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Summary

Rapid urbanization and population growth are challenging sustainable urban
development. To deal with this, urban planners require updated land information to better understand the status of urban environments. Acquiring such
information, however, is labor-intensive and time-consuming if carried out
as a traditional field survey. With such survey it is also hard to get a rapid
update. Remote sensing techniques serve as eﬀective means to collect data
on urban environments at various level of spatial details. Remote sensing
images are therefore of great interest for extracting land use information
over urban areas. The research described in this dissertation investigated
and developed image analysis methods to extract urban land use information from remote sensing images. It focused on using very high resolution
(VHR) satellite images with a spatial resolution below 1 m, and explored the
potential of incorporating open source data.
First, an object-based method for urban land cover classification was developed. This method was targeted at two issues: obtaining an optimal image segmentation and distinguishing buildings from other man-made objects.
It built a binary partition tree to hierarchically represent image segmentations. The optimal segmentation was obtained by unsupervised evaluation
of segmentations using energy minimization. The method quantified the directional relationship between building and shadow objects using fuzzy sets
classifying land cover at two diﬀerent levels. The land cover classification
was applied to Pléiades images from Wuhan, China. It performed better
than a maximum likelihood classifier and a support vector machine. The
directional information eﬀectively improved the separability between building and other man-made objects.
Second, a hierarchical method based upon a binary partition tree was
developed for urban road extraction. It highlighted a road region of interest,
containing a set of segments, preliminarily obtained from a remote sensing image, while reducing the eﬀects of vegetation, shadow and buildings.
The road region of interest was hierarchically represented. Geometrical and
structural information were considered within a region model and fused using
fuzzy logic. Based on geometry, meaningful road segments were automatically extracted based upon two uncertainty related measures. Implementation
was performed on a Pléiades image from Wuhan, China, and on a Quickbird
image from Enschede, The Netherlands. Results showed that this method
was able to group adjacent small segments of a high spectral heterogeneity
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and low road-like geometrical properties. It formed meaningful road sections,
and performed better than two traditionally used methods.
Third, a framework based upon a Bayesian network for urban land use
extraction was developed. It started from urban land cover classification,
proceeded to characterization of spatial arrangement by building types, and
resulted in urban land use extraction. The spatial arrangement was characterized by quantifying the distribution of building types within a land
use unit. A Bayesian network integrating the spatial arrangement and land
use indicators was constructed to represent and to infer urban land use.
Implementation of this framework was performed on a Pléiades image from
Wuhan, China. Results showed that the spatial arrangement information significantly improved the accuracy of urban land use extraction. The Bayesian
network method produced results comparable to other commonly used classifiers. This framework suited to extract urban land use from VHR images
at local scale.
Fourth, a Bayesian classification of urban land use from VHR stereo
images was investigated. Particular attention was paid to the incorporation of open source data for improving classification accuracy. Open Street
Map data were incorporated into fuzzy decision trees based upon hierarchical Bayesian models for optimizing fuzzy rules. Scene classification results
were produced by a pretrained convolution neural network with fine tuning
using a UC Merced land use dataset. These were incorporated into a previously developed framework for urban land use classification. Experiments
were conducted on GeoEye stereo images from Oklahoma, US. Results confirmed the transferability of the developed framework. Incorporating open
source data further improved the urban land use classification. Moreover,
data-driven and knowledge-driven methods were combined using Bayesian
methods. This resulted into an increase in classification accuracy.
To summarize, this dissertation focused on extracting urban land use in
an object-based image analysis setting, by means of analyzing urban land
cover obtained from VHR images. The associated uncertainties were handled
by both fuzzy sets and Bayesian methods. In this sense, this dissertation
contributes to provide a framework for urban land use extraction and a set
of targeted image analysis methods for extracting information from VHR
remote sensing images.
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Samenvatting

Snelle verstedelijking en bevolkingsgroei vormen een uitdaging voor duurzame
urbane groei. Om hier mee om te gaan, hebben stedelijke planners regelmatig bijgewerkte informatie nodig om de actuele toestand van de stedelijke
omgeving beter te begrijpen. Het verzamelen van dergelijke informatie is
echter arbeidsintensief en tijdrovend wanneer het uitgevoerd wordt door
middel van een traditionele veldstudie. Met een dergelijke studie is het
ook moeilijk om een snelle actualisering te krijgen (van de gegevens). Aardobservatie technieken dienen als een eﬀectief middel om gegevens over de
stedelijke omgeving te verzamelen op verschillende niveaus van ruimtelijk detail. Aardobservatie beelden zijn daarom heel interessant om informatie te
vergaren over stedelijk landgebruik. Het onderzoek beschreven in dit proefschrift onderzocht en ontwikkelde beeldanalyse technieken om informatie over
stedelijk landgebruik te halen uit aardobservatie beelden. Het richtte zich
vooral op zeer hoge resolutie (VHR) satellietbeelden met een ruimtelijke resolutie kleiner dan 1 meter en verkende de mogelijkheid van het betrekken
van openbare data (bij de analyse).
Als eerste werd een op objecten gebaseerde methode voor de classificatie van stedelijke landbedekking ontwikkeld. Deze methode richtte zich
op twee onderwerpen: het verkrijgen van een optimale beeldsegmentatie en
het onderscheiden van gebouwen van andere door de mens gemaakte objecten. De methode bouwde een binaire partitie boom om beeld segmentaties op een hirarchische manier te representeren. De optimale segmentatie
werd verkregen door on-gesuperviseerde evaluatie van de segmentaties met
gebruik van energie minimisering. De methode kwantificeerde de op richting gebaseerde relatie tussen gebouw en schaduw objecten, gebruikmakend
van fuzzy verzamelingen om land bedekking te classificeren op twee verschillende niveaus. De land bedekkings-classificatie werd toegepast op Pléiades
beelden van Wuhan, China. Het gaf een beter resultaat dan een maximale
aannemelijkheidsclassificatie en een support vector machine. De informatie
gebaseerd op richting bracht een eﬀectieve verbetering in het onderscheid
tussen gebouwen en andere door de mens gemaakte objecten.
Als tweede werd een hirarchische methode gebaseerd op een binaire partitie boom ontwikkeld voor het extraheren van urbane wegen. De methode
benadrukte een aandachtsgebied voor wegen, dat een verzameling segmenten bevatte, verkregen uit een aardobservatie beeld, terwijl het de eﬀecten
van vegetatie, schaduw en gebouwen reduceerde. Het aandachtsgebied voor
v
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wegen werd hirarchisch gerepresenteerd. Geometrische en structurele informatie werden gewogen in een regio-model en samengevoegd met fuzzy logica.
Gebaseerd op geometrie werden betekenisvolle weg-segmenten automatisch
gextraheerd op grond van twee op onzekerheid gebaseerde maten. De methode werd gemplementeerd op een Pléiades beeld van Wuhan, China, en op
een Quickbird beeld van Enschede, Nederland. De resultaten lieten zien
dat deze methode in staat was om aangrenzende kleine segmenten met een
hoge spectrale heterogeniteit en lage weg-achtige eigenschappen te groeperen.
Het vormde betekenisvolle wegsecties en leverde betere resultaten dan twee
traditioneel gebruikte methoden.
Als derde werd een op een Bayesiaans netwerk gebaseerd raamwerk ontwikkeld gebaseerd op een Bayesiaans netwerk voor het extraheren van stedelijk
land gebruik. Het startte met de classificatie van stedelijke land bedekking en
karakteriseerde vervolgens het ruimtelijke arrangement via types gebouwen
en resulteerde in de extractie van stedelijk landgebruik. Het ruimtelijk
patroon werd gekarakteriseerd door het kwantificeren van de verdeling van
gebouw types in de landgebruikseenheid. Een Bayesiaans netwerk dat het
ruimtelijke patroon en de landgebruiksindicatoren integreerde werd geconstrueerd om stedelijk landgebruik te representeren en af te leiden. Dit raamwerk werd toegepast op een Pléiades beeld van Wuhan, China. Resultaten
lieten zie dat informatie over het ruimtelijk patroon significante verbetering
bracht in de nauwkeurigheid van de extractie van stedelijk landgebruik. Het
Bayesiaanse raamwerk produceerde resultaten vergelijkbaar met die van andere algemeen gebruikte classificaties. Dit raamwerk is geschikt om stedelijk
landgebruik te extraheren uit zeer hoge resolutie (VHR) beelden op lokale
schaal.
Als vierde werd een Bayesiaanse classificatie van stedelijk landgebruik onderzocht op basis van VHR stereo beelden. Speciale aandacht werd geschonken aan het incorporeren van openbaar verkrijgbare gegevens om de nauwkeurigheid van de classificatie te verhogen. Open Street Map gegevens werden
verwerkt in fuzzy beslisbomen, gebaseerd op hirarchische Bayesiaanse modellen om de fuzzy beslisregels te optimaliseren. Classificatie resultaten van
beelden werden geproduceerd door een van tevoren getraind convolutie neuraal netwerk, met een fijnregeling die gebruik maakt van een US Merced bestand van landgebruik gegevens. Dit werd verwerkt in het eerder ontwikkelde
raamwerk voor de classificatie van stedelijk landgebruik. Experimenten werden uitgevoerd op GeoEye stereo beelden van Oklahoma, Verenigde Staten.
Resultaten bevestigden de overdraagbaarheid van het ontwikkelde raamwerk.
Het verwerken van openbaar verkrijgbare gegevens verbeterde de classificatie
van stedelijk landgebruik verder. Bovendien konden, via Bayesiaanse methoden, methoden gedreven door gegevens gecombineerd worden met methoden gedreven door kennis. Dit resulteerde in een toename van de classificatie nauwkeurigheid.
Samenvattend richtte dit proefschrift zich op het extraheren van stedelijke
landgebruiksinformatie in een op objecten gebaseerde beeldanalyse omgeving. Door stedelijke grondbedekking, verkregen uit VHR beelden, te analyseren. De daarmee verbonden onzekerheden werden meegenomen via zowel
fuzzy verzamelingen als Bayesiaanse methoden. Op deze manier draagt dit
vi

proefschrift bij aan het leveren van een kader voor extractie van het stedelijk
landgebruik, dat gebaseerd is op een verzameling geschikte methoden voor
beeldanalyse om informatie te verkrijgen uit VHR aardobservatie beelden.
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1.1 Land use
Land use is characterized by ”the arrangements, activities and inputs by
people to produce, change or maintain a certain land cover type” (FAO/UNEP,
1999). It concerns the use of land by humans, and is distinguished from land
cover which refers to the biophysical properties of earth surface. Land use
is directly influenced by human activities. Human activities use land for
various purposes including food, settlement, energy, etc. This results into
land use for agricultural, residential and commercial activities. Land use is
commonly distinguished between rural and urban land use, due to variety
in population density and socio-economic developments. This study focuses
on urban land use. In urban areas, the land is mainly used for residential,
commercial, and industrial activities, whereas agriculture and mine lands
rarely occur within urban boundaries. Human activities are aﬀected by environmental and climatic factors. These factors therefore also influence land
use. An interesting example concerns the use of land by people in relation
to vulnerability of natural hazards and climatic perturbations, thus aﬀecting
the decisions on land use (Anwar, 2014).
Land use information is essential to understand the interactions between
humans and the environment across diﬀerent spatial and temporal scales
(Müller and Munroe, 2014). It is important for e.g. land management planners when analyzing the evolution of human-environment interactions. Such
interactions can be linked to socio-economic factors. Such links can help to
develop solutions for sustainable use of resources.

1.2 The need for urban land use
Today, 54 percent of the world’s population resides in urban areas, and this
figure is expected to rise to 66 percent by 2050 (UN-Habitat, 2016). Along
with the rapid population growth, urban areas have also expanded remarkably. Seto et al. (2011) report an increase in global urban areas of 58,000
km2 from 1970 to 2000, and estimates that the increase will be nearly tripled
by 2030. Such rapid urbanization has transformed the spatial form and functionality of cities. The transformations of the spatial form can be seen from
the extent, pattern and density of built-up areas, access to transportation,
and connection to rural areas, while functional transformations can be elaborated upon in terms of social, economic, and environmental aspects of cities.
Urbanization brings potential opportunities to people by means of generating wealth, creating jobs, and promoting the quality of life. It is essential
for fostering the prosperity of cities, and in this way has an eﬀect on the
global economy. Urbanization, however, is facing enormous challenges. Examples are the growth of slums and informal settlements, transportation,
resource scarcity, inequality and insecurity, and climate change to mention a
few. These challenges hinder the development of cities in a sustainable way,
and potentially cause social conflicts and environmental hazards. Sustainable urban development is thus globally called for making future cities envir2
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onmentally sustainable and resilient, socially inclusive, safe and violence-free,
and economically productive (UN-Habitat, 2016).
To achieve these goals, land use planning acts as an eﬀective tool to
address urban challenges and guide sustainable development, by means of
negotiating future land and resource uses by all relevant stakeholders (GIZ,
2012). Urban land use information is fundamental for conducting land use
planning over urban areas. As urbanization is proceeding at an unprecedented speed and magnitude, updated and detailed urban land use information
is thus urgently needed by urban planners, decision makers and researchers
in order to make urban development sustainable.

1.3 Geospatial methods for land use extraction
Advancements in geospatial techniques, including Geographical Information
Systems (GIS), remote sensing, database system, spatial statistics, and geovisualization, have greatly promoted the development of the way that land
use data are collected, stored, managed, analyzed and visualized (Thakur
et al., 2012). Land management and planning departments have used geospatial techniques to derive and manage diverse thematic maps related to
land cover and land use. Nowadays, land-related maps have been derived
from multisource geospatial data, including remote sensing images, field survey observations and other ancillary data, whereas GIS has been used as an
eﬀective tool for management and visualization.
Urban planners require thematic and topological urban land information
at fine spatial details to plan cities at local scale. Traditionally, extraction
of such land information is mainly based upon field survey, which is costly
for large areas, in particular for a whole nation. The development of remote
sensing technologies has changed the traditional way of land information extraction. Aerial images were initially used to obtain land use information
over urban areas. This was done by human interpretation, and was constrained to specific areas due to limited accessibility of aerial images. Since
the launch of IKONOS satellite in 1999 which provides remote sensing images with 1 m spatial resolution in the panchromatic channel, increasing
attention has been paid to the use of very high resolution (VHR) satellite
images for urban land mapping. Over the last decade, the number of VHR
satellites has been growing rapidly. This provides a huge volume of available VHR images; meanwhile, the price of VHR images has been decreasing
sharply.
Very high resolution (VHR) satellite images provide landscape information at an increasing level of spatial detail, the latest VHR satellites Worldview3 and -4 are able to oﬀer remote sensing images with spatial resolution of
0.3 m. Existing studies have indicated the benefits of using VHR images
for urban-related studies such as urban growth analysis and urban population estimation (Pozzi and Small, 2005; Taubenböck et al., 2012; Patino
and Duque, 2013). So far, many studies have been conducted on obtaining
urban land cover information from VHR images, by exploiting the use of the
spectral, textual and geometrical information of objects (Myint et al., 2011).
3
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Less research has been done on extracting land use information from VHR
images. Extracting urban land use from VHR images is more challenging
than land cover extraction, because (1) VHR images directly record the spectral reflectance of earth surface, and (2) human activities cannot be directly
inferred by interpreting the tone, texture or shapes of image features. Therefore, advanced image analysis methods incorporating expert knowledge or
ancillary data (if available), should be investigated for land use extraction
using VHR images.

1.4 Image analysis methods for land use extraction
from VHR images
A primary step of a land use classification system is to obtain basic land
use units. A land use unit has homogenous land use, and may comprise
several land cover types. Land use extraction from medium- and low- resolution remote sensing images, is commonly based on image pixels (Wharton,
1982; Letourneau et al., 2012). It directly assigns pixels into various land
use classes according to the spectral, textual and spatial characteristics of
pixels. Use of spatial information has been emphasized for land use extraction (Ünsalan and Boyer, 2011). A straightforward practice to derive spatial
information for pixel-based methods is to use a moving window for image
neighborhood definition (Eyton, 1993). Spatial information is thus derived
within this regular neighborhood. The limitations are evidently seen: (1)
the optimal neighborhood is hard to determine, although improvements have
been investigated for example by van der Kwast et al. (2011); (2) such a regular neighborhood does not correspond to a real neighborhood on the ground,
particular in VHR images; (3) the classification results tend to smooth the
boundaries between land use classes (Barnsley and Barr, 1997; Herold et al.,
2003; Lackner and Conway, 2008). Pixel-based methods, based upon regular
neighborhoods, are thus less used for land use extraction from VHR images.
Below is given an overview of existing relevant studies on land use extraction from VHR images, based upon how land use units are defined and
how spatial information is used for land use classification.

1.4.1 Vector/Parcel-based methods
Vector/Parcel-based methods rely on existing boundary data, such as parcels
and road networks, to obtain homogenous land use units (Wu et al., 2006;
Lackner and Conway, 2008; Wu et al., 2009a; Hu and Wang, 2013; Alahmadi
et al., 2015). Within a land use unit, spatial information can thus be derived.
Land use indicators that mainly consider the coverage ratio and density of
land cover features are commonly used (Herold et al., 2003; Hu and Wang,
2013; Lowry and Lowry, 2014; Novack et al., 2014). The advantage of using
such methods is that land use units can be well defined, whereas a major
concern is that existing boundary data for specifying land use units might
not be available for some areas.
4
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1.4.2 Graph-based methods
Graph-based methods facilitate object-based land use extraction from VHR
images. A graph-based method starts from the construction of a planar
graph, in which the spatial information can be calculated within a sub-graph.
Such a graph can represent the spatial relations between land cover objects,
where a sub-graph corresponds to a basic land use unit. Interesting work on
using graph-based methods for land use classification is given by Barnsley
and Barr (1997); Comber et al. (2012) and Walde et al. (2014). The diﬃculty,
however, is to eﬀectively partition a graph into meaningful sub-graphs.

1.4.3 Scene-based methods
In recent years, studies on urban scene classification have drawn increasing
attention to extracting semantic information from remote sensing images,
in particular from VHR images (Yang and Newsam, 2010; Vaduva et al.,
2013; Castelluccio et al., 2015; Zhao et al., 2016). Similar to natural scene
classification in computer vision, an urban scene refers to a subset of an image, and is defined according to its semantic interpretation, e.g. an airport,
a parking lot, or a sparse residential area. Yang and Newsam (2010) conducted a scene-based land use classification using bag-of-visual-words, and
published the UC Merced (UCM) land use dataset, which is now frequently
used. Similar studies can also be found in Cheriyadat (2014); Chen and
Tian (2014). Currently, interesting studies have used deep learning methods for scene-based land use classification (Castelluccio et al., 2015; Jean
et al., 2016). These methods, particularly based upon convolutional neural
networks (CNNs) (Krizhevsky et al., 2012), performed better than bag-ofvisual-words. Scene-based methods usually characterize spatial information
based upon low-level image descriptors, e.g. scale-invariant feature transform (SIFT) in Cheriyadat (2014) and local binary patterns (LBP) in Li
et al. (2015b).

1.5 Uncertainty associated with the products derived
from remote sensing images
Error and uncertainty arise at various stages of the production of maps
from remotely sensed imagery (Comber et al., 2008). Many studies have
indicated the importance of their quantification as well as of the uncertainty
of the products derived from those images (Castilla and Hay, 2007; Stein
et al., 2009; Comber et al., 2010; Stehman and Wickham, 2011; Wickham
et al., 2013). Shi (2009) categorized uncertainty into three types: positional,
attribute, and topological uncertainty. Each type of uncertainty can be
further divided into error, vagueness and ambiguity (Fisher, 1999). This
dissertation in particular focuses on the positional and attribute uncertainty.
Positional uncertainty is defined as the diﬀerences between the measured
position of a spatial feature and its actual value on the ground. Attribute
uncertainty is defined as the closeness of an attribute value to its actual
5
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value. For an urban land use classification system, key uncertainties include:
(1) the classification of land cover, (2) the definition of land use classes,
(3) the definition and delineation of land use units, (4) the quantification
of the discriminating criteria of land use units, and (5) the final land use
classification.
Land cover classes can be well-defined, for example by standard land
cover classification systems. Then the boundaries between objects with different land cover classes can be delineated with a relatively high certainty
(Wu et al., 2009b). The main uncertainty refers then to positional and attribute errors (Comber et al., 2010). Positional errors in this context are
defined as the degree of compliance with which the coordinates of points determined from a map diﬀer from the coordinates determined by surveys or
other independent procedures that are generally accepted as accurate (ASPRS and ASCE, 1994). In this case, positional errors are mainly caused by
mis-registration and geometric corrections (Castilla and Hay, 2007). Their
quantity is evaluated by means of e.g. the Root Mean Square Error (RMSE)
(Congalton and Green, 2009). The attribute error of land cover is inversely
related to the classification accuracy of land cover. For its quantification, a
classification accuracy assessment is a useful tool, commonly resulting in a
confusion matrix. Pixel-based accuracy assessments by the confusion matrix,
however, do not provide the distribution of uncertainty in space: we know
the degree of uncertainty, but not where areas of high and low accuracies are.
Increasing attention has been paid to object-based assessments (Lucieer and
Stein, 2002; Clinton et al., 2010; Persello and Bruzzone, 2010).
The definition and delineation of land use units is crucial in urban land
use classification systems. It is however hard to automatically obtain the
explicit boundaries at a high precision for every land use unit based upon a
VHR image, as transition zones may exist between diﬀerent land use types.
In an urban environment, for example, residential, commercial and industrial
are either diﬃcult to delineate, they may exist as mixed land use types or
gradual changes from one class to the other may occur.
Urban land use classification is implemented based upon a set of discriminating criteria. Since urban land use units are characterized by means
of an abstraction and approximation of the real world (Shi, 2009), uncertainty is involved in characterizing land use units and quantification of the
discriminating criteria. This uncertainty also aﬀects classification results,
as a classifier uses this information as the input. In addition, such uncertainty can propagate towards derived products, like planning activities and
economic evaluations, and an uncertain input produces an uncertain output:
it is ’garbage in = garbage out’ (Heuvelink et al., 1989). Combining and integrating uncertainties collected during the main steps in creating products
from remote sensing images, remains an important topic in remote sensing
and is still insuﬃciently addressed (Stein et al., 2009).
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1.6 Problem statement
Although several image analysis methods exist for urban land use extraction
from VHR images, challenges are still faced to implement a (semi-) automatic
land use extraction while achieve a satisfactory accuracy. The challenges are
augmented in urban areas. The current practice to extract detailed land use
information for urban planners, still relies on human interpretation. The
main problems that hinder an eﬀective land use extraction from VHR images
by means of (semi-) automatic image analysis methods, are the following.
1. Complex urban environments
Urban environments are generally dominated by built-up areas, where
most of human activities carried out. Urban built-up areas consist of
buildings, squares, parking lots, roads, and other man-made structures,
and are used for various land use purposes. Particularly, buildings are
essential for residential, commercial and industrial use. Extracting
building information in detail is thus important for urban land use
extraction. In urban areas, buildings, however, are constructed with
diverse shapes and sizes. Unlike natural land cover classes such as
vegetation and water, buildings usually have similar color, tone, and
texture as other man-made objects. Moreover, tall trees and shadow
eﬀects may also hinder building extraction from VHR images. This
makes building extraction from VHR images intrinsically diﬃcult, and
consequently causes diﬃculties for land use extraction. This also increases diﬃculties in dealing with the uncertainty related to the classification of land cover (including building extraction) in complex urban
areas, as discussed in the section 1.5.
2. Issues related to VHR images
Besides potential opportunities oﬀered by VHR images for urban applications, issues and problems related to VHR images have also been
aware by researchers. Gamba et al. (2011) listed four types of issues
related to VHR images: geometrical problems, spectral problems, mapping limits and challenges, and change detection. Geometrical problems refer to the geometric accuracy, need for orthorectified VHR images, and challenges of analyzing multi-view VHR images. The geometrical problems refer to the positional uncertainty of using VHR images.
A main spectral problem is the relatively coarse spectral resolution of
current VHR images compared with their fine spatial resolution. This
results in diﬃculties in urban land information extraction. Although
many studies have investigated object-based methods for land information extraction, obtaining the optimal image segmentation of a VHR
is still a challenge. In contrast, poorly defined image objects can increase the uncertainty of land information extracted from VHR images
in aspects of vagueness and ambiguity (Fisher, 1999).
3. Land use intraclass heterogeneity and interclass similarity
In urban environments, intraclass heterogeneity and interclass similarity aﬀect land use extraction from VHR images, particularly over
ill-planed urban areas. As is well-known, a land use unit may consist
7
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of various land cover types. Land use indicators, based upon the coverage ratio and density of land cover features, have been widely used for
land use extraction from low- and medium- resolution remote sensing
images. They, however, fail to eﬀectively characterize diﬀerent land
use types from VHR images at the local level. For example, both highdensity residential and commercial land use types are covered largely
with buildings and some vegetation on a VHR image. Commercial
use may also be confused with industrial use. In addition, land use
units with a same type might be diversely distributed in feature space.
These problems correspond to the uncertainty issue of quantifying the
discriminating criteria of land use units. Therefore, it is crucial to
explore an eﬀective way to characterize land use over urban areas.
4. Land use varies between diﬀerent regions
Land use varies between diﬀerent regions and countries because of different planning strategies and environmental conditions across time.
There is no single land use system meeting all possible urban applications. This corresponds to the uncertainty issue with respect to the
definition of land use classes. The fact is that land use classes need
to be well tuned based upon a specific area. Developing land use extraction methods that are robust to diﬀerent urban settings from VHR
images and flexible to incorporate ancillary data, is thus of great significance, but challenging.

