

weaknesses. Shadow volume performed best in terms of self-shadow on oblique 

roofs yet underperformed for street-level cast shadow. For brightness-intensity, 

the opposite was observed. The decision was thus made to develop a hybrid 

approach using shadow volume for rooftop shadows and brightness-intensity for 

street-level shadow, which outperformed the other three methods. This is 

another example of a boon for urban mapping that can be gained from fusing 

spectral and geometric information. 

A major limitation of the urban material mapping explored in Chapter 1 is 

that it can only be performed within a limited spatiotemporal scope for which 

these expensive airborne data are available. Chapter 2 hence tackled the fusion 

of airborne imaging spectroscopy (APEX) with freely available broadband 

satellite imagery (Sentinel-2), which was applied to perform sub-pixel 

Vegetation-Impervious-Soil fraction mapping. VIS or similar land cover fraction 

maps are useful for physical models that assess urban ecosystem service 

indicators, as these maps reflect important aspects of the biophysical state of the 

urban environment, albeit with less detail compared to the earlier urban material 

map. Since these land cover fraction maps can be produced with broadband 

satellite imagery, like Landsat, it is feasible to produce timeseries that 

comprehensively describe the evolution of the urban biophysical state over the 

past decades. This temporal information is needed to calibrate and validate land-

cover change models, like the QCA used in this thesis. 

Chapter 2 also touched upon the topic of remote sensing big data, more 

precisely with regards to the need for more automated mapping techniques that 

fit within this framework. Conform to RQ2, a comparison was made between two 
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model training approaches to better assess the advantages of each. The 

traditional map-based approach uses pixel-level fusion of land cover fractions, 

obtained from high-resolution reference maps with mixed image spectra that are 

abundant in medium resolution imagery of cities. To produce the reference land 

cover fractions, the urban material map of Chapter 1 was used. The alternatively 

proposed library-based approach, that conceptually draws on sensor fusion, uses 

a spectral library containing high-resolution spectra of various urban cover types, 

in our study extracted from the APEX image, to produce quantitative training 

data, independently from source location. Practically, this was achieved through 

linear synthetic mixing. The key benefits of library-based training compared to 

its map-based equivalent, which drove us to further explore the former approach, 

are reduced data and user requirements, absence of error due to spatial 

coregistration issues and the ability to more comprehensively describe urban 

spectral variability. 

The obtained Support Vector Regression estimates of VIS fractions 

displayed similar accuracies for the two tested training approaches, with MAE of 

respectively 6%, 9% and 8% for library-based training and 8%, 10% and 12% for 

map-based training. In this case, library-based training even slightly 

outperformed map-based training. This shows that a training approach requiring 

relatively little input, i.e. a small spectral library, can perform as well or even 

better than traditional data-intensive approaches relying on expensive high-

resolution land cover maps. This is an important finding considering that map-

based training approaches are still predominantly used in medium resolution 

image processing. Reasons for this can be found in the current lack of 

comprehensive urban spectral libraries and an underappreciation of library-

based mapping approaches, which we have shown to be unfounded.  

An entropy-based analysis furthermore indicated that map-based fraction 

estimates are more affected by erroneous residual fractions, particularly in pixels 

consisting mostly of concrete, hydrocarbon roofing or soil. In other words, it 

seems that library-based training copes better with cases of spectral confusion 

that are common in urban remote sensing. Overall, this study indicates that 
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synthetic mixing of spectral libraries is better suited to describe urban spectral 

variability compared to map-based training. 

This research of Chapter 2 suggests that it is feasible to apply spectral 

libraries for more automated mapping of urban areas with optical satellite 

imagery. The production of map-based training data by contrast is tenuous, 

expensive, error-prone and difficult to produce with consistent quality over large 

areas and timeframes. It is thus posed that library-based training is to be 

preferred, particularly considering the exponentially growth of remote sensing 

image archives. A key precondition for the success of the proposed approach 

however is the availability of a spectral database that describes the spectral 

variability of the urban environment on which mapping is to be performed in 

sufficient detail. Unfortunately, this condition is currently not yet satisfied, at 

least not for most cities on this planet, and this topic thus requires additional 

scientific attention. 

1.2. Urban modelling 

The findings of the first part of the thesis are useful to assess current and 

historic land cover states and the varying stages of urban development they 

represent. Consequently, the second part of the thesis explored how urban land 

cover information can be expanded into the future, which is ultimately also 

needed for defining better-informed urban planning policies. Chapter 3  

addressed the modelling of spatiotemporal change in Sealed Surface Density by 

means of a Quantitative State Cellular Automata. The main novelty of the 

proposed QCA is that it models quantitative sub-cell land cover change, contrary 

to earlier studied CA applications that tend to rely on few discrete urban land-

use classes. This was achieved by partially relaxing the classic CA modelling 

framework and considering a potential and quantity component to change, 

which were respectively modelled with a logistic regression tree and Support 

Vector Regression. A novel approach for neighbourhood definition, drawing on 

Mutual Information between cell-level state change and initial cell space 

neighbourhood information, was proposed to assess the importance of including 
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longer distance neighbourhood interactions in the QCA, which, as previous 

research has indicated, can be relevant in urban growth modelling. The QCA was 

tested with a Landsat-derived SSD timeseries covering the study area for the 

years 1987, 2001 and 2013 at 30m resolution. The model was calibrated using 

observed 1987-2001 SSD change and this model was subsequently tested by 

applying it to simulate 2001-2013 SSD change in yearly timesteps. 

Correspondingly, RQ3 inquires to what extent QCA is capable to reproduce 

observed 2001-2013 SSD change. 

The proposed QCA overall succeeded in reproducing observed 2001-2011 

SSD change patterns. It achieved a null resolution of 120m (at which it 

outperforms a no-change model) and consistently outperformed a random 

model in terms of spatial (autocorrelation) and quantitative distribution of SSD 

change. This finding indicates that QCA or similar logic can be feasibly applied 

to model future quantitative land cover change. This type of land cover 

information is conceptually interesting for urban ecosystem assessment, which 

relies on quantitative spatial measures indicating the biophysical state of the 

environment. 

The proposed Mutual Information-supported neighbourhood analysis 

helped define shorter and longer distance neighbourhood interaction measures 

that effectively proved useful for the change potential and quantity modelling, as 

indicated by feature importance analysis. It was interesting to note here that 

shorter distance neighbourhood interaction measures played a more dominant 

role in change potential estimation, whereas the opposite was true when 

estimating change quantity. Overall, this shows the importance of including 

longer distance interactions in the modelling, which is rarely done in CA 

research. The proposed MI analysis holds potential, yet more work is needed on 

how to better formalize neighbourhood interaction in a fully data-driven fashion. 

It was observed that the QCA did not reproduce all observed patterns of 

urban sprawl that are characteristic for the rural parts of the study area. This and 

other observations indicated the presence of temporal non-stationarity in the 
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observed urban development dynamics, with which the developed model did not 

fully cope. Part of the explanation for this phenomenon is to be found in changes 

in urban policy that occurred between the calibration and simulation 

timeframes. Another important issue here is that the QCA, as implemented in  

Chapter 2, does not account for dynamics related to residential and economic 

activity, that drive urbanization, but was used to allocate overall SSD change at 

district level to 30m cells, depending on initial cell state, SSD of neighbouring 

cells, distance to the road network and zoning type. Knowledge on the expected 

future spatial distributions of urban activities at the local level could help 

improve the identification of urban sprawl-prone areas and the overall quality of 

QCA simulation. 

