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Abstract: Delta regions are typically characterized by their high population density, low elevation, and risk of 

flooding. Long term planning and preparation is needed to mitigate the adverse effects of floods. Disaster 

management planning and flood protection measures require information about urbanization patterns, but this 

information is lacking in many parts of the world. Global satellite data could potentially aid or replace local 

urbanization data in such data scarce areas. This master thesis assesses the suitability of two global satellite 

datasets to serve as proxies for urbanization in flood prone areas: the Global Human Settlement (data for 1975, 

1990, 2000 and 2014) and stable Nighttime Lights data series (annual data, 1992-2013). The assessment is 

performed through comparison of spatial-temporal urbanization trends of the global datasets with a previous 

study performed in the Netherlands using detailed local data. These spatial-temporal trends involve the share or 

urban area that is situated in flood prone zones and the average inundation depth. Through analysis based on 

Geographic Information Systems it was found that the Global Human Settlement data series indicates a stable 

increase in the percentage of urban area in flood prone zones from 31.60% in 1975 to 36.54% in 2014. 

Potentially, this increase results from the flood protection measures installed between 1954 and 1997. The 

Nighttime Lights data series shows values of around 36% throughout its time period, with no clear increase or 

decrease. These values are on average 15-17% higher over the whole time series than the values found with the 

use of the local data. The Global Human Settlements dataset shows values for the average inundation depth from 

1.47m in 1975 to 1.72m in 2014, similar to the local data. The increase could be explained by the fact that only 

areas with higher inundation depths are available for urbanization. The Nighttime Lights does not show a clear 

trend with values ranging from 1.52m to 1.70m and large annual variation. Overall, the suitability of the Global 

Human Settlement dataset is higher than the stable Nighttime Lights dataset for this study area as it shows values 

more similar to the local data and does not require prerequisite threshold analysis, which is the case for the 

Nighttime Lights data. 
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Summary: There are many people living around the coast or alongside rivers across the world. Projections 

indicate that in the future, more and more people will start to live in such areas. Coastal areas and areas close to 

large rivers are flood prone resulting in exposure to the catastrophic effects of floods that threaten people and 

property. The Netherlands is a country where the danger of floods is present and potential damages are high 

because of the large population. Local governments have mapped in detail where people are living, and 

protection measures to keep people and property safe have been put into place. However, in many countries and 

areas of the world, this is not the case because the government has not mapped exactly where people are living 

and/or which areas are prone to flooding. Protection against disasters such as floods is therefore not always 

guaranteed. 

Space-borne satellites capture data of the Earth, which can be used to map urbanization. This could provide 

crucial information for policy makers and spatial planners about how to protect people against floods. In this 

thesis, two datasets that are based on global satellite data are reviewed for their suitability in determining 

urbanization patterns: the Nighttime Lights and the Global Human Settlement data series. Both datasets contain 

data of the past few decades. In order to know if these datasets are suitable for local (or national) studies, they 

are compared with a previous study that used detailed local data of where people live in the Netherlands. They 

explored how much of the built-up area was in regions with a chance of flooding and also how deep the water 

would get in case of a flood in such areas. In this thesis it was found that the Global Human Settlement dataset 

shows most similarities with the local data and is therefore very good to use in finding out urbanization patterns. 

The Nighttime Lights can also be suitable for similar studies, but additional research is needed to fully unlock its 

potential. 
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1. Introduction

Many of the world’s biggest cities are situated in delta areas, which form geomorphologically complex 

and dynamic systems (Douben, 2006). Due to its low average elevation and closeness to river, deltaic 

systems are considered to be very vulnerable to flooding (Brooks et al., 2006; Kumar, 2006; Nicholls 

et al., 2008). Small and Nicholls (2003) estimated that 23% of the world population live both below 

100 meter elevation and within 100 kilometer from the coast. While there is already a disproportional 

migration towards coastal areas, projections by the IPCC (2007) show that in all of their scenarios 

regarding migration, urbanization towards coastal areas is going to increase. By 2070, three times as 

many people will be exposed to coastal flooding globally, as compared to 2005. Adding to this, the 

value of all assets that are exposed will increase by a factor of ten (Nicholls et al., 2008). Nicholls et 

al. (2008) explains that increasing exposure to coastal flooding can mainly be attributed to socio-

economic changes such as population and economic growth. Besides socio-economic change, the 

climate is also changing, pressuring coastal and more specifically deltaic systems, as a result of sea 

level rise and extreme precipitation events (IPCC, 2007).  

One of the most densely populated countries with a large population living in a deltaic environment is 

the Netherlands. With a density of 416 inhabitants per square kilometer, it is ranked 9th out of all 

countries with a population larger than 1 million. A disproportionally large amount of the population is 

living in the coastal western part of the country, where the average elevation is often below mean sea 

level. Roughly 11 million people of the total 17 million Dutch citizens live in areas that need to be 

protected by dikes (CBS, 2017). About 59% of the surface area of the Netherlands is considered to be 

prone to flooding, of which 26 % of the area is below mean sea level and 29% is above mean sea level. 

The remaining 4% is flood sensitive but not protected (PBL, 2009). Considering the Netherlands being 

a very well developed country, the potential losses during a flood can be significant (RWS, 2005).   

Situations like in the Netherlands are not unique. Many more coastal areas across the world are highly 

populated and face the risk of flooding, especially considering the changing climate (Hallegatte et al., 

2013; Hanson et al., 2011). Local urbanization data and mapping flood prone zones is crucial for 

mitigating adverse effects of floods through disaster management planning, climate change adaptation 

plans or the construction of flood protection measures (Pesaresi et al., 2013). Numerous countries do 

not have access to detailed local urbanization data. For example, most of the projected population 

growth will occur in developing countries, where the urbanization rates are too high for local and 

regional authorities and mapping agencies to keep up with as they do not have enough resources to 

keep up. To overcome this challenge, global satellite data such as the Global Human Settlement 

(GHS) layer and the stable Nighttime Lights Time (NTL) Series have been used as they can serve as 

proxy, or indicators, for urbanization. These global datasets have already been explored for many 

purposes. The NTL dataset has mainly been used to explore settlement dynamics and their impacts on 

the environment, demographic and socioeconomic information, and short-term light monitoring 

(Huang et al., 2014). Examples are the correlation of poverty to population count by Elvidge et al. 

(2007a), or the mapping of socio-economic parameters for greenhouse gas emissions by Doll et al., 

(2000). The use of the GHS dataset have mainly revolved around the estimation of population in 

certain areas and the creation of population grids (Corbane et al., 2017; Freire et al., 2016). A study 

combining both the NTL and GHS dataset monitored the humanitarian impact of the recent conflict in 

Syria (Corbane et al. 2016).  
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1.1. Aim of the thesis 
 

Despite the wide applicability of these global satellite datasets, the compatibility of these data sources 

for correlating urbanization to flood exposure has not been verified. For areas that are vulnerable to 

flooding, but where local urbanization data is lacking, global satellite datasets such as the NTL and 

GHS can provide the necessary information for disaster management planning. Knowing where people 

live, which economic assets are situated in the area, and the inundation depth of that area informs 

scientists and/or regional planners on the risk, exposure, and potential casualties and damages of a 

potential flood event. This information aids local and national authorities to determine locations of 

flood protection measures, and create efficient evacuation and rescue plans.  

 

The aim of this thesis is to assess the suitability of the NTL and GHS global satellite dataset as proxies 

or indicators for urbanization to explore spatial-temporal changes in urbanization in flood sensitive 

areas. The global NTL and GHS datasets will be used because: (a) their ability to serve as indicators 

for urbanization, (b) they have longer temporal resolution than most other satellite data products 

making it possible to look at long-term trends, (c) have a spatial resolution that is high enough to 

perform spatial-temporal analysis to urbanization and flood exposure at national scale, and (d) they are 

freely accessible online. 

 

The Netherlands will be used as a case study as there is detailed local urbanization data available that 

can be used to assess the suitability of the global datasets. More specifically, the GHS and NTL 

datasets will be compared to the local dataset, the Historisch Grondgebruik Nederland (HGN, 

historical land use Netherlands). The HGN is constructed through digitalization of topographic maps 

and resulted in a map of the Netherlands indicating different classes of land use, including urban areas. 