1.7 Research objectives and questions
The main objective of this dissertation is to develop and apply advanced
image analysis methods for extracting land use information from VHR remote sensing images over urban areas. To this aim, the following specific
objectives and questions are addressed.
1. Develop a method to extract land cover over complex urban environments from VHR remote sensing images.
Research question: Can the optimal image segmentation be obtained
based upon an binary partition tree and energy measures?
Research question: Can the directional relationship between shadow
and building objects be quantified to improve building extraction?
2. Develop a method to extract urban road from VHR remote sensing
images.
Research question: Can binary partition trees be used to eﬀectively
represent and extract urban roads?
3. Develop a method to infer land use from the land cover derived from
VHR remote sensing images in urban areas.
Research question: Can spatial arrangement be eﬀectively characterized to improve urban land use extraction?
4. Apply the method developed in objective 3 to a diﬀerent study area
using VHR stereo images.
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Research question: Can the method developed in objective 3 be applicable to a diﬀerent urban area?
Research question: Can open source data be successfully incorporated to improve urban land use extraction?

1.8 Thesis outline
This thesis is a compilation of six chapters. Besides the Introduction and
Synthesis, the four remaining chapters are based upon papers that have been
published in, or submitted to, ISI journals, and are independently structured
as Abstract, Introduction, Study area and data, Methods, Experiments, Discussion, and Conclusions. The six chapters are described as follows:
 Chapter 1 gives the general introduction of this thesis. It highlights
the importance of urban land use information for sustainable urban development, and illustrates the potential of using VHR remote sensing
images to extract urban land use. Research objectives and questions
are then motivated. Subsequent chapters are targeted at these objectives and address the corresponding questions.
 Chapter 2 presents an object-based method for urban land cover
classification from VHR images. An image segmentation based upon
binary partition tree optimized by energy measures is presented. Building extraction based upon the directional relationship between shadow
and building objects is also presented.
 Chapter 3 presents a hierarchical method based upon a binary partition tree for urban road extraction from VHR images. The potential
of using binary partition tree for region-based road extraction is investigated. Fuzzy logic is used to fuse diﬀerent types of road features.
 Chapter 4 presents a framework based upon a Bayesian network for
urban land use extraction from VHR images. Spatial arrangement is
characterized by quantifying the distribution of building types within
a land use unit. The spatial arrangement information and commonly
used land use indicators are integrated by a Bayesian network. Land
use extraction is conducted over Wuhan study area.
 Chapter 5 investigates the incorporation of open source data into a
Bayesian classification of urban land use from Very High Resolution
(VHR) stereo satellite images. Land use extraction is conducted over
Oklahoma study area.
 Chapter 6 summarizes the results obtained from Chapters 2 - 5, and
answers the research questions in Chapter 1. Reflections and recommendations of this thesis are also given.
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2

Use of Binary Partition Tree and
energy minimization for
object-based classification of
urban land cover

This chapter is based on the published paper: Li, M., Bijker, W., Stein, A.,
2015. Use of Binary Partition Tree and energy minimization for object-based
classification of urban land cover. ISPRS Journal of Photogrammetry and
Remote Sensing 102, 48–61.
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2. Object-based urban land cover classification from VHR images

Abstract
Two main challenges are faced when classifying urban land cover from very
high resolution satellite images: obtaining an optimal image segmentation
and distinguishing buildings from other man-made objects. For optimal segmentation, this work proposes a hierarchical representation of an image by
means of a Binary Partition Tree (BPT) and an unsupervised evaluation of
image segmentations by energy minimization. For building extraction, we apply fuzzy sets to create a fuzzy landscape of shadows which in turn involves a
two-step procedure. The first step is a preliminarily image classification at a
fine segmentation level to generate vegetation and shadow information. The
second step models the directional relationship between building and shadow
objects to extract building information at the optimal segmentation level. We
conducted the experiments on two datasets of Pléiades images from Wuhan
City, China. To demonstrate its performance, the proposed classification is
compared at the optimal segmentation level with Maximum Likelihood Classification and Support Vector Machine classification. The results showed that
the proposed classification produced the highest overall accuracies and kappa
coeﬃcients, and the smallest over-classification and under-classification geometric errors. We conclude first that integrating BPT with energy minimization oﬀers an eﬀective means for image segmentation. Second, we conclude
that the directional relationship between building and shadow objects represented by a fuzzy landscape is important for building extraction.
Keywords: Urban land cover, Binary Partition Tree, Energy minimization, Fuzzy landscapes, Directional relationship
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2.1 Introduction
Very high resolution (VHR) satellite images provide landscape information
at an increasing level of spatial detail. Many studies have tested the benefits
of using VHR images for urban-related studies such as urban growth analysis and urban population estimation (Pozzi and Small, 2005; Patino and
Duque, 2013; Taubenböck et al., 2012). A high spatial resolution of VHR
images, however, also results in a decrease in spectral separability. Image
objects, which can provide a vast number of spectral, textural, geometrical
and contextual features, have been preferably used for classifying VHR images instead of using individual pixels (Blaschke et al., 2014). It is therefore
challenging to generate the optimal segmentation with the specified level of
detail for representing meaningful objects (Hamedianfar et al., 2014; Tian
and Chen, 2007).
An eﬀective approach for representing image objects is to use a Binary
Partition Tree (BPT) (Salembier and Garrido, 2000). A BPT stores a set of
meaningful image objects in a tree structure, where the hierarchy of nodes
corresponds to the decreasing (or increasing) level of detail of image objects
(Kurtz et al., 2012). It has been eﬀectively used for processing both natural
scenes and satellite images. For example, Vilaplana et al. (2008) and Liu
et al. (2011) utilized a BPT for object detection from colour images. In
remote sensing, Valero et al. (2013) applied a region-based BPT for representing and classifying hyperspectral images. Alonso-Gonzalez et al. (2013)
used a BPT for region-based representation of both synthetic aperture radar
(SAR) and hyperspectral images. Kurtz et al. (2012) investigated the use
of BPT for extracting complex urban patterns from high resolution satellite
images.
A BPT represents a hierarchy of image objects as well as a series of hierarchical image partitions. BPT-based image segmentation aims to identify
a set of meaningful image objects with respect to a specified degree of homogeneity. The methods for pruning a BPT are often performed in a supervised way either using cut examples (Kurtz et al., 2012) or by giving cut
thresholds (Alonso-Gonzalez et al., 2013; Valero et al., 2013). In the literature, energy minimization has been used for unsupervised evaluation of image
segmentations. For example, the region-oriented scale-sets theory proposed
by Guigues et al. (2006) was built upon the energy minimization principle by
minimizing a two-term-based energy. Philipp-Foliguet and Guigues (2008)
investigated an unsupervised evaluation approach for image segmentation
based on energy minimization.
In urban areas, buildings are generally of diverse shapes, sizes and materials, and similar to other man-made objects such as parking lots, squares and
roads (Niemeyer et al., 2014). Therefore it is diﬃcult to distinguish buildings
from other man-made objects. In a satellite image, a shadow object adjacent to a building object is casted in a specific direction. The directional
relationship between buildings and shadows therefore provides important
supplementary information for image classification, particularly in discriminating buildings from other man-made objects that do not cast shadows.
To deal with the uncertainty associated with the directional relationship,
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several studies have proposed to use fuzzy sets to create a fuzzy landscape of
a reference object for modelling this directional relationship (Krishnapuram
et al., 1993; Bloch, 1999; Akçay and Aksoy, 2010; Ok et al., 2013).
This paper aims to deal with obtaining the optimal image segmentation
and extracting buildings from other man-made objects. Specifically, we apply Binary Partition Tree and energy minimization for image segmentation,
and exploit fuzzy sets to create a fuzzy landscape of shadows for building
extraction. The remainder of this paper is organized as follows: Section 2.2
describes the study area and data. Section 2.3 starts with describing the
framework of the proposed method, followed by illustration of each component of the proposed method. Section 2.4 presents experimental results and
related analysis, followed by discussion in Section 2.5 and the conclusions of
this research in Section 2.6.

2.2 Study area and data
In this study we used a Pléiades image that was recorded over a central
region of the city of Wuhan, China, on 11 July 2013. This image was acquired with an solar azimuth angle of 140.8 ◦ , and has a 2m spatial resolution
in the multispectral bands, Blue (430–550 nm), Green (490–610 nm), Red
(600–720 nm) and near infrared-NIR (750–950 nm), and a 0.5m spatial resolution in the panchromatic-Pan band. This 0.5m Pan band is resampled
from the 0.7m raw panchromatic band by the image provider using spline
resampling. The study area contains various urban land use types (residential, commercial, industrial and undeveloped regions) and land cover types
(building, road, vegetation, and bare soil). For this work, we selected two different datasets representing typical urban land forms to apply the proposed
method (Figure 2.1). Datasets A with size 591 × 633 pixels and B with size
576 × 618 pixels are located in a residential area and a school respectively,
and both involve the challenge of image segmentation and building extraction. Particularly, the buildings in dataset A exhibit diverse shapes and
sizes, leading to poor characterization by geometrical features. Dataset B
contains man-made objects that are made of diﬀerent materials, resulting
in high spectral heterogeneity. To improve the performance of image segmentation, two image pre-processing steps were conducted: Gram-Schmidt
pan-sharpening, and 3×3 image median filtering. The reference datasets
used for accuracy assessment were digitized from the datasets A and B.

2.3 Methods
The proposed approach for classifying urban land cover is conducted at two
image segmentation levels, namely initial and optimal segmentations, and
two main procedures, namely preliminary land cover classification and building extraction (Figure 2.2). Preliminary land cover classification serves to
extract vegetation and shadow objects at the first segmentation level (i.e.
an over segmentation), referring to Figures 2.2(b and e). The next step
14
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Figure 2.1: Top panel shows the Pléiades image of the study area (true
colour composite). Bottom panel shows two datasets A and B.

extracts building objects at the second segmentation level (i.e. an optimal
segmentation), referring to Figures 2.2(d and i). Specifically, a BPT is used
to hierarchically represent a VHR image and create a hierarchy of image
segmentations (Figure 2.2(c)). Energy minimization is used to identify the
optimal image segmentation among a set of possible segmentations (Figure 2.2(d)). Fuzzy sets are used to create a fuzzy landscape for representing
the directional relationship between building and shadow objects for building extraction (Figures 2.2(f, g and h)). Finally, we overlay the preliminarily
classified land cover and the extracted buildings to obtain the final classification result (Figure 2.2(j)). The classification result is assessed by both
pixel-based and object-based methods shown as Figure 2.2(k). In the following sections, we will describe the proposed method in detail.
15
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Figure 2.2: Workflow of the proposed classification of urban land cover.
The proposed method refers to two segmentation levels - initial and optimal
segmentation levels at which the preliminary land cover classification and
building extraction are carried out respectively.
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Figure 2.3: BPT creation of an image. It starts with an initial stage that
represents an image partition of the finest detail, then iteratively merges two
adjacent regions to create new partitions of decreasing detail, and ends with
a final stage that forms a single region that represents a partition of the
coarsest detail.

2.3.1 Preliminary land cover classification
The proposed method starts from an initial partition of a VHR image (Figure 2.2). We use the Mean Shift algorithm to produce an over segmentation
to be the initial segmentation (Comaniciu and Meer, 2002). A Support Vector Machine (SVM) is then used to classify vegetation and shadow objects
based on spectral features (Table 2A.1 in Appendix) at this segmentation
level. We use the radial basis function for the SVM classifier, and a oneversus-one strategy to deal with multi-class classification (Hsu et al., 2010).
The values for penalty and kernel parameters of SVM are determined via
grid search algorithm and 5-fold cross validation (Huang and Wang, 2006).

2.3.2 Optimal segmentation
2.3.2.1 BPT representation
We consider an image I with size NI = Nx ×Ny , where Nx and Ny are the im(1)
(1)
(1)
age length and width in pixels, respectively. Let P1 = {R1 , R2 , · · · , RM }
(1)
(1)
be an initial partition of I, where image regions Ri and Rj satisfies
∪
(1)
(1)
(1)
M
Ri ∩ Rj = ⊘, i ̸= j and i=1 Ri = I. The BPT of I can be created by
the pair-wise region merging of M − 1 steps. This BPT hierarchically stores
2M − 1 nodes including M leaves and one root according to the decreasing
level of detail of image regions. Then the set of image partitions equals {Pλ }
∪M −λ+1 (λ)
with λ ∈ {1, 2, · · · , M }, where Pλ = i=1
Ri is an image partition after
λ − 1 region mergings, and P1 and PM refer to image partitions at the initial and final stages of this BPT (Figure 2.3). In this way, the parameter
λ behaves as a scale parameter (Guigues et al., 2006). For shorthand, the
superscript (λ) will be dropped for following description. The BPT creation
involves two key components: the region model and region merging criterion.
In this work, the initial partition for a BPT creation relies on an initial
image segmentation that is an over segmentation case produced from an
existing segmentation method. The region model specifies how regions are
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represented and how to compute the model of the union of two regions (Kurtz
et al., 2012). It is thus defined as a two low-level process, based on spectral
and geometrical properties, Ms (Ri ) and Mg (Ri ), respectively, with
Ms (Ri ) = s¯i ,

(2.1)

Mg (Ri ) = ai .

(2.2)

Here s¯i and ai are the mean value of the spectral bands and the area size of
Ri . Furthermore, the region model of the two merged regions is defined as
Ms (Rij ) =

s¯i × ai + s¯j × aj
,
ai + aj

Mg (Rij ) = ai + aj ,

(2.3)

(2.4)

where Ms (Rij ) and Mg (Rij ) are the spectral and geometrical parts of the
union of Ri and Rj .
The region merging criterion defines the dissimilarity of adjacent regions
and the order in which regions are going to be merged (Vilaplana et al.,
2008), adopting a region merging criterion proposed by Liu et al. (2011).
The criterion measures the spectral diﬀerence, area property and adjacency
degree of two adjacent regions. Let Ms (Ri ) and Mg (Ri ) be the spectral and
geometrical models of region Ri respectively, and let δRi and δRj be the
boundaries of Ri and Rj respectively; the common boundary between Ri
and Rj is referred as to δRij . Suppose that the degree of adjacency between
two adjacent regions Ri and Rj is quantified by a common boundary ratio
γij :
(
)
δRij δRij
γij = max
,
.
(2.5)
δRi δRj
Then the merging criterion O(Ri , Rj ) of two adjacent regions is defined as
O(Ri , Rj ) = (1 − γij )(Mg (Ri ) · |Ms (Ri ) − Ms (Rij )|
+ Mg (Rj ) · |Ms (Rj ) − Ms (Rij )|).

(2.6)

This approach is justified because it first merges two adjacent regions of
smaller O(Ri , Rj ) with a large common boundary, whereas O(Ri , Rj ) with
a small common boundary are merged later. It is a simple and transparent
method. The reader can refer to Table 2A.3 in Appendix for the implementation of a BPT.
2.3.2.2 Energy minimization
Following the creation of an image BPT, a set of image partitions {Pλ } with
λ ∈ {1, 2, · · · , M } emerged. We select a meaningful image partition Pλ⋆
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with Pλ⋆ ∈ {Pλ } to represent the optimal segmentation. The selection is
conducted by evaluating the quality of all possible image partitions. The
evaluation of an image partition is conducted in an unsupervised way based
on energy minimization. The optimal segmentation thus equals an image
partition that reflects the minimal energy according to used energy measures.
We adopt two popular energy measures to evaluate the quality of image
partitions, namely goodness-of-fit and regularization energy.
The goodness-of-fit energy is fully described in Mumford and Shah (1989),
and Philipp-Foliguet and Guigues (2008). Obtaining the optimal segmentation Pλ⋆ = {Ri } is considered as modelling of a piece-wise smooth function
f (x, y) with {(x, y) | 1 ≤ x ≤ Nx , 1 ≤ y ≤ Ny }, where a region Ri corresponds to a piece of relevant function fi . Then the goodness-of-fit energy of
ED(Ri ) is quantified based on the Euclidean distance between region Ri and
(i)
its corresponding model fi . Let Xni ×mi be the matrix of pixels of Ri , where
ni and mi are the number of pixels and spectral bands respectively. Considering spectral bands as random variables, we can calculate the covariance
∑(i)
∑(i)
(i)
matrix
of Xni ×mi . Let S (i) be the trace of
. The goodness-of-fit
energy ED(Ri ) is thus defined as
ED(Ri ) = ni × S (i) .

(2.7)

The regularization energy is used to penalize a segmentation that has
ragged boundaries of objects. The regularization energy EC(Ri ) of region
Ri is defined based on the perimeter δRi of Ri as
EC(Ri ) = δRi .

(2.8)

Combining ED(Ri ) with EC(Ri ), the total energy Eλ of an image partition Pλ is defined as
1 ∑
1 ∑
ED(Ri ) +
EC(Ri ),
(2.9)
Eλ =
c1
c2
Ri ∈Pλ

Ri ∈Pλ

where c1 and c2 are the normalization coeﬃcients of the
(∑goodness-of-fit)and
regularization energies respectively; c1 equals to max
Ri ∈Pλ ED(Ri ) ; c2
is set to the size of the image, equals to Nx × Ny (Philipp-Foliguet and
Guigues, 2008).
To identify an image partition that reflects the optimal segmentation,
we apply a straightforward (labelled as MIN1) strategy that identifies the
partition that has the lowest total energy globally among a set of possible
partitions. In addition, a data fitting (labelled as MIN2) strategy is used for
comparison of MIN1. It first fits the total energies of possible partitions into
a function, then identifies a partition that has the lowest energy according
to this fitted function.

2.3.3 Building extraction based on the directional relationship between
shadow and building
Given a reference (i.e. shadow) object Rref and a direction with angle β,
a fuzzy landscape Hβ (Rref ) of an image I specifies a membership function
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to the reference object Rref , taking values between 0 and 1. It specifies
the degree of satisfying the directional relationship to Rref (Bloch, 1999).
In this work, the membership value Hβ (Rref )(x) is quantified by the angle
θβ (x, b) and distance d(x, b), where pixel x ∈ I and b ∈ Rref . The angle
θβ (x, b) is the angle between the vector from x to b and the unit vector
along the direction β with respect to the horizontal axis, whereas d(x, b)
is the Euclidean distance between x and b. We use fuzzy morphological
dilation to generate the fuzzy landscape. To have an eﬃcient computation,
we use boundary pixels δRref of Rref , instead of using all pixels, for the
fuzzy dilation operation (Ok et al., 2013). The fuzzy landscape Hβ (Rref )(x)
is calculated as
c
Hβ (Rref )(x) = (δRref ⊕ z)(x) ∩ Rref
,

(2.10)

c
where ⊕ is the dilation operator, and Rref
is the complement of Rref . The
z is a non-flat fuzzy structuring element (SE), composed of an angle-related
SE zβ and a distance-related SE zd , for dilation, with

z = zβ (x) × zd (x),

(2.11)

)
(
2
zβ (x) = max 0, 1 − θβ (x, o) ,
π

(2.12)

(
)
2 × d(x, o)
zd (x) = max 0, 1 − √
.
2 × kz

(2.13)

Here o is the centre pixel of zβ , θβ (x, o) is the angle between the vector from
x to o and the vector along the direction β, d(x, o) is the distance between
x and o, and kz is the size of zd . Furthermore, the supplementary metadata
file provides the image data with information about solar azimuth angle ω
that can be used to infer the direction angle β with respect to the horizontal
axis, i.e. β = ω − π2 (Ok et al., 2013).
Given fuzzy landscape Hβ (Rref ) and optimal segmentation Pλ , the directional relationship between buildings and shadows can be transformed into
directional features of objects by averaging the pixel values of Hβ (Rref )(x)
within each object Ri . The directional feature Drt(Ri ) is obtained as
Drt(Ri ) =

n
1 ∑
Hβ (Rref )(xp ),
ni p=1

(2.14)

where ni is the number of pixels of Ri , and xp indicates a pixel of Ri . The
building extraction is performed based on Drt(Ri ) using a threshold value
ϵbd ,
{
1, Drt(Ri ) ≥ ϵbd , Ri ̸= Rref ,
(2.15)
0, Drt(Ri ) < ϵbd , Ri ̸= Rref .
where 1 indicates object Ri is building object and 0 otherwise.
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Figure 2.4: Overlap between classified and reference objects. One-to-one
instances of over-classification (a), under-classification (b), and both overand under-classification (c). One-to-many instances of under-classification
(d), and both over- and under-classification (e).

2.3.4 Accuracy assessment
The extracted buildings are overlaid with the results of preliminary land
cover classification to obtain the final classification results. To validate the
proposed classification, we adopt a pixel-based and an object-based methods
for accuracy assessment. The pixel-based assessment is based on the overall
accuracy and kappa coeﬃcient computed from confusion matrix. We have
modified the commonly used under-segmentation and over-segmentation geometric error indices to perform object-based assessment for classification results (Clinton et al., 2010; Persello and Bruzzone, 2010).
Suppose that a classified object Mi overlaps a set of reference objects
Oij with j = 1, 2, · · · , r, where r = 1 and r > 1 refer to one-to-one and
one-to-many instances respectively (Figure 2.4). Let area(Mi ) and area(Oij )
be the area of Mi and Oij respectively, and area(Mi ∩ Oij ) be the overlapping area of the pair of objects (Mi , Oij ). For one-to-many instances,
the commonly used over-segmentation and under-segmentation error indices
(e.g. Clinton et al. (2010)) can lead to under estimation of the classification accuracy for one-to-many instances (Figures 2.4(d and e)). This paper
proposes two modified over-classification and under-classification error indices by introducing a weight variable for each pair of overlapping objects
(Mi , Oij ).The weight variable is evaluated by a size (area) ratio
∑r between a
reference object area(Oij ) and the total reference objects j=1 area(Oij ).
The modified over-classification OC(Mi ), and under-classification UC(Mi )
error indices are defined as
OC(Mi ) =

(
))
r (
∑
area(Mi ∩ Oij )
woa · 1 −
,
area(Oij )
j=1

(2.16)

area(Oij )
woa = ∑r
,
j=1 area(Oij )
∑r
UC(Mi ) = 1 −

j=1

area(Mi ∩ Oij )
area(Mi )

.

(2.17)
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Combining OC(Mi ) with UC(Mi ), the total error TC(Mi ) index is defined
as
√

OC(Mi )2 + UC(Mi )2
.
2

TC(Mi ) =

(2.18)

Furthermore, we use OC(Mi ), UC(Mi ) and TC(Mi ) indices to obtain
three global error indices: GOC, GUC, and GTC, for estimating the global
properties of the classification results. These three global error indices are
defined as
GOC =

GUC =

)
m (
∑
area(Mi )
OC(Mi ) · ∑m
,
i area(Mi )
i=1
m (
∑
i=1

GTC =

m (
∑
i=1

area(Mi )
UC(Mi ) · ∑m
i area(Mi )

area(Mi )
TC(Mi ) · ∑m
i area(Mi )

(2.19)

)
,

(2.20)

,

(2.21)

)

where m is the number of classified objects with respect to a specified class
type in a classification map.

2.3.5 Performance comparison
Based upon the optimal segmentation derived from a BPT and energy minimization, the commonly used maximum likelihood classification (MLC) and
SVM classification are implemented to demonstrate the performance of the
proposed method. Here the algorithm settings for the SVM classifier are
same as those in the preliminary SVM classification of the proposed method.
We calculate seven spectral object features and eight geometrical objects
features for both MLC and SVM (Tables 2A.1 and 2A.2 in Appendix). Furthermore, we distinguish between Fractal Net Evolution Approach (FNEA)
segmentation (SF) and Mean Shift segmentation (SM) for BPT creation.
The SF segmentation is implemented by eCognition software (Benz et al.,
2004). For the SF segmentation, we take shape and compactness parameters equal to 0.1 and 0.5 respectively (by default), whereas we distinguish
three scale parameters equal to 40, 45 and 50, labelling them as SF1, SF2
and SF3 respectively. The SM segmentation is implemented by Edge Detection and Image Segmentation (EDISON) system (Comaniciu and Meer,
2002). For the SM segmentation, we take spatial band width and range band
width parameters equal to 7 and 6.5 respectively (by default), whereas we
distinguish three minimum region area parameters equal to 10, 15 and 20,
labelling them as SM1, SM2 and SM3 respectively.
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Figure 2.5: Distribution of the spectral reflectance of six diﬀerent land
covers across four multi-spectral bands.