Chapter 4 addressed this topic by proposing a scenario-driven spatial 

microsimulation framework for modelling of residential dynamics. This study 

started from the context of unsustainable urban development in Brussels and 

Flanders. Recent policy measures have started to address the issue of urban 

sprawl, but there are reasonable concerns on their efficacy, effective 

implementation and possibly unintended effects. This triggers the need for an 

assessment of how (not) dealing with urban sprawl may affect the spatial 

distribution of new urban development and associated residential activity. 

Conform with RQ4, we investigated how alternative approaches to urban 

planning and regional policy in Flanders and the BCR could be translated into 

scenarios. Two alternative scenarios were envisioned: Business As Usual, i.e. a 

continuation of urban sprawl, and Sustainable development through urban 

densification aimed at more compact growth. Rulesets were developed for each 

scenario, reflecting the logic behind their development strategies, to estimate 

maximum additional housing stock on statistical sector level. An important 

reflection of the SUS scenario was prioritizing areas that are already considerably 

developed and/or feature good access to public transport and services. SUS also 

avoids urban development in flood-prone, ecologically valuable and protected 

heritage areas. It includes infill development on parcels that already contain one 

or more buildings, yet only if these parcels are located near strategic public 

transport hubs. BAU by contrast only considers the spatial constraints that are 
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currently enforced, which unfortunately leave plenty of room for a continuation 

of urban sprawl. Overall, higher dwelling densities are used to guide new 

residential development in SUS compared to BAU, resulting in scenarios that 

both satisfy expected demands for new dwellings, although the former does so 

by using considerably less land.  

To spatially refine district-level demographic projections to statistical 

sectors, a residential microsimulation framework was developed and applied on 

the study area of Brussels and Flemish Brabant. Conceptual inspiration was 

drawn from previous Microsimulation and Agent-based Modelling applications. 

Twelve segments of households were defined, and the full household population 

was spatially identified on sector level with 2001 and 2011 Census data. Location 

choice modelling was performed for each segment with conditional logistic 

regression, using 2001 locations and pertinent spatial variables to parametrize 

the models. Segment-wise relocation frequencies were derived from a detailed 

microsample covering observed 2003-2004 relocations. The reliability of the 

modelling framework was tested by simulating residential dynamics between 

2001 and 2011. Simulations were also performed for the two considered scenarios 

between 2011 and 2040. RQ5 accordingly ponders the ability of the RMSM to 

reproduce the observed spatial evolution of residential dynamics between 2001 

and 2011. 

The proposed spatial microsimulation succeeded in reproducing 2001-2011 

residential change with reasonable accuracy on municipality level, and generally 

outperformed a uniform utility model. An overall Standard Error around Identity 

value of 58% was achieved, with 100% indicating a perfect result and values lower 

than 0% indicating worse performance than a random model. The best model 

performance was achieved for young highly educated renting households with 

no children. The worst model performance was observed for older less educated 

renting households. Additional issues related to student housing were detected, 

particularly for the university city of Leuven, which were difficult to address with 

the available census data. Yet overall, the good results obtained motivated use of 

the microsimulation to perform scenario-based simulating into the future. 
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Simulation of 2011-2040 residential activity for the BAU and SUS scenarios 

revealed interesting trends. Whereas the overall growth pattern follows that of 

the set out dwelling constraints, considerable segment-wise differences are 

obtained between the two scenarios. This is illustrated, for instance, for 

household segments with children, homeowners and households having a 

reference person with a higher educational degree. For these segment groupings, 

a pronounced growth concentration in urban cores and even a decline in rural 

areas is observed in the SUS scenario, while in the BAU scenario these segment 

groupings still experience considerable growth in many rural areas. The possible 

repercussions of these evolutions were discussed, as many rural municipalities 

may see large parts of their economically active and higher income residents 

leave to urban areas, particularly in the SUS scenario but also to some extent in 

BAU. As such, the scenario analysis sheds light on some of the potentially 

unaddressed or underappreciated outcomes of both urban planning approaches. 

Chapter 4 also addressed how scenario-driven microsimulation could assist 

in urban planning or policy evaluation. An example was given showing how 

future household populations of both scenarios were distributed in terms of 

current access to public transport and services. It seemed that SUS succeeded in 

avoiding residential growth in the least serviced sectors and was overall positively 

skewed towards well-serviced areas. Improvements compared to BAU were 

however somewhat less than expected. This finding could help target limited 

budgets (for expanding public transport networks, urban redevelopment ...) or 

zoning adjustments to achieve the best possible impact considering expected 

future distributions of different household segments. Conversely, the expected 

impacts on residential dynamics caused by large infrastructural measures, such 

as the planned North-South metro line, could also be assessed with a dedicated 

scenario. 

Chapters 3 and 4 together provide the necessary elements to simulate 

future land cover change for alternative urban development scenarios, while 

taking in account the expected demographic trends for the studied environment. 

Whereas the QCA model addresses cell-level change in land cover, the 
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Microsimulation model predicts change in residential activity on the coarser 

level of sectors using district-level projections as input Yet at this point we still 

lack a consolidating framework to link land-cover change to urban activity 

dynamics. 

1.3. Model coupling 

Conform to RQ6a, a model coupling was hence proposed in Chapter 5 that 

integrates the previously developed modelling tools in a synthesis multi-scale 

analysis of urban growth and its expected ecosystem service impacts. We again 

considered the case of Brussels and Flemish Brabant and set out to model change 

in water regulating ecosystem service indicators for each scenario outcome. With 

this case study we intended to illustrate the usefulness of the proposed modelling 

framework to perform urban ecosystem assessment, in accordance with RQ6b. 

The scenarios SUS and BAU, and their residential microsimulation outcomes, 

obtained in Chapter 4, were directly re-used for this purpose. In addition, 

expected sector-level changes in economic activity were derived from the 

HERMES projections by means of spatial redistribution. The inclusion of 

economic activity is important for this analysis, considering that, like residential 

activity, it is a key driver of urban development. A regression tree calibrated with 

remote sensing-derived SSD was proposed to convert predicted sector-level 

activity change, reflected by household and job density change, to SSD change. 

The latter is a necessary input to perform QCA simulation. The main benefit of 

the regression tree approach adopted for this study is that it can estimate 

spatially varying parameters, depending on the optimization of decision rules 

that rely on household and job density layers. Cell-level SSD change simulation 

was then performed with the QCA, and the SUS outcome was refined to define a 

third scenario, SUS+, that also considered extensive implementation of Blue-

Green Infrastructure. Finally, an empirical hydrological model was applied to 

estimate the water balance fluxes net rainfall, surface runoff, infiltration and 

evapotranspiration from SSD- and topography-derived metrics, and this for the 

current (2013) and simulated 2040 situations. The model was validated based on 

2013 runoff routing and observed discharge in a Brussels drainage basin. 