It includes urbanization data for the years 1960, 1975, 1990, 2000 and 2015. The local HGN dataset 

has been used in a previous study by de Moel et al (2011), where they performed analysis of historical, 

current and future flood exposure in the Netherlands. This thesis will build upon the research done by 

de Moel et al. (2011), as it provides the local data to which the NTL and GHS datasets can be 

compared with. De Moel et al. (2011) determined the share of urban area that is situated in flood prone 

zones as compared to the whole nation as well as the average inundation depth of urban area in flood 

prone zones. 

 

Suitability analysis will be performed through comparison of the average inundation depth of urban 

areas in the flood prone zone (FPZ) and the share of urban area in the FPZ throughout the 20th century 

as determined using the global satellite datasets with the trends found by de Moel et al. (2011). 

 

The research question that will be answered in this thesis is: 

- How suitable are the global datasets under consideration for showing spatial-temporal changes 

in urbanization and average inundation depth in flood prone areas? 
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2. Background 
 

This section covers basic concepts of risk in flood prone areas and links them to the situation in the 

Netherlands. The concept of disaster risk forms the overarching concept under which flood risk falls. 

Exploring both disaster and flood risk enables us to understand the approach of the Netherlands 

towards floods, which is discussed in the third section of this chapter. 

 

2.1. Disaster risk 
 

Risk is a term defined by many actors in different ways. The United Kingdom’s Royal Society stated 

in 1992 that risk is “the probability that a particular adverse event occurs during a stated period of 

time, or results from a particular challenge”. The United Nation Office for Disaster Risk Reduction 

(UNISDR) stated that (disaster) risk is “the potential loss of life, injury, destroyed or damaged assets 

which could occur to a system, society or a community in a specific period of time, determined 

probabilistically as a function of hazard, exposure, vulnerability and capacity” (2017). The Sendai 

framework for disaster risk reduction builds upon the last four terms used in the definition for disaster 

risk: 

- Hazard can be defined as the phenomenon or process that causes the loss of life or damage to 

property. 

- Exposure is the situation of the people, environment or property located in hazardous zones. 

- Vulnerability is determined by the environmental, social and economic conditions affecting 

the people/property/environment to what extend they are susceptible to the hazard under a 

certain exposure. 

- Capacity is the capability of a system to mitigate or adapt to a disaster event and thus forms 

the resilience of the system. It is often included in the definition of ‘Vulnerability’ (Poljanšek 

et al., 2017).  

 

Risk assessment is in many cases not straightforward, but very complex. A single threat might have 

multiple causes that are interlinked, meaning that a small change in the system can have a cascading 

effect on other parts of the system, ultimately leading to the disaster to occur. On the other hand, a 

disaster event might have many implications on numerous parts of the system. Because there is a limit 

to what we know and how well we can estimate the magnitude of the disaster and potential losses, 

assumptions need to be made. Due to these assumptions and the complexity of the system, there is a 

large uncertainty in risk assessment.  

 

Actual risk, for as far as we can assess it, and perceived risk by society are not always the same. For 

many potential disasters, the occurrence rate is too low for people to be concerned about. People might 

for example know that they live in an area prone to flooding, but if in their lifetime no major flood has 

happened, they cannot relate to the risk they are taking by living in that area. Also, when comparing 

risks, the bigger disaster with more fatalities but low frequency can be perceived as a larger threat than 

a common accident with few fatalities (Poljanšek et al., 2017).  For instance, more people die in car 

accidents than plane crashes, but flying is perceived to be less safe than driving a car (Aronson, 2006). 

Inman (1986) indicated that the perception of risk is based more on fear than on statistics. 
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2.2. Flood risk 
 

Even though floods are a natural phenomenon and can also be beneficial to nature and society, they 

are mostly regarded as adverse (Watson and Adams, 2010). On the short term, flood events cause loss 

of life, physical trauma, damaged infrastructure and displacement of people. As a result of 

malfunctioning infrastructure and (medical) services not being able to help, there is a risk for 

infections and other health related issues (Landeg and Lawson, 2014). Chemical hazards can arise 

when industries are hit by the flood, endangering the safety of the people living in the flooded area 

(Poljanšek et al., 2017). Long term effects on the displacement of people and their livelihoods are hard 

to identify, but cause various socio-economic problems (WHO, 2013). Power outages also have 

adverse effects on health, and businesses and industries (Klinger et al., 2014) and disable 

transportation networks.  

 

The most important causes of floods are high precipitation, snowmelt and storm events. When the 

ground is already saturated with water, fluvial floods are more likely to occur as water cannot infiltrate 

in the soil and flows directly into the river. This was the case during the floods of winter 2013/2014 in 

the UK (Huntingford et al., 2014; Muchan et al., 2015) and the flood events of 2013 in Germany 

(Schröter et al., 2015). Floods can also occur when existing flood protection infrastructure such as 

levees break and fail to withstand the pressure of the water, whether it is from the river or sea. Pluvial 

floods occur when heavy rainfall saturates the underlying soil to such an extent, that additional water 

cannot infiltrate and consequently the surface inundates. This type of flood is more likely to happen in 

urban areas, as the built-up structure and drainage systems are less capable of dealing with large 

amounts of water than many natural systems. 

 

In many cases, flood events take place as a result of above mentioned drivers, lowering the 

predictability of such floods. Risk assessment and disaster management plans therefore cannot fully 

prepare for the timing, extend and impact of a flood, resulting in more severe damage (Poljanšek et al., 

2017). Also affecting the ability to do detailed risk assessment and therefore the impacts of floods are 

changes in demography, land use, climate and geomorphology (Alfieri et al, 2015; Slater et al., 2015). 

These changes involve dynamic and complex natural and socio-economic systems and include many 

uncertainties that make it difficult to construct and evaluate models for flood hazard (Cloke et al., 

2013; Hirabayashi et al., 2013; Vormoor et al., 2015). 

 

An interesting dynamic exists between the installation/improvement of flood protection measures and 

flood plain development, the so called levee effect (Smith, 2003). Economic interests in flood prone 

areas create the demand for flood protection. In turn, the resulting (perceived) increase in safety result 

in more economic interest and urbanization towards these areas. These socio-economic developments 

then weaken the resilience of the flood prone system, decreasing safety (Nicholls et al., 2008). Public 

and political pressure to improve protection from floods arises and more flood protection measures are 

demanded or installed. 

 

2.3. Flood risk and flood protection in the Netherlands 
 

The Netherlands is situated in a delta formed by the rivers Meuse and Rhine and hosts a population of 

about 17 million (CBS, 2017). The coastal areas in the north and west of the country generally have 

low elevations, often below mean sea level, whereas the eastern and southern parts have higher 

elevations, generally exceeding 20 meter above sea level (masl) with the highest point of continental 

Netherlands in Vaals, at 323 masl. There is a high need for flood protection in the Netherlands given 

the large population living in the western parts of the country, a region that historically has 

experienced several large floods and is still at risk of inundation (Jak and Kok, 2000). Besides natural 

flood barriers like coastal dunes, many areas are protected through ‘dike rings’. These dike rings 

enclose vulnerable areas and are composed of man-made walls of earth and stone, or natural high 

ground areas such as hills. The Dutch law states that safety norms apply to areas protected by dike 
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rings, with some areas having a stricter norm than others (Figure 1, left panel). The norms are based 

on the idea that everyone in the Netherlands deserves a base level of safety against water-based 

threats. This base level states that everyone has a safety level of 10-5 per year, meaning that the chance 

of casualty for any individual as a result of a flood cannot be higher than once every 100.000 years 

(Ministry of Infrastructure and Environment, 2013). Thus, areas with higher population densities have 

stricter safety norms (1/10.000) than others (1/1.250). Also, areas with greater economic importance or 

with vital infrastructure are protected more to reduce the chance of societal disruption (Ministry of 

Infrastructure and Environment, 2013). The flood protection measures are designed so that they are 

able to withstand water levels that correspond with their return period. For example, areas protected 

with a safety norm of 1/2.000 are safe from floods that generally take place once every 2.000 years, or 

in other words, a flood that has a chance of 0.5% to occur each year. Rijkswaterstaat, the executive 

agency of the Ministry of Infrastructure, have mapped the areas that are prone to flooding (Figure 1, 

right panel).  

