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Abstract
This century could be named the “Urban Century”, where the urban population is expected to become
2.4 billion by 2050. In the coming years, the design of a city becomes more important, as more people
are expected to be living in urban areas and challenges have arisen, including climate change, energy
transition and biodiversity conservation. Urban configuration plays an important role in these
challenges. Improving urban planning could help solving environmental challenges, however, a
reliable and accurate method to gather land-use data is essential. In the research field of geoinformation science (GIS), remotely sensed datasets are used widely to deduce landcover and land-use
maps. The accessibility to remote sensing data used to be a limitation for public organisations,
however, in the last decades more remote sensing data has become available without charges. Despite
the potential of this reliable input data, aerial pictures hinder the analysis of areas where landcover
classes overlap vertically, as merely the ‘top layer’ is shown. As space is limited in urban areas,
stacking landcover classes vertically is implemented more often, which triggers a mismatch between
input data and real-world characteristics. Therefore, this study proposes the urban configurations style
framework. The framework has been constructed by executing four steps. First, the spatial
characteristics of six main Dutch urban configuration styles were delineated by five landcover classes.
Second, spatial indicators were selected to describe the morphology per configuration style. The
sensitivity study has pointed out that the spatial scale to perform the spatial indicators should be 300
by 300 meters. Third, high-resolution spectral data was classified into landcover classes utilizing a
Random Forest classifier and compared to a topographical dataset to test the hypothesis that spectral
data can improve the urban planning analysis. The most striking result is the increase of vegetation
coverage in the predicted landcover class compared to the topographical dataset, which seizes
differences up to 10%. The fourth step includes the deduction of locations of configuration styles by
implementing the spatial indicators. Per spatial unit, the output of the spatial indicators was compared
to the morphology description per configuration style. The 68% confidence interval was concluded as
favourable to define the morphology per style. The spatial pattern of the classified configuration styles
was expected to follow the distribution of Amsterdam’s historical extension. Although spatial patterns
are recognisable, the results show a scattered distribution. The results of this thesis show the potential
of the urban configuration compensation framework, however, some limitations of the results should
be noted. One limitation of this framework is the number of configuration styles taken into account.
Another limitation is the selection of spatial indicators, which determines the accuracy of distinction
of the configuration styles based on their urban morphology. Besides, the classification of the
landcover tiles into configuration styles depended on the point crediting framework. The final
classification could be improved by executing the point crediting system for multiple scenarios or
integrating this classifying step into an automated algorithm. Despite these limitations, the final
classification of urban areas into urban configuration styles enables urban planners to detect focus
areas. The results show that the framework enables the linkage of classified urban areas to extra
information. After all, the urban configuration compensation framework could be adjusted to be
implemented in other urban areas than Amsterdam.
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1 Introduction
This century could be named the “Urban Century”, where the urban population is expected to become
2.4 billion by 2050 (McDonald, 2021; United Nations, 2015). Since 1950, the world has seen cities
grow to such amount that very large urban agglomerations house tens of millions of people (Berry,
2008). As the expansion of cities became more present, professional planners were assigned to lead
urban expansion in Europe, which has led to several theories and styles (Gehl, 2010). Examples of
urban design styles are modernism, rationalism and functionalism (Frieling, 2001; Salewski, 2012). In
the coming years, the design of a city becomes more important, as more people are expected to be
living in urban areas and problems have arisen.
Therefore, designs of urban areas are studied often to locate areas that need improvement (Albert et
al., 2017; Ruiz Hernandez & Shi, 2018; Zhang & Kukadia, 2005). Currently, Dutch urban areas are
facing multiple environmental challenges which were unknown during initial construction. Nowadays,
cities battle with climate change, energy transition and biodiversity conservation. The shift in climate
conditions causes problems, such as heat stress and floods (Jacob, 2014; O'Briain, 2019; Rovers, 2014).
The urban areas are prone to these environmental problems, because of the high percentage of paved
areas and higher building density (Norton, 2015). Another challenge in European cities is the shift
towards renewable energy. In the city of Amsterdam, where 28% of the CO2 is emitted in the buildup area, projects are initiated to connect buildings to the sustainable heat network, implement solar
panels on roofs and improve the insulation of buildings (Gemeente Amsterdam, 2019). These projects
improve the design of a neighbourhood to contribute towards sustainable energy goals (Milgen, 2016)
(Priyadarsini, 2009). Besides, the loss of biodiversity is considered a problem because the genetic
resilience of species declines when biodiversity is declining (Elmqvist et al., 2013). Urban biodiversity
entails the wellness of flora and fauna on different levels and the interactions of the former (Dellinger,
2021). In urban areas, inhabitants are raising more attention to the opportunities to enhance biodiversity
(ICLEI, 2008). These environmental challenges can be tackled by improved urban planning (Nillesen
et al., 2006).
Improving urban planning could solve environmental challenges, however, a reliable and accurate
method to gather land-use data is essential (Ruiz Hernandez & Shi, 2018). A land-use map is an
essential tool for urban planners. The traditional methods to gather land-use data include field surveys
and participatory mapping (Chaturvedi & de Vries, 2021). These methods are labour intensive and
time-consuming. Innovating data acquisition technology and computational power enabled other
methods to retrieve land-use data. Recent years have shown great improvement in obtaining highresolution imagery of urbanized areas with high temporal scale (Albert et al., 2017).
In the research field of geo-information science (GIS), remotely sensed datasets are used widely to
deduce landcover and land-use maps (Ghimire et al., 2012; Isaac et al., 2017; Jun, 2021; Ruiz
Hernandez & Shi, 2018). Artificial intelligence and machine learning achieve high accuracies in the
classification of remotely sensed data. A widely applied machine learning algorithm is the Random
Forest classifier (Ghimire et al., 2012; Isaac et al., 2017; Jun, 2021; Ruiz Hernandez & Shi, 2018). The
algorithm constructs multiple decision trees to find the optimal landcover class. This algorithm is
preferred for its simplicity and high accuracy (Chaturvedi & de Vries, 2021).
However, the captured information of aerial pictures is influenced at locations where landcover classes
overlap vertically. In the field of urban design sciences, sustainable cities are built based on the concept
of a dense city (Privitera et al., 2018). If the city offers a great variance of land cover classes in an
accessible distance, the average distance of transport will drop, and therefore the energy demand for
transport decreases as well. The downside of densifying and vertically stacking landcover classes is
the decrease of the accuracy of captured information by remotely sensed data. Aerial pictures capture
merely the top layer as the orthogonal perspective is incapable to penetrate through the top layer. For
example, a road with on both sides mature trees will be seen, on an orthogonally projected aerial picture
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made in the summertime, as a tree cover with no road visible. Therefore, studying urban areas should
not be based on merely aerial pictures, in other words, spectral data.
The problem of landcover classification at areas with vertical stacking of landcover classes could be
tackled by the urban configuration compensation framework. This framework proposes a combination
of spectral input data and uses pattern recognition as a method to classify urban areas into configuration
styles. The classification of configuration styles enables linking specific information to the urban areas.
Extra information about typically implemented combinations of vertically stacked landcover classes
per urban configuration styles, could improve the interpretation. Considering the previous example, if
an urban configuration style is
typified for planting trees close
to roads, a dense line of trees
could be interpreted as a road.
Combining spectral data and
pattern
recognition
links
multiple research fields. In the
research field of urban
architecture,
patterns
of
different urban configuration
styles are studied (Frieling,
2001; Meijer, 2010; Salewski,
2012). The urban configuration
styles are defined by their
spatial characteristics. Both the
vertical
(structure)
relationships and horizontal
(texture) relationships could be
Figure 1a. aerial pictures of the neighbourhoods ‘de Punt’
typified per configuration style.
(constructed in 1960) and 1b. IJburg Zuid (constructed in 2005)
Studying the structure and the
texture is defined as studying urban morphology. In the research field of GIS, urban morphology has
been studied based on high-resolution spectral data (Ruiz Hernandez & Shi, 2018; Ye & Van Nes,
2014; Yoshida & Omae, 2005). Studying urban morphology employing pattern recognition enables
the classification of urban areas into urban configuration styles. It is important to study urban
morphology on a small scale. The urban morphology differs already a lot if neighbourhoods that
originated in the 1960s are compared to neighbourhoods constructed after 2000 (Figure 1a and b).
Utilizing the spatial indicators to describe urban configuration styles enables classification based on
spectral data. Spatial indicators to study urban landcover have been implemented more often (Alberti
& Marzluff, 2004; Alberti & Waddell, 2000; Berling-Wolff & Wu, 2004; Herold et al., 2005; Li et al.,
2008). However, former research focuses on predicting urban expansion rather than analysing the
current situation of urban areas (Boori et al., 2015; Jat et al., 2008). Nevertheless, the above mentioned
studies, which analysed the spatial characteristics of metropolitan growth, have shown the value of
spatial metrics to describe the urban landscape. Reviewing these studies pointed out that most studies
have directed urban areas in the United States, which implies a need to explore the implementation of
these methods in European cities (Seto & Fragkias, 2005), such as Amsterdam.
The theory of spatial metrics proposes a way to quantify spatial landscape properties (Aguilera et al.,
2011). The term spatial metrics derives back from landscape ecology, where landscape metrics were
used to measure the landscape (Herold et al., 2005). Landscape ecology emphasizes the spatial
patterning of various ecosystems in heterogeneous landscapes (Leitão et al., 2012). One perspective
that landscape ecology has brought forward, is the linkage of structure to texture. Landscape ecology
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and (urban) spatial planning overlap, as spatial planners are eager to analyse spatial components of
landscapes. The distinction to use the term of spatial metrics rather than landscape metrics shows the
implementation of the metrics in the urban area (Aguilera et al., 2011; Herold et al., 2003).
Besides spatial metrics, the theory of the space matrix characterizes urban density as a multi-variable
phenomenon, which enables the correlation of density and urban fabric (Van Nes et al., 2012). The
physical density of urban areas could be measured by their land use density, coverage, building height,
spaciousness and network density (Berghauser Pont & Haupt, 2009). Each of these measurements
resembles a variable, which could be combined to quantify the urban fabric.
The urban configuration compensation framework proposed in this study connects spectral input data
with spatial indicators to classify urban areas into configuration styles. Spectral input datasets are
essential as these datasets provide accurate and up-to-date information (Chaturvedi & de Vries, 2021).
The innovation of computational power and data accessibility enables the integration of highresolution spectral data and GIS applications. Municipalities are retrieving accurate high-resolution
spectral data on a yearly base. The framework proposes to convert spectral data into a landcover map
as a landcover map is a fundamental tool for urban planners. Spatial indicators are applied to the
predicted landcover map to describe the urban morphology. The diverse urban morphology
characteristics of urban areas are classified into configuration styles.
Research objective and questions
The objective of this research is to formulate a framework to connect spectral datasets employing
spatial pattern recognition in favour of detecting configuration styles. The combination of
topographical and spectral data is used for the pattern recognition of the urban configuration styles.
This objective leads to the following research questions:
1.

What main urban configuration patterns are present in Amsterdam?

2.

How can these urban configuration patterns be quantified by spatial indicators?