295 
 

The regression tree estimation of sector-level SSD performed reasonably 

well on 2001 data, with an MAE of 9% and a Mean Error of -1%. The application 

of the regression tree parameter estimates to assess future scenarios yielded 

overall SSD changes of 2.8% (63 km2) and 1.8% (41 km2) of the study area’s surface 

for BAU and SUS respectively. In terms of the spatial distribution of cell-level 

SSD change, it was observed that SUS development was mostly concentrated in 

and near urban cores whereas BAU displayed scattered development along 

smaller rural roads. Starting from the SUS cell-level SSD map, the SUS+ fractions 

of permeable pavement and green roof were quantified. They respectively cover 

a total surface of 43 km2 and 37 km2. The first part of the proposed model 

coupling thus allowed producing the cell-level land cover changes required for 

hydrological modelling for each scenario outcome. 

The 2013 runoff routing in the tested drainage basin performed quite well 

with a Nash-Sutcliffe Efficiency, Percent bias and Root Mean squared error-

Standard deviation ratio falling within ranges that are documented to indicate 

reasonable model performance. Considerable 2013-2040 increases in net rainfall 

and surface runoff were predicted for both BAU and SUS. Analogously, marked 

decreases in infiltration and evapotranspiration were predicted for both 

scenarios. Quantitatively speaking, SUS did result in less harmful changes 

compared to BAU. Contrary to the previous two scenarios, SUS+ avoided and 

even partially reversed the detrimental hydrological trends predicted by BAU and 

SUS. Especially in the BCR, that has the highest concentration of BGI in SUS+ 

(most of all extensive green roofs), remarkable improvements in runoff and 

evapotranspiration were predicted. The model coupling investigated in this 

study thus allowed producing indicative hydrological responses for the 

considered urban development scenarios. 

Planning and policy implications of the proposed scenario-driven model 

coupling were also discussed in Chapter 5. A critical argument of this study is 

that increasing spatial efficiency of urban development in Brussels and Flanders 

may not suffice to strongly alter, let alone qualitatively improve, the evolution of 

the hydrological state of the environment, which is needed to increase climate 
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change resilience. The consideration of additional BGI measures is thus strongly 

recommended. Two more detailed examples illustrate how the simulations 

produced in this study can be of help. Cumulative 2040 upstream winter 

discharge mapped at drainage basin level, shows which areas may have to cope 

with problematic discharge increases caused by the considered urban 

development strategies. Relative increases in cumulative discharge were 

predicted to be quite dramatic in some of the upstream areas of the study area. 

Also, simulated 2040 household data were confronted with summer 

evapotranspiration to assess, albeit indirectly, urban heat risk in each scenario 

outcome. This analysis shows that, compared to the other scenarios, 

considerably less (vulnerable) households would be exposed to extremely low 

summer evapotranspiration conditions in the SUS+ scenario.  

2. Strengths and limitations of the research 

Following the formal evaluation in the previous section, here we highlight 

the general strengths and limitations of the research. The main conceptual 

strength of the proposed research framework lies in its transdisciplinary nature. 

The work undertaken indeed combines tools and datasets from the fields of 

urban remote sensing, societal-environmental modelling, and ecosystem 

assessment to support planning issues. This is in line with the increasing need 

that is felt to bridge the above disciplines. We also believe that the dissertation’s 

multi-scale framework and the provided solutions contribute to demonstrating 

the usefulness, feasibility and practical formalisation of transferring spatial 

information across scales, and this both in remote sensing (e.g. high-medium 

resolution data fusion) and modelling contexts (e.g. linking zonal residential 

dynamics with cell-level land cover change). Thirdly, the thesis put forward novel 

methodological contributions with regards to the mapping/modelling of 

quantitative sub-cell land cover/land cover change information with which we 

can (1) map historic change more efficiently/generically, and (2) simulate 

possible future change in urban land cover and assess urban ecosystem 

implications. The fourth main strength of the research is its scenario analysis 

rooted in alternative urban planning logics, as this concretised the link between 
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abstract modelling and the topical issue of unsustainable urbanization in 

Brussels-Flanders. A critical aspect of our approach is the extent to which 

planning expertise, spatial policy support research/tools and other GIS data 

sources were explicitly incorporated in the scenario definition, as document in 

Chapter 4. We believe this makes the proposed analyses more interpretable, 

reproducible, and expandable compared to similar studies that only consider 

vaguely defined scenarios. 

As with every study, there are certain limitations that require attention. We 

will start by acknowledging that the work presented in this dissertation does not 

provide direct answers to the broader contemporary urbanization challenges set 

out in the introduction. Supplementary modelling and analyses would be needed 

to fully exploit the simulation results presented in this work and augment their 

usefulness for decision support or policy evaluation. It would for instance be 

valuable to more explicitly integrate economic, real estate and transport related 

aspects in the proposed urban modelling framework. A broader and more formal 

ecosystem service valuation was also not addressed in this dissertation yet doing 

so would bring the research one step closer to actual decision making. A 

confrontation of simulated urban growth with projected climate change 

conditions likewise did not fit within the scope of this research and including it 

would be particularly key to making the proposed analyses more useful for longer 

term SUD, which focuses strongly on climate resilience. Finally, we acknowledge 

the absence of error propagation analysis of the presented mapping-modelling 

framework. Error propagation is undoubtedly a critical aspect of dynamic 

spatiotemporal modelling that is receiving increasing attention (Benke et al., 

2018; Karssenberg and De Jong, 2005). This has for instance already been 

investigated to some extent for CA-based land cover change analysis (Burnicki et 

al., 2007; Yeh and Li, 2006). Yet considering the comprehensive workload of the 

thesis and its rather elaborate model coupling scheme, it was not feasible to also 

address this challenging topic properly. 

Despite these limitations, the research presented does provide a sound 

mapping-modelling framework that can help answer strategic questions related 
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to interlinked changes in urban activity, land cover and ecosystem service 

indicators, and this for alternative visions on future development. As such, the 

dissertation offers a conceptual and practical gateway to a better-informed 

analysis of important environmental issues that hamper the realization of more 

sustainable urban development. 

3. Implications for practitioners and policy 

makers 

So far, this chapter focused on the scientific merit of the presented 

mapping-modelling framework. Besides the in-depth hydrological case study 

covered in Chapter 5, this section will shortly address how the main data outputs 

of this framework, i.e. spatially disaggregated urban land cover and residential 

distribution maps, can otherwise be of use for urban practitioners and policy 

makers. 

If we look at the detailed material and shadow maps produced in Chapter 

1, it may be interesting to know that these or similar maps can support all kinds 

of urban applications related to the state of the built environment and its 

potential for greening. A topical example can be found in the mapping of 

hazardous construction materials. The detection of asbestos fibre cement roofing 

is a well-known application for which airborne HSI shows great potential (Ben-

Dor, 2002a; Frassy et al., 2014, 2012), and it stands to reason that the HSI-LiDAR 

data fusion proposed in the thesis can contribute meaningfully to this cause. 