2.4 Results
2.4.1 Preliminary land cover classification
We analysed the spectral response over six main urban land covers: tree,
grass, shadow, building, road and other land cover (Figure 2.5). Figure 2.5
shows that the distribution of the tree reflectance varies between diﬀerent
bands, which is close to that of grass, but quite diﬀerent from those of
building, road and other land cover. Reflectance of both tree and grass in
NIR band is evidently higher than in blue, green and red bands. Reflectances
of shadow in the blue and NIR bands are lower than other two bands. In
feature space, the building, road and other land covers are highly overlapping.
To summarize, tree, grass and shadow can be classified based on spectral
features, but building, road and other cannot be distinguished purely on
spectral features.
The initial segmentation for preliminary land cover classification was
created by the Mean Shift algorithm. The values for spatial band width and
range band width were by default set to 7 and 6.5 respectively. The minimum
region area (MRA) parameter was set to 15. We then used SVM to classify
the initial image objects into vegetation, shadow and other classes, based
on seven spectral features (Table 2A.1 in Appendix). For SVM training
dataset, we selected 30, 24 and 30 samples that had good representation of
real objects for vegetation, shadow and other classes respectively. Figure 2.6
shows the result of the preliminary land cover classification on dataset A.
This figure also displays boundaries of the classified shadow objects that
were used for the following fuzzy landscape generation.
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Figure 2.6: Left: the result of preliminary SVM classification in dataset A.
Right: the boundaries of the classified shadow objects.
Table 2.1: The number of objects of various initial partitions for BPT
construction in datasets A and B, respectively. MRA refers to the parameter
of minimum region area of Mean Shift algorithm.
Initial
partitions
SF1
SF2
SF3
SM1
SM2
SM3

Dataset A
Parameters
Number
of objects
Scale = 40
3849
Scale = 45
3156
Scale = 50
2639
MRA = 10
3796
MRA = 15
3198
MRA = 20
2819

Dataset B
Parameters
Number
of objects
Scale = 40
3234
Scale = 45
2658
Scale = 50
2217
MRA = 10
3686
MRA = 15
3119
MRA = 20
2763

2.4.2 Optimal segmentation
2.4.2.1 BPT representation
To observe the eﬀect of initial image partitions on BPT generations, we
generated various initial partitions using FNEA and Mean Shift methods for
BPT construction on both datasets A and B. The number of objects with
respect to diﬀerent initial partitions is given in Table 2.1.
2.4.2.2 Energy minimization
We calculated goodness-of-fit energy ED, regularization energy EC and the
total energy E, for each set of image segmentations hierarchically represented
by a BPT. Figure 2.7 plots the curves of these energies for hierarchical image
segmentations on dataset A. To keep displaying consistence, we took 2000
hierarchical image segmentations for each BPT. Figure 2.7 shows that ED
has an exponential increase with the rise of scales. In contrast, EC exhibits
an exponential decrease. The total energy E first shows a slight decrease,
then it goes into a trough, and ends with a rapid increase.
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Figure 2.7: Goodness-of-fit ED, regularization EC and the total E energy
values for image partitions derived from diﬀerent BPTs in dataset A. (a1-a3)
are energy values from BPTs using SF1-SF3 initial partitions. (b1-b3) are
energy values from BPT using SM1-SM3 initial partitions. For an individual
graph, the horizontal axis indicates the hierarchal image partitions with an
increase of scale parameter, the vertical axis denotes the energy values.

As illustrated in Section 2.3.2.2, two strategies, MIN1(i.e. straightforward) and MIN2 (i.e. data fitting) were used to obtain the optimal segmentation. For MIN2, we fitted the total energy E of a segmentation into an
exponential function with respect to the number of objects m against the
value of E. To keep data fitting consistency, we again took 2000 hierarchical
image segmentations for each BPT on both datasets A and B. Table 2.2 lists
the details of the fitting functions. It shows that all coeﬃcients of determination R2 exceed 0.9. We compared the number of objects for the obtained
optimal image segmentations between MIN1 and MIN2 (Figure 2.8). We noticed that the number of objects of the optimal segmentations produced by
MIN1, (squares), was larger than those of MIN2, (triangles). Furthermore,
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Figure 2.8: Comparison of diﬀerent optimal image segmentations between
MIN1 and MIN2 in terms of the number of objects on datasets A (a) and B
(b). SF1 refers to the optimal segmentation from the BPT using SF1 initial
partition.

Figure 2.8 shows that the number of objects of the optimal segmentations
from MIN1 varies more than those from MIN2.
We visually compared the results of optimal segmentations between MIN1
and MIN2 (Figure 2.9). Comparing diﬀerent initial segmentation methods,
e.g. Figure 2.9(a) vs. Figure 2.9(c), we noticed that Mean Shift produced
fewer objects and delineated better contours than FNEA. Comparing different energy minimization strategies, e.g. Figure 2.9(a) vs. Figure 2.9(b),
we can see more segments using MIN1 than using MIN2. As indicated by
red boxes in Figures 2.9(c and d), however, MIN2 produced a slight undersegmentation. For example, a vegetation object was merged into its neighbouring man-made object. To avoid under-segmentation, we chose MIN1
strategy to obtain the optimal segmentations (i.e. SM2 MIN1) on datasets
A and B for following experiments.

2.4.3 Building extraction based on the directional relationship between
shadow and building
Figure 2.10 displays the fuzzy landscape of the classified shadow objects as
well as the directional features Drt(Ri ) of image objects at the optimal image segmentation level. Figures 2.10(a-c) show diﬀerent fuzzy landscapes by
varying the kernel size of the fuzzy structuring element, and the corresponding feature maps Drt(Ri ) of image objects are given in Figures 2.10(d-f).
Building extraction was performed on the directional features Drt(Ri ) given
a specific ϵbd value. Figure 2.11 compares the extracted buildings between
diﬀerent ϵbd values. Figures 2.11(a2 and b2) show a better performance than
the other. Specifically, as indicated by blue boxes in Figures 2.11(a1, b2, c1
and c2), the extracted buildings was large mixed with the surroundings. By
contrast, the buildings were insuﬃciently extracted in the yellow boxes of
Figures 2.11(a3, b3 and c3). In this work, we used a kernel size kz = 100
and ϵbd = 0.5 for building extraction, because a large value of kz would lead
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Table 2.2: The fitted energy functions of image partitions within each
BPT. The independent variable m and dependent variable E respectively
refer to the number of objects of and the total energy of an image partition
represented by a BPT.
Datasets
SF1
SF2
A

SF3
SM1
SM2
SM3
SF1
SF2

B

SF3
SM1
SM2
SM3

Fitted energy function
E = 0.6658 × e−0.01227m + 0.1233 × e0.0004265m
E = 0.6185 × e

−0.00982m

E = 0.5884 × e

−0.00955m

E = 0.6513 × e

−0.01367m

E = 0.6474 × e

−0.01136m

E = 0.6459 × e

−0.01179m

E = 0.6152 × e

−0.00978m

E = 0.6131 × e

−0.01115m

E = 0.6146 × e

−0.01183m

E = 0.6155 × e

−0.01158m

E = 0.5706 × e

−0.00988m

E = 0.5922 × e

−0.01162m

R2

RMSE

Minimum
value

0.9308

0.0224

0.1511

+ 0.1228 × e

0.0005848m

0.9536

0.0199

0.1670

+ 0.1283 × e

0.0006663m

0.9549

0.0221

0.1803

+ 0.1506 × e

0.0002676m

0.9481

0.0179

0.1703

+ 0.1363 × e

0.0004131m

0.9545

0.0180

0.1676

+ 0.1430 × e

0.0004550m

0.9464

0.0199

0.1773

+ 0.1903 × e

0.0004042m

0.9737

0.0140

0.2357

+ 0.1989 × e

0.0004673m

0.9791

0.0136

0.2463

+ 0.2136 × e

0.0005020m

0.9879

0.0116

0.2644

+ 0.2456 × e

0.0002178m

0.9299

0.0209

0.2739

+ 0.2399 × e

0.0003110m

0.9360

0.0201

0.2824

+ 0.2574 × e

0.0003293m

0.9642

0.0155

0.2988

to more computation time.

2.4.4 Accuracy assessment
We implemented the MLC, SVM and proposed classifications for both datasets A and B. For MLC and SVM, the classifications were based on the
obtained optimal segmentations by means of a BPT and energy minimization. The training dataset for MLC and SVM classifications were the same,
and contained 40 objects for each of these four classes: vegetation, shadow,
building, and other, respectively. We selected sample objects that had good
representation of real objects. Seven spectral and eight geometrical features of image objects were calculated for MLC and SVM classifications
(Tables 2A.1 and 2A.2 in Appendix). The results of these three classifications are shown in Figure 2.12. This figure shows that more building objects
were extracted by the proposed method than by MLC and SVM. Those produced an evident misclassification between building and other classes, as the
building and other man-made objects show a significant overlap in spectral
reflectance. In this case, the shadow provides useful supplementary information for distinguishing buildings from other man-made objects. Moreover,
comparing Figure 2.12(a4) with Figures 2.12(a2 and a3), the vegetation extracted by the proposed method shows a finer level of object detail. Some
building objects, indicated by red boxes in Figure 2.12, however, failed to
be extracted by the proposed method. These buildings lacked a shadow
object, because as a result of the direction and situation of the building rel27
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Figure 2.9: Comparison of diﬀerent optimal segmentations of a piece of
image in dataset A. (a) and (b) are optimal segmentations produced by
MIN1 and MIN2, respectively, using SF2 initial partitions. (c) and (d) are
optimal segmentations produced by MIN1 and MIN2, respectively, using
SM2 initial partitions.

ative to the illumination and other buildings, the shadows of these buildings
were mainly cast onto themselves or on other buildings. Therefore, in these
cases building detection using the proposed method failed, while MLC still
detected the buildings.
We assessed the results of the MLC, SVM and proposed classifications
based on confusion matrices using pixel-by-pixel comparison between classification results and reference data. The results of accuracy assessments in
terms of user accuracy (UA), overall accuracy (OA) and kappa coeﬃcient are
given in Table 2.3, whereas Tables 2.3 and 2.4 give confusion matrices for the
proposed classifications on datasets A and B respectively. Table 2.3 shows
that, as compared with MLC and SVM, the proposed method yielded the
highest OA and kappa accuracies for both datasets A and B, equal to 0.83
and 0.76, and 0.76 and 0.66 respectively. There is no significant diﬀerence
between MLC and SVM classifications on datasets A or B. The SVM clas28
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Figure 2.10: Top: fuzzy landscapes of shadow objects using diﬀerent kernel
sizes of (a) kz = 80, (b) kz = 100, and (c) kz = 120. Bottom: directional
features Drt(Ri ) of image objects, where a larger value of Drt(Ri ) indicates
a stronger directional relationship between this object to the corresponding
shadow object.

Figure 2.11: Rows (A-C) compare the diﬀerence of extracted buildings in
terms of diﬀerent kernel sizes, i.e. kz = 80, 100 and 120. Columns (e.g.
a1-a3) compare the diﬀerence of extracted buildings in terms of diﬀerent ϵbd
values, i.e. ϵbd = 0.4, 0.5 and 0.6.
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Figure 2.12: Diﬀerent classification results. Top: classifications from the
MLC, SVM and proposed methods for dataset A as well as reference data.
Bottom: classifications from the MLC, SVM and proposed methods for dataset B as well as reference data.

Figure 2.13: Distribution of the total error TotalErr(Mi ) index of the
building objects classified by the MLC, SVM, and proposed methods on both
datasets A and B. False positives refer to the extracted building objects that
do not overlap with the reference objects.

sification produced a slightly higher OA and kappa accuracy than MLC on
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Table 2.3: User accuracy (UA), overall accuracy (OA) and kappa coeﬃcients of the MLC, SVM and proposed classifications for datasets A and B.
Veg: vegetation, Shd: shadow, Bld: building, and Oth:other.
UA
Datasets
Dataset A

Dataset B

Classification

Veg

Shd

Bld

Oth

OA

MLC
SVM
Proposed
MLC
SVM
Proposed

0.68
0.69
0.80
0.68
0.66
0.78

0.90
0.87
0.93
0.69
0.68
0.77

0.65
0.73
0.74
0.66
0.63
0.66

0.80
0.80
0.85
0.77
0.72
0.84

0.77
0.78
0.83
0.71
0.68
0.76

Kappa
0.66
0.67
0.76
0.58
0.54
0.66

Table 2.4: Confusion matrix of the proposed classification for dataset A.
PA refers to Producer Accuracy.
Classified
Veg
Shd
Bld
Oth
PA

Veg
63824
231
1219
9829
0.85

Shd
900
53731
2085
2328
0.91

Reference
Bld
1217
2796
43577
13914
0.71

Oth
14313
1268
12253
150618
0.84

UA
0.80
0.93
0.74
0.85

Table 2.5: Confusion matrix of the proposed classification for dataset B.
PA refers to Producer Accuracy.
Classified
Veg
Shd
Bld
Oth
PA

Veg
54678
205
1883
11323
0.80

Shd
339
26875
7328
1772
0.74

Reference
Bld
1892
4920
78348
7516
0.85

Oth
12978
2992
31037
111882
0.70

UA
0.78
0.77
0.66
0.84

dataset A, but a slightly lower accuracy on dataset B. From the perspective
of pixel-based assessment, although the proposed method yielded the highest
UA for building class, it did not give a significant advantage compared with
MLC and SVM. Furthermore, from Tables 2.3 and 2.4, we noticed that many
shadow pixels, equal to 2796 and 4920 of datasets A and B respectively, were
misclassified into building class. A total of 9829 and 11323 other pixels of
datasets A and B were misclassified into vegetation class, respectively.
We assessed the results of the MLC, SVM and proposed classifications
based on the modified over-classification and under-classification error indices. The results using three global error (i.e. GOC, GUC and GTC)
indices are given in Tables 2.6 and 2.7, corresponding to datasets A and B,
respectively. These two tables show that, for building and other classes, the
proposed method produced the smallest GOC, GUC and GTC errors; for
vegetation and shadow classes, it also yielded the smallest GOC and GTC
errors, but slight higher errors in GUC. These two tables also show that, for
both datasets A and B, MLC and SVM yielded similar GOC and GUC and
GTC errors for all four classes, except a relatively large diﬀerence in the
GUC error for building class on dataset B, corresponding to 0.28 and 0.45
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Table 2.6: Geometric accuracies of the MLC, SVM and proposed (labelled as Pro) classifications for dataset A, evaluated by GOC, GUC and
GTC global error indices, corresponding to global over-classification, underclassification and total classification errors respectively.
Veg
Shd
Bld
Oth

MLC
0.32
0.10
0.42
0.20

GOC
SVM
0.31
0.13
0.34
0.20

Pro
0.21
0.07
0.26
0.15

MLC
0.17
0.06
0.57
0.28

GUC
SVM
0.14
0.06
0.63
0.23

Pro
0.16
0.14
0.30
0.18

MLC
0.27
0.09
0.52
0.24

GTC
SVM
0.25
0.11
0.51
0.22

Pro
0.20
0.13
0.30
0.17

Table 2.7: Geometric accuracies of the MLC, SVM and proposed (labelled as Pro) classifications for dataset B, evaluated by GOC, GUC and
GTC global error indices, corresponding to global over-classification, underclassification and total classification errors respectively.
Veg
Shd
Bld
Oth

MLC
0.32
0.31
0.35
0.30

GOC
SVM
0.34
0.32
0.37
0.28

Pro
0.22
0.24
0.34
0.16

MLC
0.21
0.26
0.28
0.65

GUC
SVM
0.33
0.24
0.45
0.66

Pro
0.32
0.29
0.18
0.52

MLC
0.29
0.30
0.34
0.50

GTC
SVM
0.36
0.30
0.43
0.52

Pro
0.29
0.29
0.28
0.38

respectively. From the perspective of global total error, for dataset A, MLC
produced the largest GTC error for building and other classes, equal to 0.52
and 0.25 respectively. By contrast, the proposed method produced GTC
values of 0.30 and 0.17 for these two classes. For dataset B, SVM produced
the largest GTC values for building and other classes, equal to 0.43 and 0.52,
whereas the proposed method yielded 0.28 and 0.38 respectively.
Figure 2.13 presents the distribution of the total error index of building objects classified by the MLC, SVM and proposed methods. The dark
objects that do not overlap with reference objects are referred to as false
positives. The MLC and SVM classifications, shown in Figures 2.13(a1, a2,
b1 and b2) have more false positives than the proposed classifications, corresponding to Figures 2.13(a3 an b3). The reference objects that fail to
be extracted in a classification map are referred to as false negatives. Figures 2.13(a1, a2, b1 and b2) also show a higher number of false negatives
in MLC and SVM classifications compared with the proposed classifications,
shown in Figures 2.13(a3 and b3), on both datasets A and B.

2.5 Discussion
In this study we proposed a method for classifying urban land cover from
VHR satellite images. The results of image segmentation revealed that integrating a BPT with energy measures provides an eﬀective means for segmenting VHR images. Several studies have used BPT to process satellite images
(Kurtz et al., 2012; Salembier and Garrido, 2000; Valero et al., 2013). Previous research has also suggested that energy measures are applicable to evaluate image partitions (Guigues et al., 2006; Philipp-Foliguet and Guigues,
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2008; Serra and Kiran, 2013). So far, however, very little eﬀort has been
made to synthesize the properties of both BPT and energy measures. Therefore, the synthesis between BPT and energy measures is a key contribution
of this work. The results of building extraction also confirmed that the directional relationship based on fuzzy landscape supplies eﬀective information
for distinguishing building from other man-made objects.
The strength of using BPT to represent image is that it provides a hierarchical representation for an image by which image objects can be interpreted at multiple scales. The diﬃculty of using BPT is however to decide
a meaningful representation or a segmentation at a specific scale. This research provided a way of obtaining the relatively optimal representation of an
image, by means of unsupervised segmentation evaluation. We used two energy measures ED and EC to evaluate a set of possible image segmentations
represented by a BPT for choosing the segmentation that has the minimum
energy. This work can be extended by allowing two energy measures ED and
EC of diﬀerent importance. The obtained optimal segmentation may then
vary, as using diﬀerent weights for ED and EC can produce image segmentation at multiple scales. Such segmentations are important for particular
remote sensing applications, e.g. those considering scale issues.
The creation of a BPT of an image relies on the region model and merging criterion as well as an initial partition. The adopted region merging
criterion produced acceptable results in this study, but it still faces some
limitations. In particular, if a region Ri is a hole of (i.e. fully surrounded
by) its neighbouring region Rj , these two regions will always merge, irrespective of their attribute values. Future research has to be conducted on
improving the BPT region merging criterion. Furthermore, from creating a
BPT using various initial partitions, we observed that the initial partitions
derived from the same initial segmentation (e.g. SF1-3 or SM1-3) did not
have an evident eﬀect on the created BPTs if they were evaluated by energy
measures. The created BPTs however showed a slight diﬀerence due to the
initial segmentation methods (i.e. SF vs. SM). This diﬀerence was caused
by two aspects: (1) SF1-3 initial partitions had larger ED values but smaller EC values than those of SM1-3, and (2) the ED and EC energies were
considered of the same importance. As a result, the data fitting strategy
(i.e. MIN2) produced the optimal segmentations at a coarser level of image
detail than the straightforward method (i.e. MIN1).
The directional relationship between buildings and shadows represented
by a fuzzy landscape provides eﬀective information for building extraction.
In practice, the use of shadows still faces some limitations. The shadows
of buildings may not always be detectable. For example, the shadows may
be casted onto buildings themselves if they are parallel to the illumination
direction or onto tall buildings that stand close to each other. The shadow
direction may not be specified at polar and equatorial areas. In these cases
the shadows cannot be detected and hence the building cannot be detected.
On the other hand, the shadows casted by trees and bridges also influence
the accuracy of building extraction.
From the results of performing pixel-based and object-based accuracy assessment, the proposed method generally performed better than MLC and
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SVM. Moreover, the modified over-classification and under-classification error indices aimed at dealing with one-to-many instances when matching the
classified and reference objects. They provide an useful method for objectbased accuracy assessment. The classification results showed that several
building objects failed to be extracted by the proposed classification (Figure 2.12). Typically, for dataset A, small shadow objects, which were characterized with spectral features similar to some dark man-made objects, were
not selected into the training dataset for the preliminary SVM classification. If we select these small objects into training dataset, the classification
result would result in several misclassifications between shadow and dark
man-made objects. To face this problem, we made a trade-oﬀ for training
dataset collection. For the pixel-based assessment, we observed that for the
building class, the proposed method has a similar accuracy as MLC and
SVM in terms of overall accuracy and kappa coeﬃcient. Second, the confusion matrices of the proposed classifications show that many vegetation
and shadow pixels were misclassified into building and other classes, respectively. In this work, the reference data were produced by digitalization of
datasets. Uncertainty involved in the reference data may contribute to problematic confusion matrices. Some studies about these issues can be found in
literature (Foody, 2010; Stein et al., 2009).

2.6 Conclusions
In this study we proposed an object-based method for classifying urban
land cover using Pléiades images. We combined a Binary Partition Tree
(BPT) with energy minimization for image segmentation, and applied fuzzy
sets to create a fuzzy landscape for building extraction. BPT provided a
useful means for obtaining an optimal image segmentation without using
reference data. This segmentation is based upon a hierarchical representation of an image by a BPT and an unsupervised evaluation of the image
partitions by energy minimization. Modelling the directional relationship
between building and shadow objects provided eﬀective supplementary information for distinguishing buildings from other man-made objects. By
constructing a fuzzy landscape, the crisp rule that a building object is adjacent to a shadow object was quantified as membership values into a fuzzy
set. The membership values corresponded to the degree of satisfying the
directional relationship that a building object casted a shadow object in a
specific direction. Comparing with Maximum Likelihood Classification and
Support Vector Machine classification, the proposed classification produced
the highest overall accuracies and kappa coeﬃcients, and the smallest overclassification and under-classification geometric errors for two datasets. The
results allow us to conclude that the proposed method oﬀered a potential
solution for urban applications in need of extracting urban land cover.
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Table 2A.1: Spectral features of image objects.
Object features
Mean
Brightness
Max Diﬀ
NDVI

Feature description
si , the intensity of image object in spectral band i (i.e. Blue, Green,
Red and
NIR).
∑m
1
s
i=1 si , ms is the number of spectral bands.
ms ×
maxi,j∈ms |si −sj |
, s is the mean intensity of image object in all spectral
s
band.
(si − sj ) / (si + sj ), i is the NIR band, j is the Red band.

Table 2A.2: Geometrical features of image objects.
Object features
Length/With

Feature description
len/wd, measures the elongation of a polygon.
p/(2 × (len + wd), describes how jagged a polygon is, the more jagged,
Border Index
the higher its border index.
√
4 × a/π/p, describes how compact a polygon is, the more compact, the
Compactness
higher its
√ compactness.
b/(4 × a), describes how smooth a polygon is, the smoother, the lower
Shape Index
its shape index.
4 × a/(π × len2 ), describes how similar a polygon is to an ellipse, the
Roundness
roundness value of a circle is 1.
a/(len × wd, describes how well a polygon is fitted by a rectangle, the
Rectangular fit
rectangular fit value of a rectangle is 1.
a/acon , compares the area of the polygon to the area of its convex hull.
Solidity
Convexity
p/pcon , describes how well a polygon is to be convex.
len and wd: major and minor axes of the polygon, which are derived from an oriented
bounding box containing this polygon.
a: area of the polygon.
acon : area of the convex hull of the polygon.
p: border length of the polygon.
pcon : border length of the convex hull of the polygon.