 

 

 
Fig. 1. Map of the Netherlands displaying major rivers, dike ring areas with their corresponding protection level 

(left panel), and the FPZ as used in this study (right panel) (data provided by Rijkswaterstaat).  
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3. Datasets and Methodology 
 

The first section of this chapter discusses the datasets that are used in this study, summarizing 

technical details in Table 1, and then moving on to describing the datasets. The section thereafter 

considers the methodology used during the analysis of the global satellite data and goes into more 

detail on the HGN dataset. 

 

3.1 Datasets 
 

The NTL and GHS datasets are used in this thesis to assess the suitability of global satellite data to 

explore spatial-temporal changes in urbanization in flood sensitive areas. Both datasets offer a near-

global coverage of human presence, and fall under the category of big data. This type of data shares 

the characteristic that file sizes tend to be very large, resulting in trade-offs between temporal and 

spatial resolution.  Having both a high spatial and temporal resolution requires massive data storage 

capacity and is therefore not always possible. 

 

As data on a global scale is only recently available with the introduction of earth observation satellites, 

the temporal resolution only starts from 1975 in the case of the European Commission’s GHS dataset, 

also including data for the years 1990, 2000 and 2014. The NTL dataset contains annual data from 

1992 to 2013.  

 

Table 1. Technical details of the global satellite datasets. 

Dataset Stable Nighttime Lights Time 

Series 

Global Human Settlement (GHS) – 

Built Up Grid 

Source National Oceanic and Atmospheric 

Administration (NOAA) 

European Commission 

Data Intensity of stable night lights Urban area or non-urban area (38m 

resolution) 

Proportion of urban area per pixel 

(250m and 1k resolution) 

Coverage Global Global 

Temporal resolution 1992-2013, annually 1975, 1990, 2000, 2014 

Spatial resolution Ca. 1 km 38m, 250m, 1 km 

Spectral resolution Visible Near Infrared 

Thermal Infrared 

Visible light 

Near-Infrared 

Shortwave Infrared 

Thermal Infrared 

Radiometric 

resolution 

6 bit, DN max is 63 8 bit, DN max is 255 

Datum WGS 1984 WGS 1984 

Projection WGS 1984 Mollweide (world) 

 

3.1.1. Nighttime Lights Time Series  
 

The Nighttime Lights Time Series (DMSP-OLS v4) dataset consists of cloud-free composites taken by 

NOAAs Defense Meteorological Satellite Program (DMSP) – using an Operational Linescan System 

(OLS). The data shows the light emitted during nighttime and includes light from populated places and 

industries, both on land and water, globally. The temporal resolution spans from 1992 to 2013 with 

annual composites. Several years (1997-2007) have multiple composites per year, as two satellites 

collected data in those years (see Annex 1). A grid of 30 arc seconds is used covering -180 to 180° 



 

7 
 

longitude and -65 to 75° latitude. Spatial resolution is roughly 1 km (NOAA, 2017). The OLS is able 

to capture data at two spectral bands: from 580 to 910 nm (Visible Near Infrared, Full Width at Half 

Maximum) and 1030 to 1290 nm (Thermal Infrared, Full Width at Half Maximum). The intensity of 

the Nighttime Lights data is expressed with a Digital Number (DN), which is the average yearly 

intensity on a scale from 0 (darkness) to 63 (brightest areas) (Ceola et al., 2014). 

 

Already in the early 1970’s the DMSP-OLS started with collecting data, mainly with the purpose of 

analyzing the global distribution of clouds as well as the temperature at the top of the cloud cover 

(Huang et al., 2014). Due to the particular way of storing the data at that time, on filmstrips, the data 

was not easily accessed and shared, which hindered its usability for research in other fields (Sullivan, 

1989; Welch, 1980). The potential for using nighttime lights imagery was already recognized by 

scientists but the datasets needed some tweaking for it to be used for other research purposes than 

cloud pattern analysis.  

 

Several extractions have been made in order to make the dataset usable in other fields of research. 

Elvidge et al. (1997) worked out a “stable lights” dataset that was able to identify long term sources of 

light such as industrial and populated areas from short-lived lights. Its main use was to identify the 

urban extent (Henderson et al., 2003) and the impact of urban land use on the soil (Imhoff et al., 

1997a). However, this dataset was unable to show intensity and to fix this issue, Elvidge et al. (1999) 

calibrated the dataset for radiance. One of the uses of this version of the dataset was by Doll et al. 

(2006) who mapped regional economic activity using nighttime lights. In 1992, NOAA and the 

National Geophysical Data Center (NGDC) published the NTL data series. Due to its extended 

temporal resolution, trend analysis in socio-economic and demographic processes was available to 

researchers. Making use of the NTL dataset, Ma et al. (2012) quantified urbanization dynamics in 

China, and Small and Elvidge (2013) analyzed decadal changes in Asian night lights. Some of these 

extracted datasets make use of lower temporal resolutions, showing day to day or monthly changes, 

instead of annually. Research fields involving this type of datasets include the analysis of forest fires 

(Badarinath et al., 2011), refugee movements during violent conflicts (Witmer & O’Loughlin, 2011) 

and the dynamics of fishing boats (Waluda et al., 2004).  

 

Besides the wide applicability of the dataset, there are some limitations to the sensors and satellites 

that capture the data, as described by Elvidge et al. (2007b). The 1km spatial resolution of the NTL 

dataset allows for analysis on a national level, but is less suitable for local analysis as details are lost. 

One of the most difficult challenges to tackle is the overestimation of urban area as a result of the 

blooming effect, which is the oversaturation of light intensity and is the strongest in metropolitan areas 

and areas close to large water bodies (Imhoff et al., 1997b). Lighting conditions and city structures are 

different in each country and sometimes even within countries. Also, there is a temporal aspect to it as 

lighting can change over the years as a result of innovation of lighting technologies. For example, the 

introduction of LED lighting has changed the intensity of light measured by the sensors. This raises 

the need for annual and area specific analysis to urbanization and lighting patterns, in order to 

effectively tackle the overestimation or urban extent.  

 

A lot of work has been done to overcome these shortcomings and improve the datasets. The radiance-

calibration by Elvidge et al. (1999), besides providing intensity imagery, also tackles the lack of 

onboard satellite calibration, offering more detail in brightness variations. Unfortunately, the complex 

calibration procedure makes it region and season dependent, limiting the usability of such calibrations. 

Due to the fact that NOAAs NTL dataset often uses two satellites within one data-year, resulting in a 

need for inter-satellite calibration. Several methods have been proposed including invariant region and 

quadratic regression method (Elvidge et al., 2009), second-order regression and optimal. Several 

scientists have put effort into overcoming the light saturation in urban centers and it resulted in an 

improvement of assessment of the dynamics of human activity and its consequences for nature (Letu 

et al., 2012; Lo, 2001; Raupach et al., 2010 and Zhang et al., 2013). The blooming effect, which 

overestimates the extent of urban area, can be tackled by finding a threshold value that accurately 

separates urban areas from non-urban areas that are influenced by the blooming. Imhoff et al. (1997b) 

was the first to do this for American cities, and found a threshold value of 89%. Nonetheless, one must 
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be careful using threshold values in other regions, as differences in lighting and city structure exist. 

For example, cities in developing countries have lower average light intensities, resulting in the 

“breaking down” of urban extent, as described by Imhoff for American cities if a value higher than 

89% is used (Sutton et al., 2009). Also, in countries like China, they make use of different kinds of 

light and development levels are spatially heterogeneous, creating the need for locally adapted 

threshold values (Yang et al., 2013). While nighttime lights are able to show the extent of urban area, 

and despite the improvements made above through calibration and thresholding, inconsistencies 

remain in defining the boundary of urban extent and the actual lighted extent (Small et al., 2005). 