From a SUD point of view, urban governance should also be interested in 

knowing how certain types of sustainable infrastructure, like solar panels and 

green roofs, are being adopted in their jurisdictions (Weber et al., 2018). This 

information can for instance be applied to justify or adapt the spatial allocation 

of subsidies. With the issues of water infiltration and quality in mind, it also 

makes sense to get a better handle on the extent to which urban surfaces are 

sealed or otherwise behave physically speaking, as this supports a more detailed 

environmental assessment and modelling of urban catchments (Wirion et al., 

2017b). Having detailed material (type) maps, indicating the chemical/physical 
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properties of urban land cover, generally facilitates environmental assessment on 

parcel level which may allow enforcement of more sustainable building codes. 

Urban remote sensing technology and its application, with the presented 

thesis research being a contemporary example, has reached a stage in which we 

can map urban vegetation types, artificial materials, and even their conditions, 

at a high level of spatial detail yet typically only within a limited areal scope. A 

precondition for these applications is the availability of remote sensing imagery 

with a sufficiently high spatial and/or spectral resolution. This can to some extent 

be achieved with relatively affordable satellite imagery but depending on the 

required level of spatial/thematic detail it may require more expensive airborne 

acquisitions. We recognize that these data sources are less traditional urban 

management tools, requiring some GIS expertise and a budget for image 

acquisition to exploit properly. We do however underline the increasingly proven 

operational value and decreasing costs of remote sensing-based urban 

monitoring and environmental assessment, making investment in these 

applications more rewarding than ever. 

Generalized land cover fraction maps at medium resolutions, such as the 

VIS classes mapped in Chapter 2 or SSD maps simulated over time in Chapter 3 

and 5, may not have the visual appeal of the above high-resolution material maps, 

but they are nonetheless valuable in the frame of strategic-level analyses. If we 

look at the past with a timeframe going back up to 50 years, a multitemporal 

analysis of historic surface sealing, like the one produced in (Vanderhaegen and 

Canters, 2016), can reveal how past spatial policy decisions manifested 

themselves physically. The lessons learned can then be transferred to making 

better-informed policy.  

We have now reached a stage in remote sensing data acquisition that can 

support spatial monitoring of urban growth on a regional scale, and the thesis 

contributes to facilitating this type of monitoring. The projection of expected 

regional LULC change is by contrast less established and remains elusive for most 

urban practitioners. Recently, initiatives have been put forward that use LULC 
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change modelling in the frame of spatial governance and regional planning. A 

Flemish example of such an initiative can be found in the Ruimtemodel 

Vlaanderen, that uses a constrained CA combined with socioeconomic 

projections and scenario analysis to assess possible future land-use change, 

corresponding to alternative (inter)national policy and economy constraints, for 

the complete territory of Flanders (De Kok et al., 2012). What this valuable and 

interesting analysis lacks however for urban ecosystem assessment, is a more 

concrete consideration of the biophysical land cover composition of the rather 

abstract land use classes it models. 

Quantitative and physically interpretable urban land cover is a paramount 

indicator for many ecosystem (dis)services (Maes et al., 2018). Hence it is 

important that urban practitioners have access to this information, and this both 

for the current condition and for possible future scenarios. A particularly 

important topic for SUD is climate resilience and the urban heat island effect. 

We know by now that there is a strong link between the biophysical 

composition/spatial morphology of the urban environment and the urban heat 

island and its associated heat risk (Bechtel et al., 2017; Verdonck et al., 2019a). 

The modelling proposed in this thesis can thus help to quantify the future heat 

island effect in a city or urbanized region while also facilitating public health risk 

analysis, e.g. by confronting predicted heat wave degree days with spatially 

overlapping densities of populations at risk (Verdonck et al., 2019b). Note the 

link here with the hydrological case study of Chapter 5, more precisely with the 

modelling of evapotranspiration which is of particular interest for urban climate 

modelling as an indicator for cooling potential (Brouwers et al., 2015). 

The relevance of the framework proposed in the thesis extends beyond heat 

and water regulating ecosystem services. Recent studies show for instance how 

urban growth modelling can indicate decreases in access to green space (Dinda 

et al., 2021), a key factor for urban wellbeing that should be safeguarded. 

Detrimental (changes in) air pollution (Cilluffo et al., 2018; Vadrevu et al., 2017) 

have also been linked to spatially coinciding (increases in) urban land cover and 

activities, making their simulation valuable to assess future environmental 



301 
 

qualities. A topic that has gained renewed attention in the face of the COVID-19 

pandemic is urban food resilience. It is well established that urban growth often 

comes at the cost of productive farmland loss (Martellozzo et al., 2018) and an 

increasing reliance on complex international food chains (Langemeyer et al., 

2021). These food chains tend to be sensitive however to global crises, like the 

most recent pandemic, and contribute strongly to GHG emission and climate 

change. To achieve longer-term food security and reduce our environmental 

footprint, urban planners and policy makers should favour urban growth 

strategies that minimize the impact on peripheral agricultural activities and even 

invigorate, reconnect and/or integrate these activities in the urban fabric. 

The above examples indicate that the proposed modelling framework might 

facilitate all kinds of urban environmental applications. The modelling can in 

fact support any task for which expected future change in generalized urban land 

cover is deemed relevant information. As with the previously discussed remote 

sensing applications, we acknowledge that the use of scenario-driven modelling 

presents practical challenges for government agencies, as these types of analyses 

may require additional investment in human capital, a more interdepartmental 

and -disciplinary mindset, and even a (partial) paradigm change. In part because 

of these barriers, quantitative modelling is still largely underappreciated and/or 

deemed infeasible to use in spatial policy design, including in Flanders 

(Boussauw and Boelens, 2015). This is both extremely unfortunate and 

increasingly unjustifiable considering the mounting body of evidence -to which 

this thesis contributes- showing that modelling can indeed add meaningfully to 

the design of more sustainable urban policy with concretely formulated and 

measurable objectives. So, without denying the challenge of adopting workflows 

along the lines of those proposed in this dissertation, we do underline the 

pressing need for urban practitioners and policy makers to genuinely engage with 

scenario-based quantitative-spatial modelling and the insights it yields. More 

elaborate discussions on this topic, with focus on Flanders and Belgium, can 

respectively be found in (Pisman, 2020) and (Poelmans et al., 2019). 
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4. Outlook 

4.1. Potential synergies to further enhance and 

streamline urban mapping 

Two developments that deeply influenced the urban remote sensing field in 

the timeframe of this PhD study are the establishment of remote sensing/GIS big 

data and the growing possibilities of machine learning. Deep learning, a more 

recent spearpoint technology of artificial intelligence, swept over the world 

during the unfolding of this dissertation. Considering these developments, it 

makes sense to end this manuscript with a short outlook on what can be expected 

or could be explored over the coming years in relation to the presented research. 

The first part of the thesis focused on pixel-level decision fusion of high-

resolution spectral and geometric data to perform urban material mapping 

(Priem and Canters, 2016). Notwithstanding its effectiveness, other more 

advanced types of fusion are currently being explored for this purpose. An 

interesting example is the fusion of spectral and/or geometric information over 

the spatial dimension, for instance in a neighbourhood or moving window 

approach. In (Khodadadzadeh et al., 2015; Xia et al., 2018), morphological 

opening and closing operations are applied on spectral and geometric layers 

derived from hyperspectral imagery and LiDAR to produce additional features. 