3.

What urban configuration coverage is found by spectral data?

4.

How can urban configuration styles be detected using spectral data and spatial indicators?
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2 Literature review
As described before, the need to study urban morphology has increased for urban land use planning
decision-makers. This section delineates the methodology of comparative studies of the application of
satellite data in the research field of urban planning and urban land use planning-related decision
making.
The study of Ruiz Hernandez and Shi (2018) classifies high-resolution satellite data into land-use
classes using the random forest algorithm and the implementation of spatial metrics. Random Forest
(Breiman, 2001) is widely applied as a classification algorithm because the algorithm is simple, fast
and accurate (Feng, 2015; Kamusoko & Gamba, 2015). This experimental study integrates spatial
metrics and texture analysis in the random forest algorithm. However, this method is limited to cities
with a small number of high-rise constructions (Chaturvedi & de Vries, 2021).
The study of Albert et al. (2017) focuses on finding landcover patterns by use of satellite images. This
study classifies satellite data into landcover classes implementing several neural network structures.
The research areas consist of the urban areas of Athens, Barcelona, Berlin, Budapest, Madrid and
Rome. Besides, Albert et al. (2017) implemented a sensitivity study to find the optimal spatial scale to
quantify landcover patterns. This part of the study investigates several grid cell sizes (50m, 100m,
150m and 250 m) as spatial units to discriminate between higher-level land-use concepts. The study
concluded that the biggest size of 250 m captures the best amount of variation in urban form.
Another sensitivity study concerning four urban form metrics was performed by Zhang and Kukadia
(2005). This study implementation urban spatial metrics in the Boston metropolitan area for travel
analysis. The study of Zhang and Kukadia (2005) implemented urban form metrics for grids with
various cell sizes (100 m, 400m, 800 m, 1600 m and 3200 m). The study recommends assessing urban
form with a grid system with cell sizes of around 800 meters.
A multitude of spatial indicators is available to study urban fabric. The studies mentioned above
implemented spatial indicators to describe the urban fabric so the satellite data could be classified into
land-use areas. Besides, other studies have introduced methods to describe the spatial relations of the
urban fabric. The urban fabric includes all physical forms of cities, for example, housing blocks
(Artibise, 2012). The texture and patterns in urban fabric are also known as urban morphology (Herold
et al., 2005; Moudon, 1997; Ye & Van Nes, 2014). A meta-study on the methods of previous studies
results in the selection of the theories of space matrix (Berghauser Pont & Haupt, 2009) and the spatial
metrics theory (Aguilera et al., 2011; Herold et al., 2005; Liu et al., 2017; Seto & Fragkias, 2005).
Both these theories propose a big set of spatial indicators. The selection of important indicators is
elaborated in the methodology section of this study (chapter 3.2.2.).
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3 Data and methods
The methods could be divided into multiple analyses based on the research questions. The main steps
are shown in (Figure 2). The remaining part of the methodology chapters describes the research steps
in more detail. The focus of this study is the urban area of Amsterdam, the Netherlands (Figure 3).
This city is selected as a case study because of its high data density and ambitions regarding
redesigning urban areas. Besides, numerous urban configuration styles are present in the city of
Amsterdam.

Figure 2 Workflow diagram per research question

Figure 3 Research area municipality of
Amsterdam
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3.1

Data collection

Literature review
A literature review was performed to assess the information of former research. Literature was
collected from Scopus, Google Scholar and scientific books of the library of Wageningen University,
using search terms with Boolean operators (annex 8.2). Afterward related references of these articles
were collected as well (snowball effect). All scientific and non-scientific sources were organized in
EndNote
Geodata framework
All geographical input data of this thesis is open-source data, which enlarges the reproduction ability.
Most of the datasets were obtained in October and November 2021. Table 1 shows an overview of the
datasets, including additional information.
To analyse the spatial characteristics per configuration style, topographical data was assessed
(TOP10). The municipality boundary of Amsterdam itself and the division of neighbourhoods (CBS
wijken en buurten) are used as initial spatial units. The geographical data concerning neighbourhood
borders (CBS Wijken en Buurten) and the TOP10 were obtained by the Dutch governmental platform
of PDOK (Publieke Dienstverlening Op de Kaart). However, to analyse the vertical characteristics of
the building plots, the Basisregistratie Adressen en Gebouwen (BAG) dataset is necessary. The BAG
dataset is retrieved from the website of Kadaster.
For the analysis of spectral data, spectral data of Superview-1 were downloaded. The spectral data was
taken by the satellite between September 4 and 21, 2021. The different spectral images were merged
into a composite. The spatial resolution of the panchromatic bands entails 0,5 meters by 0,5 meters.
The panchromatic bands of blue, red, green and NIR were used. The revisit time of the satellite consist
of 6 weeks. The spectral datasets are obtained via the website of the Netherlands Space Office. The
format of the data entails ready-to-use GeoTIFF, which entails that the images are already
orthorectified, geometric and radiometric corrected. However, the data yet had to be pre-processed to
filter outliers. Besides, the elevation model is essential to increase the accuracy during the classification
of spectral data into landcover classes. The first classification without the elevation model shows a lot
of errors (chapter 4.3). The elevation model is measured by multiple public organizations. For the
region of Amsterdam, the water board Hoogheemraadschap Hollands Noorderkwartier and the
province of North-Holland calibrated the elevation in 2020. The spatial resolution is 0,5 meters by 0,5
meters. The elevation model is distributed by the website of the Algemeen Hoogtebestand Nederland.
Table 1 Overview of geographical datasets
RQ Dataset

Original title

Source

Latest
update
January
2021

1,
2

Neighbourhoods CBS Wijken en Buurten
of Amsterdam

https://www.pdok.nl/datasets

2

TOP10

TOP10NL

https://app.pdok.nl/brt/top10nl/download- November
viewer/
2021

2

BAG

3D
Hoogtestatistieken https://3d.kadaster.nl/basisvoorzieningGebouwen
3d/

3

Spectral
data September/oktober
https://www.satellietdataportaal.nl/
SuperView 50cm RGB
Superview-1
and NIR

3

Elevation model

Algemeen hoogtebestand https://www.ahn.nl/ahn-viewer
Nederland 4

2020
4-9-2021 21-9-2021
2020
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3.2

Methods

3.2.1. Configuration styles
To assess the spatial characteristics of the main configuration styles, present in Amsterdam, a literature
review was conducted, which resulted in a distinction into six urban configuration styles. For every
urban configuration style, several neighbourhoods are selected to represent the configuration style
(Figure 4).
Six urban configuration styles were found in literature, which are defined as urban blocks, closed
blocks, garden villages, open blocks, high-rise housing and heterogeneous neighbourhoods. The initial
spatial units, also known as example neighbourhoods, are shown in figure 4. The selection of these
neighbourhoods in Amsterdam is based on research of the Planbureau Leefomgeving (Lörzing et al.,
2008), the chronological extension map of Amsterdam (Rutte, 2016), historical extension plans of
Amsterdam (annex 8.6) and validation by satellite images and Google street view (Google Maps, n.d.).
Firstly, the combination of the research of Lörzing et al. (2008) and Rutte (2016) served as the initial
categorization of neighbourhoods, which is based on the building year. Secondly, the initial
categorization is compared to the original maps of the extension plans, which are included in annex
8.6. The configuration style of urban blocks dates back to the Kalffplan (1877). The closed blocks,
garden villages and the open blocks neighbourhoods are found in the Algemene Uitbreidings Plan
(approved in 1935) and the second memorandum on spatial planning (1966). Thirdly, this
categorization is validated by assessing the current state of the neighbourhood. Inspecting spatial
patterns by satellite images and street view, revised the initial categorization. This analysis discovered
the lack of a suitable example neighbourhood for the high-rise housing configuration styles. The
analysis continued with the remaining five configuration styles.

Figure 4 Initial input data of neighbourhoods in Amsterdam
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3.2.2. Measuring urban landscape
Quantification of spatial indicators
During a literature review, implemented metrics of former research were compared and applicability
was reviewed. In total seven metrics were selected to measure the urban landscape (Table 2), which
derives from both the space matrix theory and the spatial metrics theory. Berghauser Pont and Haupt
(2009) propose the combination of the three fundamental indicators to assess the density of the urban
fabric. The combination of floor space index (FSI), ground space index (GSI) and network density (N)
compose a manageable method to define diverse urban types. Besides, including the ratio of high rise
buildings (HBR) as a variable to the analysis of density, helps to define places with exceeding building
heights (Liu et al., 2017). Moreover, measuring the density of the urban area to distinct urban
configuration styles, the theory of spatial metrics is included, as this theory proposes a great variety of
metrics. The metrics focus on quantifying the shape and pattern of patches (Herold et al., 2005). In
urban areas, the patches represent different landcover classes. The percentage of landscape type
describes the coverage of every landcover class compared to the total area (PLAND). The patch density
(PD) indicator reflects the density of landcover classes. The standard deviation of the Euclidian nearest
neighbour reflects the regularity of the landscape (Herold et al., 2005).
The multi-variable analysis to measure the urban landscape consists of seven spatial indicators. The
formulas of the space matrix indicators are adapted in the software of RStudio (Hesselbarth, 2019; R
Core Team, 2021). The indicators selected of the spatial metrics theory are quantified by employing
the software of Fragstats (McGarigal, 2015). Additional information concerning the quantification of
the metrics and an overview of spatial indicator output per neighbourhood is included in annex 8.4.
After quantification of the metrics, the output values per neighbourhood are reviewed on outliers. This
resulted in removal of the example neighbourhoods Oosterlijke Havengebied and Slotervaart Noord.
The quantified spatial indicators will be used to classify high-resolution remote sensing data (RQ4)
into configuration styles. The output of the spatial indicators per neighbourhood (RQ2) should be
converted into a range per configuration style. The conversion of single outputs per neighbourhood to
a range per configuration style class is based on a basic statistical rule (formula 1, (Gareth et al., 2013)).
The range is determined by calculating the mean and the standard deviation per configuration style.
The calculation of the lower and upper limit is based on a 95% confidence interval, where 95% of the
values in a normal distribution is covered within 2 standard deviations from the mean. The results of
the analysis are shown in table 5 (page 24). However, after retrieving the first results, the range based
on the 95% confidence interval was too broad to distinguish configuration styles correctly. Therefore,
the ranges were recalculated based on a distance of 1 standard deviation from the mean, which
resembles the 68% confidence interval. The influence of adjusting the ranges is shown in section 4.4.
Formula 1. Confidence interval based on standard deviation
𝐶𝐼 = 𝑥̿ ± 𝑧 × √

𝜎2
𝑛
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Table 2 Indicators to describe the urban morphology
Indicators

Abbreviation

Floor space
index

FSI

Ground
space index

GSI

Network
density

N

High
building
ratio

HBR

Percentage
of landscape

PLAND

Patch
density

PD

The
standard
deviation of
Euclidian
nearest
neighbour

SD_ENN

Description

Formulae

FSI reflects the building
intensity independently of
the programmatic
composition

FSIx = F/A

GSI demonstrates the
relationship between built
and non-built space

GSIx = B/A

The density of the network
refers to the concentration
of networks in an area.