Thresholding is able to correct for blooming in large urban areas, but weakens intensities in smaller 

towns and villages. Taking into account also smaller settlements, a threshold value of 14% for 

1992/1993 and 10% for 1994/1995 Stable Lights dataset reduces blooming in large cities but does not 

attenuate the intensity of smaller towns, according to Small et al. (2005). However, even threshold 

values of 100% can overestimate the size of urban extent in some areas. 

 

This master thesis will make use of the stable NTL dataset that has undergone calibration, to counter 

the lack of inter-satellite calibration as a result of the use of multiple satellites while collecting the data 

for the composites (figure 2). Stable nightlight means that annual average of lighting intensities is 

taken, removing effects of temporary light sources such as fishing boats, blackouts, wildfires etc. 

Elvidge et al. (2009) empirically inter-calibrated the dataset by using the F121999 composite as a 

reference, for it had the highest DN. Data from the other years and satellites were then matched to fit 

the data range from the F121999 composite. In order to check if the newly inter-calibrated dataset was 

accurate, the sum of lights (SOL) value for each satellite was compared to the SOL value of the same 

year, but measured by a different satellite. Also, successful inter-calibration was determined by 

identifying if the SOL values over time show a logical trend, assuming that lighting increases over 

time. Elvidge et al. (2009) concluded that the inter-calibration proved successful for most countries, 

though slight differences occur. 

 

 

 

  

Fig. 2.  Stable Nighttime Lights with data on an intensity based scale. Higher values indicate more nighttime 

lights and thus, more urbanization. Data for 2013 after preprocessing (NOAA). 
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With the launch of a new sensor in 2011, the Visible Infrared Imaging Radiometer Suite (VIIRS), new 

data of better spatial resolution and radiometric calibration is collected (Elvidge et al., 2014). Cloud 

and aerosol properties, ocean color, sea and land surface temperature, ice motion and temperature, 

fires, and Earth's albedo data are collected using the new sensor and offer possibilities for new multi-

disciplinary research. Although the VIIRS sensor provides new data of enhanced quality, the OLS 

dataset are most likely to remain dominant during the coming years, given its longer timespan (Huang 

et al., 2014). Important will be to find a way to properly integrate OLS and VIIRS data in order to be 

able to make use of both datasets in new multi-disciplinary research. 

 

3.1.2. Global Human Settlement Layer – Built Up Grid 
 

Fueled by the space race between the United States and Soviet Union, the Landsat Mission was 

announced in 1966. In 1972, the first satellite was launched, the Earth Resources Technology Satellite 

(ERTS-1), which was later renamed to Landsat 1. The purpose was to gather satellite imagery that was 

for civilian use, freely accessible and could also be used for scientific purposes for example in the 

fields of cartography, forestry, geology and landscape planning (USGS, 2017a). Throughout the 

decades after, up to seven more Landsat satellites were launched, to continue the collection of data as 

satellites do not last indefinitely (USGS, 2017b). Landsat 8 is able to cover the entire globe, except for 

the highest polar regions, and does so every 16 days. The spatial resolution of the multispectral and 

panchromatic sensors is 30m.  

 

The Global Human Settlement (GHS) – Built-Up Grid is a dataset originating from the European 

Commission and is based on the data collected by the Landsat satellites. It shows built-up areas on a 

global scale and contains data for four moments of time (epochs), 1975, 1990, 2000 and 2013/2014 

(figure 3). Preprocessing is done according to Gurman et al. (2013) for the first three epochs, the 

2013/2014 epoch was downloaded directly from the USGS site and already included the 

preprocessing. The main task during the creation of the final GHS – Built-Up Grid datasets for the 

respective epochs was to differentiate built-up areas from non-built-up areas. Differentiation is based 

on a supervised classification paradigm and making use of Symbolic Machine Learning (SML), as 

described in Pesaresi et al. (2015) and Pesaresi et al. (2016a). Satellite images are analyzed and 

classified as urban or non-urban based on an algorithm able to visually distinguish both classes, using 

predetermined visual characteristics of actual urban and non-urban areas. Spatial resolution is 

available in 38m, 250m and 1000m (European Commission, 2017). The 250m and 1k resolutions are 

aggregated versions of the original 38m resolution. All of the six satellites used to construct the GHS – 

Built-Up Grid were/are operated by the United States Geological Survey (USGS), Department of 

Interior (DOI) and NASA. In contrast to the DMSP-OLS Nighttime Lights Time Series dataset, which 

shows the intensity of stable night lights as a proxy for urbanization, the GHS – Built-Up Grid 

presents the data classified into two categories (built-up and no-built up)) for the 38 m resolution and 

as the percentage of a cell that is covered by built up area for the 250 m and 1 k resolutions. The GHS 

– Built-Up Grid is a subset of the Global Human Settlement Layer (GHSL) dataset, which also 

incorporates population census data (GHS – POP dataset) and shows the presence and density of 

population at a spatial resolution of 1 km (European Commission, 2018). 

 

Several scientific studies in the fields of risk analysis and disaster management make use of the GHS 

dataset, as it shows detailed information about population density and built- up area. This is important 

information for protecting areas from natural disasters and estimate potential flood damages. The use 

of the GHS layers is clearly shown in a study by Freire et al. (2015) where they compared previously 

determined ‘flood-prone zones’ with actual flood extent, showing the difference in affected population 

size and built-up area. Assessing the November 12, 2013 flood in Senigallia, central Italy, it was found 

that more than 3 times more people were affected by the flood event than the total population living in 

the ‘flood-prone zone’. More importantly, an estimated amount of 84% of the population and built-up 

area was previously not considered at risk of flooding (Freire et al., 2016). 
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Fig. 3. GHS dataset showing urban and non-urban areas in a discrete way. Data for 2014 (European 

Commission). 

SML is a relatively new approach in dealing with the analysis of large geospatial data (Pesaresi, 

2016b). While handling big data like that of the Landsat satellites, several aspects of the data cause 

challenges during the overall analysis and those are summarized by Pesaresi et al. (2016c): “high 

volume of satellite data, characterized by heterogeneity due to the variety of sensing devices, collected 

potentially at different  time  periods  and  referring possibly to dissimilar spatial domains (scales)”. 

Pesaresi et al. (2016c) applied SML to the Landsat epochs under consideration in this thesis and 

results proved successful. The total accuracy of the identification proved high and processing time 

remained relatively low.  

3.1.3. Additional data layers 
 

In addition to the global satellite data, two data layers were needed to perform the analysis: (a) the 

borders of the municipalities; a vector layer used to obtain an detailed map of the total area of the 

Netherlands, and (b) the FPZ layer, which indicates the area of the Netherlands that is subject to 

elevated risks of flooding (Table 2).  The FPZ layer originates from Rijkswaterstaat, the national 

authority dealing with water security and spatial planning of water related projects. 
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Table 2. Supplementary data needed during the analysis. 

Source ESRI Netherlands Rijkswaterstaat 

Dataset Gemeentegrenzen 2016 (municipal 

borders) 

Flood prone areas in the Netherlands 

Data Borders of Municipalities Areas prone to flooding 

Coverage National National 

Temporal resolution 2016 2010 

Spatial resolution Vector data layer, polygons 50m 

Datum Rijksdriehoeksstelsel Rijksdriehoeksstelsel 

Projection Rijksdriehoeksstelsel Rijksdriehoeksstelsel 

3.1.4. Historisch Grondgebruik Nederland (HGN) 
 

This section is aimed to provide additional information on the HGN data in order to gain a better 

understanding of the data, and mainly covers how the dataset was constructed. 