These features reportedly yield new information that helps improve material 

mapping compared to using only pixel-level features. Unsurprisingly then, 

promising results are also obtained when deep learning approaches, like 

Convolutional Neural Networks (CNN), are applied to perform urban mapping 

(Feng et al., 2019; Salman and Yüksel, 2018). As the name suggests, CNN also 

considers convolutional layers derived from the raw image data. Yet contrary to 

the former approaches in which the morphological operators are specified a 

priori, the sequences of convolutional operations used in CNN are parametrized 

in data driven fashion through optimization of learning meta-parameters. 

Although deep learning networks are conceptually challenging to design and 

computationally demanding to calibrate, it stands to reason that additional gains 



303 
 

are to be expected for urban material (Paoletti et al., 2019) or generalized land 

cover fraction mapping (Khajehrayeni and Ghassemian, 2020) by further 

exploring these approaches. Assuming that the thesis research could be redone 

now, all other things being equal, it would be interesting to see how the 

integration of deep learning approaches in the presented mapping-modelling 

framework would affect the outcome. 

Staying on the topic of optical-geometric data fusion, it is worth noting that 

airborne hyperspectral imagery and laser altimetry, used in this dissertation, 

have become increasingly available over the past years. It is however unrealistic 

to expect these costly airborne data sources to provide extensive spatiotemporal 

coverage of urban areas any time soon. For that, we must turn to satellite remote 

sensing, which unavoidably reduces spatial detail to some extent. Recent 

constellations do provide interesting opportunities for urban mapping. A key 

example currently receiving attention is to be found in the EU’s Sentinel 

programme, and more specifically in the combination of Sentinel-1 Synthetic 

Aperture Radar (SAR) (ESA, 2021) and Sentinel-2 multispectral imagery (Drusch 

et al., 2012; Uwe et al., 2013). The latter data source was investigated in this 

dissertation and found useful for generalized urban land cover fraction mapping. 

Though SAR does not yield detailed height information like LiDAR, at least not 

evidently (Frantz et al., 2021), its backscatter does correlate with surface 

roughness related to urban 3D geometry (Koppel et al., 2017). As such it has been 

found valuable to delineate urban masks (Esch et al., 2017), buildings (Chini et 

al., 2018) or even land-use classes (Tavares et al., 2019). Sentinel-1 and -2 fusion 

was also shown to hold potential for land cover-related urban ecosystem service 

mapping (Haas and Ban, 2018, 2017c). What has not been investigated yet, to the 

best of our knowledge, is the potential of using Sentinel-1 and -2 fusion to map 

sub-pixel land cover fractions. Fraction mapping would be desirable considering 

the 20m, or even possibly 10m (Wang et al., 2016; Xu and Somers, 2021), spatial 

resolution of Sentinel-2 as well as its usefulness for quantifying urban ecosystem 

service indicators. Given that this thesis indicated the potential of library-based 

training for VIS fraction mapping on Sentinel-2 imagery, it would be useful to 

expand on this research by exploring how Sentinel-1 can contribute to the further 
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enhancement of this mapping approach, be it in terms of accuracy and/or 

thematic detail of the considered land cover classes. Considering the correlation 

between SAR backscatter and urban geometry, it stands to reason that inclusion 

of Sentinel-1 can facilitate fraction mapping on extended generalized 

classification schemes that, for instance, also consider buildings and trees. This 

type of fraction mapping has already been shown to work to some extent using 

only multispectral Landsat imagery (Okujeni et al., 2015). 

Coming back to remote sensing big data, it is also worth considering the 

upcoming EnMAP sensor that will provide hyperspectral satellite imagery at 30m 

spatial resolution and stands to lift spaceborne imaging spectroscopy to a more 

operational stage (Guanter et al., 2015). In addition to the already available 

enhanced multispectral Sentinel-2 and the longstanding Landsat archives, there 

will soon be an even greater wealth of optical remote sensing imagery. All this 

means little however if we cannot efficiently process these huge image data 

volumes. The fusion of sensor-level airborne-spaceborne optical information, 

such as the one explored in this dissertation through library-based training (F. 

Priem et al., 2019), is progressively considered a feasible and effective approach 

to provide ground truth data needed for optical remote sensing-based urban 

mapping applications (Okujeni et al., 2018b; van der Linden et al., 2018). Yet this 

approach stands or falls with the availability of a qualitative spectral archive that 

describes urban spectral variability in sufficient detail. And this availability of 

large training datasets becomes even more critical when deep learning mapping 

approaches are considered. Considering this challenge, the idea of a Generic 

Spectral Library has been suggested (Canters et al., in press; Degerickx et al., 2017, 

2016). While the idea of distributed spectral library collections is not new, as 

shown for instance with the ASTER/ECOSTRESS library (Baldridge et al., 2009; 

Meerdink et al., 2019), no systematic effort has yet been done to apply this 

concept to urban areas. What is also still lacking is a more structural organization 

and labelling of (image-derived) spectral libraries, which can potentially be 

rectified with the SPECCHIO data system (Hueni et al., 2009) and the EAGLE 

land characterization framework (Arnold et al., 2013). Another working point is 

the consolidation of the required and currently scattered library/image (pre-
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)processing tools, which is also needed to make spectral libraries useful for as 

many cities/images/applications as possible. The above topics are all 

conceptually very relevant for urban remote sensing, yet practically their 

exploration did not fit within the frame of this PhD. Fortunately, these topics are 

currently being addressed in an ongoing BELSPO research project called 

GENLIB, that originates from the UrbanEARS project in the frame of which this 

dissertation research was performed (GENLIB, 2021). 

4.2. Towards more transdisciplinary, integrated 

and data-driven modelling of urban systems 

Urban sustainability research needs a broad conceptual framework that 

transcends traditional disciplinarity (Heymans et al., 2019; Lähde and Di Marino, 

2019; Sharma et al., 2018). The second part of this dissertation combined elements 

from four different research domains to assess land cover-related urbanization 

impacts: remote sensing, spatial planning, spatiotemporal modelling and 

hydrology. The research furthermore relied on demographic and economic 

modelling, through the used activity projections, and would not have been 

possible without access to contemporary data science and machine learning 

tools. As the collision of global warming and urbanization intensifies, we can 

expect increasingly stronger calls for transdisciplinary urban research or perhaps 

a synthesis towards an urban scientific theory (Lobo et al., 2020). Most effort 

invested in this dissertation went out to developing and demonstrating the 

added value of the proposed mapping-modelling framework, both in terms of its 

constituting components and as a whole. Seeing that this is now largely 

established, future research could focus more on its application in various 

transdisciplinary urban modelling applications. 