Table 2A.3: BPT generation procedure.
Initialize a partition with M regions.
t=1
while t < M do
Generate the Region Adjacency Graph (RAG) for defining the neighbouring relations
between regions.
Calculate the dissimilarities of the pairs of neighbouring regions, and choose the most
similar pair of neighbouring regions Ri and Rj .
Merge the region Ri and Rj to create a new region RM +t (i.e. a node in a BPT ).
Update the RAG by removing the edge connected by Ri and Rj , and creating the new
edges connected with RM +t .
t = t + 1.
End.
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Region-based Urban Road
Extraction from VHR Satellite
Images Using Binary Partition
Tree

This chapter is based on the published paper: Li, M., Stein, A., Bijker, W.,
Zhan, Q., 2016. Region-based Urban Road Extraction from VHR Satellite
Images Using Binary Partition Tree. International Journal of Applied Earth
Observation and Geoinformation 44, 217–225.
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Abstract
This paper provides a hierarchical method for urban road extraction. It
consists of 1) obtaining the road region of interest from a VHR image, 2)
hierarchically representing this road region of interest in a Binary Partition
Tree (BPT), and extracting the roads based on this BPT at hierarchical
levels. Besides using two existing geometrical features (i.e. compactness and
elongation), we define two other structural features based on orientation histograms and morphological profiles to guide the region merging of BPT. The
morphological profiles are constructed using a series of path openings, which
facilitate modeling linear or curved structures. The proposed method was
applied to two types of VHR images with diﬀerent urban settings, corresponding to a Pléiades-B image of Wuhan, China, and a Quickbird image of
Enschede, the Netherlands. Experimental results showed that the proposed
method was able to group adjacent small segments that have high spectral
heterogeneity and low road-like geometrical properties to form more meaningful roads sections, and performed superior to the existing methods. Furthermore, we compared the proposed method with two other existing methods in the literature. We conclude that the proposed method can provide
an eﬀective means for extracting roads over densely populated urban areas
from VHR satellite images.
Keywords: Binary Partition Tree, fuzzy aggregation, morphological profiles, road extraction, very high resolution images.
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3.1 Introduction
A subject of considerable interest for information extraction from remote
sensing images is the extraction of roads. It is essential for many applications,
such as transportation management, geodata updating, and land cover and
land use analysis. Road extraction from remote sensing images can be traced
back to Bajcsy and Tavakoli (1976), and has been applied to a large variety
of sensors covering a wide range of spatial resolutions (Mena, 2003). Very
High Resolution (VHR) satellite images have a spatial resolution below 1
m, from which roads exhibit as image regions with more detailed spatial
information compared with low or mid-low resolution satellite images. In
particular, the growing availability of VHR images, e.g. QuickBird, GeoEye,
WorldView and Pléiades images, has caused an increase in the number of
studies on road extraction from VHR images. Nonetheless, these studies fail
to obtain an ideal result, particularly in complex urban areas where road
obstacles, e.g. from vehicles, trees and shadows are commonly found, thus
aﬀecting the accuracy of road extraction.
Road extraction methods are found regularly in remote sensing literature. According to Mena (2003), road extraction methods are categorized
as road tracking (Vosselman and Knecht, 1997; Hu et al., 2007; Movaghati
et al., 2010; Tang et al., 2014), active contour models (snakes) (Ravanbakhsh
et al., 2008; Butenuth and Heipke, 2012), mathematical morphology (Zhang
et al., 1999; Soille and Pesaresi, 2002; Valero et al., 2010), segmentation and
classification (Song and Civco, 2004; Bouziani et al., 2010; Shi et al., 2014),
and knowledge-based methods (Baltsavias, 2004). Road extraction from images, similar to e.g. blood vessel detection from medical images, is also a
well-known issue in computer vision (Chai et al., 2013). Chai et al. (2013)
distinguished three types of approach: pixel-based (Stoica et al., 2004; Mnih
and Hinton, 2010; Montoya-Zegarra et al., 2014), line-based (Lacoste et al.,
2005), and graph-based (Gerke et al., 2004; Turetken et al., 2012; Ünsalan
and Sirmacek, 2012; Turetken et al., 2013; Wegner et al., 2013). A road
extraction system often involves several diﬀerent types of techniques. There
is no ideal road extraction for all types of land structures, in rural, suburban
and urban areas. Besides using the spectral information of roads, many studies have stressed the importance of using the geometrical, contextual, and
structural knowledge for road extraction (Baltsavias, 2004).
In a VHR image, roads appear as image regions, and hence a region-based
approach could be of interest. For example, Grote et al. (2012) presented
a region-based method for suburban road extraction using high resolution
color infrared images as well as a digital surface model (DSM). The authors
employed a set of radiometric and geometric features to group small road
regions to form meaningful road-like regions. This method, however, involves
a rather large number of parameters and was not tested on just a single VHR
satellite image, but also involved availability of a DSM.
This paper aims to provide a novel region-based method for urban road
extraction from VHR images. The proposed method uses a Binary Partition Tree (BPT) (Salembier and Garrido, 2000; Valero et al., 2013) to hierarchically represent road regions, and relies on the road region of interest
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Figure 3.1: (a) The Pléiades image (with true color composite) of Wuhan,
China (study area A). (b) The Quickbird image (with true color composite)
of Enschede, the Netherlands (study area B).
(RoadROI) preliminarily obtained from an image. The RoadROI highlights
the road information, whereas it reduces the eﬀects of vegetation, shadow
and buildings on roads. In particular, by eliminating buildings via shadows,
the risk of confusing between buildings and roads because of similar spectral characteristics is reduced. The construction of a BPT uses two widely
used geometrical features, i.e. compactness and elongation indices, and two
newly defined structural features based on orientation histogram and morphological profiles. An automatic strategy to obtain the RoadROI from an
image is provided.
The remainder of this paper is organized as follows. Section 3.2 and Section 3.3 describes the study area and used data, and illustrates the proposed
method for road extraction, respectively. Section 3.4 presents experimental
results and related analysis, followed by discussion in Section 3.5 and the
conclusions of this research in Section 3.6.

3.2 Study area and data
The proposed method was investigated using two diﬀerent VHR images over
urban areas, namely study areas in Wuhan and Enschede (Figure 3.1). For
study area A, the road extraction is part of a large study on land use changes
of Wuhan, China, being a dynamic area. A piece of a Pléiades image was
acquired on 11 July 2013. This image was acquired with an azimuth angle of
140.8 ◦ , four multispectral bands of 2 m spatial resolution, a panchromatic
band of 0.5 m, and has a size of 1599 × 2019 pixels. This 0.5 m panchromatic
band was resampled from the 0.7 m raw panchromatic band by the image
provider using spline resampling. The multispectral bands were fused with
the panchromatic band using the Gram-Schmidt pan-sharpening method (as
same as study area B). Study area B is a more stable and established urban
area. We used a Quickbird image acquired on 21 September 2006. This
image has an azimuth angle of 172 ◦ , four multispectral bands of 2.4 m spatial
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Figure 3.2: Workflow of the proposed road extraction method.
resolution, a panchromatic band of 0.6 m, and a size of 928 × 1089 pixels.
These two study areas show that roads have a similar spectral reflectance
as buildings, parking lots, squares and other built-up areas, making road
extraction intrinsically diﬃcult. Furthermore, the vehicles on roads and
the trees surrounding roads give rise to obstacles. Both of these two study
areas therefore make the road extraction from VHR images challenging. The
reference road map of study area A was produced based on the oﬃcial land
use map by manually digitizing a part of small roads. The reference map of
study area B was produced from the public Open Street Map.

3.3 Methods
3.3.1 Obtain the road region of interest
The workflow of the proposed road extraction is presented in Figure 3.2.
It is a region-based method, which starts from an initial segmentation, i.e.
an over-segmentation case where a single object is partitioned into several
subdivisions. Vegetation is removed first, followed by building shadows and
buildings. In this way, the road region of interest (RoadROI) is obtained.
This RoadROI is used to construct a BPT for hierarchically representing
road-like regions. In doing so, we make use of geometrical and structural
information that is used for extracting roads based on fuzzy logic.
Let I be an image, and P = {Ri } be an initial segmentation with
i = 1, 2, · · · , M regions Ri . Initial segmentation is obtained by existing
segmentation methods. Here we use the Fractal Net Evolution Approach
(FNEA) (Benz et al., 2004) implemented in eCognition Software by giving a
small scale parameter. For each region Ri , we first smooth the within-pixel
values by using the mean value of Ri with respect to a spectral band. In
other words, each pixel in region Ri is replaced by the mean of the pixel values in that region. The smoothing process aims to reduce image noise with
respect to vegetation, shadow, and building regions obtained by pixel-based
methods. The smoothed image is therefore used for obtaining the RoadROI.
We remove the vegetation regions based on the Normalized Diﬀerence Vegetation Index (NDVI) using Otsu’s threshold method (Otsu, 1979). Next,
shadow regions are automatically detected by using the method proposed
by Teke et al. (2011), where a Hue-Saturation-Intensity (HSI) color space
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is converted from a Near-Infrared-Red-Green false color space to formulate
an index (Saturation − Intensity)/(Saturation + Intensity), by which the
Otsu’s threshold is applied for shadow detection. Dark objects, however,
might be mis-detected as shadows if we directly use this method for the
entire image. To improve the detection performance, we subset the images
into small patches for improving the bimodality of the image histogram for
Otsu thresholding (Adeline et al., 2013).
Moreover, as buildings have similar spectral and textural properties as
roads, we make use of the directional relationship between buildings and
their shadows to exclude the buildings from the image. The directional
relationship is modeled by a fuzzy landscape of building shadows. The detailed description and computation of a fuzzy landscape can be found in
Li et al. (2015a). A reference (shadow) region Rref and a direction with
angle β is considered. Then for each image pixel x ∈ I, the fuzzy landscape
Hβ (Rref )(x) specifies a membership function to the reference region Rref .
The Hβ (Rref )(x) ranges from 0 to 1, and specifies the degree of satisfying
the directional relationship of x ∈ I to Rref . This fuzzy landscape is further
smoothed at the region-level by averaging the within pixel values of an image region Ri . Based upon the smoothed fuzzy landscape H, the building
regions are automatically detected if their directional relationship is larger
than 0.5. By using this method, other shadows, i.e. mainly tree shadows,
are removed from the set of that can then be used for building detection. Removal of tree shadows is further handled by using directional relationships
between trees (i.e. vegetation) and their shadows. To do so, we first obtain the vegetation boundaries adjacent to shadows, then construct another
fuzzy landscape that has the opposite direction angle 180◦ − β where the
pixel value specifies the degree that a shadow pixel is casted by a tree. Similarly, tree shadow regions can be detected if their directional relationship is
larger than 0.5. The rest of image regions that are not vegetation, buildings
and their shadows will be used for RoadROI BPT construction.

3.3.2 Construction of a BPT for RoadROI
A BPT provides a tree-structure for a region-based representation of an
image, and has been used for image processing, segmentation and objects
extraction (Salembier and Garrido, 2000; Sigurdsson et al., 2014; Valero
et al., 2015). Let T be a BPT, and v be a node of T , corresponding to an
initial image region. As shown in Figure 3.3, the top node R11 is the root
of T with two children nodes R10 and R6. The node R10 is referred as a
branch node and the R6 is a leaf node as it has no children nodes.
3.3.2.1 Region model
The construction of a BPT involves two key components: the region model
and region merging. The region model specifies how regions are represented and how to compute the union of two adjacent regions (Kurtz et al.,
2012). Two shape features, namely compactness and elongation indices, and
two newly defined structural features, namely the orientation histogram and
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Figure 3.3: Tree-structure representation of a BPT sample with six initial
regions.
connectivity, are used to define the region model with respect to an image region in RoadROI. The compactness cm and elongation eln indices (Bouziani
et al., 2010) are defined for each region Ri as
√
cmi = 2 · π · ai /pi
(3.1)

elni = ai /(len2i )

(3.2)

where ai , pi and leni are the area, perimeter and length (i.e. the major axis
of an polygon) of Ri , respectively.
Inspired by the Histogram of Oriented Gradients (HoG) (Dalal and Triggs,
2005), for a region Ri , we calculate an orientation histogram with kb bins,
labeled HoGi , to represent the orientation distribution of Ri . Diﬀering from
the original HoG in Dalal and Triggs (2005), for a region Ri , the local neighborhood of calculating its HoGi is determined by the size of the bounding
box of Ri and a given cell size kc . Specifically, the bounding box of Ri is
buﬀered if either the width or the length of this bounding box is less than kc .
By doing so, the minimum local neighborhood of a HoGi is guaranteed. The
rest of the calculation of a HoGi is the same as the original HoG calculation.
The reader is referred to Dalal and Triggs (2005) for more details about HoG
calculation.
Morphological profiles (MP) have been widely used to model spatial information of the images (Ghamisi et al., 2015). An MP is created by applying a series of traditional openings and closings with a structuring element
(SE) of increasing size to an image. A major shortcoming of using traditional openings or closings for building an MP, however, is the diﬃculty in
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Figure 3.4: Three MPs of pixel x1 , x2 , x3 created by using path openings
with the length L ranging from 0 to Lmax pixels. Specifically, x1 , x2 , x3 refer
to not a road pixel, probably a road pixel, and a road pixel in a RoadROI.

determining a proper SE for conducting the opening or closing operation.
Furthermore, traditional openings and closings fail to extract curved structures, for instance, a curved road in an image. To overcome this shortcoming,
Heijmans et al. (2005) proposed two variants, called path openings and closings, to facilitate extracting pixel structures that are locally oriented but
not perfectly straight, from binary and gray-level images. It removes the
pixels that are not connected in an adjacency graph under a given length
and orientation. The theoretical foundations of path openings and closings
are detailed given in Heijmans et al. (2005). The L-tuple (x1 , x2 , · · · , xL ) is
called a δ-path of length L if xk 7→ xk+1 , or equivalently, if xk+1 ∈ δ({xk }),
for k = 1, 2, · · · , L − 1. The 7→ refers to a directed adjacency relation, meaning that there is an edge going from xk to xk + 1. Let the set of all δ-paths
of length L be ΠL , and let the set of δ-paths of length L contained in a subset
X of an image I be ΠL (X), X ⊂ I. The operator αL (X) called the path
opening is defined as the union of all δ-paths of length L contained in X. We
apply a series of path openings with a length of increasing size to form an
MP on the pixels of the RoadROI. The morphological profile M P (x) of a
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pixel x is defined as
M P (x) = {ΠL (x)} , L ∈ {1, · · · , Lmax } ,

(3.3)

where Lmax indicates the longest length of the used path openings. We
exemplify the characteristics of the MPs with respect to diﬀerent types of
pixels, namely non-road, possible road and road pixels (Fig 3.4).
Based upon the MP of RoadROI, we define a connectivity feature to
measure to which degree an image region is linear or curved. The connectivity feature coni of Ri is defined as
coni =

ni L∑
max
1 ∑
wL · ΠL (xp ), xp ∈ Ri ,
ni p=1

(3.4)

L=0

where wL refers to the weight of a path opening with length L being con1
sidered in coni . For a simple linear case, the wL equals to Lmax
. In addition,
weight values calculated from a Gaussian distribution can also be used for
wL .
3.3.2.2 Region merging
The region merging criterion determine the order of pair-wise regions being
merged in a BPT creation. The two geometrical features of the union of adjacent regions are quantified via a Z-shape (or spline-based) fuzzy membership
function,

1,
x≤a


 1 − 2 · ( x−a )2 , a ≤ x ≤ a+b
b−a
2
f (x; a, b) =
(3.5)
a+b
)2 ,
≤x≤b
2 · ( x−a


b−a
2

0,
x≥b
µ1,ij = f (cmij , a1 , b1 ),

(3.6)

µ2,ij = f (elnij , a2 , b2 ),

(3.7)

where µ1,ij and µ2,ij refer to the membership values of cmij or elnij respectively. Theoretically, the values of cmij and elnij have the range of (0, 1).
Here the variable a1 and a2 are equal to 0 for both cases.
Next, we use histogram intersection to quantify the orientation similarity
between two adjacent regions. Let HoGi , HoGj and HoGij be the orientation histograms of the objects Ri , Rj , and their union Rij , respectively. The
orientation similarity µ3,ij of two adjacent regions is defined as,
µ3,ij = max(fbini (Ri ) − fbini (Rj ), fbinj (Rj ) − fbinj (Ri ))

(3.8)

where fbini (Ri ) (resp. fbinj (Rj )) is the maximum normalized frequency
(equal to 1) of the HoGi (resp. HoGj ). Here, we normalize a histogram by
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dividing it using the largest value of this histogram. The subscript bini (resp.
binj ) indicates a bin location that has the maximum normalized frequency
of the HoGi (resp. HoGj ). The fbini (Rj ) refers to the normalized frequency
of HoGj at the bin location bini . Likewise, the fbinj (Ri ) is the normalized
frequency of the HoGi at the bin location binj .
The MP is used to measure the connectivity of two adjacent regions. Let
coni and conj be the connectivity features of Ri and Rj . The connectivity
of two adjacent regions µ4,ij is defined as
µ4,ij = (coni · ai + conj · aj )/(ai + aj )
where ai and aj are the areas of Ri and Rj , respectively.
In summary, we define region merging criteria as
√
√
Oij = wrm · µ1,ij · µ2,ij + (1 − wrm ) · µ3,ij · µ4,ij + ϵrm ,

(3.9)

(3.10)

ϵrm = |wdij − max(wdi , wdj )| /wdij ,
(3.11)
√
√
where µ1,ij · µ2,ij and µ3,ij · µ4,ij are two terms representing the geometrical and structural features, respectively, and the parameter wrm weights
these two terms. In this paper, we take wrm = 0.5. The parameter ϵrm
aims at constraining the width of the two adjacent merged regions, where
wdi , wdj and wdij are the width of the regions Ri , Rj and Rij respectively.
A high value of Oij gives high priority to the two adjacent objects Ri and
Rj to be merged. Based upon the defined region model and region merging
criteria, the BPT of a RoadROI is created.

3.3.3 Road extraction
Based upon the constructed RoadROI BPT, road extraction is performed.
The initial image regions are merged to form more road-like regions represented by BPT nodes. Given an image region Rv represented by a BPT node
v, the membership degree of Rv being a road region is quantified by two
fuzzy membership values µ1,v and µ2,v . We then apply the method of Sebari
and He (2013), to detect road regions from a BPT based on these two fuzzy
rules. Furthermore, the adopted method also quantifies the
∏ uncertainty of
extracted road regions. Specifically, a possibility measure (Rv ) represents
the possibility that an image region Rv belongs to road,
∏
(Rv ) = max(µ1,v , µ2,v )
(3.12)
∏
(Rv ) = max(1 − µ1,v , 1 − µ2,v )
∏

(3.13)

where (Rv ) denotes the possibility that the region Rv belongs to non-road.
In addition, a necessity measure N (Rv ) is defined to represent the certainty
that an image region Rv is road,
∏
(3.14)
N (Rv ) = 1 − (Rv )
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N (Rv ) = 1 −

∏
(Rv )

(3.15)

where N (Rv ) denotes the possibility that the region Rv belongs
∏ to non-road.
∏
The image region Rv is therefore detected as a road class if (Rv ) > (Rv )
and N (Rv ) > N (Rv ).

3.3.4 Quality assessment
We compare the proposed method with two other road extraction methods
found in the literature. We first use the Orfeo ToolBox (Inglada and Christophe, 2009), labeled as OTB method, to extract roads from both Pléiades
and Quickbird study images. The Orfeo ToolBox is an open source C++ library for remote sensing images processing, which is developed by the French
space agency to promote the use of Pléiades images. Hence, this toolbox
can be well used to compare the results between the proposed and existing
methods, particularly using Pléiades images. In addition, we compare our
extracted roads with the method from Valero et al. (2010), labeled the S.
V. method, that investigated the use of MP for road extraction. Because
the proposed method also uses MP, we consider it a proper option for the
comparison purpose. For implementation of the OTB and S.V. methods, we
set the corresponding parameters as follows; For OTB extraction, an input
pixel of roads is used for each study area, see Figure 3.6; other parameters
are kept the same as suggested in the user guide of Orfeo Toolbox. For S.V.
extraction, the M GL parameter is obtained by using a path opening operation of length 400 pixels; the Lmin equals to 400 pixels; and the T parameter
is equal to 50 which is the same as used in the literature (Valero et al., 2010).
We evaluate the extracted roads using three accuracy measures, namely
completeness, correctness, and quality, used by Clode et al. (2007),
completeness =

correctness =

quality =

TP
,
TP + FN

TP
,
TP + FP

TP
,
TP + FP + FN

(3.16)

(3.17)

(3.18)

where T P indicates the true positive and is the number of pixels existing in
both reference and extracted roads; F N indicates the false negative and is
the number of pixels existing in the reference roads, but not in the extracted
roads; F P indicates the false positives and is the number of pixels existing
in the extracted roads, but not in the reference roads.
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Figure 3.5: The obtained RoadROIs of both study areas A and B, corresponding to the top and bottom panels, respectively. (a1 and b1) are the
detected vegetation and shadows by Otsu’s threshold. (a2 and b2) are the
detected buildings by directional relationship between buildings and their
shadows. (a3 and b3) are the obtained RoadROIs overlapping with the corresponding true color VHR images.

Table 3.1: Parameter settings associated with the steps of road extraction.
Internal parameters refer to those described in this paper. External parameters refer to those associated with existing algorithms but were not in
detail described in this paper.
Parameters setting
Obtain RoadROI
Scale = 40
ω = 140.8◦ , 172◦

Description
(External) Scale parameter in eCognition software for creating
an image segmentation. Other parameters were set as default.
(External) Azimuth angle of a VHR image, used for calculating
the direction parameter β (Li et al., 2015a).

Construct RoadROI BPT
b1 = 0.6; b2 = 0.4
kc = 50; kb = 18
Lmax = 400
wrm = 0.5

(Internal)
functions.
(Internal)
(Internal)
(Internal)

Parameters for defining Z-shape membership
Parameters for calculating a HoGi .
Parameter for calculating a MP.
Parameter for defining the region merging criteria.

3.4 Results
3.4.1 Obtain the road region of interest
Figure 3.5 shows the results of obtaining the RoadROIs at both study areas
A and B. Figures 3.5a1 and 3.5b1 give the detected vegetation and shadows
by Otsu’s threshold. To erase the tree shadows, we constructed a fuzzy land48
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scape to model the directional relationship between shadows and their adjacent trees (i.e. vegetation in this work). Table 3.1 gives the size of the used
fuzzy structuring element, as well as other parameter settings associated with
the step of obtaining the RoadROI. The rest of the detected shadows, corresponding to building shadows, were used to detect buildings. Figures 3.5a2
and 3.5b2 display the detected building shadows. The RoadROIs of study
areas A and B were obtained by masking the detected vegetation, building
shadows, and buildings (Figures 3.5a3 and 3.5b3).

3.4.2 Construction of a BPT for RoadROI
The construction of a RoadROI BPT involves in calculating two shape features, namely compactness and elongation, as well as two structural features,
namely orientation histogram and connectivity. Table 3.1 lists the parameter
settings of this BPT construction. To define the parameters for the Z-shape
membership functions in equations (3.6 and 3.7), we used the compactness
and elongation information about roads in the literature, i.e. the compactness of most roads was lower than 0.3 and the elongation was lower than
0.2. We set the parameters, for instance, b1 = 0.6 to make sure that the
possibility of a region with compactness less than 0.3 is larger than 0.5. To
calculate an orientation histogram of an object, we set the minimum neighborhood kc equal to 50 pixels, and chose the number of bins kb equal to 18.
To calculate the connectivity feature, we set the maximum length Lmax of
path opening equal to 400 pixels.

3.4.3 Road extraction
Figure 3.6 gives the extracted results at study areas A and B by the proposed and the OTB and S.V. methods. The proposed method gave the best
extraction as compared to OTB and S. V. for both study areas A and B.
Figures 3.6a1 and 3.6b1 show that the roads extracted by OTB exhibit relatively low likelihood at both study areas A and B. For the roads with heavy
obstacles like vehicles and vegetation, the OTB gave the worst extraction
performance followed by S.V. for these two study areas, see yellow boxes
A and C in Figures 3.6a1-3.6a3 and yellow ellipses F in Figure 3.6. The
proposed method was able to merge those small regions caused by the appearance of vehicles to form more meaningful road-like regions. Figures 3.6a3
and 3.6a4 show that a large part of buildings and other built-up areas, particularly those close to roads, were extracted as roads, see yellow box B in
Figure 3.6a3 and yellow ellipse E in Figure 3.6b3, because those adjacent
buildings and other built-up areas had similar spectral reflectance as roads.
By using the proposed method, some adjacent buildings were removed in
the first step. Because built-up regions generally had a low elongation and
a high compactness, these regions were less likely to be merged as more
meaningful road-like segments by the proposed method. As shown in the
yellow box B in Figure 3.6a2 and yellow ellipse D in Figure 3.6b2, however,
several building were mis-extracted as roads. In fact, these buildings were
fully surrounded by trees, and no building shadows were detected. Hence,
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Figure 3.6: Road extraction by the proposed and other two existing methods. (a1 and b1) , (a2 and b2), and (a3 and b3) are the results produced
from the OTB, proposed, and S.V. methods. The proposed and OTB methods also provide the extracted results with associated uncertainty measures,
corresponding to the certainty and likelihood values respectively.
these buildings failed to be detected by shadow information at the stage of
obtaining the RoadROI. In addition, these buildings were similar to roads,
which have a high elongation and low compactness. In addition to road extractions at study areas A and B, the reader is referred to the supplementary
data for road extraction on a large VHR image (Figure 3A.1. in Appendix)
.