 

The HGN dataset is based on topographic maps called “Bonnekaarten” (after the Bonne map 

projection) that together cover the whole of the Netherlands. These maps originally had a militaristic 

purpose, but later also got used for scientific purposes. Different colors indicate the 10 different forms 

of land use. Firstly, the maps were scanned using a 150 dpi 24-bit RGB color system resulting in more 

than 400.000 different colors that needed to be assigned a certain land use class. After geometrically 

correcting the maps to the Rijksdriehoeksstelsel projection, a semi-automated classification system 

was performed. The “supervised classification” method from the Erdas/Imagine 8.4 software was used 

and assigned pixels to the relevant class based on the pixel´s color. All classes were assigned a range 

of color values that individual pixels could have for it to be assigned that specific land use class. The 

result left out a number of pixels, for example written text on the maps. Aggregation was used to 

transform the 5m resolution to 50m resolution data, removing most of the unassigned pixels. The 

‘majority’ rule was applied during aggregation meaning that a pixel in the new 50m resolution data 

gets assigned a class based on the largest share of a certain class within that 50m pixel. Validation was 

tested through comparison with 6300 sample points spread over the country and showed an accuracy 

of 96% (Knol et al, 2004). 

3.2. Methodology 
 

This section presents the software used for the analysis, the methodology, including a flowchart of the 

methods used (figures 7 and 8). Unless specified otherwise, the methodological steps described apply 

to both the GHS and NTL datasets. 

 

The main data layers used for the comparison are the GHS 38m resolution data and Nighttime Lights 

1992-2013 data. The GHS files also contain 250m and 1k resolution data and processing and analysis 

is also performed for these data, mainly to assess their usability and to gain more insight into the 

similarities and differences between the three GHS resolutions. 

 

The data from both the NTL and GHS were not immediately ready for analysis and needed 

preprocessing in order to obtain the values that can be compared with the trends found by de Moel et 

al. (2011) using the HGN data. ESRI’s ArcMap v.10.2.2. was used to perform the alterations and 

spatial analysis. This type of software falls under the category of Geographic Information System 

(GIS) software ESRI ArcMap v.10.2.2. GIS has proven itself useful in analyzing spatial patterns and 

contributing to solve geographic problems in many fields such as nature conservation (Geneletti, 

2004), archeology (Wheatley and Gillings, 2003), geology (Mogaji et al., 2015) and many more. GIS 

has also been used frequently and successfully in the field of flood mitigation (Ghanbarpour et al. 

2013; Patel and Srivastava, 2013) and adaptation (Lugeri et al., 2010).  
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The first preprocessing steps are carried out for both the GHS and NTL dataset. Preprocessing mainly 

revolved around altering the raw data so the data was in the same format, data type and spatial extent 

as each other. All data layers were projected to the same coordinate system, WGS 1984, the data 

layers were transformed to raster data type and extracted to the same area of extent, the Netherlands. 

 

Next, reclassification and thresholding steps were performed in order to separate urban area from non-

urban area. To get the proportion of urban area in the FPZ, only two data classes are required, 0 for 

non-urban area and 1 for urban area. The 38m GHS data was already arranged into these two classes 

as a result of the SML method. The aggregation caused the other two GHS layers to indicate the data 

as the proportion of the cell that was considered urban. Thus, thresholding was needed to convert these 

datasets to the 0-1 discrete scale. Unfortunately, no research has been done to calculate thresholding 

values for the Netherlands during the timeframe used in this study. Thresholding values for the GHS 

data have not been calculated at all, but we can draw inspiration from how this problem is tackled for 

the NTL dataset. Imhoff (1997b) calculated a thresholding value of 89% and this is based on the 

average value of three American cities during the 1994/1995 years. The same value was applied to the 

GHS 250m and 1k resolution data layers but did not offer satisfactory results after visual analysis of 

urban extent with actual urban extent. Hereafter, two other thresholding values were applied to the two 

highest resolution GHS data layers. Threshold values of 60% and 75% were chosen because they both 

resulted in more accurate extents of urban area with only minor differences between them, after visual 

inspection. The 38m resolution data did not require thresholding as the data was already divided into 

built-up (urban area) and non-built-up areas (non-urban area) based on the SML method as described 

in Pesaresi et al. (2016b; 2016c). The FPZ layer was reclassified into two classes just as with the GHS, 

FPZ and Non-Flood Prone Zone (NFPZ), with all areas that have any proneness to flooding making up 

the FPZ and all areas that were not prone to flooding, NFPZ. 

 

The 89% threshold value was also applied to the Nighttime Lights data but it became clear after visual 

inspection that in some parts of the country, the blooming effect was not properly tackled and urban 

area was overestimated. This mainly occurred in and around the western cities of Amsterdam, 

Rotterdam and The Hague, where many cities and villages have grown together. However, the 89% 

threshold value underestimated the urban extent in most other parts of the country. Because the 89% 

threshold is based on research to American and not Dutch cities and for a specific year (1992), just 

taking this value and applying it to the Netherlands and over time is troublesome as difference in city 

structure and use of lighting may differ. In order to still get the results needed, another method, 

described in the steps below, is used to obtain the share of urban area in the FPZ as compared to the 

total amount of urban area.  

 

In order to avoid the slightly problematic thresholding method, the Sum of Nightlights (SOL) method 

by Ceola et al (2015) was used. This method looks at the total added amount of nighttime lights values 

within an area and can be used to analyze urbanization trends over time. Using the SOL method, 

thresholding is not required anymore, avoiding the problem of the lack of research on appropriate 

thresholding values in the Netherlands during the period of time under consideration in this thesis. 

Because the nighttime lights serve as a proxy for urbanization, summing up the nighttime lights values 

within the FPZ and within the NFPZ and comparing the amounts with each other gives us the share of 

urban area in the FPZ as a percentage of the total amount of urban area. This SOL method does not 

give us a discrete area that is classified as urban, which is the case for the 38m GHS data. However, 

this discrete extent of urban area in the FPZ is needed to calculate the average inundation depth of 

urban area in the FPZ later on. Therefore, thresholding was still performed to the NTL data based on 

visual analysis and by comparing the urban extent resulting after thresholding to actual urban extent. 

After applying different threshold values and visually analyzing the resulting urban extent, it was 

concluded that a threshold value of around 80% yields the best results for the lesser urbanized regions 

whereas a threshold value between 90% and 95% gives the most accurate results in the bigger 

urbanized areas in the west. Therefore, three thresholding values (82, 87 and 92%) were applied to the 

NTL data and the results was combined with the FPZ layer, just like for the GHS data (figure 4). 

These values were chosen as they are situated between the 80-95% interval that gave the most accurate 

urban extents. From this, the urban area in the FPZ as a percentage of total urban area was calculated. 
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Taking the average of the results of the three thresholding values, the final outcome was obtained for 

the NTL data. 

 

The next step after having identified which areas are classified as urban and which not, was to 

combine these layers with the FPZ layer. This was done in order to find out the share of urban area 

that is located within flood prone areas and outside of it. The FPZ layer consisted of two classes: FPZ  

and NPFZ. After combining the layers indicating urban area with the layer showing FPZ, the resulting 

layer consisted of four classes: urban area in the FPZ, urban area outside of the FPZ, FPZ but not 

urban, and NFPZ and not urban (figures 5 and 6). From this the percentage of urban area in the FPZ as 

a share of the total amount of urban area was calculated. 

 

 
Fig. 4. NTL dataset, data for 2013 after applying a 87% threshold value. 

Last, the extent indicating urban area in the FPZ was extracted from the layers and used as a mask 

over the original layer showing flood prone areas in the Netherlands. This original FPZ layer indicated 

the inundation depth of all flood prone zones in the country. As we are only interested in the 

inundation depth of urban area in the FPZ, this extraction was necessary. The resulting layer showed 

the inundation depth of only the extent of urban area in the FPZ. From this layer, the average 

inundation depth was calculated. For the NTL dataset, there were three layers indicating urban area in 

the FPZ as a result of the three thresholding methods used. After performing the extractions steps 

described here, the average of the three average inundation depth values was taken. 
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Fig. 5. GHS data after combination with the FPZ layer, data for 2014 using the 87% threshold value. 

 
Fig. 6. NTL data after combination with the FPZ layer, data for 2014.  
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Fig. 7. Flowchart of intermediate data layers and methods used on the GHS data. 
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*Reclassification and Extract by Mask have been performed twice, one time to get the extent of the 

FPZ and the other to get NFPZ. 