Considering the multi-facetted problems that are characteristic for the 

urban environment, spatial modelling applications are featuring ever higher 

diversities of submodels. For one, there is the establishment of Land-Use 

Transport Interaction (LUTI) models, like UrbanSim (Waddell, 2002), that 

consider interlinked aspects of residence, employment, real estate and mobility. 

https://www.genlib.info/
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Spatial ABM and Microsimulation models, like ILUTE (Salvini and Miller, 2005) 

and MOSES (B. Wu and Birkin, 2013), have likewise become more popular over 

the past decade for the investigation of residential-demographic dynamics and 

policy assessment. Microsimulation is indeed promoted as an ideal platform for 

integrated urban modelling, mainly because it is a computationally efficient way 

to cope with realistic agent behaviour and model complex agent-environment 

interactions over time (E. J. Miller, 2018). In the environmental domain, it is now 

also becoming more common to see studies covering a full cycle of land and/or 

activity change simulation to ecosystem service impact and finally ecosystem 

valuation or related risk analysis (Ford et al., 2019; Pan et al., 2019). Equally 

impressive is the growing tendency to include society-environment feedback 

mechanisms in urban modelling, an example of which can be found in the 

diseconomies of agglomeration used in activity-based Cellular Automata (Crols 

et al., 2012). The observed bridge building between disciplines and evolution 

towards more dynamic modelling are exactly what is needed to formally evaluate 

alternative strategies or policies. Model coupling or integration, of which the 

framework proposed in this dissertation is an example, can thus be expected to 

play more prominent roles in urban research over the coming years, and -

hopefully- in governance as well. We are aware though that active consultation, 

let alone participation, of planning, governance, even civil communities was not 

sufficiently addressed in this dissertation, and this may certainly hamper its 

valorisation. While this dissertation provided the methodological basis and proof 

of concept for the proposed mapping-modelling framework, future work could 

focus on the involvement of non-academic stakeholders, for instance to define 

more case specific urban planning scenarios or to develop graphical/data 

interfaces that facilitate the dissemination of model output. 

Another thing that became clear during the research done in the scope of 

this dissertation, is that spatiotemporal modelling of the urban environment is 

data demanding. Admittedly, this research used somewhat traditional -albeit 

effective- sources of information that are mostly managed and distributed by 

government institutions, i.e. remote sensing imagery, census data, demographic 

projections... Yet like remote sensing, modelling research is currently being 
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galvanized into exploring new frontiers by the possibilities generated through 

big data, which tend to have pronounced spatial and temporal components in 

urban contexts (Batty, 2013). A remarkable illustration of such an opportunity is 

cell phone location data that allow to study movements of near-entire 

populations on a degree of spatiotemporal detail that was deemed impossible 

until not so long ago (Çolak et al., 2015; Yang et al., 2018). Other noteworthy 

applications of this kind are the analysis of geotagged social media posts to 

evaluate landscape and cultural ecosystem service appreciation (Foltête et al., 

2020; Karasov et al., 2020), and the use of the dense Netatmo weather station 

network to support urban climate research (Cheval et al., 2020; Varentsov et al., 

2020). As the digitization of our societies continues unabatedly, cities and 

citizens are becoming equipped with ever more (diverse) sensor arrays, network 

capabilities and access to connected databases. We are only seeing the beginning 

of what all of this can mean for urban sciences, but we can certainly expect 

modelling research to further exploit decentralized sources of information, 

including those generated by private enterprises and citizens. A concrete 

example linking back to the RMSM research of this dissertation would be to 

analyse geotagged social media posts and business review applications to 

quantify residential attraction/repulsion factors for different neighbourhoods in 

terms of their urban services, socio-economic characteristics and the general 

state of their public spaces. A similar approach is suggested in (Glaeser et al., 

2018). 

4.3. Some final thoughts on the case of Flanders 

and Brussels 

To end this dissertation, we return to one of its opening statements, namely 

with regards to the need for more sustainable urban development, particularly 

in light of climate change. From the start, this general need has been illustrated 

with the striking example of Flanders, which, as was often indicated, suffers from 

many ailments related to its unsustainable spatial organisation made manifest by 

some of the worst degrees of urban sprawl in Europe, a fact that has also been 

reiterated throughout the thesis. We will not bother repeating these ailments 



308 
 

here, as the reader is surely already familiar with at least some of them. Over the 

course of Chapters 3-5, we have explored some aspects of urban sprawl in our 

study area and have likewise invested considerably in the spatial concretisation 

of an alternative pathway to urban development, i.e. sustainable densification. In 

Chapter 5, we even went as far as proposing a more radical, albeit indicative, 

scenario that combines compact city development with widespread 

implementation of Blue-Green Infrastructure, to be achieved supposedly over the 

coming 20 years. 

Without hazarding the earlier more nuanced discussions, we can 

summarize that not dealing with outdated and inefficient planning traditions 

will most likely degrade the Flemish landscape to the point that near every 

unprotected natural reserve will be tainted by urban sprawl, to the extent that 

this is not already the case. Unfortunately, this is more than just a landscape 

aesthetical issue, case in point being the scenario-driven hydrological analysis of 

Chapter 5. Again, without bothering with the earlier handled details, more 

sprawl will in all likeliness lead to lower ground water reserves, more extreme 

heat waves and more frequent and intense flooding, and this without even 

considering the effects of climate change. Since this research did not explicitly 

address expected climate change impacts, it is not our place to make strong 

statements with regards to this topic. Yet reasonably this implies that the 

estimations discussed in this dissertation, alarming by themselves, are more than 

likely underestimations. 

What this thesis did do was try to imagine, on a strategic level of spatial 

detail, how alternative pathways to future urban development in Flanders and 

Brussels could materialize and which socio-economic and environmental 

consequences this may implicate, good or bad. We will summarize by saying that, 

overall, our proposed sustainable development scenario at best achieved a break-

even, at least with regards to the current hydrology regulating ecosystem service 

indicators. So, without undermining the many virtues of the SUS scenario, 

including its enhanced spatial efficiency and concentration of urban growth 

around well-serviced hubs, it is safe to say that we have to go further than what 
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the SUS scenario envisions in terms of physical urban development. Hence the 

radical SUS+ scenario and the strong recommendation to invest in Blue-Green 

Infrastructure. 

A possible critique of this research could be that it has too much of an ivory 

tower allure, as it proposes, with seeming ease, far-reaching changes that, if 

implemented, may considerably affect the lives of large segments of a society. 

Admittedly, there are many political, financial and human conundrums that 

remain to be addressed. For one, there is the headstrong mentality of the Flemish 

people that so far have mostly refused to settle in densely urbanized areas. Recent 

years have indicated a possible partial change of heart though, particularly 

among younger households. Then there is the financial picture, as even partially 

reverting many decades of urban sprawl, let alone provisioning the urban fabric 

with extensive BGI to make it more climate resilient, will require high 

investments. This message becomes even more difficult to stomach considering 

the economic downturn induced by the currently still ongoing COVID-19 

pandemic. Finally, and this is particularly critical in the case of Belgium, there is 

the political issue. 

Saying that change happens slowly and difficultly in Belgium would be an 

understatement, and this has much to do with its earlier mentioned governance 

model, that is (too) complex and features poor interregional cooperation. 