3.4.4 Quality assessment
Figure 3.7 shows the evaluation of the extracted roads of the proposed
method as compared with the S.V. method. We however did not evaluate the extracted roads by OTB method, because it extracts the roads as
lines instead of regions. Further, as shown in Figure 3.6, OTB produced the
worst results from a visual inspection.
Figure 3.7 shows that road extraction at study area A gave a better performance than at study area B. This figure also shows that the proposed
method performed better than the S.V. method at both study areas A and
B. For some regions with evident obstacles like vehicles and vegetation, see
the yellow boxes A and C in Figures 3.7a1-3.7a3, the S.V. method yielded
a high proportion of false negatives. The reason was that, for instance, the
vehicles on roads increased the spectral heterogeneity which aﬀected the rep50
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Figure 3.7: Evaluation of the extracted roads, and compared with the S.V.
method. (a1 and b1) are the reference maps at study areas A and B. (a2
and b2) and (a3 and b3) refer to the valuation of extracted results by the
proposed and S.V. methods, in terms of true positive, false negative and
false positive measures.

resentation of linear structures by path openings. In contrast, the proposed
method was able to merge small regions to form larger, more meaningful
regions so that the linear structures of roads were retained. For some regions adjacent to buildings and other built-up regions, see the yellow ellipse
E in Figures 3.7b1-3.7b3, the S.V. method yielded a higher number of false
positives as compared with the proposed method. The reason was that these
areas had a similar spectral reflectance as roads. It is thus diﬃcult to separate roads from their surroundings just relying on spectral characteristics.
The reason was that during the first step of the proposed method, buildings
were removed to reduce the eﬀects. In addition, those built-up areas were
initially segmented to regions with low elongation and high compactness
properties which were constrained in the region merging process of a BPT
creation. Nonetheless, some buildings were mis-extracted as roads, causing
false positives in the evaluation, see yellow box B in Figure 3.7a2 and yellow ellipse D in Figure 3.7b2. The reason was that these buildings were
not removed from the corresponding RoadROI, and had similar geometrical
properties as roads, i.e. high elongation and low compactness. Furthermore,
the final road extraction only considered these two geometrical properties.
Table 3.2 gives the quantitative evaluation of the roads extracted by the
proposed and S. V. methods, in terms of completeness, correctness, and quality measures. This table denotes that the roads extracted by the proposed
method had a higher accuracy than the S. V. method for both study areas
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Table 3.2: Evaluation of the extracted roads by the proposed and S.V
methods using completeness, correctness, and quality measures. The A and
B refer to the study areas A and B respectively.
Proposed method

S.V. method

A

B

A

B

Completeness

0.8592

0.5766

0.4799

0.1283

Correctness

0.5875

0.4690

0.3758

0.0695

Quality

0.5359

0.3489

0.2670

0.0472

A and B. The extracted roads by either the proposed or the S. V. method
at study areas B had a lower accuracy than those at study area A, in terms
of these three accuracy measures. Regarding these three accuracy measures,
the completeness of the extracted roads was higher than correctness and
quality measures. For study area B, although the proposed method produced a better extraction than the S. V. method, the extracted roads were
still evaluated with low accuracy, which might be caused by the following
reasons: (1) this study area covered a dense urban area, where the buildings
were arranged with small spaces between them, and (2) a large part of small
roads were fully blocked by vegetation and shadows, and the image regions
of these small roads were not connected and could not be grouped to more
meaningful roads.

3.5 Discussion
This study investigated the use of BPT for region-based urban road extraction from VHR images. Our results confirm that BPT provides an eﬀective
representation for urban roads in VHR images, to obtain a set of road-like
regions, which have high elongation and low compactness, for road extraction. Moreover, the BPT constructed in this work is application driven.
This diﬀers from a more common data driven BPT construction. To the
best of our knowledge, it is hard to construct an eﬀective BPT for various
applications. An application driven BPT is more suited for a specific extraction task like road extraction, because it uses a specific region model
and a merging criterion. In addition, an application driven BPT can make
use of expert’s knowledge for BPT construction. Therefore, this paper uses
fuzzy logic to model expert’s knowledge. Many studies on road extraction
from remote sensing images can be found in the literature, particularly the
recent work by Grote et al. (2012), who also investigated region-based road
extraction by grouping image segments into more meaningful road sections.
The diﬀerence exists in several aspects, e.g. (1) the proposed method starts
from an over-segmentation, which can be done by any existing segmentation
methods, (2) DSM data is not used, and (3) less parameters are used.
From the examples in this study it is clear that buildings have an eﬀect
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on road extraction, in particular those which are adjacent to roads or have
similar shapes as roads. This finding was also confirmed by previous work
(Mena, 2003; Grote et al., 2012). In this study, the proposed road extraction
relies on a RoadROI, corresponding to image regions excluding vegetation,
buildings and building shadows. The RoadROI places the emphasis on road
information, whereas it first reduces the eﬀect of vegetation, shadow and
buildings on roads; it is obtained in an automated way. The definition of the
RoadROI, however, could be dependent on study images. If an image shows
many building shadows on roads, as in this study, we suggest the corresponding RoadROI to include building shadows, whereas otherwise, we suggest it
to exclude building shadows. Future work could focus on analyzing the eﬀect
of building shadows on extracted roads, and could provide quantitative information to end-users whether a RoadROI should include building shadows
or not. Moreover, because tree shadows aﬀect building detection by means
of shadow information (Li et al., 2015a), they are removed from the set of
detected shadows that can be used for building detection.
A Z-shape fuzzy membership function is used to quantify to which degree a pair of adjacent regions should be merged according to a geometrical
feature. Other fuzzy membership functions (e.g. linear or Gaussian functions) (Zadeh, 1994) can also be used for this quantification. Experimentally,
there is no evident diﬀerence between diﬀerent membership functions in this
task. The question is to assign proper parameters for the chosen membership function. We used the geometrical information of roads in the literature
(Bouziani et al., 2010), i.e. the compactness of most roads was lower than
0.3 and the elongation was lower than 0.2, corresponding to b1 = 0.6 and
b2 = 0.4. Our results again confirm this knowledge. We also defined two
new structural features, namely the orientation histograms and connectivity.
The computation of the orientation histogram HOGi of region Ri needs to
specify the size kc of the minimum local neighborhood and the number kb of
bins, where the kc mainly guarantees the minimum local neighborhood for
the orientation histograms of small regions. The eﬀect of kc and kb on the
computation of orientation histograms can be found in the literature (Dalal
and Triggs, 2005). The computation of the connectivity coni of region Ri
needs to specify the longest length Lmax of the used path openings. A smaller value of Lmax may lead to a non-road region with a relatively higher value
of connectivity, while a larger value of Lmax may give a small-road region
with a relatively lower value of connectivity. The region merging criterion
in equation 3.10 involve the combination of the geometrical and structural
terms, where wrm = 0.5. A larger wrm gives more importance on the geometrical term, and vice versa. In the literature, other alternative methods
can be used for this combination, for example, the decision fusion method
by Fauvel et al. (2006). Our method, however, can also achieve comparable
results by a relatively straightforward combination.
Road regions are hierarchically represented by a BPT, from which road
regions are assigned as roads or non-roads using two fuzzy rules, referring to
elongation and compactness properties. Although our results gave the best
extraction compared with two other existing methods, more additional rules
may improve the extraction performance. Moreover, new rules can also be
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easily integrated in the decision step, by means of possibility and necessity
measures. The results of study area B showed that, for those small roads
fully blocked by vegetation and building shadows, the corresponding image
regions failed to be merged. Because, no adjacency relationships between two
blocked regions were defined in the Region Adjacency Graph (RAG). Future
improvements can be conducted to deal with this problem, for example, if
the distance of two blocked regions is smaller than a specific value, then
these two regions can be seen as adjacent. In this paper, we compared the
proposed method with two other existing road extraction methods, namely
S.V., which is also region-based and also uses MP, and line-based OTB, which
was especially developed for Pléiades images. The proposed method gave
higher completeness, correctness and quality than the S.V. method. Visual
inspection showed that the proposed method performed better than the OTB
method. However, results could not be compared based on completeness,
correctness and quality measures, because OTB produces roads as lines and
not as regions. As can be seen from Appendix, the proposed method also
performs consistently well on a larger subset of the image. Although we
compared our method to the best and closest alternatives for road extraction,
further comparison with other existing road-extraction methods could be
interesting and induce further improvements.

3.6 Conclusions
BPTs have a considerable potential for region-based representation of images.
For remote sensing images, so far, the BPTs have been mainly used for image
segmentation, based mainly on low-level spectral, textural and geometrical
information. We investigated the use of BPTs for region-based urban road
extraction from VHR images, integrating geometrical and structural information of roads. Based upon fuzzy logic, diﬀerent types of information can be
eﬀectively fused for constructing a BPT, in which small regions are grouped
to form larger and more meaningful road-like regions. It has been known
that vegetation, shadows and buildings aﬀect the road extraction from VHR
images, particularly in urban environments. We investigated to use a set of
automatic thresholding methods to preliminarily remove vegetation, buildings and building shadows to obtain a RoadROI, upon which the proposed
road extraction was conducted. The experimental results showed that the
proposed road extraction outperformed two other existing methods over the
Wuhan and Enschede study areas using Pléiades and Quickbird VHR images
respectively. We conclude that the proposed method can provide an alternative means for road extraction over dense urban areas from VHR images,
including varying densities of roads, buildings adjacent to roads and partial
covering of roads by vehicles and vegetation.
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Appendix

(a) Pléiades image

(b) Extracted roads

Figure 3A.1: (a) large Pléiades image with 20000×20000 pixels. (b) extracted
roads (yellow) by the proposed method.
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4

Urban land use extraction from
Very High Resolution remote
sensing imagery using a Bayesian
network

This chapter is based on the published paper: Li, M., Stein, A., Bijker,
W., Zhan, Q., 2016. Urban land use extraction from Very High Resolution remote sensing imagery using a Bayesian network. ISPRS Journal of
Photogrammetry and Remote Sensing 122, 192–205.
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Abstract
Urban land use extraction from Very High Resolution (VHR) remote sensing images is important in many applications. This study explores a novel
way to characterize the spatial arrangement of land cover features, and to
integrate it with commonly used land use indicators. Characterization is
done based upon building objects, taking their functional properties into
account. We categorize the objects to a set of building types according
to their geometrical, morphological, and contextual attributes. The spatial arrangement is characterized by quantifying the distribution of building
types within a land use unit. Moreover, a set of existing land use indicators
primarily based upon the coverage ratio and density of land cover features
is investigated. A Bayesian network integrates the spatial arrangement and
land use indicators, by which the urban land use is inferred. We applied
urban land use extraction to a Pléiades VHR image over the city of Wuhan,
China. Our results showed that integrating the spatial arrangement significantly improved the accuracy of urban land use extraction as compared with
using land use indicators alone. Moreover, the Bayesian network method produced results comparable to other commonly used classifiers. We conclude
that the proposed characterization of spatial arrangement and Bayesian network integration is eﬀective for urban land use extraction from VHR images.
Keywords: Urban land use, very high resolution, spatial arrangement
characterization, building types, Bayesian network.
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4.1 Introduction
Urban land use information plays an important role in many urban-related
applications (Patino and Duque, 2013; Hu and Wang, 2013). Remote sensing images have the potential of extracting urban land use and monitoring
its changes at local, regional, and national levels (Banzhaf and Netzband,
2011). Particularly, at the local urban level, the growing availability of very
high resolution (VHR) remote sensing images, e.g., from QuickBird, GeoEye,
WorldView and Pléiades satellites, has resulted in an increase in extracting
urban land use with fine spatial detail (Pacifici et al., 2009; Comber et al.,
2012; Voltersen et al., 2014). Remote sensing images record the physical
properties of the earth surface, i.e. land cover, whereas land use refers to
the corresponding functional aspects, i.e. how land cover is used by humans.
Extracting urban land use from VHR images is more challenging than land
cover extraction, because human activities cannot be directly inferred by
interpreting the tone, texture or shapes of image features. For example, a
homogenous land use unit (like a street block) may be comprised of a set
of diﬀerent land cover features like vegetation, buildings, and other built-up
objects. The composition of land cover features has been widely used for
land use classification from low or medium resolution remote sensing images
at regional or national levels. It however fails to eﬀectively characterize land
use from VHR images at the local level. For example, both high-density
residential and commercial land use units have a large coverage of buildings
and a low coverage of vegetation. The types and arrangement of land cover
features may also vary between land use classes. Therefore, it is crucial to explore an eﬀective way to characterize the arrangement of land cover features
for urban land use extraction from VHR images.
Traditional methods for urban land use extraction from remote sensing
images rely on quantifying land use indicators (also called spatial metrics)
at well-defined land use units, such as grids and street blocks (Herold et al.,
2003; Hu and Wang, 2013; Lowry and Lowry, 2014; Novack et al., 2014).
Land use indicators that mainly consider the coverage ratio and density of
land cover features are commonly used but fail to eﬀectively characterize land
use in complex urban areas, and often lead to poor extraction results. For
example, a residential area may have buildings with similar size and shape,
and a regular spatial layout, but diﬀers from a non-residential area in terms
of the spatial layout of land cover features. Therefore, the spatial layout, i.e.
spatial arrangement, can be used as a good proxy to diﬀerentiate land use
classes. Recent studies on urban land use extraction have also shown that the
use of spatial arrangement of land cover features can improve the extraction
performance (Zhan et al., 2002; van der Kwast et al., 2011; Comber et al.,
2012; Vaduva et al., 2013; Walde et al., 2014; Zhang and Du, 2015). Among
those, graph-based methods have been regularly used for object-based land
use extraction. Those construct a planar graph that characterize the spatial
arrangement of land cover features (Barnsley and Barr, 1997; Comber et al.,
2012). By doing so, it is challenging to construct, partition, and measure a
graph (or sub graphs). In the literature, the extraction of urban structure
types has been investigated using VHR images and other data sources such
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as a digital surface model (DSM), a digital landscape model (DLM), and
LiDAR data (Banzhaf and Hofer, 2008; Heiden et al., 2012; Walde et al.,
2014; Voltersen et al., 2014). The urban structure types are defined according
to the structural properties including spatial arrangement of image regions.
They generally do not refer to the functional properties, i.e. land use, of
image regions. Urban structure types may be used as spatial indicators for
urban land use extraction. In addition, urban scene classification has drawn
increasing attention in remote sensing studies, in particular to VHR remote
sensing (Yang and Newsam, 2010; Vaduva et al., 2013; Castelluccio et al.,
2015; Zhao et al., 2016). Similar to natural scene classification in computer
vision, an urban scene refers to a subset of an image, and is defined according
to its semantic interpretation, e.g. an airport, a parking lot, or a sparse
residential. The spatial arrangement information based on local features is
important for classifying urban scenes (Cheriyadat, 2014; Chen and Tian,
2014). In scene classification, the local features are usually generated from
low-level image descriptors, e.g. scale-invariant feature transform (SIFT)
in Cheriyadat (2014) and local binary patterns (LBP) in Li et al. (2015b).
They however do not provide an explicit interpretation for a specific class of
urban scenes (or urban land use).
This paper explores a novel way to characterize spatial arrangement and
extract urban land use from VHR images. At the local urban level, a VHR
image is dominated by buildings. We therefore characterize the spatial arrangement of land cover features based upon building objects obtained from
VHR images. To do so, we define and categorize building objects into a set of
building types according to their geometrical, morphological and contextual
properties. The distribution of building types is then quantified to represent
the spatial arrangement information of a land use unit. We use a Bayesian
network to model spatial arrangement information and land use indicators
for urban land use extraction.
The remainder of this paper is organized as follows: Section 4.2 describes
the study area and data, and Section 4.3 illustrates the proposed method
for urban land use extraction. Section 4.4 presents experimental results and
related analysis, followed by discussion in Section 4.5 and the conclusions of
this research in Section 4.6.

4.2 Study area and data
The study area is an urban area located in Wuhan, the captial of Hubei
province, being one of the most populous cities in China. It has a population
of more than 10 million inhabitants, which still increases, resulting in rapid
land use changes, particularly in newly built urban zones. For this study
area, we acquired a subset of a Pléiades-1B image recorded on 11 July 2013,
with four multispectral bands of 2 m spatial resolution and a panchromatic
band of 0.5 m, covering an area of 25 km2 . This 0.5 m panchromatic band
was resampled from the 0.7 m raw panchromatic band by the image provider
using spline resampling. The multispectral bands were fused with the panchromatic band using the Gram-Schmidt pan-sharpening method provided
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Figure 4.1: True color composite of the pansharpened Pléiades image of
the study area in Wuhan, China.

by ENVI version 5.0 (Exelis Visual Information Solutions, Boulder, Colorado). Figure 4.1 gives an overview of the pansharpened Pléiades image in a
true color composite. In addition to the VHR image, we acquired an existing urban land use map (around 2013) in shapefile format fully covering this
study area from the local department of urban planning. Underlying this
map is a detailed classification system of 45 land use classes, among which 38
classes can be found in our study area (Table 4A.1 in Appendix). This land
use map was used to 1) define the urban land use classification system for
the study area in this paper, 2) partition the study image into homogenous
units for land use extraction, and 3) to evaluate the accuracy of urban land
use extraction from the study image.

4.3 Methods
The workflow of the proposed urban land use extraction from VHR imagery
consists of (1) urban land cover classification, (2) urban building types and
land use definition, (3) urban building type classification, (4) spatial ar61
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Figure 4.2: The proposed Bayesian network model for extracting land uses
from land covers obtained from VHR images. The root node LUi refers
to a land use unit. The group of nodes {F1 , · · · , FM } refer to the used
land use indicators. The node FSA refers to the spatial arrangement of a
land use unit, and consists of a group of nodes {b1 , · · · , bS } associated with
classified building types within this unit. The nodes Ri,bd , Ri,tr , Ri,gr , Ri,sh ,
Ri,wt , Ri,ot denote the land cover objects of building (including dark, gray,
brick-color, blue, and bright roofs), tree, grass, shadow, water, and others,
respectively. The non-building objects are used to calculate the value of
land use indicators.

rangement characterization, and (5) urban land use extraction by Bayesian
network, see Figure 4.2. The evaluation of urban land use extraction is then
given. In the following sections, we will describe this in detail.

4.3.1 Urban land cover classification
For classifying urban land cover, we used an object-based image analysis
method, for which we defined 11 classes: grass, tree, shadow, water, bare soil,
dark roof, gray roof, brick-color roof, blue roof, bright roof and others. All
the dark, gray, brick-color, blue, and bright roofs were generally considered
as buildings. To segment a VHR image into objects, the multiresolution
segmentation method in eCognition software was used (Benz et al., 2004).
We set the parameters based upon expert experience, i.e. a trial-and-error
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Table 4.1: Features used for classifying urban land cover (Li et al., 2015a).
Spectral
Textual (GLCM)

Geometrical
Spatial

Mean
Max Diﬀ
Homogeneity
Entropy
StdDev
Area
Border Index
Roundness
Directional mean

StdDev
NDVI
Contrast
Ang. 2nd moment
Correlation
Perimeter
Compactness
Rectangular fit

Brightness
NDWI
Dissimilarity
Mean
Length/With
Shape Index
Elliptic fit

method, because the study image covers a large and complex urban area,
where many buildings are found with diverse materials, sizes, and shapes.
Furthermore, we produced an image segmentation with a slight oversegmentation rather than under-segmentation in order to maintain the accuracy of land cover classification (Myint et al., 2011). For each image object,
which is a segment from image segmentation, we calculated a set of spectral,
geometrical, textual, and spatial features for classification (Table 4.1). Particularly, we calculated a directional feature based upon building shadow to
improve the separability of building objects from other man-made objects
(Li et al., 2015a, 2016a). A directional feature quantifies the directional relationship between building and shadow, where the directional relationship is
modeled by a fuzzy landscape of building shadow. A support vector machine
(SVM) classifier was then used for classification (Chang and Lin, 2011). For
the SVM classifier, the radial basis function (RBF) was used for SVM kernel function, and the grid search algorithm was used for determining SVM
parameters, i.e. penalty and kernel parameters (Hsu et al., 2010).

4.3.2 Urban building types and land use definition
Buildings can be used for many diﬀerent purposes, for instance for residential,
commercial, or public services use. Based upon VHR images, it is hard to
accurately interpret a building object into its real use. But we can categorize
building objects into a set of types according to their shapes, sizes, volumes,
and contextual relationships with surrounding objects. For example, Wurm
et al. (2016) investigated building type classification for several German cities, based upon building models obtained from real estate cadastral building
footprints and a detailed DSM at a level of detail 1 (LoD1) (OGC, 2012).
A detailed DSM, however, is not always available. Moreover, building types
may vary between diﬀerent cities or countries. For example, some of the
building types investigated by Wurm et al. (2016) are rarely found in a
Chinese city. By observing the characteristics in our study area, we defined
five building types according to their geometrical, morphological and contextual properties. These are high-density buildings, apartment-type buildings,
complex buildings, factory-type buildings, and detached buildings. The land
use classes are low-density residential, high-density residential, commercial,
public management and services, green space and entertainment, redeveloping land, transportation, and industrial and warehouses. The defined building types and land use classes are depicted in Figure 4.3, and are described
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Figure 4.3: Examples of diﬀerent building types and land use classes in
Wuhan, China, depicted by the study image.

as follows:
• High-density residential (Figure 4.3a) areas are used for living, mainly
for low income and temporary inhabitants. These areas show a high
density of buildings, and a small coverage of open space and vegetation.
Buildings within these areas are presented to be adjacent and clustered
densely, and are therefore hard to be delineated individually. We define
these buildings as high-density buildings (B1 of Figure 4.3a).
• Low-density residential (Figure 4.3b) areas are also used for living, but
mainly for high income and permanent residents. They are normally
identified by regularly arranged apartments. These areas have a lower
density of buildings, and a larger coverage of open space and vegetation,
as compared with High-density residential areas. Buildings with similar shapes and sizes (i.e. apartments) are commonly found in areas
of this land use class. We define these buildings as apartment-type
buildings (B2 of Figure 4.3b).
64

4.3. Methods
• Commercial (Figure 4.3c) areas are used for business and commercial
services. These areas are covered by a large proportion of built-up, but
little vegetation, and are usually identified by complex buildings (B3
of Figure 4.3c) that have large sizes, complex shapes, and are adhere
to open space especially for parking lots.
• Public management and services (Figure 4.3d) areas are used for government agencies, public service organizations, and science and education. These areas are characterized by relatively low density of buildings, and relatively high coverage of open space and vegetation. These
land use areas also contain complex buildings for public services. Besides, small buildings which used mainly as supplementary facilities
are sparsely distributed in these areas. These buildings are referred to
as detached buildings (B4 of Figure 4.3d).
• Green space and entertainment (Figure 4.3e) areas represent park green
space, square green space, green areas for environmental protection,
and agricultural and forestry land. The areas are characterized by
high coverage of natural land covers, but low for built-up.
• Transportation (Figure 4.3f) are used for transportation purpose, and
specified by roads, railways, and the corresponding stations.
• Redeveloping land (Figure 4.3g) refers to construction sites or demolition areas, showing a high coverage of bare soil and a low coverage of
built-up. To be strict, these areas represent a temporal stage of land
development, and will be redeveloped to same or diﬀerent functions
with respect to their original land use. Here, we define these areas as
a separate land use class.
• Industrial and warehouses (Figure 4.3h) areas are used for industries
and warehouses. These areas have buildings with a relatively high
coverage rates, however have other land cover features with various
coverage rates. Within such a land use area, buildings that have regular shapes, various sizes, and low height, are commonly found to being
factories. Here we define these buildings as factory-type buildings (B5
of Figure 4.3d). Particularly in China, factory-type buildings are commonly painted in blue color, corresponding to steel structured factory
buildings in architecture.

4.3.3 Building type classification
We exploit the geometrical, morphological, and contextual features of building objects for building type classification (Table. 4.2). The building objects
refer to connected components of a classified building image, where pixels
equal to 1 refer to building pixels, and equal to 0 otherwise. Particularly, to
characterize the building type of high-density buildings, we derive a morphological feature to measure their structural properties. Here, we calculate the
mean of morphological profiles (MP) created by applying a series of path
openings on the pixels of a building object (Li et al., 2016a). It quantifies
the structural heterogeneity of this image object. Here, a path opening op65
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Table 4.2: Features used for classifying building types.
Features
Geometrical features
Area
Perimeter
Length/With
Border Index
Compactness
Shape Index
Roundness
Rectangular fit
Solidity
Morphological features
Mean of morphological
profiles
Land cover related features
Coverage ratio of blue roofs.
Contextual features
Pairwise similarity, measures to what degree an image object is similar to
neighboring objects.