Fig. 8. Flowchart of intermediate data layers and methods used on the NTL data. 
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4. Results 
 

This section covers the results of the data after processing and as well as the trends found by de Moel 

et al. (2011) using the HGN data. All the detailed data presented in this section can be found in Annex 

2.  

 

Over the course of the last 50 years, there has been an increase in the share of urban area in the FPZ, 

based on the 38m resolution GHS data (figure 9). The NTL SOL data shows an increasing trend as 

well, with similarity in terms of absolute values but with a lower annual increase. These annual 

increases amount to 0.10% in an absolute sense for the GHS data (based on the 1990-2014 values) and 

0.02% for the whole NTL range. The total increase for the NTL SOL data is minimal, with higher and 

lower values irregularly spread out over the data range. The threshold method gave values higher than 

all other data series and show an unstable trend. Whereas the GHS data shows an absolute annual 

increase of 0.12% (from 31.60% in 1975 to 36.54% in 2014), the historical land use data used by de 

Moel et al. (2011) shows an annual increase of 0.08% (from 26.70% in 1960 to 31.30% in 2015). In 

the 2011 paper by de Moel et al. (2011), it was found that the share of urban area in the FPZ started to 

increase from the 1960’s onwards, after decades of decrease. In the decades after the 1960-1980 

increase, the trends found by de Moel et al. (2011) does not show a big increase in % urban area in the 

FPZ, but the GHS data shows a steady increase. Overall, the GHS and NTL SOL data display a larger 

urban area in the FPZ as a % of total urban area than the HGN data, with a difference of around 5 

percent.  

 

 
Fig. 9. Urban area in the flood prone zone as % of total urban area showing two series for the NTL data (one 

making use of the threshold method, the other of the SOL method), the GHS series and the values found by de 

Moel et al. (2011). 

 

The GHS data shows that from 1975 onwards there has been an increase in the average inundation 

depth of urban area in the FPZ (figure 10). This trend shows a steady increase with an annual growth 

of 0.64cm. The NTL threshold data generally follows no clear pattern, just as with the % urban area in 

the FPZ. Overall, there is a slight decrease in the average inundation depth of about 0.14cm per year. 

The HGN data shows an annual increase of 0.23cm, but is not as stable as with the GHS data. The 

average inundation depth increased from 1.40m in 1900 to 1.65m in 2015. However, from 1980 to 

2000 there was a slight decrease which was followed by an increase again. The GHS data shows that 

in 1975 the inundation depth was around 10 cm lower than the HGN data. However, around 1990 the 

inundation depth is already the same for both dataset and in 2014/2015, 7 centimeters higher. 
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However, for the average inundation depth series, the NTL threshold data surrounds the HGN data 

even though there is quite a high year to year variation. 

 

 
Fig. 10. Average inundation depth of urban area in the flood prone zone of the NTL data (threshold method) and 

GHS data, as compared to the values found by de Moel et al. (2011). 

 

In figure 11 and 12 the different GHS resolution layers are displayed with the different applied 

threshold levels, together with the De Moel et al. (2011) trends. In figure 11 it is clear that most other 

data series follow the 38m resolution series quite closely, with ony minor differences between them. 

The 1k 75% and 1k 89% have their first and second datapoints a bit off as compared to the 38m trend, 

respectively. In fiigure 12 the data series all follow the same upwards trend with similar annual 

increases as compared to the 38m resolution. Also, the pattern between the different GHS data series is 

clear: the higher the threshold value applied, the lower the average inundation depth. Besides this, the 

data series also demonstrate that the resolution plays a large role as well. All three 250m resolution 

series show higher average inundation depths than the 1k resolution series.  

 

 
Fig. 11. Urban area in flood-prone zone as % of total urban area of the of the 250m and 1k resolution GHS data, 

using multiple threshold values. 

 



 

19 
 

 
Fig. 11. Average inundation depth of urban area in the flood prone zone of the 250m and 1k resolution GHS 

data. 
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5. Discussion 
 

5.1. Analysis of Results 
 

Suitability of both datasets is analyzed through comparison with the trends found by de Moel et al. 

(2011). When the trends for the GHS and NTL show similar values as compared to the ones from de 

Moel et al. (2011), then the suitability is high. This can be explained by the fact that the HGN data, on 

which the de Moel et al. (2011) trends are based, has a high accuracy (96%) and therefore can be 

considered as very close to actual urban extent.  

 

The results in figure 9 show a similar trend between the GHS and HGN data, with only a few percent 

difference between the two, making the GHS in terms of urban area in FPZ as a % of total urban area a 

good fit. Differences between the two can be explained by the fact that the SML method used to 

produce the GHS data is not always able to distinguish between urban area and industries/other built 

up areas. An example can be found in the area west of Rotterdam, called Westland, with most of the 

land used for greenhouses. The GHS classifies this area as urban, whereas the HGN includes a 

separate class for greenhouses. The trend based on the NTL threshold method shows a lot of annual 

variation, which is unusual as urbanization is a slow process, not allowing much year to year 

difference. For example, from 2009 to 2010, the data drops 3.2%, increases 2.6% the year after and 

then drops 2.4%. This year to year difference could be explained by the thresholding technique 

applied, as only one value was used, instead of a year-specific threshold value. In an absolute sense, 

the values also differ more from the HGN data than the GHS series does, and therefore this method is 

less suitable. However, this data series originates from threshold values determined by visual analysis. 

With proper threshold analysis the data series might have different more accurate values. The positive 

side of this dataset is the temporal resolution with annual data, allowing for more detailed trend 

analysis over time. The SOL method shares this advantage with the threshold method, but shows a 

steadier trend and is in absolute sense very similar to the GHS series. Both NTL series have a 

relatively short temporal resolution given the fact that trends in urbanization patterns usually become 

more visible over longer timespans. However, if the NTL dataset keeps expanding yearly, then its 

usability will only increase. The GHS dataset does have the longer time series, but only contains a few 

data points, increasing the influence of a possible outlier amongst the data series.  

 

The increasing trend of the GHS and trend by de Moel et al. (2011) found in figure 9 could be 

attributed to the completion of Delta Works projects. Following a massive flood in 1953, the 

Government of the Netherlands was determined to increase protection of flood prone areas in the 

south-west of the country by constructing levees, dams, sluices and storm surge barriers. The first 

project commenced in 1954 and the last project was finished in 1997. Due to the increase in safety 

from floods, more people felt comfortable settling in these areas, leading to an increase in the share of 

urban area in the FPZ. Increases of urban area in the FPZ however, result in a complex interplay of 

urbanization, economic investments and land use change on the one hand, and the lowering of 

resilience and increase of the need for safer flood protection measures on the other hand, as described 

by the levee-effect.  

 

The GHS series in figure 10 show a linear increasing trend with a higher growth rate than the trends 

based on the HGN data. Initially starting low, it surpasses the HGN series around the start of the 

1990s. This indicates that over time, urbanization occurs in areas with higher inundation depths, 

increasing potential flood damages. This linear increase could be explained by the fact that 

historically, cities were built on higher grounds in order to keep the city safe from flooding 

(Stalenberg & Vrijling, 2006). As all the higher ground was already settled, urbanization started to 

take place at lower elevations and thus, with higher inundation depths. Even though these areas are 

more prone to flooding and with higher potential damages, economic interest and social benefits of 

living close to the big cities continues to draw people to the FPZ.  
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For the timeframe under consideration in this research, the GHS series gives a good indication of the 

average inundation depth of urban area in the FPZ, with values close to those found by de Moel et al. 

(2011). From 1975 to roughly 1990, the GHS series displays lower average inundation depths than the 

HGN series. This underestimates the danger of an eventual flood, as with higher inundation depths, the 

damage is generally higher. After 1990 the GHS series shows higher values than the HGN data, 

overestimating the severity of a flood. Potentially this leads to safer disaster management plans. 

Overestimating the danger of a flood could lead to safer disaster management plans, but an accurate 

estimation of flood risk is preferred. The NTL threshold method again shows an unclear trend 

comparable to that in figure 9 In this case though, the absolute values are much closer to that of the 

HGN data. Over the 21-year timeframe the NTL provides data, the values do give an indication of the 

average inundation depth, though trend analysis is difficult trough the curve of the NTL series. Same 

as above, with proper trend analysis to threshold values, the series might look very different. 