Nf = (Σli+(Σle)/2)/A

Fx = gross floor area (m2)
A = total landscape area (m2)

Bx = footprint of (m2)
A = total landscape area (m2)
li = area of the interior network (m)
le = area of edge network (m)
A = total landscape area (m2)

HBR reviews the number of HBR = Nh/N
buildings over 18 meters
Nh: number of buildings over 18 m.
compared to the total
N: number of total buildings
number of buildings
For every landcover class,
the coverage of space is
expressed as a percentage

PLANDi = ((∑nj=1 aij )/ A)*100

PD equals the number of
patches in the landscape
divided by the total area,
which reflects the density of
patches

PD = (N/A)*1000*100

The standard deviation of
Euclidian nearest neighbour
indicates the regularity of
the landscape

SD_ENN=sd(ENN[patchi])

aij = area (m2) of patch ij;
A = total landscape area (m2)

N = total number of patches in the
landscape.
A = total landscape area (m2)

ENN measures the distance to the
nearest neighbouring patch of the
same landcover class i.
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Sensitivity study to determine spatial scale
The spatial scale could be defined in various ways (Berghauser Pont & Haupt, 2009). The spatial scale
influences the output of the analysis, which is known as MAUP. The MAUP describes the dependence
of output statistics on the subjective definition of the ‘area’ (Ståhle, 2008). The initial spatial units
follow the administrative boundaries of the neighbourhood as defined in the dataset of the CBS.
However, administrative boundaries as research boundaries can be criticized. The original urban
planning strategies were based on bigger areas including multiple neighbourhoods. One of the common
Dutch urban planning sizes is a hectare (van der Valk, 2002). Besides, projected boundaries are more
suitable for an objective study (Berghauser Pont & Haupt, 2009). Therefore, the MAUP has to be
tackled by finding an optimal spatial scale, in other words, the optimal grid cell size. The optimal grid
cell size is settled based on an iteration of quantifying the spatial indicators. The iteration uses various
grid cell sizes to determine the output of the spatial indicators. The optimal grid cell size covers the
smallest areal unit which still results in divergent outputs.
To determine the optimal spatial scale, a selection of the original neighbourhoods functioned as
research areas. To decrease analysis time, a subset of 10 neighbourhoods of the original example
neighbourhoods is taken. This subset includes 2 neighbourhoods per configuration style. The outputs
of the selected neighbourhoods represent the configuration styles correctly, as most of the values are
comparable to the average per configuration style (table 5 in the result section). The subset includes
Bijlmer Oost (E,G,K), Chassébuurt, Da Costabuurt, Indische Buurt West, Osdorp-Midden, OsdorpOost, Tuindorp Nieuwendam, Van Lennepbuurt, Volewijck and Westindische Buurt. For each
neighbourhood, the spatial indicators were quantified iterative using various grid cell sizes. For each
neighbourhood, smaller spatial units of 100 by 100 m, 200 by 200 m, 300 by 300 m, 400 by 400 m and
600 by 600 meters are generated based on the centroid of the original neighbourhood. Literature has
shown that a projected grid with a grid cell size between 300- and 800-meters result in a more accurate
result (Albert et al., 2017; Berghauser Pont & Haupt, 2009; Zhang & Kukadia, 2005). Besides, smaller
sizes such as 100 meter are included, as this is the reference size of building blocks in urban design
plans (Albert et al., 2017). Therefore, a sensitivity study is conducted to determine the optimal spatial
scale. The terms raster grid cell size and spatial unit are defined as the length of the edge of the cell
within the projected grid. The outputs of the smaller grid cell sizes were compared to the output of
analysis based on the full administrative extent. The relative error per grid cell size and per spatial
indicator is generated. If the relative error is close to 1, the indicator is prone to the MAUP. The relative
error is computed by dividing the difference between the output of the smaller grid cell size and the
full administrative extent by the value of the full administrative extent. The relative error functions as
the indicator to determine the optimal spatial unit for the next research step.
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3.2.3. Coverage of landcover classes based on spectral data
A couple of steps had to be taken before remote sensing data is suitable for this research. The first step
to recognize urban configuration styles is to convert spectral data into a landcover raster. The input
spectral datasets were resampled to a spatial resolution of 1 by 1 meter and reprojected to ensure
alignment. Besides, the input datasets were clipped to the research area boundary of the municipality
of Amsterdam. The extent of the spatial units is determined in the previous analysis during the
sensitivity study. To create the spatial units, the spectral data layers are mosaiced together. In the
software of ArcGIS Pro (ESRI, 2011) the mosaic is split into smaller tiles following the optimal grid
cell size. As the results of the sensitivity study have pointed out to include two grid cell sizes (300 and
600 meters), the remaining analyses are performed on both grid cell sizes.
To classify spectral data into a landcover raster, the random forest classifier is preferred due to its
accuracy and simplicity (Chaturvedi & de Vries, 2021). The random forest classifier utilizes predictor
variables to create a response. The first decision of excluding the class ‘private’ as a response class is
based on the overlapping spectral characteristics. The distinction of an urban area is private or public
is considered rather as a land-use function than a landcover class. Urban private areas consist of
gardens and areas close to buildings. The spectral characteristics of this class are hard to distinguish
from other classes such as vegetation. Besides, the shadow effect of buildings makes it even harder to
obtain clean spectral values. For these reasons, the classification was executed with only the landcover
classes of buildings, infrastructure, vegetation and water. The predictor variables of this research are
the spectral rasters and the elevation model (AHN4). The initial classification of spectral data was
based on merely the red, green and blue bands of the Superview-1 satellite. To improve the
classification, additional input datasets were added, resulting in a second conversion based on red,
green, blue, near infrared (NIR), digital terrain model (DTM), digital soil model (DSM) and canopy
height model (CHM) input layers. The training dataset consists of 240 ground truth points, which
represent the four landcover classes of build-up area, infrastructure, vegetation and water. The
accuracy of the classification methods is assessed based on visual inspection. Prior knowledge of
landcover class distribution is compared to the predicted landcover map.
The ranger algorithm is used to classify the input data into landcover classes. This algorithm is a fast
implementation of random forest in the environment of R. The classification algorithm of random
forest is used widely to classify landcover classes (Ghimire et al., 2012; Isaac et al., 2017; Jun, 2021;
Ruiz Hernandez & Shi, 2018). The random forest classifier is a supervised machine learning algorithm,
which consists of multiple decision trees. The Random Forest method takes random subsets from the
training dataset and constructs classification trees using each of these subsets. A classification tree is
a tree-like flowchart with branches and nodes. The nodes of the decision trees represent the thresholds
defined for the measured variables in the dataset. Branches are the class labels assigned at the termini
of the trees. Sampling many subsets at random will result in many trees being built. Classes are then
assigned based on classes assigned by all of these trees based on a majority rule as if each class assigned
by a decision tree were considered to be a vote (Masiliunas, 2021). Building numerous trees to create
a random forest consumes time, therefor the computation time is reduced by predicting the landcover
classes based on a projected grid of spatial units. Information regarding hyperparameter settings are
included in annex 8.3.
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Comparison of predicted landcover map (spectral data) to TOP10 dataset
Both datasets of the landcover map based on the spectral data and the TOP10 show landcover classes
in Amsterdam with a spatial resolution of 1 by 1 meter. The comparison of the two datasets is
performed on five selected tiles, which are based on the location within the representative
configuration style. The tiles are located in the Costabuurt, West Indische buurt, Volewijck, Osdorp
Oost and Bijlmer Oost. The size of the tiles compromises a 600 by 600-meter area. The tiles of the
predicted landcover map form the boundary extend, where identical spatial units for the TOP10 dataset
are generated. The percentage per landcover class is determined for both predicted landcover and the
TOP10 tiles using Fragstats (McGarigal, 2015). The landcover class spatial distribution and the
quantitative characteristics will be compared.
3.2.4. Recognition of urban configuration styles
The predicted landcover tiles compose the input data for the spatial indicators stated in table 3. All
seven spatial indicators are calculated for every tile. Afterward, the output values of the spatial
indicators are compared to the ranges per configuration style generated in research question 2. To
determine which configuration style fits the landcover tile the best, a point crediting framework is
created. If the output value of the landcover tile falls in the range of the configuration style, a point is
assigned to the corresponding configuration style. The configuration style which obtained the most
points is considered as the output configuration style. If the score of multiple configuration styles
coincides, the configuration style is selected in the following order: urban blocks, closed blocks, garden
villages, open blocks, heterogeneous neighbourhoods. As stated earlier, this recognition of
configuration styles is performed for two grid cell sizes (300 and 600 m) and by use of two different
ranges (68% and 95% confidence interval).
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4 Results
4.1

Spatial information regarding urban configuration styles

In this section, the results of the literature review concerning urban configuration styles implemented
in the Netherlands are delineated. The figure below shows the urban expansion of Amsterdam in a
chronological map Figure 5. Annex 8.6 describes background information concerning the urban
expansion of Amsterdam, divided into three time periods. This study has selected six urban
configuration styles, including urban blocks, closed blocks, garden villages, open blocks, high-rise
housing and heterogeneous neighbourhoods (Figure 6). The categories of Figure 5 correspond mostly
to the temporal categories of Figure 6. The information entails characteristics of the living environment
and landcover information. Examples of these characteristics are the configuration and appearance of
the buildings, the road network and other public space.

Figure 5 Chronological development map
of Amsterdam (Rutte, 2016)

Figure 6 Temporal overview of urban
configuration styles

1. Urban blocks (1880 – 1910)
The urban configuration style of urban blocks dates back to
1880, which implies that the Housing act of 1901 was not active
yet. The design of the building blocks resembles the lack of
authority by the government (Lörzing et al., 2008). This urban
configuration style is typified by the high number of coverages
by buildings, such as in the Helmersbuurt (Figure 7). This style
is not uniform, where building heights differ from
neighbourhood to neighbourhood. Neighbourhoods based on
this style are located near the city centre. In general, the building
plots are compact and located close to the street. The street
pattern is almost geometric and the number of streets is limited
(Rutte, 2016). Some small adjustments at nodes result in a mix
of geometrical street networks with some organic elements. In
this compact style, there is barely any space allocated for public
means, like a green park or water canals. However, during the
early urban renewal (1975-1990) neighbourhoods based on the
style of the urban blocks were adjusted. In some cases, big
renovations entailed adding small, connecting streets and
replacing a whole building plot with public space.