Literature

Li et al. (2015a)

Li et al. (2016a)

its

Figure 4.4: Example of an F-Histogram. (a) A pair of image objects A
(argument) and B (referent). (b) and (c) are the constant and gravitational
F-Histograms of pairwise objects (A, B), respectively. For any direction
(resp. φAB
θ of the referent object B, the value of φAB
2 ) is seen as the
0
sum of elementary forces with respect to the constant (resp. gravitational)
representation along direction θ. This value is thus used to quantify the
degree of truth of the proposition that object A is in direction θ of B. The
F-Histograms in (b) and (c) are normalized by the corresponding largest
values.

eration does not need to specify the shape and size of a structural element
which is needed for a traditional opening operation.
To characterize the building type of apartment-type buildings, we construct a spatial signature, namely pairwise similarity measure, based upon
a histogram of forces (F-Histogram). It measures the degree to which an
image object is geometrically similar to its neighboring objects. The use
of F-Histogram is motivated by previous research (Shyu et al., 2007; Buck
et al., 2013; Vaduva et al., 2013), upon which we improve the description of
the spatial signature for comparing the shape similarity between a pair of
image objects. Like the histogram of angles (Bloch, 2005), an F-Histogram
is initially developed to quantify the directional relationships between a pair
of image objects (Matsakis and Wendling, 1999; Matsakis et al., 2004). A
directional relationship between image objects, and the theoretical founda66
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Figure 4.5: Example of the proposed spatial signature for diﬀerent pairs of
image objects. (a) denotes a pair of regular image objects with similar shape.
(b) displays the original constant F-Histogram, normalized to [0,1], and the
proposed rotationally invariant spatial signatures for (a). (c) decomposes
the proposed F-Histogram into two sub histograms corresponding to the two
image objects. (d-f) refer to the case for a pair of irregular image objects
with diﬀerent shape.

tions of a F-Histogram are described in detail by Matsakis and Wendling
(1999); Matsakis et al. (2004).
Given a pair of image objects A (argument) and B (referent), for every
direction θ ∈ [−π, π], we calculate the sum of elementary forces φAB
acting
r
between A and B (Figure 4.4). The value of φAB
reflects
the
degree
of the
r
support for the proposition that A is in the direction θ of B, where the r represents the magnitude of the elementary forces between points. If r equals 0,
we obtain a constant F-Histogram (φAB
0 ), which provides a global perspective, independent of the distance between A and B. If r equals 2, we obtain a
gravitational F-Histogram (φAB
2 ), which provides a local perspective, more
sensitive to nearby points, but independent of global scale.
Based upon the F-Histogram, we define a spatial signature for measuring the geometrical properties, in particular the shape similarity, between
a pair of image objects. We consider both objects A and B as the new
argument A′ (Figure 4.5). Then we create a synthetic point as the new
referent B ′ ), which is located in the center of objects A and B (see the
blue dot in Figure 4.5a). Let (xA , yA ) and (xB , yB ) be the x, y locations
of the centroids of objects A and B respectively. The location (xB ′ , yB ′ ) of
B
B
the B ′ is then equal to ( xA +x
, yA +y
) (Figure 4.5). Here, we obtain the
2
2
principal axis, for example with an angle α, of the pairwise objects with
an angle, and then rotate the original F-Histogram (i.e. blue F-Histograms
in Figures 4.5b and e) for α degree in a clockwise direction to achieve a
rotationally invariant spatial signature (i.e. red F-Histograms in Figure 4.5)
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(Shyu et al., 2007; Vaduva et al., 2013). In addition, we calculate a constant
F-Histogram for the proposed spatial signature. Given a spatial signature
of a pair of image objects, the obtained F-Histogram can be decomposed
into two sub histograms with respect to the two objects (Figures. 4.5c and
f). These two sub histograms can be used to compare the shape similarity
between the two image objects, by means of histogram comparison. Matsakis et al. (2004) gave three measures for histogram comparison, namely
Tversky, Pappis and Cross-correlation measures. In this paper, we use the
Cross-correlation measure to compare the shape similarity between a pair
of objects using spatial signature (Matsakis et al., 2004). Let h1 and h2 be
the two sub histograms with respect to the two image objects A and B, the
pairwise similarity µC (A, B) between objects A and B is thus defined as
∑
h1 (θ)h2 (θ)
µC (A, B) = 1 − √∑ θ2 √∑ 2 ,
θ h1 (θ)
θ h2 (θ)

(4.1)

where µC has a value range (0, 1]. The apartment-type buildings are therefore expected to exhibit a high value of µC , which can be used as a criterion
for extraction.
Last, we use a SVM classifier to classify building objects into five types
based upon the above-mentioned geometrical, morphological and contextual
features. It is noted that we produce a probabilistic output from SVM
classification. The readers are referred to Lin et al. (2007) for details.

4.3.4 Spatial arrangement characterization
The spatial arrangement is characterized as a distribution over a set of classified building types. Given an image with N land use units LUi , i = 1, · · · , N .
For each land use unit LUi , let bj , j = 1, · · · , S be a variable associated with
building objects of a specific type, and S be the number of building types.
The variable bj , in this paper, is calculated as the proportion of building
pixels belonging to jth building type within this land use unit LUi . Accordingly, the spatial arrangement FSA of LUi is defined as a feature vector,
FSA = [b1 , · · · , bS ]T . Since the building type classification may refer to attribute uncertainties, the spatial arrangement FSA can be defined to include
the associated uncertainties, i.e. FSA = [w1 ·b1 , · · · , wS ·bS ]T . The parameter
wj is defined as,
wj =

i=n
∑
1
· p(xi = bj ) · I(xi ), j = 1, . . . , S,
n
i=1 j

(4.2)

where xi refers to an image pixel within a land use unit, n is the number
of pixels within the unit, p(xi = bj ) is the probability that pixel xi be
classified into jth building type having the number of pixels nj , and I(xi )
is an indicator function, i.e. I(xi ) = 1 if xi is a building pixel, otherwise
I(xi ) = 0. In our study we put S = 5. The variables FSA are used in a
Bayesian network to extract land use from land cover.
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Table 4.3: Land use indicators used for characterizing land use. These
indicators have been investigated in Voltersen et al. (2014). They are calculated based upon land use units.
Indicators
Geometrical

Land cover related
Landscape metrics

Description
Area
Perimeter
Compactness
Shape index
The coverage ratio of a specific land cover class
The density of a specific land cover class
Fractal dimension
Landscape shape index
Shannon’s diversity index

4.3.5 Urban land use extraction by Bayesian network
A Bayesian network is a probabilistic graphical model that encodes joint
probability distribution over a set of random variables (Nielsen and Jensen,
2007). It is a directed acyclic graph (DAG), where each node represents
a random variable (or a group of random variables), and the links express
probabilistic relationships between these variables (Bishop, 2006). The graph
then captures the way in which the joint distribution over all of the random
variables can be decomposed into a product of factors each depending only
on a subset of the variables. Thus, for a Bayesian network with K nodes,
the joint distribution is given by
p(x) =

K
∑

p(xk |pak )

(4.3)

k=1

where xk is a random variable, pak denotes the set of parents of xk , and
x = {x1 , · · · , xK }.
4.3.5.1 Construct Bayesian network structure
The structure of the Bayesian network is based upon expert knowledge on
urban land use extraction. It integrates commonly used land use indicators
and the spatial arrangement of land cover features. Figure 4.2 gives the
structure of the proposed Bayesian network model for extracting land use
from a VHR image. The root node LUi refers to a land use unit. The
group of nodes {F1 , · · · , FM } refers to the land use indicators (Table. 4.3),
and the node FSA refers to the spatial arrangement of a land use unit. It
consists of a group of nodes {b1 , · · · , bS } or {w1 · b1 , · · · , wS · bS } associated
with classified building types within this unit. The nodes Ri,bd , Ri,tr , Ri,gr ,
Ri,sh , Ri,wt , Ri,ot denote land cover objects of building (including dark, gray,
brick-color, blue, and bright roofs), tree, grass, shadow, water, and others,
respectively.
To formalize the problem of urban land use extraction, we assumed that
we have a set of variables F = {F1 , · · · , FM , FSA }, i.e. the features of a
land use unit, and a class variable C = {C1 , · · · , CK }, where CK refers to
the states of class C, and K is the number of land use classes. More spe69
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cifically, the features F1 , · · · , FM represent M land use indicators described
in Table 4.3, and FSA refers to the spatial arrangement of a land use unit.
Based upon our BN, for each unlabeled land use unit, we assigned this land
use unit to a category with maximum a posteriori (MAP) likelihood, given
the input evidence, corresponding to the calculated F , of this land use unit.
The land use class of an unlabeled land use unit is thus inferred by
C ∗ = argmax p(Ci |F ), i = 1, · · · , K.

(4.4)

Ci

By adopting Bayes’ theorem
p(Ci |F ) =

p(Ci )p(F |Ci )
,
p(F )

(4.5)

we obtain
C ∗ = argmax p(Ci )p(F |Ci ), i = 1, · · · , K,

(4.6)

Ci

where p(F ) is the same for all the possible states of Ci .
4.3.5.2 Learn parameters for Bayesian network
The p(Ci ) models the prior distribution of diﬀerent land use classes. In this
paper, we do not consider specific priors for land use extraction, and use a
flat prior. The conventional methods for estimating the conditional probability p(F |Ci ) are 1) to first discretize a continuous variable Fi ∈ F into
a categorical variable, and then calculate the frequencies of each state of
this categorical variable using a large number of training samples, or 2) to
assume that F follows a multivariate Gaussian distribution, for which many
training samples are needed to calculate its mean and standard deviation
(Nielsen and Jensen, 2007). To avoid such discretization, Gaussian assumption, and the need of large training samples, we apply a kernel method to
estimate the conditional probability p(F |Ci ) (Lin et al., 2007; Cheng and
Wang, 2010). For both features referring to land use indicators and spatial
arrangement, we use a set of labeled land use units to train a SVM classifier.
According to Lin et al. (2007), we thus obtain a probabilistic output, used
as conditional probabilities. Since the spatial arrangement FSA is characterized over the distribution of building types, we use an intersection kernel for
histogram-based comparison (Maji et al., 2013). Last, based upon our Bayesian network, we classify the unlabeled land use units according to Equation
4.6.

4.3.6 Evaluation of urban land use extraction
We compare the proposed Bayesian network method that incorporates spatial arrangement and land use indicators, labeled as BN (FM + FwSA ) when
the associated uncertainties are considered and BN (FM + FSA ) otherwise,
with that using land use indicators alone, labeled as BN (FM ). In addition, we compare the proposed method with two other existing classifiers,
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i.e. SVM and random forest (RF). These two classifiers have shown good
performance in many classification problems. Both spatial arrangement that
characterized considering uncertainties and land use indicators are used for
urban land use extractions by SVM and RF, labeled as SVM (FM + FwSA )
and RF (FM + FwSA ) respectively. We assess the extracted urban land use
by means of confusion matrix. Moreover, we conduct a McNemar test to
investigate the significance of diﬀerence of every comparison (Foody, 2004).

4.4 Results
4.4.1 Urban land cover classification
For image segmentation, we performed a series of image segmentations using
eCognition software by varying the scale parameters from 80 to 150, while
other parameters were set as default. By visual inspection, we chose the
image segmentation result produced from the scale parameter of 120. In
total, the Pléiades VHR image was segmented to 124,389 objects, from which
we selected 1213 sample objects for the 11 defined land cover classes. The
sample objects were randomly divided into training and testing datasets,
corresponding to 550 and 663 sample objects respectively. Specifically, we
randomly selected 50 sample objects for training each land cover class, and
the remaining sample objects for testing classification performance. A SVM
classifier was used to implement the land cover classification. Figure 4.6
shows the results of the classified urban land cover from the study image.
To evaluate the accuracy of land cover classification, the testing dataset
was used to calculate a confusion matrix, see Table 4.4. This table shows
an overall accuracy of 90.10%, and the corresponding kappa coeﬃcient of
0.8898. Except for the land cover class others, all the land cover classes
were classified with user accuracies of more than 80%, particularly, the land
cover of grass, tree, shadow, dark roof, bright roof, and blue roof have user
accuracies more than 90%.

4.4.2 Building type classification
To calculate the mean of morphological profiles for characterizing high-density
residential building type, we created morphological profiles from a series of
path openings. Here, the longest length of the used path openings should be
large enough to capture the structure of the largest building object. Hence,
we gave a value of 400 pixels (equal to 200 m) that was big enough to capture
all the possible building objects in this study dataset. To calculate the pairwise similarity feature for characterizing apartment-type buildings, we first
determined the neighborhood for each building object. Vanegas et al. (2013)
investigated several choices to determine a neighborhood for image objects,
e.g. a voronoi neighborhood. We used circular neighborhoods of a building
object. These were constrained by the boundary of the corresponding land
use unit. The value of the radius was empirically determined. A bigger
value implies that more objects in a bigger neighborhood are found. The
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Figure 4.6: Urban land cover classified from the Pléiades VHR image.
radius here was empirically set to 200 pixels, equal to 100 m on ground, to
compromise the neighborhood size and computation time.
For building type classification, we also implemented a SVM classification, for which 50 building objects were selected for training each building
type. Here we did not consider those building objects that appeared in
transportation land use units for building type classification. To test the
performance of the selected training dataset, a 5-fold cross validation was
conducted. It produced an accuracy of 85.29%. Figure 4.7 shows the results
of the classified building types, and visualizes the associated uncertainties
based on the probabilistic output of SVM classification. By comparing the
Figures. 4.1 and 4.7, we can find that 1) high-density buildings are mainly
in high-density residential areas, 2) apartment-buildings are regularly found
in low-density residential areas, 3) complex buildings are found in commercial, public management and services, and industrial and warehouses land
use areas, 4) factory-type buildings are mainly found in industrial and warehouses land use areas, and 5) detached buildings are distributed in almost
every land use class.

4.4.3 Urban land use extraction by Bayesian network
We applied a kernel method, implemented by a SVM classifier that produced
a probabilistic output, to calculate the corresponding conditional probabilities. To be specific, the conditional probability p(FM |Ci ) of land use indicators was calculated by the SVM classifier with a RBF kernel, while the
conditional probability p(FSA |Ci ) of spatial arrangement was calculated by
72

4.4. Results
Table 4.4: Confusion matrix of the urban land cover classification. G, T,
S, W, BS, D, GR, BR, B, L, O indicate the land cover of grass, tree, shadow,
water, bare soil, dark roof, brick-color roof, blue roof, bright roof, and others,
respectively. PA and UA refer to the producer and user accuracy of the
confusion matrix, respectively.
Ref.

Cls.
G

T

S

W

BS

D

GR

BR

B

L

O

G

46

1

0

0

0

0

0

0

0

0

0

T

0

45

0

0

0

0

0

0

0

0

0

S

0

0

64

0

0

1

0

0

0

0

1

W

0

0

3

19

0

0

0

0

0

0

1

BS

1

0

0

0

41

0

0

0

0

0

5

D

0

0

1

1

0

54

2

0

0

0

0

GR

1

0

0

0

5

4

83

1

0

2

2

BR

0

0

0

0

0

0

0

43

0

0

0

B

0

0

0

0

0

1

0

0

42

0

0

L

0

0

0

0

0

0

2

0

2

42

2

O

0

0

0

0

16

1

1

3

0

0

67

91.49

95.45 95.45 85.90

PA

95.83 97.83 94.12 95.00 66.13 88.52 94.32
Overall accuracy = 90.10 %, kappa coeﬃcient = 0.8898.

UA
97.87
100.00
96.97
82.61
87.23
93.10
84.69
100.00
97.67
87.50
76.14
%

the SVM classifier with a histogram intersection kernel. To train the two
SVM classifiers, we selected 540 land use samples based on the study image
and oﬃcial land use map, and randomly divided them into two training and
testing datasets, with size of 270 and 270 respectively. The training dataset included 40 samples for each land use class except for the high-density
residential, for which we chose 30 samples, because, in this study area, the
high-density residential class covered less area than the other land use classes.
Figure 4.8 gives the extracted urban land use from the Pléiades image by
the proposed method BN (FM + FwSA ).
Figure 4.9 exemplifies the main process of the proposed urban land use
extraction from VHR images. For example, Figure 4.9a is an example of
extracting high-density residential land use. The VHR image within a land
use unit, i.e. Figure 4.9a1, was first classified into urban land cover (Figure 4.9a2), from which buildings were categorized into five building types
(Figure 4.9a3). The distribution of these five building types within this land
use unit was quantified in terms of their proportions, i.e. spatial arrangement
in Figure 4.9a4. The spatial arrangement information was then used to characterize and extract land use for this land use unit, shown in Figure 4.9a5.
Figure 4.9 also shows that the spatial arrangement between diﬀerent land
use classes are evidently diﬀerent, particularly to those land use classes having a large coverage of buildings, e.g. high-density residential, low-density
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Figure 4.7: Classified building types from the Pléiades VHR image, and
visualization of the associated uncertainties.

Figure 4.8: Extracted land use from the Pléiades VHR image using the
proposed Bayesian network method BN (FM + FwSA ).

residential, commercial and industrial and warehouses.
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Figure 4.9: Examples demonstrating the main process of the proposed
urban land use extraction from a VHR image. Rows (a-g) correspond to the
examples of diﬀerent land use classes. Columns (1-5) show the outputs of
each main process starting from a VHR image and ending with an urban
land use.

4.4.4 Evaluation of urban land use extraction
A confusion matrix was calculated based on testing dataset to assess the
urban land use extraction by BN (FM + FwSA ), see Table 4.5. This table
shows that the proposed urban land use extraction had an overall accuracy of
83.33% and a kappa coeﬃcient of 0.7959. The extracted low-density residential had the highest producer accuracy, equal to 97.30%, while the extracted
high-density residential had the lowest producer accuracy, equal to 53.85%.
Because of the relatively small coverage of high-density residential class in
this study area, only 13 samples of high-density residential were found in
the testing dataset. The accuracy of extracted high-density residential was
thus sensitive to the number of its testing samples.
To investigate the importance of incorporating spatial arrangement information for urban land use extraction, we compared the extraction methods between BN (FM + FwSA ) and BN (FM ). The BN (FM ) method extracted the urban land use with an overall accuracy of 69.26% and a kappa
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Table 4.5: Confusion matrix of the urban land use extraction by the proposed method BN (FM + FwSA ). LR, HR, CM, PM, GS, RE, IW indicate
the land use of low-density residential, high-density residential, commercial,
public management and service, green space and entertainment, redeveloping
land, and industrial and warehouses, respectively. PA and UA refer to the
producer and user accuracy of the confusion matrix, respectively.
Ref.
LR
HR
CM
PM
GS
LR
72
3
10
1
0
HR
0
7
1
0
0
CM
0
2
27
1
0
PM
2
0
2
30
0
GS
0
0
0
1
48
RE
0
0
0
1
4
IW
0
1
1
5
0
97.30
53.85
65.85
76.92
92.31
PA
Overall accuracy = 83.33 %, kappa coeﬃcient = 0.7959.
Cls.

RE
0
0
0
1
0
17
0
94.44

IM
2
2
1
3
0
1
24
72.73

UA
81.82
70
87.10
78.95
98.00
73.91
77.42
%

coeﬃcient of 0.6273. Table 4.6 gives the results of a McNemar test upon the
extracted urban land use between BN (FM + FwSA ) and BN (FM ). This
table shows that these two extractions were significantly diﬀerent.
We distinguished between spatial arrangement characterizations with
and without considering the associated uncertainties of classified building
types. Compared with BN (FM + FwSA ), the BN (FM + FSA ) method
produced an urban land use extraction with a slightly lower accuracy, corresponding to an overall accuracy of 81.48% and a kappa coeﬃcient of 0.7731,
respectively. Table 4.7 gives the results of a McNemar test upon the extract
urban land use between BN (FM + FwSA ) and BN (FM + FSA ). This table
does not indicate a significant diﬀerent between these two extractions.
We compared the urban land use extraction by BN (FM +FwSA ) with two
other extractions by SVM (FM + FwSA ) and RF (FM + FwSA ). The training
samples for SVM (FM + FwSA ) and RF (FM + FwSA ) were the same as those
used for calculating the conditional probabilities for a Bayesian network. The
SVM (FM + FwSA ) classifier had a RBF kernel, and used grid search for determining its parameters. Table 4.8 gives the quantitative evaluation of the
urban land use extracted by BN (FM + FwSA ), SVM (FM + FwSA ), and
RF (FM + FwSA ) in terms of overall accuracy and kappa coeﬃcient. This
table shows that BN (FM + FwSA ) produced the highest overall accuracy
and kappa coeﬃcient, while SVM (FM + FwSA ) and RF (FM + FwSA ) methods produced nearly similar accuracies. Furthermore, a McNemar test was
conducted to test the statistical significance of the diﬀerence between BN
(FM + FwSA ), SVM (FM + FwSA ), and RF (FM + FwSA ) extractions, see
Table 4.9. This table shows that, although the BN (FM +FwSA ) method produced the highest accuracy, there is no significant diﬀerence between them.
A sensitivity analysis was conducted to investigate the eﬀect of diﬀerent
land cover classifications on final land use extractions (Figure 4.10). Since
we used an object-based method for land cover classification, here we first
conducted a series of image segmentations using eCognition, for which the
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Table 4.6: Summary of the McNemar test to compare the proportions of
correctly extracted land use units between BN (FM + FwSA ) and BN (FM ).
f12 and f21 are the number of discordant pairs, i.e. the number of land use
units that classifiers classify diﬀerently.
f12

f21

f12 − f21

|z|

54

16

38

4.42

Significant?
Level
Yes, 0.1%

Table 4.7: Summary of the McNemar test to compare the proportions
of correctly extracted land use units between BN (FM + FwSA ) and BN
(FM + FSA ) . f12 and f21 are the number of discordant pairs, i.e. the
number of land use units that classifiers classify diﬀerently.
f12

f21

f12 − f21

|z|

12

7

5

0.92

Significant?
Level
No, 0.1%

Table 4.8: Comparison of three diﬀerent urban land use extractions using
the proposed BN (FM + FwSA ), SVM (FM + FwSA ), and RF (FM + FwSA )
respectively.
Classifications
BN (FM + FwSA )
SVM (FM + FwSA )
RF (FM + FwSA )

Overall accuracy (%)
83.33
78.89
79.63

Kappa coeﬃcient
0.7959
0.7426
0.7507

Table 4.9: Summary of the McNemar test of the extractions using the
proposed BN (FM + FwSA ), SVM (FM + FwSA ), and RF (FM + FwSA )
respectively.
Comparisons

f12

f21

f12 − f21

|z|

SVM (FM + FwSA ) vs. RF (FM + FwSA )
SVM (FM + FwSA ) vs. BN (FM + FwSA )
RF (FM + FwSA ) vs. BN (FM + FwSA )

12
10
14

14
22
24

-2
-12
-10

0.19
1.94
1.46

Significant?
Level
No, 0.1 %
No, 0.1 %
No, 0.1 %

scale parameter was assigned to values ranging from 60 to 140 with a increment of 20, whereas other parameters were set as default. We labeled an
image segmentation for example at scale 60 as L60 for convenience. We then
performed a series of urban land cover classifications using SVM, followed
by a series of urban land use extractions using the proposed Bayesian network method. As mentioned in section 4.1, we selected 1213 sample image
objects for 11 land cover classes at scale 120 (i.e. L120). We mapped these
sample image objects at scale L120 into other scales, i.e. L60, L80, L100, and
L140, to obtain respective samples at each scale. Particularly, if a sample
image object at L120 covers multiple image objects at finer scales, i.e. L60,
L80, and L100, only the image object having the largest coverage with this
sample image object was selected as the corresponding sample image object
at lower scales. By doing so, for each segmentation scale, we selected 1213
sample image objects, which were randomly divided into training (550) and
testing (663) datasets for a land cover classification. This random division
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Figure 4.10: Sensitivity analysis of the eﬀect of giving diﬀerent land cover
classifications on final land use extractions by varying image segmentations
from scale 60 (i.e. L60) to scale 140 (i.e. L140). The left refers to overall
accuracies of urban land cover (LC) and land use (LU) extractions, and the
right indicates their kappa coeﬃcients. Each urban land cover or land use
extraction run 10 times using diﬀerent training and testing datasets.

was repeated 10 times so that 10 diﬀerent land cover classifications were
generated. As mentioned in section 4.3, we selected 540 land use samples
and randomly divided them into training (270) and testing (270) datasets.
This random division was also repeated 10 times to obtain 10 diﬀerent land
use extractions at each scale. The distribution of the overall accuracies and
kappa coeﬃcients of these land cover and land use extractions was shown in
Figure 4.10. This figure shows that there is a positive correlation between
a land cover classification and its subsequent land use extraction. In addition, image segmentation scale L120 produced the highest overall accuracy
and kappa coeﬃcient for both land cover and land use extractions, whereas
L60 yielded the lowest accuracy. Both land cover and land use extraction
have a similar performance at scales L80, L100, and L140 in terms of overall
accuracy and kappa coeﬃcient.