 

The 38 meter resolution data gave the best result out of the three GHS resolutions, both in terms of % 

urban area in the FPZ and average inundation depth of urban area in the FPZ, as they were most 

similar to the trends found by de Moel et al. (2011). The 250m resolution data series show more 

similar trends to the 38m resolution data than the 1k resolution data series, especially for the average 

inundation depth data. As a result of the aggregation performed to create both lower resolution 

datasets from the 38m resolution data, inaccuracies in the data start to arise, as data within cells is split 

up during the aggregation and potentially lost within the larger cell size. One of the contributing 

factors to these inaccuracies in these datasets originates from the fact dividing 250m and 1k cells by 

38m resolution cells does not give a whole number. Consequentially, cell data at the border of the new 

250m and 1k resolution datasets have to be split up leading to inconsistencies in the data. 

 

Since 2005, light-emitting diodes (LED) have been introduced in the Netherlands in many cities, 

highways and other infrastructure. Replacing the incandescent lights that were previously commonly 

used with LED lights, changes the light observed by the OLS sensor used to create the NTL dataset. 

Incandescent lamps emit most of the visible radiation towards the infrared part of the electromagnetic 

spectrum, peaking in the infrared part. LED lights on the other hand peak at a much lower frequency, 

often with radiation less than 580 nm, the lower limit of spectrum the OLS sensor can gather data 

(Kyba et al., 2017). This means that a portion of the light emitted after the introduction of LED lamps 

is not measured. The result of this is that the intensity shown in the NTL data is underestimated. 

Lower measured light intensities decrease the SOL values indicating a lower percentage of urban are 

in the FPZ than is the case. Also, lower intensities cause more of the data to be classified as “non-

urban” when applying threshold values. This would affect both areas in the FPZ and outside of it and 

the ratio of how much both areas are affected determines whether the percentage of urban area in FPZ 

increases or decreases.  

 

The HGN data is very precise in its classification of different land uses and differentiates between 

urban area and other kinds of built-up areas. Both the GHS and NTL data do not make this distinction 

as a result of how both data are collected and processed. Therefore, industries and other built-up areas 

that are not residential are identified as urban. In the Netherlands, most of the businesses and 

industries are located in the west of the country, areas that are low-lying and therefore are included in 

the FPZ. Therefore, the effect of classifying other types of built-up area as urban area has a 

disproportionally large effect on the amount of urban area in the FPZ as compared to urban area 

outside of it. This could partially explain why for both datasets the % of urban area in the FPZ is 

higher than measured by De Moel et al. (2011). On the other hand, it is important to not only look at 

urban areas but also include businesses and industries in risk management planning. Throughout the 

day, many people are not in residential areas but at their working place. Even though the GHS and 

NTL datasets are at the moment not able to distinguish between residential and non-residential built-

up areas, the problem arising from this might not be as important when developing disaster 

management or regional/national development plans. People are still endangered, for example at 

companies, industries or other working places and assets, such as infrastructure are damaged or 

destroyed. However, if this distinction can be made it would be beneficial to the flood risk 

management plans, as more accurate estimates can be made of the consequences of a flood event. 
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When making estimates of casualties and losses of assets, the different values for potential damages 

and number of casualties can result from different classes of built-up areas (Messner and Meyer, 

2006). An approach making use of such aggregate statistics for specific classes of land use is the 

Damage Scanner used in the paper by de Moel et al. (2011) and others (Aerts et al., 2008; Van der 

Hoeven et al., 2009; Bouwer et al., 2009). 

 

Both the GHS and the NTL (SOL method) data series are to a certain extent suitable for using in 

disaster management and spatial planning as the trends they show after the processing of the raw data 

are similar to that found by de Moel et al. (2011). However, the SOL method does not provide results 

for the average inundation depth, which is crucial information. If proper thresholding analysis would 

be performed, then the NTL data might also provide the average inundation depth. The GHS dataset 

has a longer temporal resolution, but fewer data points than the NTL data, making it more useable for 

long term analysis. When one is interested only in the past two decades, the NTL would be more 

suitable as it contains annual data. The GHS dataset favors local analysis as it has a higher spatial 

resolution. 

 

5.2. Limitations 
 

The main limitation of this master thesis is the lack of prerequisite threshold analysis for the NTL 

dataset. This hindered in executing the desired methodology, as it would have been ideal if threshold 

values could be applied of which it is know that they result in urban extents that are similar to actual 

urban extents. This methodology is desired as it coincides with the type of data of the GHS dataset. 

The GHS data already shows urban extent in a discrete manner, making it easy to overlay the FPZ 

layer to identify urban areas within the FPZ and outside of it. The application of threshold values to 

the NTL dataset results in this same discrete classification of urban and non-urban area.  

 

Furthermore, only two global datasets have been analyzed in this thesis. More of such datasets exists 

and having performed similar analysis to them as to the GHS and NTL data would aid disaster 

management- and spatial planners in choosing and using the best dataset for their specific purpose. 

However, both datasets analyzed in this thesis are two of the main ones, having many citations in the 

academic world. Also, they are freely accessible, which not all of them are. LandScan for example is a 

dataset that could also have been used as an indicator for urbanization, but it needs to be purchased. 

This is the reason LandScan has not been incorporated in this thesis and also could prevent planners 

from using it, regardless of its usability, as they might not have the financial resources to purchase it. 

 

5.3. Future Research 
 

The study performed in this master thesis informs future research in two ways. Most importantly, it 

provides an example of how indicators for urbanization in the form of global satellite data compare to 

local data in the context of flood exposure. The finding of this thesis informs future researchers about 

the advantages and disadvantages of both datasets in using them for estimating the percentage of urban 

area in flood prone zones and the average inundation depth of a potential flood event. This is useful 

information when deciding which of the datasets to use when local data is missing or not detailed. It 

enables local, regional and national to approach disaster management from a more fact based point of 

view. Cities experiencing large population growth, or decline for that matter, gain better insight into 

where people live and work, and the flood exposure of those areas. This thesis also provides 

preliminary observations regarding Netherlands-specific threshold analysis, which could be at the base 

of subsequent threshold research.  

 

Future research should be aimed at finding reliable threshold values for the Netherlands throughout the 

period of analysis, as this would greatly improve the usability of the NTL dataset. Visual analysis 

alone is not enough to determine these values. Also, a single threshold value might not be the best 
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option either, as Zhou et al. (2014) concludes. In his study, a cluster based approach was developed in 

order to adjust to regional differences in city structure. This approach includes finding optimal 

threshold values for the cluster in order to minimize the blooming issue. A cluster based approach 

could be useful to apply to the Netherlands. Throughout the work on finding accurate threshold values, 

it was noted that a threshold value might give accurate urban extents in one area, but would 

underestimate urban extent in other regions. The west of the country containing the largest cities 

(Amsterdam, Rotterdam, The Hague), are almost grown together producing a single area of high 

intensity light measured by the OLS sensor. In most other parts of the country, larger cities appear as 

single dots as the nearest city is far away enough for both lit areas not to fuse together. A single 

threshold value that would provide an accurate urban extent for those cities in the west would filter out 

most other cities. As these large cities are mainly situated in the FPZ, such a threshold value would 

increase the % or urban area in the FPZ. The opposite is true when applying an optimal threshold 

value for the other cities in the country: the % of urban area in the FPZ would go down. A cluster 

specific threshold values could account for these regional differences in urbanization and provide 

better results that would improve the validity of the NTL dataset in determining urbanization trends 

and patterns. As mentioned before, the GHS dataset should be verified whether the SML method 

provides accurate urban extents for the Netherlands. The SML method could potentially be improved 

to be able to distinguish urban area from other built-up areas.  
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6. Conclusion 
 

This master thesis explored the suitability of the GHS and NTL dataset for assessing spatial-temporal 

changes in urbanization in relation to flood prone areas. The research in this paper has shown that the 

GHS dataset shows an increase in the % of urban area in the FPZ throughout its entire time period. 