Figure 7 Topographical map of
Helmersbuurt
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2. Closed blocks (1910 – 1940)
The closed blocks style is characterized by the influence of the government and the housing
associations (Lörzing et al., 2008). The design of the neighbourhoods is symmetrical and highly
uniform, as shown in the Transvaalbuurt (Figure 8, (Gemeente Amsterdam, 2007c). The blocks are
closed with plain facades. The building height is uniform and contains around 3 stories (Gemeente
Zutphen, 2021). Street networks are designed efficiently and are geometric. Yet, the total share of
infrastructure is low, as the car was exceptional during construction of the configuration style, The
amount of public space is limited to small parks (Figure 8). Neighbourhoods of this style show high
variety in land use functions, containing shops and business areas. Therefore, the number of different
landcover and land use functions is high compared to the total area.
3. Garden villages (1910-1955)
Sir Ebenezer Howard is known as the founder of the garden city movement (March, 2004). The style
of the garden villages focusses on the small-scale design of neighbourhoods. The neighbourhoods offer
the ambiance of a village (Velde, 1968). The design includes low building heights and a complex street
network, for example in Volewijck (Figure 9, (Gemeente Amsterdam, 2007d)). Most of the buildings
merely contain two stories and a sloping roof. This style allocates space to squares and green parks.
This style is typified as irregular and has various smaller land cover patches.
4. Open blocks (1935 – 1975)
The style of open blocks is known by multiple names. In this research, the open blocks style includes
early-modernism, heropbouw and modernism (Kuipers, 2002; Mepschen, 2016). These styles are
combined as their spatial typology is similar and often multiple of these styles are found within a
neighbourhood, such as in Geuzenveld (Figure 10, (Gemeente Amsterdam, 2007a). The open block
style is characterized by its accessibility and openness. The building height varies from low up to
medium height. The shape of residential buildings could be placed in parallel straight lines, rectangular
shapes which enclose a square of public space or even in L-shaped blocks (Rutte, 2016). The spatial
relationship of the building and the street network is strong, as the ratio of the amount of infrastructure
to the amount of building is high (Kuipers, 2002). This style is characterized to retain mainly residential
buildings rather than industry, which enlarges the regularity of the design.

Figure 8 Topographical map of
Transvaalbuurt (Closed blocks)

Figure 9 Topographical map
of Volewijck (Garden villages)

Figure 10 Topographical map
of Geuzenveld (Open blocks)
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5. High-rise housing (1960 – 1975)
The urban configuration style of high-rise housing is typified by the detached high-rise buildings
located in a spacious green environment, for example the original plan of the Bijlmermeer (Figure 11,
(Gemeente Amsterdam, 2007b)). The buildings have up to ten stories. The amount of infrastructure
remained low. The proportion of green and water in this style is high. Despite its potential, the spacious
green environment was experienced as unsafe, which resulted in adding more buildings instead of
green parks (Lörzing et al., 2008). The green surrounding in neighbourhoods of this style yet remains
valued. The high-rise buildings help humans to recognize their location and orientate their directions.
The silhouette of the city is highly influenced by this configuration style.
6. Heterogenous neighbourhoods (1975 - now)
Cities are always adapting (Feddes & Mader, 2012). To solve spatial problems, the government has
proposed reconstruction and redesigning plans of outdated neighbourhoods, such as the Bijlmermeer
East area (Figure 12). The urban renewal during the 1970s and 1980s focused on enlarging the number
of social housing buildings. Besides, the introduction of new connector roads, squares and vegetation
plots has encouraged the atmosphere of these neighbourhoods. The urban renewal of the last decades
is typified for its variety, implementing a great number of forms, materials and details (Lörzing et al.,
2008). These urban renewal projects result in a blend of urban configuration styles. The mix of design
principles offers a neighbourhood great variety in multiple dimensions, such as land covers, the share
of infrastructure and green structure (Rutte, 2016).

Figure 11 Maquette of Bijlmermeer (1965)
(High-rise housing)

Figure 12 Topographical map of
Bijlmermeer Oost (current situation)
(Heterogenous neighbourhoods)
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4.2

Measuring urban landscape

4.2.1. Quantification of the urban landscape
The combination of all spatial indicators enables the distinction between configuration styles. The
spatial relation between these five landcover types is assessed by a multitude of seven spatial
indicators. The initial results were corrected for outliers, the corrected outputs summarized per
configuration style could be found in Table 3. The outputs of the spatial indicators are shown as the
95% and the 68% confidence ranges. The outputs per neighbourhood including the outliers are
disclosed in annex 8.4.
The urban block configuration style is typified for its high range of FSI and GSI. The percentage
covered by buildings conforms the densely build style of the urban blocks. The spatial indicator
combination of network density and percentage of infrastructure coverage show that the amount of
infrastructure is high. The share of open space (vegetation or water) is low.
The closed blocks configuration style is characterized by its high FSI indicator. However, the GSI and
the total share of building coverage is lower compared to the urban block configuration style. This
shows that the building height of the closed blocks style is higher compared to the urban blocks. The
patch density and the standard deviation of the Euclidean nearest neighbour are both high. These values
describe the variation and fragmentation of the urban landscape. The closed blocks design appears to
be relatively varied.
The garden villages configuration style could be recognized by its small ranges of all indicators.
Besides, the low values of FSI and high building ratio distinct this configuration style from the other
styles. The share of vegetation is high and the patch density range outstands the other ranges. This
shows that the garden villages style is typified for its varied spatial distribution of landcover classes.
The open block configuration style is described by the high network density and high building ratio.
Comparing the high FSI and low GSI values show that the building height is higher than the other
configuration styles. Due to the stacking of the buildings, more space is allocated as public space,
which is recognized by the share of vegetation and water. The patch density is low, which shows that
the landcover class patches tend to be larger instead of multiple small patches.
The heterogenous neighbourhood configuration style is typified for its great variety, which is reflected
in wide ranges. Many of the spatial characteristics’ ranges start with at the minimum value of zero in
the 95% confidence interval. Looking at the 68% interval concludes that the heterogenous
neighbourhood style possesses a high standard deviation of the Euclidean nearest neighbour, which
indicates that the spatial distribution of landcover classes is varied. Besides, the coverage of vegetation
and water are high. The general amount of open space could distinct the heterogenous neighbourhood
style from the other styles.
The numbers of the ranges are prone to the selection of initial spatial unis (Figure 4). As noted before,
the outputs are filtered on outliers. However, the sensitivity of initial data should be noted. This
influence could be lowered by taking more initial spatial units per configuration style.
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Table 3 Quantitative ranges (95-confidence interval) of spatial indicators per configuration style
(based on 2 standard deviations)
Configuration
Urban blocks

Spatial
indicators
FSI

Styles
Closed
blocks

Garden
villages

Open
blocks

Heterogenous
neighborhoods

(0,89 – 1,65)

(0,75 – 1,26)

(0,19 – 0,46)

(0,27 – 1,01)

(0,00 – 1,21)

GSI

(0,24 – 0,43)

(0,24 – 0,34)

(0,13 – 0,24)

(0,12 - 0,27)

(0,00 – 0,34)

N

(0,41 - 0,72)

(0,33 – 0,58)

(0,42 – 0,59)

(0,69 – 0,86)

(0,27 - 0,61)

HBR

(0,02 – 0,08)

(0,00 – 0,09)

(0,00 – 0,00)

(0,00 – 0,17)

(0,00 – 0,09)

(24 - 43)

(24 – 33)

(13 - 24)

(21 - 27)

(0 – 34)

(28 – 50)

(31 – 54)

(43 – 66)

(47 – 58)

(24 – 67)

(0 – 15)

(0 – 8)

(3 – 26)

(2 – 32)

(0 – 47)

(0 – 20)

(0 – 16)

(0 – 14)

(2 – 12)

(0 – 30)

(10 – 19)

(7 – 27)

(1 – 9)

(0 – 13)

(0 – 18)

PD

(1157 – 3001)

(697 – 31777)

(1355 – 7060)

(815 – 2055)

(432 – 2647)

ENN_SD

(0,0– 13,7)

(0,0 – 29,5)

(0,9 – 8,1)

(3,3 – 12,8)

(0,0– 46,7)

PLAND

Buildings
Infrastructure
Vegetation
Water
Private space

Table 4 Quantitative ranges (68-confidence interval) of spatial indicators per configuration style
(based on 1 standard deviation)
Configuration Styles
Spatial
indicators
FSI

Urban blocks

Closed
blocks

Garden
villages

Open
blocks

Heterogenous
neighborhoods

(1,08 - 1,46)

(0,88 - 1,13)

(0,26 – 0,40)

(0,46 - 0,83)

(0,30 - 0,90)

GSI

(0,29 - 0,38)

(0,26 - 0,31)

(0,16 - 0,21)

(0,16 - 0,23)

(0,09 - 0,25)

N

(0,48 - 0,64)

(0,39 - 0,51)

(0,47 - 0,55)

(0,73 - 0,82)

(0,35 - 0,52)

HBR

(0,03 - 0,06)

(0,02 - 0,07)

(0,00 - 0,00)

(0,04 - 0,13)

(0,02 - 0,07)

(29 – 38)
(34 - 45)
(4 - 11)
(5 – 15)

(26 - 31)
(37 - 48)
(2 - 6)
(4 - 12)

(16 - 21)
(49 - 60)
(11 - 28)
(4 - 11)

(3 - 26)
(50 - 55)
(10 – 25)
(5 – 10)

(29 - 26)
(35 - 56)
(12 – 35)
(8 – 23)

PD

(1618 - 2540)

(8467 – 24007)

(2781 – 5634)

(1125 – 1745)

(986 - 2093)

ENN_SD

(3,4 - 10,3)

(4,9 - 14,6)

(2,7 - 6,3)

(5,7 - 10,4)

(11,4 - 34,3)

PLAND

Buildings
Infrastructure
Vegetation
Water
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4.2.2. Sensitivity study determine spatial scale
In general, the raster grid cell size of 600 by 600 meters has the lowest mean relative error (Table 5).
This entails that taking all spatial indicators into account, the size of squares of the projected grid
should be 600 by 600 meters. However, zooming into specific spatial indicators show that the outputs
of HBR, percentage of land covers of green and water, have a great variety at smaller area sizes. This
could be explained by the fact that the output of these spatial indicators scores relatively low in Table
3 and Table 4, which indicates that these indicators are more prone to the MAUP. For example, the
high building ratio determines the number of buildings above 18 meters compared to the number of
buildings lower than 18 meters. Table 4 shows that in all configuration styles the HBR is relatively
low, which indicates that just a small number of high buildings are found in Amsterdam. If the research
area size is smaller but remains to cover a small number of high buildings, the ratio will enlarge
sharply. Comparing the enlarged ratio based on the smaller size to the original ratio results in a high
relative error. This shows that the spatial indicators of HBR, PLAND vegetation and PLAND water
are more sensitive to MAUP.
Excluding the spatial indicators of HBR, PLAND vegetation and PLAND water, the raster grid cell
size of 300 x 300 meters has the lowest mean relative error (Mean-2, Table 5). These spatial indicators
are concerned as less important and therefore excluded to determine the mean relative error based on
merely the important spatial indicators.
The determination of the optimal raster grid cell size is answered when both suggested grid sizes are
used for the classification of the spectral data into urban configuration styles in the next research step.
Taking all indicators into account would enlarge the comparability to the methods of classifying
topographical data. However, removing less important spatial indicators improves the accuracy of
classifying spectral data. The computation time of running the classification with multiple grid sizes
is unnoteworthy. For these reasons, will both research area sizes of 300 by 300 meters and 600 by 600
meters are chosen to run for classification of the spectral data.
Table 5 Relative error of spatial indicators determined per spatial unit
Spatia
l scale