4.5 Discussion
This paper provided a method for urban land use extraction from VHR
images, in particular exploring a novel way for spatial arrangement characterization. Our findings suggest that the spatial arrangement of land cover
features characterized by quantifying the distribution of building types, can
eﬀectively improve urban land use extraction. Information on spatial arrangement has been successfully used for scene classification (Cheriyadat,
2014; Chen and Tian, 2014; Zhao et al., 2016). These studies considered
the distribution of low-level image features or new features abstracted from
low-level image features. We investigated more meaningful geospatial objects, namely building types, for spatial arrangement characterization, rather
than using low-level image features such as SIFT features. Thus, the characterized spatial arrangement is able to provide an explicit interpretation for
78

4.5. Discussion
urban land use classes. Besides spatial arrangement characterization, this
paper also contributed a hierarchical representation of urban land use by a
tree-shape Bayesian network.
The proposed urban land use extraction relied on classified urban land
cover. The sensitivity analysis also shows that there is positive correlation
between a land cover classification and its subsequent land use extraction.
Many studies on urban land cover classification can be found in the literature
(Myint et al., 2011). Since this paper focused on urban land use rather than
land cover, we applied a regular object-based method for classifying urban
land cover. Other advanced land cover classification methods may improve
urban land use extraction. For example, buildings are commonly found with
complex spectral and spatial characteristics in densely populated urban areas.
Shadow and dark roofs may have similar spectral, textual, and geometrical
characteristics, resulting in a high mis-classification rate between them using
a regular classification method.
Five building types are defined in this paper. To the best of our knowledge, these five building types have not been investigated in the literature.
A recent study on building type classification was given by Wurm et al.
(2016). They defined five building types for two cities in Germany, and classified building types based on building models at LoD1 using both 2D and
3D features. Some of those building types, however, can not be found in
our study area, e.g. perimeter block development. Diﬀering from that, we
defined five building types that are more specific for our study area, and
classified based only on 2D features. We further defined eight urban land
use classes. Those were modified from an oﬃcial land use map provided
by the local department of urban planning to fit the characteristics of the
study area and dataset (Tables 4A.1 and 4A.2 in Appendix). A well-tuned
definition of building types and land use classes, for any specific area in the
world should depend upon study images and areas. The proposed framework,
which starts from urban land cover classification, goes to spatial arrangement
characterization, and ends with urban land use extraction, however, can be
adopted for any urban area with a well-tuned definition of building types
and land use classes.
A pairwise similarity feature is defined based upon the histogram of
forces to measure the shape similarity between two image objects. This FHistogram has been investigated to measure the spatial relationships between
two image objects in previous studies (Shyu et al., 2007; Vaduva et al., 2013).
We found that a F-Histogram for a pair of image objects can be decomposed
into two sub histograms corresponding to each image object. The shape similarity of this pair of image objects can therefore be measured by comparing
these two sub histograms. The question is then to determine a proper neighborhood of an image object. We adopted circular neighborhoods of image
objects, for which their radius were empirically set to 200 pixels, equal to 100
m. For building objects thus related the spatial relations identify building
types, i.e. the importance of the relations decreases with distance. Therefore
it is of little benefit to use a large search radius. In addition, Wurm et al.
(2016) recommended that the proximity of building objects to surroundings
might improve the classification of building types. They however did not use
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that information in their work. Here we show that it can be advantageous
to do so and hence expand their research.
Eﬀective urban land use extraction also depended upon the choice of
suitable land use units. Unsuitable land use units may under- or over- generalize the obtained land use map, particularly with respect to the boundaries
between land use classes. We used a well-established urban land use map to
segment a VHR image for obtaining homogenous land use units. This diﬀers
from other studies on land use, e.g. van der Kwast et al. (2011) using regular grids, Comber et al. (2012) using sub-graphs partitioned from a planar
graph, and Hu and Wang (2013) using parcels. An existing urban land use
map however may not be available for some areas. A road map, e.g. derived
from Open Street Map or from a VHR image (Li et al., 2016a), may then
be helpful to obtain basic land use units. In such a way, mixed land use,
i.e. a land use unit containing multiple land use classes, might be taken into
account.
The strength of the Bayesian network of modeling urban land use was
that it was able to fuse diﬀerent types of knowledge and handle associated
uncertainties. Its diﬃculty is, however, to build a structure (i.e. DAG) and
estimate its parameters. We built the structure of our Bayesian network
based upon expert knowledge. We assumed that the spatial arrangement
variable was independent of variables of land use indicators. This assumption produced acceptable results. Future improvement could be done by
considering a dependence relationship of these two types of variables. We
used a flat prior for p(Ci ), and applied a kernel method to estimate conditional probabilities p(F |Ci ). More specifically, we used a RBF kernel and an
intersection kernel to estimate the conditional probabilities p(FM |Ci ) and
p(FSA |Ci ) respectively, where FM referred to variables of land use indicators, and FSA referred to variable of spatial arrangement. By doing so, no
Gaussian assumption or discretization was needed to deal with continuous
variables. Our results also confirmed previous findings using kernel methods
to estimate conditional probabilities by Lin et al. (2007); Cheng and Wang
(2010). Furthermore, the obtained land use extraction results can be served
as expert knowledge for extracting land use in other urban areas, or in the
same area at diﬀerent dates for changes detection. This will also lead to our
future work.
Finally, we observed that the high-density residential land use was extracted with the lowest accuracy. Because of the small coverage of this class
in our study area, we used less samples to both estimate parameters (by
kernel methods) and validate extracted results than other land use classes.
The poor extraction of high-density residential might be caused by the imbalance of land use samples in both training and testing datasets. For accuracy
assessment, future improvements could be done by implementing and evaluating urban land use extraction for multiple times by varying training and
testing datasets.
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4.6 Conclusions
This study investigated urban land use extraction from VHR remote sensing
images. To infer land use from land cover, we focused on the characterization of spatial arrangement of land cover features, besides of more common
land use indicators. We investigated the spatial arrangement characterization via a set of building types defined in this paper. The building types
were classified from building objects according to their geometrical, morphological, and contextual properties. A Bayesian network incorporating
spatial arrangement information and land use indicators was constructed
to represent and extract urban land use. Experimental results showed that
spatial arrangement characterized by the proposed method significantly improved the accuracy of extracted urban land use. The proposed Bayesian
network method produced results comparable to other commonly used classifiers. Moreover, for Bayesian network modeling, the adopted kernel method
was eﬀective to estimate conditional probabilities for variables, when training
dataset was limited. We concluded that the proposed spatial arrangement
characterization was eﬀective for identifying urban land use, and the proposed Bayesian network method provided an alternative means for urban
land use extraction from VHR images.
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Appendix
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Table 4A.1: Original land use classification system for existing land use
map.
Level I:
abbr.

Level I: name

R

Residential

I

Industrial

L

Logistics and warehousing

Level II:
abbr.
R1
R2
R3
I1
I2
I3
L1
L2
L3

1st-class residential
2nd-class residential
3rd-class residential
1st-class industrial
2nd-class industrial
3rd-class industrial
1st-class logistics and warehousing
∗2nd-class logistics and warehousing
3rd-class logistics and warehousing

P1

Administrative oﬃce

Level II: name

P2
Cultural facilities
P3
Science and education
P
Public management and services P4
Sports
P5
Medical and health services
P6
Social welfare facilities
P7
Historical sites
C1
Commercial
C2
Business and finance
C
Commercial
C3
Recreation
C4
Business-net spots for public facilities
C5
Other facilities
N1
Water
N
Non-construction
N2
Agriculture and forestry
N3
Other non-construction land
D1
Demolition land
D
Demolition and vacant
D2
∗Vacant land
G1
Park green space
G2
Environmental protection green area
G
Green space
G3
Square green space
G4
Productive plantation area
O1
∗Construction land for rural residents
O2
Regional transport facilities
O3
Regional public facilities
H
Others
O4
Special use land
O5
∗Mining sites
O6
∗Other construction land
T1
Urban road
T2
Urban rail transit
T
Transportation
T3
Integrated transport hub
T4
Transport stations
T5
Other transport stations
F1
Supply facilities
F2
Environment facilities
F
Public facilities
F3
Safety facilities
F4
Other public facilities
∗ indicates that a class from the existing land use map does not appear in the study area.

Table 4A.2: Land use classification system for this paper.
Name
High-density residential
Low-density residential
Commercial
Public management and services
Green space and entertainment
Transportation
Redeveloping land
Industrial and warehouses

Sub-class
R3
R1, R2
C
P, F, O3, O4
G, N
T, O2
D1
I, L1, L3
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of urban land use from VHR stereo images. IEEE Journal of Selected Topics
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Abstract
This study investigates the incorporation of open source data into a Bayesian classification of urban land use from Very High Resolution (VHR) stereo
satellite images. The adopted classification framework starts from urban
land cover classification, proceeds to building type characterization, and results in urban land use. For urban land cover classification, a preliminary
classification distinguishes trees, grass, and shadow objects using a random
forest at a fine segmentation level. Fuzzy decision trees derived from hierarchical Bayesian models separate buildings from other man-made objects
at a coarse segmentation level, where an open street map provides prior
building information. A Bayesian network classifier combining commonly
used land use indicators and spatial arrangement is used for the urban land
use classification. The experiments were conducted on GeoEye stereo images over Oklahoma, the United States. Experimental results showed that
the urban land use classification using VHR stereo images performed better than that using a monoscopic VHR image, and the integration of open
source data improved the final urban land use classification. Our results
also confirmed that the adopted urban land use classification framework, developed for a specific urban area, is transferable to other urban areas. The
study concludes that incorporating open source data by Bayesian analysis
improves urban land use classification. Moreover, a pretrained convolutional
neural network fine tuned on the UC Merced land use dataset oﬀers a useful
tool to extract additional information for urban land use classification.
Keywords: Urban land use, VHR stereo images, fuzzy decision trees,
Bayesian methods, open source data, convolutional neural networks (CNN)
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5.1 Introduction
According to UN-Habitat (2016), 54 percent of the world’s population resides
in urban areas, and this figure is expected to rise to 66 percent by 2050.
Along with rapid population increase we may expect rapid urban expansion, resulting in a surge of new built-up areas for residential, commercial
and other urban land use types. Detailed and accurate urban land use information is thus important to study the interaction between humans and
the environment and to support sustainable urban development. Increasing
attention has been paid to the extraction of urban land use from remote
sensing images (Barnsley and Barr, 1997; Herold et al., 2003; van der Kwast
et al., 2011; Comber et al., 2012; Voltersen et al., 2014; Li et al., 2016b).
Particularly, satellites like GeoEye, Wordview, and Pléiades are providing
large volumes of Very High Resolution (VHR) images, in single, stereo or
tri-stereo modes, allowing for the extraction of land use information with
fine spatial detail (Pesaresi et al., 2013).
Many studies on land use classification using remote sensing images, acquired from various platforms and sensors, can be found (Ünsalan and Boyer,
2011). This paper aims to classify land use over urban areas using VHR images at local level. Typically, land use is distinguished from land cover,
where land use refers to the use of land by humans, and is usually composed of diﬀerent land cover types. Spectral-based features are therefore
insuﬃcient to characterize land use classes, and this problem is especially
important in urban settings (Zhang et al., 2015). Many studies have indicated that the use of contextual or spatial information is necessary to improve
the separability between diﬀerent land use types (van der Kwast et al., 2011;
Li et al., 2016b). Here, we categorize existing relevant studies into gridbased, graph-based, scene-based, and vector-based (including parcel-based)
methods based on how available spatial information is used in the land use
classification.
Grid-based methods use a regular grid (i.e. a moving window) to define
the neighborhood of interest (Eyton, 1993). Contextual information is then
derived within this regular neighborhood. These methods were commonly
used for medium- and low- resolution images in early remote sensing research
(Wharton, 1982; Letourneau et al., 2012). Improvements on determining
the optimal neighborhood were later investigated, including (van der Kwast
et al., 2011). It is straightforward to define neighborhoods in such gridbased methods, and these methods are widely used for pixel-based image
analysis. The limitation is that such a regular neighborhood does not correspond to a real neighborhood on the ground, particular in VHR images. For
those, an object-based image analysis is preferred (Blaschke, 2010). Graphbased methods facilitate object-based land use classification. A graph-based
method starts from the construction of a planar graph, in which the contextual information can be calculated within a sub-graph. Interesting work on
using graph-based methods for land use classification is given by Barnsley
and Barr (1997); Comber et al. (2012); Walde et al. (2014). Such a graph
can represent the spatial relations between land cover objects. The diﬃculty,
however, is to eﬀectively partition a graph into meaningful sub-graphs, cor87
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responding to homogenous land use units. In recent years, computer vision
techniques have been increasingly used to extract land cover and land use
information from remote sensing images. Yang and Newsam (2010) conducted a scene-based land use classification using bag-of-visual-words, and
published the UC Merced (UCM) land use dataset, which is now frequently
used (Cheriyadat, 2014; Chen and Tian, 2014). Currently, interesting studies have used deep learning methods for scene-based land use classification
(Castelluccio et al., 2015; Jean et al., 2016). These methods, particularly
based upon convolutional neural networks (CNNs) (Krizhevsky et al., 2012),
performed better than bag-of-visual-words. The last category for urban land
use classification is vector-based methods. These methods rely on existing
boundary data, such as road networks and parcels, to define homogenous
land use units (Hu and Wang, 2013; Alahmadi et al., 2015; Li et al., 2016b).
Various types of spatial information can therefore be derived. One concern
of using such method is that existing vector data for defining land use units
might not be available for some areas. In the following sections, we will
further explore the role of a CNN in urban land use classification.
This paper aims to classify urban land use from VHR stereo satellite
images, and particularly explores the use of open source data for improving
classification accuracy. We will use a multilevel Bayesian framework for a
vector-based classification of urban land use (Li et al., 2016b), starting with
the classification of urban land cover, proceeding to the characterization of
building types, and resulting in the classification of urban land use. The
novelty of this paper is that
• A method is explored using VHR stereo images for urban land use
classification.
• A Bayesian method is investigated to incorporate open source data for
improving urban land use classification.
• A pretrained CNN is applied with fine tuning on the UCM dataset for
extracting additional urban land use information.
The remainder of this paper is organized as follows: Section 5.2 describes
the study area and data, and Section 5.3 illustrates the proposed urban land
use classification from VHR stereo images. Section 5.4 presents experimental
results and related analysis, followed by discussion in Section 5.5 and conclusions of this research in Section 5.6.

5.2 Study area and data
The study area is located in Oklahoma City, Oklahoma, the United States.
Oklahoma City is the capital and the largest city of the state of Oklahoma.
The total population was estimated to be about 631 thousand in the summer
of 2015 with a total of 1.4 million in the entire Oklahoma City metro. Oklahoma City is representative of a typical American city which is not limited
in its growth by topographic or water features.
A subset of GeoEye imagery in stereo mode was obtained, i.e. forwardand backward-view images, recorded on 17 October 2012. Both images
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Figure 5.1: Overview of study area and datasets, depicted on a GeoEye-1
image in forward view of its stereo pair.

have four multispectral bands of 1.84 m and a panchromatic band of 0.5
m spatial resolution. Figure 5.1 provides an overview of the study area and
images. The urban land use classification is mainly based upon the forwardview image, as it has a smaller oﬀ-nadir angle (5.48 ◦ ) compared with the
backward-view image (25.96 ◦ ). This forward-view VHR image was fused
using its panchromatic and multispectral channels using the Gram-Schmidt
pan-sharpening method. The total study image (red box in Figure 5.1) has
a size of 10363 × 10263 pixels. We selected a subset image (yellow box in
Figure 5.1) of 10363×4813 pixels for convenient demonstration of the experiments. In addition, we used two publicly available datasets, i.e. Open Street
Map (OSM) and the UCM land use dataset. The OSM of this study area
was downloaded from: https://www.geofabrik.de/data/download.html. The
UCM dataset is available at: http://vision.ucmerced.edu/datasets/ landuse.html.

5.3 Methods
We applied a Bayesian framework for urban land use classification (Li et al.,
2016b) (Figure 5.2). This framework covers the following steps: (1) generate
a land cover classification from the forward-view VHR image; (2) characterize the spatial arrangement of the building types; (3) apply an urban land
use classification using a Bayesian network classifier. In addition to this
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Figure 5.2: Framework of the Bayesian classification of urban land use
from VHR stereo images incorporating open source data.

framework, this paper highlights the use of VHR stereo images, and the
incorporation of open source data, namely an OSM and a UCM land use
dataset, following Bayesian methodology. We used the road networks, including roads and railway, from the OSM to divide the VHR image into
homogeneous land use units.
We used the VHR stereo images to generate a normalized Digital Surface Model (nDSM), from which height information was selected to improve
the separability between elevated objects (i.e buildings) and non-elevated objects (other man-made objects). Fuzzy decision trees fine tuned by hierarchical Bayesian models conduct building extraction, where an OSM provides
the prior building information. The UCM dataset is used to fine tune a
pretrained convolutional neural network (CNN) (Castelluccio et al., 2015).
This CNN is then applied to conduct an urban scene classification on our
study image. The results of the scene classification are incorporated into the
applied framework of land use classification, by Bayes’ theorem.

5.3.1 nDSM generation from VHR stereo images
VHR stereo satellite images refer to those providing stereoscopic or tri-stereo
pairs, e.g. from Geo-Eyeo, WorldView, and Pléiades satellites. By using photogrammeterical methods, these stereo images can be used to create a DSM.
According to Aguilar et al. (2014), the vertical resolution of a DSM generated from stereo images can reach up to 2m, whereas local accuracy might
vary. For image classification, we are interested in using an nDSM, which
provides the height of objects above ground. An nDSM can be obtained by
subtracting a Digital Terrain Model (DTM) from the corresponding DSM.
In this paper, a DSM was obtained from VHR stereo images using the OrthoEngine in PCI Geomatica software, and its DTM was obtained by a
filtering method, namely DSM2DTM provided by PCI. The final nDSM was
generated by subtracting the DTM from the corresponding DSM. Although
many other options for DSM and DTM generation can be found in the literature (Hirschmuller, 2008; Inglada and Christophe, 2009; Shean et al., 2016),
we chose PCI because of its easy accessibility and satisfactory performance
(Aguilar et al., 2014).
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Figure 5.3: Workflow of urban land cover classification. (a) Preliminary
land cover classification using a random forest at a fine scale. (b) Building
extraction using fuzzy decision trees at a coarse scale. TR, GR, SH, LB, and
OT refer to trees, grass, shadow, buildings, and others. Height and ’Dir.’ are
height and directional attributes for constructing fuzzy rules.

5.3.2 Incorporating OSM for urban land cover classification by Bayesian
analysis
We distinguish five urban land cover classes: trees, grass, shadow, buildings,
and others. A multiscale object-based method was used for urban land cover
classification. We used the multiresolution segmentation method in eCognition software to create multiscale image segmentations (Benz et al., 2004).
At a fine scale, image objects are preliminarily classified into trees, grass,
shadow and unclassified (including buildings and others), using a random
forest classifier (Figure 5.3a). Spectral and textural features of image objects are calculated for classification (Table 5A.1 in Appendix). At a coarse
scale, the unclassified image objects are further classified into buildings and
others, using fuzzy decision trees (Figure 5.3b). We constructed two fuzzy
rules for decision trees, based upon height and directional features. The detailed description on the directional feature can be found in Li et al. (2015a,
2016a). This study uses hierarchical Bayesian models to determine the lower
and upper bounds for these two fuzzy rules (van de Vlag and Stein, 2007)
(Figure 5.3c). The next section describes in detail the construction of fuzzy
decision trees based upon hierarchical Bayesian models with the incorporation of OSM data.
5.3.2.1 Fuzzy decision trees based upon hierarchical Bayesian models
For the adopted fuzzy decision trees, each fuzzy rule is formulated as a fuzzy
membership function with respect to an attribute, i.e. height or directional
attributes in this paper. We use linear membership functions for both rules
that were also used in a previous study for a directional attribute (Li et al.,
2015a). For each linear fuzzy membership function, its lower and upper
bounds are determined in a Bayesian way (van de Vlag and Stein, 2007).
Let η be an unknown parameter, i.e. height or directional attributes,
and X = {x1 , . . . , xn } be observed data. We aim to obtain the conditional
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probability p(η|X), based upon Bayes’ theorem,
p(η|X) =

p(η)p(X|η)
∝ p(η)p(X|η),
p(X)

(5.1)

where p(η|X), p(η) and p(X|η) refer to posterior, prior, and sampling distributions, respectively.
Let η follow a Normal distribution defined by a prior mean µ0 and variance τ02 . For normally distributed observations X, the sampling distribution
is given by its sample mean x̄ and variance σ 2 . Then the posterior distribution is defined as (Gelman et al., 2013),
p(η|x1 , . . . , xn ) ∼ N (η|µn , τn2 ),

(5.2)

where
µn =

τn2 =

1
µ + σn2 x̄
τ02 0
1
+ σn2
τ02

1
τ02

1
+

n
σ2

.

(5.3)

(5.4)

The prior probability of building height is derived from OSM and the generated nDSM by VHR stereo images. More specifically, building footprints
can be obtained from an OSM. Based upon nDSM, the mean, and variance
of the heights with respect to these building footprints are derived. In fact,
we take those building footprints into account that have height values less
than a threshold value ϵh , where we set ϵh equal to 3 m (referring to the
height of single-story buildings) in this study. Our assumption is that an
image object certainly belongs to a building, if its derived height value from
nDSM is greater than ϵh , whereas low-rise building objects are uncertainly
extracted relying on such nDSM. The fuzzy rule of the height attribute is
fine tuned to deal with low-rise building image objects. For the directional
attribute of a building, its prior probability is calculated based upon a set of
randomly simulated values ranging from 0.5 to 1. The underlying assumption is that an image object is more likely to be a building, if its directional
feature value is greater than 0.5 (Li et al., 2015a).
Finally, we take the lower and upper bounds of the 99.9% confidence
interval of a posterior distribution as the corresponding lower and upper
bounds of a linear membership function. The final land cover map is then
obtained by overlaying the extracted buildings on the preliminary classified
results.

5.3.3 Spatial arrangement characterization by building types
In our previous study, we demonstrated that the spatial arrangement information characterized by building types is eﬀective for urban land use classification (Li et al., 2016b). We also indicated that building types are dependent
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Figure 5.4: Building types visualized on VHR images (Top) and field survey
photos (Bottom).

on urban structures, and might vary for diﬀerent study areas. For this study
area, we distinguish four building types: houses, oﬃce buildings, complex
buildings, and factory-type buildings (Figure 5.4). These four building types
were defined by both visually observing the building characteristics on the
study images and a field survey of the study area. Houses mainly refer to residential buildings, characterized by small footprint and low height. Houses
are usually surrounded by trees and grasses. Oﬃce buildings can be used
for both residential and commercial purposes. We found that most of oﬃce
buildings are used for commercial in our study area. They are usually larger and taller than houses. Complex buildings are usually used for multiple
functions. In contrast to oﬃce buildings, complex buildings are characterized
by a large footprint and irregular shapes. They can also be formed by several adjacent small buildings. Factory-type buildings are warehouses. They
are usually larger than houses. When comparing with oﬃce buildings and
complex buildings, factory-type buildings are more regular in shape and more
homogeneous in spectral response.
These four building types are classified according to a set of geometrical,
morphological, spatial and 3D features by a random forest classifier, see
Table 5A.2 in the Appendix. Most of these features have been investigated
in the literature (Voltersen et al., 2014; Li et al., 2016b). Within a land use
unit, the spatial arrangement is then characterized by the distribution of
classified building types.