Although all three Belgian regions have, in one way or another, acknowledged 

the importance of more sustainable urban development and are in the process of 

implementing it, there are still many hurdles to overcome. For instance, at the 

time of finalizing this conclusion in the early spring of 2021, public debate is 

raging on how the proposed plan for more compact urban development in 

Flanders will be financed. In its current form, the plan is to compensate owners 

that see their lands barred from further development for 100% of their current 

market value. Critics state that this would effectively constitute a major transfer 

of much-needed public funds (recall the need for more BGI) to private and often 

capital-rich entities, that have purchased these lands for speculative purposes. In 

any case, this story has not seen its end. At the very least, we hope that this thesis 
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research adds some weight to the case for more compact AND more green forms 

of urban development in preparation for the future, including in Brussels and 

Flanders. 
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Appendices 

Appendix 1. Confusion matrices of SVM classification in sunlit and shaded 
pixels, as well as prior to and after LiDAR post-classification correction. These 
tables can be accessed via the following link: https://www.mdpi.com/2072-
4292/8/10/787/s1  

 

https://www.mdpi.com/2072-4292/8/10/787/s1
https://www.mdpi.com/2072-4292/8/10/787/s1
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Appendix 2. Accuracy assessment of the binary logistic regression tree model, used to assess change potential in the QCA, and a null 
utility model in which only the intercept is fitted. An independent random sample of 5000 cells was used to perform this accuracy 

assessment. FA = False Alarms, CR = Correct Refusals, FPR = False Positive Rate, TPR = True Positive Rate. 

Model Hits Misses FA CR TPR FPR 

Proposed 823 436 458 3283 0.65 0.12 

Null 306 953 904 2837 0.24 0.24 
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Appendix 3. Summaries of the conditional logistic regression models fitted for each of the twelve defined household segments. 

Segment 1       

N = 1000       

McFadden R² = 0.073       

AIC = 4284       

LL = −2135       

Feature coef std err z P>|z| [0.025 0.975] 

Household density −0.0766 0.052 −1.486 0.137 −0.178 0.024 

Job density −0.0874 0.065 −1.345 0.179 −0.215 0.04 

% attached single dwelling houses or apartments 0.1561 0.082 1.907 0.057 −0.004 0.316 

% social housing −0.0982 0.044 −2.216 0.027 −0.185 −0.011 

% households with children 0.2102 0.07 2.998 0.003 0.073 0.348 

% households owning their dwelling 0.4725 0.094 5.012 0 0.288 0.657 

% households with RP having a HE degree 0.3828 0.037 10.467 0 0.311 0.455 
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Segment 2       

N = 1000       

McFadden R² = 0.086       

AIC = 4217       

LL = −2103       

Feature coef std err z P>|z| [0.025 0.975] 

Distance to nearest highway entrance/exit 0.074 0.035 2.107 0.035 0.005 0.143 

% households with RP younger than 60 0.3287 0.084 3.907 0 0.164 0.494 

% households with children 0.1895 0.076 2.497 0.013 0.041 0.338 

% households owning their dwelling 0.4656 0.063 7.403 0 0.342 0.589 

% households with RP having a HE degree −0.472 0.049 −9.624 0 −0.568 −0.376 
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Segment 3       

N = 1000       

McFadden R² = 0.07       

AIC = 4297       

LL = −2141       

Feature coef std err z P>|z| [0.025 0.975] 

Employment potential −0.0818 0.052 −1.574 0.115 −0.184 0.02 

Job density −0.0925 0.051 −1.822 0.068 −0.192 0.007 

% attached single dwelling houses or apartments 0.4049 0.083 4.872 0 0.242 0.568 

% households with RP younger than 60 −0.3952 0.069 −5.762 0 −0.53 −0.261 

% households with children 0.5783 0.079 7.323 0 0.424 0.733 

% households owning their dwelling −0.5308 0.073 −7.226 0 −0.675 −0.387 

% households with RP having a HE degree 0.6094 0.039 15.581 0 0.533 0.686 
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Segment 4       

N = 1000       

McFadden R² = 0.104       

AIC = 4137       

LL = −2063       

Feature coef std err z P>|z| [0.025 0.975] 

Household density −0.0926 0.038 −2.469 0.014 −0.166 −0.019 

% attached single dwelling houses or apartments 0.452 0.081 5.606 0 0.294 0.61 

% households with children 0.6775 0.071 9.534 0 0.538 0.817 

% households owning their dwelling −0.6722 0.064 −10.443 0 −0.798 −0.546 

% households with RP having a HE degree −0.1644 0.047 −3.531 0 −0.256 −0.073 
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Segment 5       

N = 1000       

McFadden R² = 0.039       

AIC = 4437       

LL = −2302       

Feature coef std err z P>|z| [0.025 0.975] 

Job density −0.067 0.046 −1.442 0.149 −0.158 0.024 

% attached single dwelling houses or apartments 0.3149 0.073 4.342 0 0.173 0.457 

% households with RP younger than 60 0.2581 0.075 3.419 0.001 0.11 0.406 

% households with children −0.2873 0.078 −3.697 0 −0.44 −0.135 

% households owning their dwelling 0.7175 0.092 7.798 0 0.537 0.898 

% households with RP having a HE degree 0.3121 0.039 8.086 0 0.236 0.388 
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Segment 6       

N = 1000       

McFadden R² = 0.057       

AIC = 4355       

LL = −2170       

Feature coef std err z P>|z| [0.025 0.975] 

Access to services 0.1092 0.059 1.849 0.064 −0.007 0.225 

Employment potential −0.1372 0.058 −2.381 0.017 −0.25 −0.024 

Job density −0.1106 0.069 −1.605 0.108 −0.246 0.024 

% households with RP younger than 60 0.5304 0.085 6.214 0 0.363 0.698 

% households with children −0.4487 0.077 −5.853 0 −0.599 −0.298 

% households owning their dwelling 0.7301 0.094 7.758 0 0.546 0.915 

% households with RP having a HE degree −0.3372 0.047 −7.148 0 −0.43 −0.245 
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Segment 7       

N = 1000       

McFadden R² = 0.156       

AIC = 3903       

LL = −1942       

Feature coef std err z P>|z| [0.025 0.975] 

Distance to nearest highway entrance/exit −0.1214 0.065 −1.859 0.063 −0.249 0.007 

Household density 0.063 0.044 1.423 0.155 −0.024 0.15 

Employment potential −0.1221 0.058 −2.101 0.036 −0.236 −0.008 

% attached single dwelling houses or apartments 0.3754 0.104 3.62 0 0.172 0.579 

Average house selling price 0.1093 0.045 2.423 0.015 0.021 0.198 

% households with RP younger than 60 0.4454 0.076 5.861 0 0.296 0.594 

% households with children −0.2064 0.087 −2.384 0.017 −0.376 −0.037 

% households owning their dwelling −0.1977 0.094 −2.097 0.036 −0.383 −0.013 

% households with RP having a HE degree 0.3901 0.062 6.255 0 0.268 0.512 
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Segment 8       

N = 1000       

McFadden R² = 0.094       

AIC = 4191       

LL = −2086       

Feature coef std err z P>|z| [0.025 0.975] 