FSI

GSI

HBR

N

PD

SD_ENN

100
200
300
400
600

0,29

0,31

0,22

0,26

0,27

PLAN
D
Infra
0,34

PLAND
Vegetation

0,32

PLAN
D
Build
0,31

0,31

0,3

0,54

0,26

0,29

0,26

0,29

0,29

0,21

0,35

0,38

0,38

0,62

0,51

0,51

PLAN
D
Private
0,56

Mean

Mean
-2

0,81

PLAN
D
Water
1,17

0,85

0,23

0,31

0,57

0,37

0,75

0,87

0,38

0,62

0,35

0,33

0,55

0,21

0,22

0,73

0,89

0,3

0,56

0,30

0,18

0,33

0,96

0,13

0,22

1,1

0,22

0,19

0,72

0,80

0,31

0,61

0,36

0,12

0,14

0,45

0,60

0,17

0,48

0,38
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4.3

Urban configuration coverage of spectral data

This section includes the results of the classification of the spectral data into landcover tiles and the
classification. The classification will be performed twice: a grid with a cell size of 300 by 300 meters
and a grid with a cell size of 600 by 600 meters. After classification of the spatial units, they are called
landcover tiles.
Conversion of spectral data to landcover raster
Aiming to keep the classification as simple as possible, initially, the Random Forest algorithm was
performed with only the red, green and blue bands of the Superview-1 spectral dataset (Figure 13a).
As shown in Figure 13b, the classification is unsuitable. The landcover class of buildings is hardly
recognized. Buildings are classified as infrastructure and vegetation. Besides, the landcover class of
vegetation (green) is mixed with the landcover class of water. Literature has shown that additional
information as predictors for the algorithm increases the accuracy of the classification (Yoshida &
Omae, 2005). To increase the accuracy, the input datasets of the near-infrared and elevation model
(DTM, DSM and CHM) are added as predictors to the Random Forest classifier algorithm. As shown
in Figure 13c, the classification has improved. Buildings are separated from infrastructure well, due to
the elevation data. Moreover, the water and vegetation classes are split correctly. The locations of the
classified vegetation pixels, which are close to buildings and along the road, corresponding to the
previous description of the urban configuration styles. The classification taking all predictors into
account, as shown in Figure 13c, is considered adequate to continue to the next step of comparing the
predicted landcover raster to the TOP10 dataset.

Figure 13 a. aerial picture, b. classification based on RGB, c. classification result of all input layers
Comparison of TOP10 dataset and predicted landcover raster
Combining the quantified landcover coverages (Figure 14), the spatial distribution (Figure 15a-e) and
prior knowledge, the predicted landcover map is concluded as the better input dataset to recognize
spatial patterns in urban areas. This dataset covers the current landcover information better. The private
areas should not be categorized as a distinct class as this class is a land-use class rather than a landcover
class. Besides, the underestimation of vegetation coverage in the TOP10 dataset shows an unreliable
situation of the urban area. For these reasons, the predicted landcover dataset is used to recognize urban
configuration styles in the next research step.
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The most striking difference is the increase of vegetation coverage in the predicted landcover class,
which seizes differences of 10%. Comparing the quantified numbers of landcover class coverage of
the TOP10 dataset to the predicted landcover raster reveals differences in coverage of buildings,
infrastructure, and private areas as well (Figure 14). These differences can be explained by the fact
that the predicted landcover raster is based on spectral data, which only shows the top layer. Besides,
the private class is only included in the TOP10 dataset, as this class is too complex to predict based on
spectral data. For some areas, this difference can be related to the difference in private coverage and
infrastructure coverage. Private areas consist of gardens, where vegetation is often planted. Besides,
considering the example in the introduction of mature trees next to the roads, show the relation of a
higher percentage of vegetation coverage and a lower infrastructure coverage. The coverage of
building landcover class is higher for the predicted landcover raster almost for every tile. The increase
can be explained by the fact that small buildings in private areas are classified as buildings in the
predicted raster. Besides, small boats in the canals are predicted as buildings. However, these pixels
are classified as water in the TOP10 dataset.

Figure 14 Quantified coverage of landcover classes per tile
shown by dataset
Visually inspecting the spatial distribution of the landcover classes helps to understand how the
datasets differ from each other. Figure 15a and 16c show that the pixels of the private area are predicted
as vegetation and buildings. However, Figure 15b and 16e show that private areas are also predicted
as infrastructure. This can be explained with prior knowledge that Dutch gardens are often paved,
which resemble the spectral characteristics of infrastructure. The effect of trees hanging over other
landcover classes can be seen in Figure 15b, 16d, and 16e, where streets and walking paths inside the
parks are not recognized during the landcover prediction of spectral data.
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Figure 15 a-e (a. left top, b. right top, c. left middle, d. right middle, e. bottom) Landcover maps of
TOP10 dataset (left) and predicted landcover map (right)
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4.4