This increase could be explained by the continuous improvement of flood protection measures in the 

FPZ, drawing more people to this area. Larger populations in flood prone zones weaken the resilience 

of the deltaic system, raising the need for more protection measures, which in turn increases the 

(perception of) safety, drawing more people to the FPZ. While in 1975 urban area in the FPZ 

accounted for 31.60% of total urban area, in 2014 it amounted to 36.54%. In an absolute sense, this 

means an average annual increase of 0.12%. The NTL dataset using the SOL method shows values 

close to that of the GHS dataset, 35.10% in 1992 and 35.98% in 2013, with an annual increase of 

0.02%. Thresholding resulted in an unstable trend with values ranging from 37.78% to 42.32%. All 

data series showed values higher than the HGN data used by de Moel et al. (2011), but the difference 

with the GHS and NTL SOL method are minimal (roughly 5-6% in absolute sense, around 115-118% 

in relative sense). The average inundation depth has steadily increased over the last few decades with a 

yearly average of 0.64cm, according to the GHS dataset. As more of the higher grounds are settled, 

urbanization can only take place at lower elevations, increasing potential flood damages and 

casualties. The results for the NTL dataset using thresholding again showed an irregular spread of 

data, with the minimum at 1.52m and maximum at 1.70. The GHS series has a higher growth rate than 

de HGN series and shows a higher average inundation depth since 1990. 

 

Both the GHS and NTL dataset are suitable for aiding disaster management planning when detailed 

local data is scarce or non-existent. At this point, higher suitability is attributed to the GHS dataset 

than to the stable NTL dataset. The values for the % of urban area in the FPZ and average inundation 

depth of urban area in the FPZ over time has shown more similar results for the GHS as compared to 

the HGN data than for the NTL dataset though keeping in mind that the values for the NTL data trends 

are underestimated and making use of potentially inaccurate threshold values. Moreover, prerequisite 

research in the form of threshold analysis is needed for the NTL data in order to completely assess the 

suitability of the NTL dataset. Currently, the SOL method provides accurate data in terms of % of 

urban area in FPZ, very similar to the results for the GHS. However, the SOL method is not able to 

provide results for the average inundation depth. Applying thresholds have been proven to work well 

in other studies in estimating urban extent through global satellite data, but location and time-specific 

thresholds are missing for the Netherlands. The largest limitation in this study is the application of on 

visual analysis based threshold values in order to get results for the average inundation depth of urban 

area in the FPZ for the NTL dataset. For local analysis the GHS is a better option as the spatial 

resolution is higher. The long timeframe also makes it suitable for long-term trend analysis or 

historical research in general. The NTL dataset allows for more detailed analysis over the 1992-2013 

time period, as it contains annual data.  
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9. Annex 
 

9.1. Version 4 DMSP-OLS Nighttime Light Time Series composites 
 

 

Year\Sat. F10 F12 F14 F15 F16 F18 

1992 F101992           

1993 F101993           

1994 F101994 F121994         

1995   F121995         

1996   F121996         

1997   F121997 F141997       

1998   F121998 F141998       

1999   F121999 F141999       

2000     F142000 F152000     

2001     F142001 F152001     

2002     F142002 F152002     

2003     F142003 F152003     

2004       F152004 F162004   

2005       F152005 F162005   

2006       F152006 F162006   

2007       F152007 F162007   

2008         F162008   

2009         F162009   

2010           F182010 

2011           F182011 

2012           F182012 

2013           F182013 
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9.2. Tables of results 
 

 GHS 38 m GHS 250m 

60% 

GHS 250m 

75% 

GHS 250m 

89% 

GHS 1k 

60% 

GHS 1k 

75% 

GHS 1k 

89% 

Year % urban in 

FPZ 

% urban in 

FPZ 

% urban in 

FPZ 

% urban in 

FPZ 

% urban in 

FPZ 

% urban in 

FPZ 

% urban in 

FPZ 

1975 31,60 31,43 31,37 31,99 30,68 33,90 34,78 

1990 34,09 34,31 34,34 34,30 34,81 33,83 37,76 

2000 34,84 35,01 35,03 35,03 35,82 34,99 36,17 

2014 36,54 36,68 36,58 36,45 36,59 37,04 38,05 

 

         De Moel et al. 

Year % urban in FPZ 

1960 26,70 

1980 29,70 

1990 29,80 

2000 30,10 

2015 31,30 

 

 82% 87% 92% NTL threshold 

(average of 82, 

87 and 92% 

values) 

SOL 

Year % urban in 

FPZ 

% urban in 

FPZ 

% urban in 

FPZ 

% urban in FPZ % urban in 

FPZ 

1992 39,04 39,52 40,78 39,78 35,10 

1993 40,29 40,73 41,99 41,00 35,84 

1994 41,23 41,92 43,81 42,32 35,90 

1995 40,44 41,15 42,50 41,36 35,74 

1996 40,37 41,73 42,29 41,46 35,57 

1997 39,60 39,80 40,76 40,05 35,50 

1998 40,39 40,96 43,04 41,46 35,67 

1999 40,09 40,67 41,53 40,77 35,95 

2000 39,83 40,17 42,18 40,73 35,55 

2001 40,09 40,39 40,36 40,28 36,01 

2002 39,66 39,90 40,78 40,11 35,87 

2003 37,93 37,91 37,50 37,78 35,64 

2004 39,81 39,79 41,00 40,20 35,94 

2005 39,87 39,57 39,81 39,75 35,98 

2006 39,74 39,74 40,34 39,94 36,04 

2007 41,14 41,60 42,89 41,87 36,38 

2008 40,94 41,22 41,73 41,30 36,19 

2009 41,32 42,12 43,44 42,29 36,07 

2010 38,47 38,73 39,98 39,06 35,29 

2011 40,64 40,92 43,36 41,64 36,11 

2012 39,04 39,04 39,53 39,20 36,08 

2013 39,46 39,70 40,80 39,98 35,98 
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 GHS 38m GHS 250m 

60% 

GHS 250m 

75% 

GHS 250m 

89% 

GHS 1k 

60% 

GHS 1k 

75% 

GHS 1k 

89% 

Year Inundation 

depth (m) 

Inundation 

depth (m) 

Inundation 

depth (m) 

Inundation 

depth (m) 

Inundation 

depth (m) 

Inundation 

depth (m) 

Inundation 

depth (m) 

1975 1,47 1,36 1,35 1,35 1,08 0,94 0,90 

1990 1,56 1,46 1,43 1,41 1,27 1,17 1,01 

2000 1,62 1,51 1,48 1,47 1,33 1,27 1,09 

2014 1,72 1,58 1,54 1,49 1,40 1,34 1,20 

 

                           De Moel et al. 

Year Inundation depth (m) 

1960 1,52 

1980 1,60 

1990 1,58 

2000 1,57 

2015 1,65 

 

 82% 87% 92% NTL threshold 

(average of 82, 87 

and 92% values) 

Year Inundation depth (m) Inundation depth (m) Inundation depth (m) Inundation depth (m) 

1992 1,62 1,59 1,53 1,58 

1993 1,67 1,62 1,58 1,62 

1994 1,65 1,61 1,55 1,60 

1995 1,70 1,66 1,59 1,65 

1996 1,70 1,65 1,59 1,65 

1997 1,70 1,66 1,60 1,65 

1998 1,67 1,63 1,56 1,62 

1999 1,75 1,70 1,64 1,70 

2000 1,67 1,63 1,57 1,62 

2001 1,69 1,64 1,72 1,68 

2002 1,66 1,61 1,53 1,60 

2003 1,63 1,57 1,52 1,57 

2004 1,58 1,54 1,45 1,52 

2005 1,61 1,58 1,53 1,57 

2006 1,57 1,54 1,49 1,53 

2007 1,62 1,58 1,53 1,57 

2008 1,64 1,57 1,51 1,57 

2009 1,62 1,60 1,56 1,59 

2010 1,70 1,67 1,61 1,66 

2011 1,64 1,61 1,60 1,62 

2012 1,71 1,67 1,59 1,66 

2013 1,63 1,61 1,56 1,60 
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