Access to services 0.1572 0.101 1.55 0.121 −0.042 0.356 

Household density −0.0707 0.043 −1.635 0.102 −0.155 0.014 

Employment potential 0.1428 0.062 2.301 0.021 0.021 0.264 

Job density −0.1036 0.04 −2.577 0.01 −0.182 −0.025 

% attached single dwelling houses or apartments 0.263 0.119 2.216 0.027 0.03 0.496 

% households with RP younger than 60 0.3042 0.073 4.152 0 0.161 0.448 

% households with children −0.3408 0.09 −3.788 0 −0.517 −0.164 

% households owning their dwelling −0.2391 0.076 −3.129 0.002 −0.389 −0.089 

% households with RP having a HE degree −0.3049 0.054 −5.695 0 −0.41 −0.2 
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Segment 9       

N = 1000       

McFadden R² = 0.153       

AIC = 3912       

LL = −1949       

Feature coef std err z P>|z| [0.025 0.975] 

Distance to nearest highway entrance/exit −0.1019 0.055 −1.86 0.063 −0.209 0.005 

Access to services −0.1682 0.084 −1.998 0.046 −0.333 −0.003 

% attached single dwelling houses or apartments 0.3947 0.095 4.146 0 0.208 0.581 

% households with RP younger than 60 −0.8148 0.078 −10.444 0 −0.968 −0.662 

% households with children 0.2572 0.086 2.984 0.003 0.088 0.426 

% households owning their dwelling 0.327 0.097 3.382 0.001 0.138 0.516 

% households with RP having a HE degree 0.8761 0.041 21.579 0 0.797 0.956 
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Segment 10       

N = 1000       

McFadden R² = 0.061       

AIC = 4336       

LL = −2163       

Feature coef std err z P>|z| [0.025 0.975] 

Distance to nearest highway entrance/exit 0.1209 0.039 3.131 0.002 0.045 0.197 

Employment potential −0.1874 0.055 −3.389 0.001 −0.296 −0.079 

% attached single dwelling houses or apartments 0.3046 0.071 4.317 0 0.166 0.443 

% households with RP younger than 60 −0.3645 0.067 −5.419 0 −0.496 −0.233 

% households owning their dwelling 0.5533 0.086 6.427 0 0.385 0.722 
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Segment 11       

N = 1000       

McFadden R² = 0.13       

AIC = 4019       

LL = −2003       

Feature coef std err z P>|z| [0.025 0.975] 

% attached single dwelling houses or apartments 0.3852 0.073 5.3 0 0.243 0.528 

% social housing −0.0658 0.04 −1.653 0.098 −0.144 0.012 

Average house selling price −0.0625 0.041 −1.526 0.127 −0.143 0.018 

% households with RP younger than 60 −0.7572 0.064 −11.789 0 −0.883 −0.631 

% households owning their dwelling −0.6641 0.073 −9.148 0 −0.806 −0.522 

% households with RP having a HE degree 0.5994 0.049 12.295 0 0.504 0.695 
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Segment 12       

N = 1000       

McFadden R² = 0.116       

AIC = 4081       

LL = −2034       

Feature coef std err z P>|z| [0.025 0.975] 

Employment potential −0.0792 0.051 −1.556 0.12 −0.179 0.021 

% attached single dwelling houses or apartments 0.4104 0.09 4.538 0 0.233 0.588 

% households with RP younger than 60 −0.5349 0.066 −8.073 0 −0.665 −0.405 

% households with children 0.1282 0.082 1.565 0.118 −0.032 0.289 

% households owning their dwelling −0.745 0.062 −11.937 0 −0.867 −0.623 

% households with RP having a HE degree −0.0971 0.05 −1.954 0.051 −0.194 0 
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Appendix 4. Sub-cell 2040 green roof fractions for the sustainable densification scenario with Green Infrastructure. 
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Appendix 5. Sub-cell 2040 permeable pavement fractions for the sustainable densification scenario with Green Infrastructure. 
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Appendix 6. Parameter estimates and fit of the calibrated hydrological 
regression models specified in formulae (32)-(36). 

model 

(formula) 

param. 

1 

param. 

2 

param. 

3 
n R-sq. 

RMSE 

(unit) 

Pnet (32) 0.98 0.1 / 46,059 0.98 
0.137 

(mm/h) 

R (33) 0.02 0.01 0.47 46,059 0.95 
0.07 

(mm/h) 

I (34) 0.55 -0.01 0.49 46,059 0.99 
0.08 

(mm/h) 

E (35) -1.12 16 / 341,562 0.97 
6.67 

(mm/h) 

tO (36) 0.3 -0.25 0.38 39 0.78 
0.08 

(h) 
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Appendix 7. Average cell-level cumulative hydrological fluxes modelled from 
observed 2013 and simulated 2o40 Sealed Surface Density maps of the study 
area, with seasonal and district-level distinction. S = summer, W = winter. 

Flux 

(mm) 
Net rainfall 

Surface 

runoff 
Infiltration 

Evapo-

transpiration 

Season S W S W S W S W 

2013 

Tot. 21.9 17.4 5.7 2.5 17.2 15.7 9.1 1.4 

BCR 22.5 19.1 9.1 5.6 14.3 14.3 7.2 1.0 

HV 21.9 17.3 5.6 2.4 17.3 15.8 9.2 1.4 

L 21.8 17.2 5.4 2.2 17.6 15.9 9.3 1.4 

2040 

BAU 

Tot. 6.0 17.6 6.0 2.8 17.o 15.6 8.9 1.4 

BCR 22.5 19.2 9.4 5.9 14.1 14.2 7.1 1.0 

HV 21.9 17.5 5.9 2.7 17.1 15.7 9.0 1.4 

L 21.9 17.4 5.6 2.4 17.3 15.8 9.1 1.4 

2040 

SUS 

Tot. 21.9 17.5 5.9 2.7 17.1 15.7 9.0 1.4 

BCR 22.5 19.2 9.3 5.8 14.2 14.2 7.1 1.0 

HV 21.9 17.5 5.8 2.6 17.2 15.7 9.0 1.4 

L 21.9 17.3 5.5 2.3 17.4 15.8 9.2 1.4 

2040 

SUS+ 

Tot. 21.9 17.4 5.7 2.5 17.2 15.7 9.1 1.4 

BCR 22.4 18.6 9.0 5.3 14.4 14.1 7.3 1.1 

HV 21.9 17.3 5.6 2.4 17.3 15.8 9.1 1.4 

L 21.8 17.2 5.4 2.2 17.6 15.9 9.3 1.4 
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Appendix 8. Simulated net rainfall change on drainage basin level vs. the 2013 
situation, winter. 
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Appendix 9. Simulated surface runoff change on drainage basin level vs. the 
2013 situation, summer. 
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Appendix 10. Simulated surface runoff change on drainage basin level vs. the 
2013 situation, winter. 
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Appendix 11. Simulated infiltration change on drainage basin level vs. the 2013 
situation, summer. 
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Appendix 12. Simulated infiltration change on drainage basin level vs. the 2013 
situation, winter. 
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Appendix 13. Simulated evapotranspiration change on drainage basin level vs. 
the 2013 situation, summer. 



337 
 

 

Appendix 14. Simulated evapotranspiration change on drainage basin level vs. 
the 2013 situation, winter. 
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