Recognition of urban configuration styles

The various scenarios have shown the sensitivity of the classification framework. In general, the areas
in the southwest are classified as heterogeneous neighbourhoods in all scenarios. Therefore, the
configuration style of heterogenous neighbourhoods recommended be subdivided into more specific
configuration styles. Comparing scenarios of the 300-meter grid to the 600-meter grid conclude that
the variance in the spatial distribution in configuration style is larger for the 300-meter tiles. The spatial
distribution of the configuration styles for the 300-meter tiles corresponds more to information found
in the literature (chapter 4.1) (Lörzing et al., 2008; Rutte, 2016) than the spatial distribution of the 600meter tiles. For these reasons, the size of 300 meters is concluded as the favourable raster grid cell
size. Besides, comparing the confidence intervals, the 68% confidence interval is concluded as the
favourable range. The 95% confidence interval ranges show too much overlap. Especially the range of
the heterogeneous neighbourhoods is too large, which resulted in an overestimation of classified areas.
The 68% confidence interval enables better distinction between configuration styles.
The classification of the landcover tiles of 300 by 300
meters into configuration styles has resulted in recognition
of all five configuration styles (shown as categories in
Figure 16). The style of urban blocks was mostly found in
the centre of Amsterdam, which corresponds to the
background information given in chapter 4.1. However,
some areas in the North-west were classified as urban
blocks. This could be explained by the fact that the
harbour of Amsterdam is located in the North-west area.
The spatial characteristics of the harbour area resemble the
urban blocks style, as the landcovers of build-up area and
infrastructure dominate the design. The style of closed
blocks was identified close to the urban block style, which
is close to the city centre. This coincides with the
description of the configuration style in chapter 4.1,
however, the areas in the Northeast part of Amsterdam
were recognized as closed blocks as well. This part of
Amsterdam mostly consists of a polder landscape and
small-scale housing facilities. Regarding the bigger spatial
scale of 600 m, this area is not considered as a closed block
design. However, as the tile size was merely 300 by 300
meters, these housing facilities fell inside a research area Figure 16 urban configuration styles
and small parts of the North-east area are considered as for tile sizes 300 meters (95confidence range)
closed blocks areas.
The urban configuration style of the garden villages was expected to be dominant in the Northern part
of Amsterdam. Despite the sparse recognition of the garden villages style in the North, this style was
not dominant in this area. Throughout the full extent of Amsterdam smaller areas of this urban
configuration was found. The style of open blocks was hardly recognized. Yet, the recognition of these
configuration styles formed a spatial pattern. The open block areas were found close to the urban
blocks or closed blocks areas. Plenty of areas was recognized as heterogeneous neighbourhoods style.
The high number of areas classified as this configuration style can be explained by the great range of
spatial indicators (Table 3). As the ranges of the heterogeneous neighbourhood style are big, the output
values per tile have a higher chance to appear within the range. Therefore, the number of points of the
heterogenous style is higher than the number of points of other configuration styles in a large share of
areas (annex 8.5).
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The classification of the landcover tiles of 600 by 600
meters into configuration styles contains all configuration
styles as well (Figure 17). The urban block style was
noticed in the city centre, which coincides with the
previous analysis based on the 300-meter tiles. Besides, a
small number of areas in the North-west were classified
with the urban blocks style. The configuration style of
closed blocks was scattered throughout the full extent of
Amsterdam. Some areas were found close to the urban
block style, however, others were found in the outer edges
of the North-west and the northeast. The explanation of
finding unattached closed blocks areas rather than a
combination of connected areas lies in the spatial
characteristics of the closed blocks areas. The ranges of
the spatial indicators of the closed blocks areas are
overlapping much with the ranges of the heterogeneous
neighbourhoods. However, the range of the spatial
indicator concerning the amount of green coverage is
bigger for the heterogeneous neighbourhood than the
closed blocks. The bigger range allows more values to fall
within the range. For this reason, the heterogenous style
will have comparable points as the closed blocks style.
Figure 17 Urban configuration styles
The configuration style of the garden villages is hard to for tile sizes 600 meters (95
recognize and is found sparsely in the Northern part of confidence range)
Amsterdam. Besides one area close to the city centre and
one area in the south-east area are classified as the garden villages style. In general, this configuration
style is applied on a wider scale in Amsterdam, as described in chapter 4.1. Furthermore, the
configuration style of the open blocks is hard to recognize as well. The areas classified as open blocks
are located close to the garden village areas. Additionally, some areas close to the city centre are
classified as open blocks. This spatial relation could not be explained by comparable spatial indicator
ranges (Table 3Table 3 Quantitative ranges (95-confidence interval) of spatial indicators per
configuration style (based on 2 standard deviations)). The areas which are classified as open blocks
areas show likewise high scores for the other configuration styles. In the end, the configuration style
of heterogenous neighbourhoods is allocated as the correct configuration style to most tiles. This
phenomenon is explained during the interpretation of the 300-meter tiles.
The initial classification shows that the coverage of the configuration style of heterogenous
neighbourhoods is overestimated. As written before, the ranges of spatial indicator values are relatively
big. To decrease the overestimation, the ranges were adjusted to a smaller range based on merely one
standard deviation from the mean (Table 4). This resulted in a smaller range to credit areas as a
configuration style. Therefore, this has resulted in an overall lower score for every configuration style.
However, the spatial distribution of configuration styles has increased as shown in Figure 19 and
Figure 18.
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Figure 19 Urban configuration styles for
Figure 18 Urban configuration styles for
tile sizes 300 meters (68 confidence range) tile sizes 600 meters (68 confidence range)
The spatial distribution of configuration styles is completely different if the range of the spatial
indicators is adjusted, which shows the level of sensitivity of the point crediting system. The share of
heterogenous neighbourhoods has declined significantly. However, the pattern of newly (re)build
neighbourhoods is still recognisable.
The 300-meter grid shows a remarkable distribution of configuration styles in the city centre. The
urban blocks configuration style was expected to be present in the city centre, but the closed blocks
style appears to be dominant. The urban morphology resembles much for these two configuration
styles (Table 4). The overlap of the ranges explains the confusion of expected distribution and
predicted distribution. The scattering of the urban block configuration style is likewise shown in the
classification of two standard deviation. The scattering of other configuration styles such as garden
villages has increased for the classification with smaller ranges. The definition of classifying an area
as a configuration style became stricter with a smaller range, therefore is the overall score for all
configuration styles lowered. Yet, it is remarkable that the share of open blocks configuration style is
minimal. This configuration style is still not recognized much. In the previous section, the reason for
overlapping ranges is mentioned. These overlapping ranges still influence the classification after
declining the range (Table 4).
The 600-meter grid shows a big coverage of the garden villages configuration style. This big share can
be explained by the range of the high building ratio indicator. As explained in section 4.2.2., the
sensitivity study has shown that the high building ratio is prone to the MAUP. The high building ratio
indicator appears to be zero for many grid cells. Solely the range of the garden village configuration
style includes the value of zero. Due to this reason, the garden village style outstands most scores of
other configuration styles. A big share in the North-west is expected, as the polder region spectral
characteristics resemble the morphology the most to the garden village configuration style. The
configuration style of open blocks is recognized various times. The areas classified with an open blocks
style are located in the Northern half of Amsterdam. However, a clear spatial pattern lacks.
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5 Discussion and recommendations
This thesis has drawn an urban configuration compensation framework to use spatial indicators to
classify spectral data into configuration styles, which enable analysis based on up-to-date data.
However, the downside of using spectral data is that the data value is determined by the top layer, such
as vegetation determining the data value if vegetation is overhanging a street. In urban areas, space is
scarce and landcover classes are stacked vertically. Analysis of the urban morphology based on remote
sensing data will accordingly become more complex. This research proposed a framework where
spectral data is first classified into a landcover class and subsequently classified into urban
configuration styles. If areas are classified per configuration style and detect focus areas, additional
information can be analysed per configuration style. The results of this thesis show the potential of the
urban configuration compensation framework, however, some limitations of the results should be
noted.
Methodology
The spatial distribution of the classified configuration styles was expected to follow the distribution of
the urban extension (Figure 5). However, all classification scenarios result in a scattered distribution
of configuration styles. As the classification into configuration styles is the result of the framework
consisting of a multitude of research steps. Some discussion points to improve research steps are
recommended.
Selecting urban configuration styles
One limitation of this framework is the number of configuration styles taken into account. The
configuration styles included in this research were based on the case study area of Amsterdam, but this
selection falls short if this framework is applied to other cities. If this framework is applied to another
city, the spatial characteristics per configuration style of the selected city have to be studied first. The
urban expansion plans, history and design styles should be evaluated. Additional configuration styles
could be quantified by using the stated spatial indicators. The remaining part of the framework,
including the spatial indicators, grid cell size and conversion of spectral data into landcover data, could
be applied to the new configuration styles without further adjustments.
Selecting spatial indicators and performing sensitivity study
The selection of spatial indicators determines the accuracy of distinction of the configuration styles
based on their urban morphology. The complete set of metrics should therefore enable to description
of as many dimensions of the urban morphology as possible. However, to retain the model
understandable and reproducible, the spatial indicators should boost the separation of configuration
styles to minimize unimportant indicators. The trade-off between including more spatial indicators and
retaining an understandable model has resulted in the selection of seven spatial indicators (Table 2).
However, after reviewing the results, including more spatial indicators could increase the ability to
determine the heterogeneous neighbourhood configuration style from the other styles.
The space syntax theory was considered during the selection of the spatial indicators. This theory dives
into describing the network density of urban areas comprehensively. This theory incorporates a
distinction between types of infrastructure. The space syntax method enables to analyse of how a street
relates to all others in a town or city (Van Nes & Stolk, 2012). Software implications can calculate
indicators such as topological distance (street integration based on the number of direction changes),
geometrical distance (street integration based on angular relationships), and metrical distance (Hillier
et al., 2009). Besides, Zhang et al. (2018) proposed the road connectivity indicator, which measures
the proportion of four-way intersections. These indicators are more extensive than the network density
indicator retrieved from the space matrix theory. Including these indicators offer an opportunity to
separate configuration styles based on their network.
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Besides, the potential of additional spatial indicators from the landscape metrics theory should be
reviewed. This theory divides spatial metrics into six classes based on their aim. The complete set of
spatial metrics explores the characteristics concerning area edge, shape, core area, contrast,
aggregation, and diversity of the landscape. The spatial metrics included in this research entail the
percentage of land area, patch density and the standard deviation of the Euclidian nearest neighbour.
These spatial metrics describe the landscape based on the area edge and aggregation characteristics.
Including spatial metrics that analyses the landscape based on other characteristics, such as shape, core
area, contrast or diversity, could improve the separation between configuration styles.
The map area unit problem is tackled by an iterative sensitivity study. However, these research areas
are based centroid of the administrative boundary of the neighbourhood. The administrative boundary
cuts off the research areas at the edges, which results that the intended size of the research area is not
fully applied to neighbourhoods with an irregular shape. Increasing the area size intends to create a
bigger square inside the neighbourhood. However, if the neighbourhood possesses a rectangular shape,
the training area size is allowed to increase in merely one dimension as the administrative boundary
will cut off the training area size in the other dimension. This negative aspect emphasizes the
unfeasibility of using administrative boundaries for this classifying urban configuration styles.
Moreover, the sensitivity study to determine the spatial scale could be based on normalized spatial
indicators. The normalization of predictors influences the classification (Gareth et al., 2013). Besides,
the importance of the spatial indicators could be studied in order to conclude which spatial indicators
are useful to include. The spatial indicators should be examined on collinearity. The classification is
influenced if the predictors are correlated. For these reasons, further research is recommended to
examine the relation between the selected spatial metrics and the sensitivity study.
Classification of spectral data into landcover raster
The review of Chaturvedi and de Vries (2021) focussed on comparing machine learning algorithms
applied in the research field of land-use planning. The authors have reviewed algorithms such as
Random Forest (decision trees), support vector machine and convolutions neural networks. Although,
the fact that the Random Forest classifier is applied widely in the research field of GIS, this review has
pointed out the advantages of other algorithms. The literature review has pointed out that support
vector machines could outperform the Random Forest if the study aims to find land-use patterns. As
the classification of the landcover map into urban configuration styles include landcover pattern
recognition, should be noted that the support vector machine has great potential.
The classification of spectral data into landcover classes depended on the Random Forest classifier.
The input data is pre-processed before performing the machine learning algorithm. At first, the
presence of clouds was inspected to determine to the applicability of a cloud mask. The spectral data
only contained clouds at the industrial site, which are emitted by the factories. The spectral values of
these clouds resembled the values of white buildings. Filtering out these values would result in filtering
out buildings with a white top layer. As the number of pixels containing clouds was limited and the
risk of excluding important pixels, the cloud pixels were not filtered out.
The Random Forest classifier is performed multiple times to find the optimal model performance. The
performance was visually assessed as evident misclassifications were present. Yet the performance
should be assessed based on model statistics as well. The performance of a classification model can be
quantified by the error ratio. Including a validation training set during estimation of the model
performance enables to the possibility to examine the accuracy of the model. This reflection step lacks
in the current research steps as a test dataset is lacking. However, dividing it into a train and a validation
dataset could enable an estimation of the test error. Further research is recommended to implement
cross-validation (Gareth et al., 2013) to estimate the test error. Moreover, the research of Albert et al.
(2017) utilizes the Urban Atlas catalogue as reference map. The Urban Atlas (European Union, 2011)
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is an open-source land use dataset, which covers more than 300 European cities. At the moment, the
catalogue is deficient in landcover data of the urban area of Amsterdam. However, checking the
availability is recommended for further research.
With the final settings (annex 8.3) of the model still, some water pixels are incorrectly classified as
buildings. Comparing these areas to the original spectral data point out that these areas are covered by
vessels (Figure 13c). The misclassification into buildings could be explained by the parallel spectral
values of vessels and buildings. This misclassification could be improved by combining multiple
spectral datasets of different timestamps. Combining various datasets even out the presence of moving
objects, such as vessels. In short, the final model refrains the perfect classification of landcover classes.
Seasonality plays an important role in the region of Amsterdam as well. Public organisation have taken
summer images as default, but they are currently taking winter images into account as well. This
research is focused on tackling the problem of vertically overlapping landcover classes. In Amsterdam,
the most occurring example of this problem is vegetation overhanging another landcover class.
Seasonality has an influence on the magnitude of the vegetation. Starting in spring the magnitude
increases as deciduous vegetation starts to create new leaves. At the end of the fall season the size of
the vegetation decreases again. As vegetation is expected to overlap other landcover classes, the
coverage of vegetation consequences multiple spatial indicators. For example, the spatial indicator of
network density is affected if areas of infrastructure are incorrectly classified as vegetation. To estimate
the size of the effect by seasonality, the classification should be performed during multiple timestamps.
If the seasonality problem appears to be considerable, this problem can be solved by adding training
data on locations with a vertical overlap of landcover classes, which could increase the accuracy of the
classification. Besides, the landcover raster should be inspected on scattered classes. The classified
raster could be smoothened based on the assumption that landcover patches should be larger than a
threshold size. Further research is recommended to explore the influence of seasonality.
Classification into urban configuration styles
The classification of the landcover tiles into configuration styles depended on the point crediting
framework. The point crediting framework is designed to merely select the configuration style
possessing the highest score. The lack of a threshold results in the selection of a configuration style
that is relatively the best. Two types of thresholds could be examined. An absolute threshold enables
a minimal number of resemblance before classification into a configuration style. The results of 8.5
show that some areas are classified without a point for the configuration style. A relative threshold has
the potential to set a minimal difference in scores of configuration styles. For example, the scores of
all configuration styles to the score of configuration style of heterogeneous neighbourhood show a
small difference in score (annex 8.5). Improving the selection of the matching configuration style by
comparing the score among configuration styles, can increase the accuracy of selecting the correct
configuration style.
The point crediting framework is performed on two ranges of spatial indicators of the configuration
styles, namely ranges based on one standard deviation and ranges based on two standard deviations.
Adjusting the ranges has shown the sensibility of the final classification into configuration styles. The
final classification could be improved by executing the point crediting system multiple times. Multiple
scenarios could be reviewed, such as with normalized ranges.
Besides, the point crediting system could be replaced totally by integrating the spatial indicators into
the Random Forest classifier. The methodology of Ruiz Hernandez and Shi (2018) proposed to
implement spatial indicators as predictor layers in the Random Forest classifier algorithm. This
methodology could be executed for the classification part of the urban configuration compensation
framework. The current methodology of this thesis excluded the proposed methodology of Ruiz
Hernandez and Shi (2018) due to its limitation in applicability of urban areas without high-rise housing.
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However, reviewing the results conclude that the number of high-rise buildings in Amsterdam is
negligible. Further research is recommended to explore the potential of integrating the spatial
indicators into the Random Forest algorithm. Another way to automate the final classification step, is
to use the original spatial indicator values instead of the ranges as training data for a Random Forest
classifier.
Input data
The importance of correct input data is stressed multiple times. This thesis started with the assumption
that spectral data is accessible to urban planners and covers the current landcover information
correctly. Aside from the need to use spectral data, several datasets were downloaded with
considerations. First, the input data of this research had to be open-source data. In literature suggestions
to comparable open-source datasets were found. Second, these datasets are currently the most recent
datasets available. Third, datasets were selected on the highest spatial resolution accessible. Despite
these conditions during data collection, some remarks should be noted concerning the input data.
In an ideal situation this framework would be based on two input datasets, namely RGB images and a
topographical dataset (such as a zoning plan). However, during this research the BAG and elevation
data was necessary to increase the accuracy of the analysis. Besides, the CBS neighbourhood dataset
is used to quantify the initial spatial characteristics per configuration style. Once these numbers are
quantified, the neighbourhood dataset becomes redundant.
The topographical dataset TOP10-vector determines an important part of this research, namely the
spatial indicator ranges of the configuration styles and the threshold values to classify areas into
configuration styles. The Dutch governmental platform of PDOK shares topographical data in various
formats. The number in the name entails details of the spatial resolution of the dataset. The TOP10
dataset possesses the finest spatial resolution compared to the other topographical datasets, but the
downside is that this dataset is merely distributed in a vector format. This dataset should be rasterized
prior to the quantification. Furthermore, this dataset incorporates extensive information regarding the
landcover classes. The extensive information in the TOP10 dataset had to be reclassified in the
research-specific landcover classes. This reclassification pointed out several drawbacks. The locations
allocated as buildings in the TOP10 dataset were observed to fall short after comparison to other
topographical datasets. Therefore, the BAG dataset was incorporated to determine the build-up areas.
Complexities were found during reclassifying detailed areas into the selected landcover classes. The
TOP10 dataset included areas that were classified as sand, the research-specific landcover classes
matched this information completely. Visual observation concluded that the sand areas were located
close to infrastructure or sand areas formed infrastructure (walking path), consequently the sand areas
were reclassified as infrastructure. A similar difficulty was faced in the graveyard areas. Further
inspection pointed out that the spatial characteristics of graveyard resemble the characteristics of
vegetation. For this reason, graveyard areas were reclassified in the vegetation landcover class. In the
end, the reclassified TOP10 data is compared to aerial pictures. This visual inspection has identified
the lack of recognition of trees alongside infrastructure in the TOP10 dataset. The aerial pictures show
the expected lines of trees planted along streets. However, the TOP10 dataset has classified these
locations as infrastructure. This shows the problem of landcover classification at places with a vertical
overlap of various landcover classes.
The BAG dataset could be criticized for the possibility to be outdated. The latest, accessible dataset
containing height characteristics dates from 2020. As this dataset is the only dataset available with
these statistics, this dataset is selected nevertheless the possibility of being outdated. Besides, the
height information could be retrieved from the DTM of the elevation model, which would make the
BAG dataset redundant.
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This framework is focused on reviewing the current state of urban morphology. Further research could
include future perspectives as well. The linkage of topographical or statistical data is possible via the
classified configuration styles. Future scenario studies could be based on the linkage of extra
information to the classified urban areas. The benefit of performing a future scenario study includes
the formulation of redesigning advice. The redesigning advice could be based on multiple factors, such
as green infrastructure and the density of facilities. Assessing the current state of these characteristics
is crucial to point out areas that benefit from urban renewal.
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6 Conclusion
The objective of this research was to formulate a framework to connect spectral datasets using spatial
pattern recognition in favour of detecting configuration styles. The results show that the spatial patterns
of configuration styles are recognised and distinguished. The classification of configuration styles
enables urban planners to detect focus areas.
Various configuration styles were applied in Amsterdam during urban expansion, including urban
blocks, closed blocks, garden villages, open blocks, high-rise housing and heterogeneous
neighbourhoods. These styles can be separated based on their spatial characteristics. This research
focuses on assessing the current state of Amsterdam. To locate configuration styles, the original
expansion plans were compared to the current state of the area. The style of high-rise housing is not
recognized in the current state of the project areas. The remaining five configuration styles are still
recognizable in different parts of Amsterdam.
The spatial patterns of the configuration styles were successfully described by the selected set of spatial
indicators. The set of indicators assessed various spatial dimensions of the urban morphology. The
density of the urban morphology was assessed by spatial indicators of FSI, GSI, HBR and N. The
spatial indicators of PD and SD_ENN examined the aggregation of the urban area. The PLAND
explored the area coverage per land cover class. The combination of the spatial indicators enabled the
distinction of configuration styles.
The optimal spatial scale to classify the configuration styles is concluded to cover an area of 300 by
300 meters. The output of the classification depends on the research area size. To find the optimal area
size, a sensitivity study was iterated for varying area sizes. The outputs per spatial unit were compared
to the output values of the full neighbourhood extent. The comparison of the original value to the
varying area sizes pointed out that some spatial indicators are more prone to the MAUP. Taking all
spatial indicators into account results in the conclusion that the optimal area size equals 600 by 600
meters. However, the area size of 300 by 300 meters is preferred if the spatial indicators of HBR,
PLAND vegetation and PLAND water are excluded.
The classification of spectral data in configuration styles starts with converting the spectral datasets
into landcover classes. Converting the spectral data into landcover classes by the Random Forest
classifier had shown that merely taking the red, green and blue bands into account resulted in a poor
classification. Including elevation data and NIR values increased the accuracy. The classified
landcover raster is compared to the original topographical dataset. Combining the quantified landcover
coverages, the spatial distribution and prior knowledge, the predicted landcover map is concluded as
the better input dataset to recognize spatial patterns in urban areas. This dataset covers the current
landcover information better. The private areas should not be categorized as a distinct class as this
class is a land-use class rather than a landcover class. The most striking difference is the increase of
vegetation coverage in the predicted landcover class, which seizes differences of 10%. The
underestimation of vegetation coverage in the TOP10 dataset makes this dataset unreliable to analyse
the current situation of the urban area.
Subsequently, the predicted landcover raster is used as input data for the spatial indicators to determine
spatial patterns. Applying the spatial indicators indicated the influence of the design of the point
crediting framework. The spatial indicators were quantified for both the 300 by 300 and the 600 by
600-meter spatial unit sizes. Besides, the classification is performed for both 68%-confidence interval
and the 95%-confidence interval. However, the point crediting framework determined which spatial
indicators were included during the classification of the urban configuration styles. The results have
shown that the optimal approach consists of taking the area size of 300 by 300 meter and the 68%confidence interval.
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8 Appendix
8.1

Annex 1. Content of the zip file

Contents in zip file accompanying this thesis report:
8.2

Folder with R scripts, input data and output data
Folder with Fragstats software, models and input data
Folder with ArcGis pro files, 1 model made in model builder, maps
Powerpoints of both midterm and final presentation

Annex 2. Boolean expressions for literature review

Table 8.1: Key search terms for the literature review per research question
Topic

Search terms

Research question 1:

-

What main urban configuration patterns
are present in Amsterdam and what does
their green infrastructure look like?

-

Research question 2:
How can these urban configuration
patterns be quantified by spatial
indicators?

Research question 4:
How can these urban configuration styles
be recognized by using spectral data?

8.3

-

"Urban configuration" OR “urban design” OR “urban
structure” AND "west-Europe"
"Urban configuration" OR “urban design” OR “urban
structure” AND "indicators"
"GIS" AND "classification" AND "urban"
“Green infrastructure” AND “urban”
“Urban metrics” OR “landscape metrics” AND “GIS”
“Spatial metrics” AND “urban morphology”
“GIS” AND “Pattern recognition”
“Modifiable areal unit problem”
“Modifiable areal unit problem” AND “landscape
metrics”
“Urban land use classification”
“Supervised classification” AND “landcover”
“Random forest classifier” AND “urban”
“Machine learning” AND “landcover”

Annex 3. Parameter setting Random Forest classifier

This appendix contains a snip of the code implemented in Rstudio to run the Random Forest
algorithm. The ranger package is used to execute the classification.
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Table 8.2 Hyperparameters of Random Forest algorithm
Hyperparameters

Settings

Mtry

Square root of the number variables: 2

Minimal node size

1

Maximal tree depth

unlimited

Replace

True

Splitrule

‘gini’

Seed

132

Importance

Permutation

8.4

Annex 4. Extended information on spatial indicators

This annex provides an extensive description of the spatial indicators and an overview of data per
example neighbourhood. This description includes the aim of each indicator, how it is calculated and
research-related choices. The metrics are derived from the theories of space matrix (Berghauser Pont
et al., 2019; Milgen, 2016; Rutte, 2016; Van Nes et al., 2012) and landscape metrics (Leitão et al.,
2012; McGarigal, 2015).
Floor space index (FSI)
The variable of FSI quantifies the relation of built floor area to the total land area of the landscape. In
this way, a quick calculation identifies the land use density. The floor space index is based on the gross
floor area (F) divided by the base land area (A). To quantify the indicators based on the example
neighbourhoods, the variable of base land area (A) is determined by the administrative boundaries of
the neighbourhood dataset (CBS). The base land area is calculated as the total area of the
neighbourhood of interest. Berghauser Pont and Haupt (2009) arguments why projected boundaries,
such as an arbitrary grid, are more suitable for an objective study. This approach is used in a later stage,
for the determination of the optimal spatial scale. The optimal spatial scale could be determined when
the quantification of the example neighbourhoods is finished.
The gross floor area (F) within a neighbourhood is calculated by summing all surfaces, measured per
floor (Berghauser Pont & Haupt, 2009). The BAG dataset provides information concerning the
footprint (B) and height of the building. Based on the height the number of floors could be determined.
Multiplying the number of floors by the footprint results in the gross floor area. The footprint (B) of
the buildings is measured at ground level along the perimeter of the building. This method excludes
overhanging or underground built areas. In order to calculate the gross floor area (F), the net heights
of the buildings should be known. The BAG dataset contains height statistics of buildings in the
Netherlands. Subtracting the ground level height (attribute: ‘h_maaiveld’) from the heights measured
at the roof (dd_h_dak_70p) results in the net building height. The dataset contains several attributes of
the roof height, which correspond to the different measurement calculations of the Technical
University of Delft. This research chose to take the height of the roof based on the calculation at the
70th percentile of all samples at the roof as this is proposed by the data provider. When the building
height is known, the number of stories could be determined. The average story height in a Dutch
building is estimated at 3 meters. The number of stories is calculated as an integer number, which
includes rounding down the output numbers.
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Ground space index (GSI)
GSI measures coverage of buildings of the land area. This measurement expresses the footprint of the
buildings (B) compared to the base land area (A) as a percentage. The methods to determine the base
land area and the footprint is described in the section of the floor space index.
Network density (N)
The variable of N analysis the infrastructure in the landscape. It expresses the meters of infrastructure
per square meters of the total landscape (A). The network length (L) includes all types of infrastructure
in the public space. Examples of multiple infrastructure types are main roads, side roads and walking
paths in a park. Besides, public spaces such as squares are included as well, as these function as walking
infrastructure too. The total area of the public area is categorized in internal and external network
infrastructure. Only half of the external network contributes to the district of interest (Berghauser Pont
& Haupt, 2009). The sum of the internal network and half of the external network will form the network
length. If the infrastructure is located within 5 meters of the external boundary, it is considered an
external network. All infrastructure located more than 5 meters from the boundary is considered
internal infrastructure.
High building ratio (HBR)
Liu et al. (2017) has shown, including analysis on the building height increases correctness of
distinction between configuration styles. The high building ratio is defined as the number of high
buildings divided by the total number of buildings in the landscape. A building is considered as a high
building when the total height is at least 18 meters (Liu et al., 2017).
Percentage of landscape (PLAND)
The metric of (PLAND) indicates the percentage per landcover class compared to the total area of the
landscape (Leitão et al., 2012). The composition of the landscape is quantified in an intuitive way of
the share of the landcover classes. PLAND could inspect whether a landcover class dominates the
landscape or that the land covers are scattered across the landscape.
Patch density (PD)
The fragmentation of the landscape could be assessed by the PD metric. The metric of patch number
occupies the total number of patches within a landscape (Leitão et al., 2012). To enable comparison
between multiple landscapes of various sizes, the patch number could be converted to patch density.
The patch density expresses the number of patches per spatial unit. The spatial unit of 100 hectares is
widely used in research (Aguilera et al., 2011; Liu et al., 2017). When the patch density is relatively
high, this implies a high number of single patches rather than a low number of big patches. However,
the use of patch density as only indicator offers a limited interpretation. The distribution of the patch
areas is not included. This measurement focuses on merely the number of patches and excludes the
size of the patches. Therefore, the combination with PLAND enables the explanation of the spatial
characteristics of the landscape in a better way.
Standard deviation of Euclidian nearest neighbour (SD_ENN)
The SD_ENN describes the regularity of the patterns in the research area (Herold et al., 2005). The
distances between patches of the same landcover class are calculated. The standard deviation is
determined per landcover class and shows the variation of distance between the landcover patches. In
the software of Fragstats the spatial metric of standard deviation of Euclidian nearest neighbour is
analysed on landscape level. As this summarises the standard deviation of all landcover classes into
account and tells something about the regularity of the complete landscape rather than the regularity
of one landcover class.
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Table 8.3: Spatial indicator values per example neighbourhood
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1
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(outlier)
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0,0
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1,9
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0,0
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31,9

4,7

1,9
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3,0
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10,5
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1,1
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5,2

6,0
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2,9
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1,2
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16,5
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6,7

2,5

7,4
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9,4

3,3
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Tuindorp Oostzaan

3

Van Lennepbuurt

1

Volewijck

3

Westindische Buurt

2

Zuid Pijp

2

0,2
7
1,2
1
0,3
3
1,0
3
1,0
9

0,1
7
0,3
4
0,1
7
0,2
8
0,3
0

0,7
9
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0
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1
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3
0,5
8

0,0
0
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3
0,0
0
0,0
2
0,0
3

7,0
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4,4
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27
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0,0
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19,1
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5,9

27,9

42,6

2,8

8,3

18,4

29,7

40,5

0,0

9,8

19,6

Configuration styles
1. Urban blocks
2. Closed blocks
3. Garden villages
4. Open blocks
5. Heterogenous neighbourhoods
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Annex 5. Configuration style classification

Table 8.4 Point crediting system of 300 x 300 meters compared to 68% confidence interval
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Annex 6. Historical overview urban expansion of Amsterdam

To ensure suitable urban planning and redesigning advice, it is important to understand the temporal
and spatial contexts (Marcucci, 2000). For these reasons, the urban expansion of Amsterdam will be
described chronologically. The first time period is from the initial settlement around 1000 up to the
1800 century, followed by the initiation of industrialization (1800-1900) and the last period includes
the urban development of roughly the last century (1900 – 2020). Figure 5 (page 19)shows the temporal
and spatial contexts visually. This map already clarifies the expansion by rings surrounding the old
city centre.
Early history (1000 – 1800)
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Amsterdam’s history starts around the year 1000, when the first settler arrived in this area (Alders,
2009). The map of early Amsterdam differs from other settlements from the same era. Many other
cities began at a strategic point, for example at a defendable height. Yet, Amsterdam consisted of strips
of buildings along both sides of the river (Feddes & Mader, 2012). Even nowadays it is possible to
recognize this thin configuration style in the city center. In the centuries up to 1200 multiple natural
disasters had triggered the Dutch to hydraulic engineering (Leeuwen, 2003). In the 13th century, the
groundwork for Amsterdam was made by digging drainage canals and establishing a connected dike
network (Feddes & Mader, 2012). At the same time disappeared all rural elements within the city
boundaries, which allowed the city to densify. The urban population grew from 1000 residents (year
1300) up to 3000 (the year 1400). The city kept on attracting people, which resulted in 10.000 residents
in 1500 (Feddes & Mader, 2012). However, the expansion of the city area was limited to merely
projects on the east and south (figure 8.1). In the next century, the city densified sharply and living
conditions became cramped. But the success of the Vereenigde Oostindische compagnie (VOC)
offered the city great economic opportunities (Gaastra, 2016). The city was expanding in the western
area and the number of residents grown up to 200.000 in 1670. This glory period for Amsterdam was
followed by a long period of wars (Eighty Years’ war and war against England), where the urban
expansion was restrained. In 1672 Amsterdam lost its position as trading center when France and
England decided to stop funding the Netherlands in their battle against Spain (Feddes & Mader, 2012).
Up to the 18th century the population hovered around 230.000 residents. The city was not expanding
anymore but focused on reconstructing old buildings.

Figure 8.1: ‘Gezicht op Amsterdam in vogelvlucht’ by Cornelis Anthonis in 1538 (Bird’s-Eye view of
Amsterdam)
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Initiation of industrialization (1800 – 1900)
In 1851 the introduction of the Local Government Act allowed the authorities under Minister J.R.
Thorbecke to intervene with the poor living conditions. Up to this point, Amsterdam’s boundaries
remained the same during the 18th century and the first half of the 19th century. Modernization in
England inspired the authorities to upgrade the infrastructure with railways and the North Sea Canal
(Feddes & Mader, 2012). The excavation of the North Sea Canal revived the economical position of
Amsterdam, as big vessels could reach the city. The stimulation of the economy allowed the initiation
of industrialization (Zanden, 1987). The industry was shifting towards steam-driven machinery. The
growing economy of Amsterdam offered employment opportunities, which attracted a lot of people.
The demolition of old city walls was driven by the need for more dwellings, as the population increased
to 317.000 inhabitants in 1880. In the meantime, mister J.G. van Nifrik drafted a plan for urban
expansion (1867) (figure 8.2), however this plan was too expensive. Nifrik’s plan proposed plenty of
public space and wide streets to ensure daylight would have reached inside houses (Dijkstra, 1999).
However, after the decline of Niftrik’s plan, the Kalff Plan (1877) was drafted, which oversaw
expansion in a shape of a belt around the city centre (figure 8.3, (Buurman & Kloos, 2005)). The
southern municipality borders are shifted in 1896 to allow more space for constructing buildings.
Despite the increasing number of residential areas, the housing shortage remained, because the number
of inhabitants boosted up to 511.000 in 1900 (Feddes & Mader, 2012).

Figure 8.2 (left): Expansion plan for Amsterdam drawn by Van Niftrik in 1866 (De Klerk, 2008) (p.
258)
Figure 8.3 (right): The expansion plan of Jan Kalff (1877)
The era of the urban planners (1900 - now)
In the last century, the responsibility of urban expansion has been put in the hands of professional
urban planners (Gehl, 2010). In 1901 the Housing Act was introduced, which permitted the city council
to demolish poor-quality dwellings (Buurman & Kloos, 2005). The first buildings in Amsterdam
according to the new rules of the Housing Act was delivered in 1909. Around the same time, Hendrik
Petrus Berlage drew the first versions of Plan South (figure 8.4). Plan South included both aesthetical
values and social dimensions of urban areas. The First World War (1914-1918) delayed the realization
of major expansion plans, but provoked the establishment of a small airfield in 1916 which later
became Schiphol (El Makhloufi & Kaal, 2011). In 1921 the size of the city tripled, which stimulated
the population to grow up to 750.000 inhabitants in 1930 (de Liagre Böhl, 2010). A couple of years
later, Mr. Cornelis van Eesteren was commissioned to draw up the General Extension Plan (Algemeen
Uitbreidingsplan, AUP) (Rossem, 1993). In the meantime, the Afsluitdijk was opened in 1932, which
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resulted in the shift of harbor activities to the west alongside the North Sea Canal (Buurman & Kloos,
2005). The AUP was approved by the city council in 1935 (figure 8.5). Yet, the AUP extensions were
prevented due to the economic depression and the Second World War. During the war Amsterdam
refrained from being bombed, however reconstruction was needed. Besides, the baby boom and
followed by the trend of smaller households had put pressure on the housing market. These factors
triggered the construction of residential areas such as the Western Garden Cities (1951), Buitenveldert
(1958), Amsterdam North (1958) and Bijlmermeer (1965) (Feddes & Mader, 2012). During the
construction of these projects, it became clear that traffic and transport grew fiercely. The Amsterdam
Rhine Canal was opened in 1952 and the municipality was drawing plans for a ring road. Besides auto
traffic, the municipality was looking into plans for a light rail network too.
Aside from the densification of the city, in 1966 the Second Memorandum on Spatial Planning was
published in the Netherlands (Regeringsnota aan de Tweede Kamer, 1966). This memorandum
described plans to aim attention to growth cores near great cities (for example Alkmaar). In the 1970s
locations for social housing were assigned on a large scale. However, the debate concerning largescale plans in Amsterdam had already started before these projects. The large-scale plans conflicted
with the mindset of the 1970s, which focused on the human dimension and individuals (Booker, 1981).
The disagreements were expressed by action groups squatting in empty buildings. With these actions,
the action groups wanted to bring attention to the potential of decayed buildings. However, on 24
March 1975, the tension exploded into a battle concerning the demolition of big building plots for the
construction of the metro line from Amsterdam central station to Bijlmermeer (Feddes & Mader, 2012).
The influence of the squatter movement had reached its height during the coronation of Queen Beatrix
(1980). Under the lead of city councilor Jan Schaefer, the city government attempted to combat the
deteriorated image of Amsterdam. In 1985 the structure plan ‘De stad centraal’ was drawn, which
introduced a new urban configuration style of the compact city (Buurman & Kloos, 2005). The plan
assured an increase in mobility and a revitalization of the existing city. The plan pointed out ambitions
to renew post-war reconstruction areas and the Bijlmer area. Besides, the former harbour areas and
islands in the northeast offered great potential to implement the new type of urbanization. Afterward,
the Western Garden Cities became a focus of the municipality to restructure. The hypocentre of
business and financial services was assigned to the areas of the South Axis and Sloterdijk. In 2007
Amsterdam decided together with neighbour cities from the direct region, to rename itself as the
Metropolitan Region Amsterdam. This shift translates the relocation of attention of future plans:
Amsterdam will focus rather on its region than on the southern wing of the Randstad (Buurman &
Kloos, 2005).

Figure 8.4 (left): Second version of Plan Zuid (1917), Amsterdam, by H.P. Berlage (Taverne, 1993)
(p. 233).
Figure 8.5 (rigth): ‘Algemeen Uitbreidingsplan’ (AUP) of Amsterdam by Cornelis van Eesteren
(1935) (‘General expansion plan’)