5.3.4 Incorporating UCM dataset for urban land use classification with
a CNN
5.3.4.1 CNN-based urban scene classification using UCM dataset
Development on urban scene classification methods has been greatly advanced by Yang and Newsam (2010), especially after the publication of the
UCM dataset. We want to clarify that although Yang and Newsam (2010)
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Figure 5.5: Overview of the UC Merced land use dataset, with 21 classes
Yang and Newsam (2010). The classes in bold are used in this study.

also used the term ”land use” in their research, their definition includes land
cover classes (e.g. buildings), while our definition focuses solely on actual
land use. We therefore call their ”land use” classification as ”scene” classification in this study. This UCM dataset was manually extracted from the
USGS National Map Urban Area Imagery collection for 21 classes, with 100
images for each class and 256 × 256 pixels for each image (Figure 5.5). The
scene content of these images is similar to that reflected by the study VHR
image in a true-color composite. Hence, we assume that the UCM dataset
could oﬀer additional useful information for our urban land use classification.
Furthermore, we selected 13 classes from the original 21 classes in the UCM
dataset (see classes in bold of Figure 5.5) for this study, because these 13
classes can be found in our study area.
We use a CNN to conduct the urban scene classification on the study
VHR images using the UCM dataset as a training dataset. This idea is
inspired by Castelluccio et al. (2015), who explored the use of CNNs for
urban scene classification on the UCM dataset. In this paper, we implemented a CNN-based scene classification on our study image in an easily
accessible way. A detailed description on the theoretical parts of a CNN
is out of the scope of this study but interested readers can refer to Castelluccio et al. (2015); Marmanis et al. (2016) for more details. In this
study, we first normalized the VHR image (true-color composite) into [0255], and then divided the image into subsets with a size of 256 × 256
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Table 5.1: Features used for land use classification.
1. 2D Land use indicators (Voltersen et al., 2014; Li et al., 2016b)
Geometrical
Land cover related
Landscape metrics

Area

Perimeter

Compactness

Shape Index

Coverage ratio of land cover

Density of land cover

Fractal dimension

Landscape shape index

Shannon’s diversity index

2. 3D Land use indicators
Volume ratio of building and
vegetation

Volume

Volume density of building
and vegetation

3. Spatial arrangement (by building types) (Li et al., 2016b)
FSA = [w1 · b1 , · · · , wS · bS ]T
4. Additional information (from CNN-based scene classification)
FS = [s1 , · · · , sn ]T , where si refers to the coverage ratio of a classified urban scene
in a land use unit, and n = 13.

allowing for 50% overlapping coverage. We applied a popular pretrained
CNN-Caﬀe (Jia et al., 2014) for scene classification, which is available at:
http://www.vlfeat.org/matconvnet/models/imagenet-caﬀe-alex.mat. Moreover, the MatConvNet toolbox was used (Vedaldi and Lenc, 2015) for implementation. Setting the parameters for fine tuning a pretrained CNN was
mainly done by trial-and-error.
5.3.4.2 Bayesian classification of urban land use
We distinguish six urban land use classes: residential, commercial, industrial
and warehouses, green space and entertainment, and transportation. The
adopted framework for urban land use classification uses a Bayesian network
classifier, which integrates commonly used land use indicators and spatial
arrangement information (Li et al., 2016b). Table 5.1 lists features for land
use classification.
Let F = {F1 , · · · , FM , FSA } be a set of variables with respect to land use
indicators (i.e. FM ) and the spatial arrangement (i.e. FSA ), and Ci be the
states of class C with i = 1, · · · , K the number of land use classes. Based
upon Bayes’ theorem, the land use class of an unlabeled land use unit is thus
inferred by
p(Ci |F ) =

p(Ci )p(F |Ci )
, i = 1, · · · , K.
p(F )

(5.5)

For each unlabeled land use unit, we assign this land use unit to a category
with maximum a posteriori (MAP) likelihood, given the input evidence. We
then obtain
C ∗ = argmax p(Ci )p(F |Ci ), i = 1, · · · , K,

(5.6)

Ci

where p(F ) is the same for all the possible states of Ci . The prior probability
p(Ci ) is equally likely for all land use classes, and the conditional probability
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of p(F |Ci ) is estimated by kernels because of the limited number of training
samples (Lin et al., 2007; Cheng and Wang, 2010; Maji et al., 2013).
We use the results of the urban scene classification as additional evidence.
Equation 5.6 is thus transformed into
C ∗ = argmax p(Ci )p(F |Ci )p(FS |Ci ), i = 1, · · · , K,

(5.7)

Ci

where FS refers to the variable associated with scene classification results
obtained from CNN. In this paper, FS refers to a feature vector with respect
to the proportion of each scene class within in a land use unit. We consider
the variable of FS independent of variables F , and estimate the conditional
probability p(FS |Ci ) also using kernels.

5.3.5 Evaluation of urban land use extraction
Urban land cover classification is evaluated by a confusion matrix, in which
an overall accuracy (OA) and a kappa coeﬃcient (κ) are also computed. The
ground truth is obtained by visually selecting object samples from the study
VHR image, for which a stratified sampling strategy is used. The building type classification and land use classification are evaluated by confusion
matrices.
We partitioned the selected land use samples into training and testing
datasets, using various random generators, ten diﬀerent times. We compare
the proposed land use classification, with land use classifications using just
one of the four types of information, i.e. 2D land use indicators, 3D land
use indicators, spatial arrangement information, and additional information
from the UCM dataset. Here we label the proposed land use classification
as BN (F1,2,3,4 ), where F1,2,3,4 represents the incorporation of all these four
types of information. Similarly, we evaluate four additional classifications
according to the incorporated information, namely BN (F1,2,3 ), BN (F1,3 ),
BN (F1,2 ), BN (F1 ), and BN (F2 ).

5.4 Results
5.4.1 Incorporating OSM for urban land cover classification by Bayesian
analysis
We conducted image segmentations at two levels, labelled as L60 and L120,
using the multi-resolution segmentation algorithm in eCognition software.
These labels correspond to Scale parameter 60 and 120, respectively, whereas
other parameters were set as default (i.e. Shape = 0.1 and Compactness =
0.5). We implemented the preliminary urban land cover classification using
a random forest at segmentation level L60. To train the random forest
classifier, we selected 60 object samples for each land cover class from the
subset of the study image. Samples for the land cover classes trees, grass
and shadow were selected at level L60, whereas samples for the buildings
and others classes were selected at level L120.
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Figure 5.6: (a-d) are the derived nDSM, selected validation samples of
urban land cover, classified urban land cover, and classified building types,
with respect to the subset of the study image, respectively.

Fuzzy decision trees were used to separate building objects from other
man-made objects at level L120. To derive parameters for the adopted fuzzy
decision trees, we selected 100 building footprints from the OSM. The mean
height of these buildings was obtained using the derived nDSM (Figure 5.6a).
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Figure 5.7: Urban land cover classified on the total study image.

For those buildings having a mean height lower than ϵh , we computed the
prior mean µ0 and variance τ02 with respect to the fuzzy rule of height attribute. The building samples, selected at object level L120, were used to
compute parameters with respect to sampling distribution. More specifically,
there were 15 objects with a height < ϵh used to derive the sample mean
x̄ and variance σ 2 , where n = 15. After that, the posterior mean µn and
variance τn2 corresponding to the height rule were obtained. Similarly, the
posterior mean and variance for the directional rule were computed. Diﬀerent from its counterpart, i.e. directional rule, its prior mean and variance
was computed from a set of simulated random numbers from 0.5 to 1. Hence,
the lower and upper bounds for a fuzzy rule were chosen as the 99.9% confidence interval of the distribution defined by its posterior mean and variance.
Figure 5.6c shows the final urban land cover classification map by combining the results from both the random forest and fuzzy decision trees.
Figure 5.7 shows the urban land cover classification for the total study image. 60 validation points for each land cover class were selected, based upon
a stratified sampling strategy, for assessing the accuracy assessment of the
land cover classification (Figure 5.6b). Here, five strata were generated by
an unsupervised land cover classification on the subset image. Table 5.2
gives the confusion matrix of the urban land cover classification of the selected validation dataset. This table shows that the adopted urban land cover
98

5.4. Results
Table 5.2: Confusion matrix of the urban land cover classification.
Classified

Reference
Trees

Grass

Shadow

Building

Others

UA

Trees

47

1

1

0

0

95.72

Grass

13

59

0

0

2

79.73

Shadow

0

0

58

1

0

98.31

Building

0

0

0

52

2

96.30

Others

0

0

1

7

56

87.50

PA

78.33

98.33

96.67

86.67

93.33

%

OA= 91%, κ = 0.88

Figure 5.8: Building types classified on the total study image.

classification had an overall accuracy (OA) of 91% and a kappa coeﬃcient
(κ) of 0.88. Only trees were classified with a producer accuracy (PA) below 85%, resulting into 13 trees samples being misclassified into grass. The
classified buildings show a high PA. From the black boxes in Figure 5.7,
we observed that some urban overpasses were misclassified into buildings
because of height eﬀects.

5.4.2 Spatial arrangement characterization by building types
The building type classification was first performed on the classified building
objects using a random forest classifier. To train the classifier and validate
its classification results, we selected 304 samples for the four building types
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Table 5.3: Confusion matrix of the building type classification. Hou., OB., C-B. and F-B. indicate building types houses, oﬃce buildings, complex
buildings and factory-type buildings, respectively.
Classified

Hou.
Hou.
52
O-B.
1
C-B.
0
F-B.
0
PA
98.11
OA = 86%, κ = 0.81
Average: PA
97.04
Average: OA = 85.49%, κ = 0.80

O-B.
1
19
0
4
79.12

Reference
C-B.
0
1
29
2
90.63

F-B.
0
9
2
24
68.57

71.92

91.64

73.34

UA
98.11
63.33
93.55
80.00
%

defined for our study area, and randomly partitioned them into training and
testing datasets. This partition was performed ten times by varying the
random generator. The training dataset was represented by 40 samples for
each building type. The remainder was assigned to the testing dataset. Figure 5.6d displays the classification results of the building types on the subset
image, and visualizes the associated uncertainties in terms of classification
probability as well. By visual inspection, we can see that all four building
types were extracted. Table 5.3 gives the confusion matrix of the building
type classification of the testing dataset, and average accuracies across the
ten implementations. This table shows that the classification of building
types was produced with an OA of 86% and a κ of 0.81, while the average OA was 85.49% and average κ was 0.80. More specifically, houses and
complex buildings were classified with relatively higher accuracies than the
other two selected building types. From this table, we also observed some
evident misclassification between oﬃce buildings and factory-type buildings.
There were 9 factory-type buildings misclassified into oﬃce buildings, by contrast, 4 oﬃce buildings were misclassified into factory-type buildings. The
building type classification on the total study image is shown in Figure 5.8.
The black boxes show that the misclassified buildings from overpasses were
subsequently classified into factory-type buildings and oﬃce buildings.

5.4.3 Incorporating UCM dataset for urban land use classification with
a CNN
First, we applied the pretrained CNN (Caﬀe) to our study VHR image. To
fine tune the CNN and validate its performance on the UCM dataset, we
randomly partitioned this dataset into a training (70) and testing (30) datasets. This pretrained CNN produced an OA of 92.31% on the testing dataset,
see Figure 5.9 for the accuracy of each class (among the selected 13 scene
classes). Next, the fine tuned CNN model was applied to the RGB image
(in true color composite) of the study image. The scene classification result
is provided in Figure 5.10. Although the CNN produced high classification
accuracy on the UCM testing dataset, we observed that a large portion of a
residential area was misclassified into tennis court (white box in Figure 5.10).
Second, we applied the urban land use classification to our study VHR im100
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Figure 5.9: Accuracy of the scene classification using the pretrained CNN
for the UCM testing dataset.

age, with an incorporation of the scene classification result (Equation 5.7).
We selected 70 samples for each land use class, and then randomly partitioned them into a training (35) and testing (35) datasets. The samples
were selected by visually interpreting the study image, with references of
the corresponding OSM (i.e. its land use layer) and photos from our field
survey. The training dataset was used to estimate conditional probabilities
in Equation 5.7. The result of the classified urban land use is provided in
Figure 5.11. We observed that the overpasses were classified into transportation with a high accuracy, although they were misclassified into buildings
during land cover classification and subsequently into factory-type buildings
and complex buildings during building type classification.

5.4.4 Evaluation of urban land use extraction
We first computed the confusion matrix on the testing dataset (Table 5.4).
This table shows that the land use classification produced an OA of 88% and
a κ of 0.85 on this testing dataset. Except for the industrial class, all land use
classes were classified with competitive accuracies. Transportation had the
highest classification, followed by residential which had a slight misclassification with green space and entertainment. The most evident misclassification
existed between industrial and commercial, where 11 industrial land use
units were misclassified into commercial, followed by the misclassification of
4 commercial units into industrial.
Second, we conducted a sensitivity analysis to compare the diﬀerences
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Figure 5.10: Urban scene classification on the study image using the pretrained CNN fine tuned on UCM dataset.
Table 5.4: Confusion matrix of the urban land use extraction. Res., Com.,
Ind., G-E., and Tra. indicate the land use class residential, commercial,
industrial, green-entertainment and transportation, respectively.
Classified

Reference
Res.

Com.

Ind.

G-E.

Tra.

UA

Res.

33

0

0

2

0

94.23

Com.

0

31

11

1

0

72.01

Ind.

0

4

24

0

0

85.71

G-E.

2

0

0

31

0

93.94

Tra.

0

0

0

1

35

97.22

PA

94.29

85.57

68.57

88.57

100

%

OA = 88 %, κ = 0.85

between the proposed land use classification and those using less input information. Figure 5.12 provides the distributions of OA and κ across ten
implementations for diﬀerent land use classification. In general, we found
lower classification accuracies if less input information was used. We found
the highest accuracy when the information from the UCM dataset was incorporated. Moreover, VHR stereo images provide 3D information, which improved the classification performance compared to that using 2D information
alone. We found remarkable diﬀerences between the collection{ BN (F1,2,3,4 ),
BN (F1,2,3 ), BN (F1,3 ) } which used spatial arrangement information, and
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Figure 5.11: Urban land use classification on the study image.

Figure 5.12: Distributions of OA and κ across ten various implementations
for diﬀerent land use classifications.

the collection { BN (F1 ), BN (F1 ), BN (F1,2 ) } which did not use spatial arrangement information. Here the four types of information F1,2,3,4 refer to
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2D land use indicators, 3D land use indicators, spatial arrangement information, and additional information from the UCM dataset, respectively.

5.5 Discussion
In this study, we investigated urban land use classification from VHR stereo images, and explored the incorporation of open source data. Our first
finding is that the adopted framework of urban land use classification is applicable to the study area in Oklahoma. This strengthens the usability of the
framework developed in Li et al. (2016b). The second finding is that the 3D
information derived from VHR stereo images not only improves urban land
cover classification as illustrated in the literature (Longbotham et al., 2012),
but also improves urban land use classification as illustrated in this study
(Figure 5.12). The third finding is that the incorporation of open source
data further improves urban land use classification. Furthermore, this paper demonstrates an urban land use classification combining the strengths
of a knowledge-driven method, i.e. the Bayesian network classifier in Li
et al. (2016b), and a data-driven method, i.e. the CNN in Castelluccio et al.
(2015). To the best of our knowledge, no existing research has been carried
out before to explore such combination for urban land use classification.
Hierarchical Bayesian models act as a tool to optimize the parameters
of a fuzzy membership function by incorporating prior knowledge and collected samples. They have previously been investigated in the paper for a
beach nourishment application (van de Vlag and Stein, 2007). This paper
applied them to construct fuzzy rules for building extraction by incorporating knowledge from open source data, and produced satisfactory accuracies
for classes buildings and others. Since this paper only uses height and directional features for building extraction, we found that some overpasses were
misclassified into buildings (Figure 5.7). This misclassification in land cover
however did not cause an evident impact on the subsequent land use classification (Figure 5.11). Still, as a previous study concluded (Li et al., 2016a),
improvements in the land cover classification could aid in the improvement
of the land use classification relying on it.
To transfer the adopted framework of land use classification to this study,
we defined four building types and five land use classes for the Oklahoma
study area. Figure 5.12 shows that the spatial arrangement information
contributes the most to the land use classification accuracy within the collection of {BN (F1,2,3 ), BN (F1,2 ), BN (F1,3 ), BN (F1 ), BN (F2 )}. This result
confirms the transferability of the adopted framework to a diﬀerent study
area. Besides, the use of 3D land use indicators increased the land use classification accuracy, when comparing BN (F1,2,3 ) and BN (F1,2 ) in Figure 5.12.
This result demonstrates the advantage of using VHR stereo images for urban
land use classification. In this paper, we also found evident misclassifications
between oﬃce buildings and factory-type buildings (Table 5.3), and between
commercial and industrial buildings (Table 5.4). The misclassification of
land use might be proportionately aﬀected by the misclassification of building types. This assumption could inspire future work to analyze such eﬀects.
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CNNs have greatly contributed to image categorization in computer vision. The remote sensing literature presents a number of interesting studies
on the application of them for semantic information extraction from remote
sensing images (Castelluccio et al., 2015; Jean et al., 2016). Usually, training
a CNN from scratch is time-consuming, and it is impossible when a low number of training samples is available. In this context, the concept of transfer
learning is useful to fine tune a pretrained CNN for a specific application.
For example, Figure 5.9 shows that the classification accuracies of the selected 13 scene classes were highly competitive. In contrast, we found that the
obtained urban scene result (Figure 5.10) hardly satisfies a practical application that requires clear land use boundaries. Furthermore, a large portion
of residential area was misclassified into tennis court. When embedding the
urban scene result (Figure 5.10) as an additional information source into the
Bayesian framework of land use classification (Equation 5.7), however, we
found that classification achieved the highest accuracy.

5.6 Conclusions
This study investigated a Bayesian classification of urban land use from VHR
stereo images in particular with the incorporation of open source data, i.e.
Open Street Map (OSM) and UC Merced (UCM) land use dataset. We
applied a multilevel framework to the land use classification on a pair of
GeoEye stereo images over Oklahoma City. Experimental results allow us
conclude that: (1) the adopted land use framework is transferable to other
study areas; (2) the use of VHR stereo images improves the urban land use
classification compared with using a monoscopic VHR image alone; (3) the
OSM data provide prior building information to construct fuzzy rules for
building extraction, where hierarchical Bayesian models combine the prior
information and observation evidence; (4) the scene classification of the VHR
image provides additional evidence for land use classification, where a pretrained CNN with fine tuning on the UCM dataset serves as an eﬀective
scene classifier.
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Appendix
Table 5A.1: Features used for land cover classification.
1. Preliminary classification (at a fine scale)
Spectral

Textual (GLCM)

Mean

StdDev

Brightness

Max Diﬀ

NDVI

Homogeneity

Contrast

Dissimilarity

Entropy

Ang. 2nd moment

Mean

StdDev

Correlation

2. Buildings extraction (at a coarse scale)
3D

Height mean

Spatial

Directional mean

Table 5A.2: Features used for building type classification.

Geometrical

Area

Perimeter

Length/Width

Border Index

Compactness

Shape Index

Roundness

Rectangular Fit

Elliptic Fit

Morphological

Mean of morphological profiles

3D

Height mean

Contextual

Coverage ratio of vegetation∗ and others within an image

Volume
image neighborhood∗∗

∗ vegetation refers to both trees and grass.
∗∗ An image neighborhood is defined as a square window that dilates
the convex hull of a building object with 10 m.
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6.1 Research findings and conclusions
This dissertation aims at developing methods to extract land use information
from very high resolution (VHR) remote sensing images in urban areas. I
conducted the urban land use extraction through analysis of the land cover
derived from VHR images. This section presents the research findings and
conclusions with respect to each research objective as described in section
1.7.
I Objective 1: Develop a method to extract land cover over
complex urban environments from VHR remote sensing images.
Object-based image analysis methods have been the methods of choice
used for urban land cover classification using VHR images. Two major
challenges however are faced when implementing an object-based land
cover classification: obtaining the optimal image segmentation from a
VHR image and distinguishing buildings from other man-made objects.
A binary partition tree (BPT) was used to build a hierarchical representation of an image, resulting into a series of image segmentations at
multiple scales. An unsupervised evaluation of an image segmentation,
based upon energy measures, was defined to choose the optimal segmentation from a BPT. The directional relationship between building
and shadow objects was quantified by a fuzzy landscape to improve
the separability between building and other man-made objects. Land
cover classification was performed at two segmentation levels: the fine
segmentation level was used to distinguish natural land cover classes,
and the (coarser) optimal segmentation level was for building extraction. In addition, a set of geometrical error indices were modified to
facilitate object-based accuracy assessment. Results showed that the
proposed classification performed better than two other classifications
using maximum likelihood and support vector machine, in terms of
both pixel-based and object-based accuracy assessments.
This study concluded that the integration between BPTs and energy
measures provided a means for unsupervised image segmentation, and
the directional information could improve building extraction in urban
areas. By doing so, the proposed method oﬀered a potential solution
for urban applications in need of obtaining land cover information from
VHR images. Particularly, the quantified directional information was
also used in Chapters 3, 4 and 5 for improving the separability of
buildings in the Wuhan (China), Enschede (the Netherlands) and Oklahoma (United States) study areas. Despite these strengths, weakness
of the proposed method can also be seen, which could lead to future
research and improvement. These include the diﬃculty of using BPTs
to decide a meaningful representation or a segmentation at a specific
scale. In this study, the image segmentation obtained based upon the
unsupervised evaluation was relatively optimal, but not perfect for all
ground objects. Besides, the directional information relies on building
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shadow, which may not be detectable in some areas. On the other
hand, the shadow cast by trees and bridges can influence the accuracy
of building extraction.
I Objective 2: Develop a method to extract urban road from
VHR remote sensing images.
Road extraction from VHR images is important for many applications.
For urban land use extraction, the roads detected from VHR images
can help to obtain land use units, when land use boundaries or existing
road data are not available. Since BPTs have potential for hierarchical image representation, it was further used to extract urban roads
from VHR images. The road region of interest, preliminarily obtained
from a VHR image by thresholding, was represented by a BPT. It
reduced the eﬀects of vegetation, shadow and buildings. Geometrical
and structural features were considered within a region model and
fused using fuzzy logic. The structural features were derived based
upon orientation histograms and morphological profiles. Meaningful
road regions were automatically extracted based upon two uncertainty
related measures. Results showed that this method was able to group
adjacent small segments that had high spectral heterogeneity and low
road-like geometrical properties.
This study concluded that the proposed method could provide an alternative means for road extraction over dense urban areas from VHR
images, including varying densities of roads, buildings adjacent to
roads and partial covering of roads by vehicles and vegetation. Second,
improvement in obtaining the road region of interest may improve the
final road extraction and vice versa. Moreover, the BPT constructed in
this study was application driven. This diﬀered from a more common
data driven BPT construction, and from the one built in Objective
1. An application driven BPT is more suited for a specific extraction
task like road extraction, because it uses a specific region model and
a merging criterion. In addition, an application driven BPT can make
use of expert knowledge for BPT construction. The structural feature
was derived from morphological profiles created by a series of path
opening operations. This feature was also used in Chapters 4 and 5
for characterizing building types.
I Objective 3: Develop a method to infer land use from the
land cover derived from VHR remote sensing images in urban
areas.
A probabilistic method for urban land use extraction was developed using a Bayesian network. The spatial arrangement of land cover features
was characterized. This characterization was done by quantifying the
distribution of building types within a land use unit. Building types
were classified from building objects based upon a set of geometrical,
morphological, and contextual features. Land use indicators, primarily
based upon the coverage ratio and density of land cover features, were
combined with spatial arrangement information in this method, to in109
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fer land use. Urban land use extraction was performed on a Pléiades
image in the Wuhan study area, for which land use classes were generalized from a detailed classification system (of 45 land use classes)
provided by local department. Results showed that integrating the
spatial arrangement significantly improved the accuracy of urban land
use extraction as compared to using land use indicators alone. The
Bayesian network classifier produced results comparable to those produced by support vector machine and random forest classifiers.
This study concluded that the proposed characterization of spatial arrangement and Bayesian network integration was eﬀective for urban
land use extraction from VHR images. Moreover, the characterized
spatial arrangement was able to provide an explicit interpretation for
urban land use classes, compared to those using low-level image features such as SIFT to characterize the spatial information of an image.
The proposed framework was transferable to other study areas, as it
was also applied to the Oklahoma study area in Chapter 5. For a different urban area, we need to modify the definition of building types
and land use classes based upon its urban structure and land use system (e.g. local oﬃcial land use classification system), yet the proposed
framework remains the same. The strength of the Bayesian network
for modeling urban land use was that it was able to fuse diﬀerent types
of knowledge and handle associated uncertainties. Its diﬃculty is, however, to build a structure (i.e. a directed acyclic graph) and estimate
its parameters. In this study, the Bayesian network structure was built
based upon expert knowledge. The spatial arrangement variable was
assumed independent of land use indicators. Although this assumption
produced acceptable results in this paper, future improvement could
be done by considering a dependence relationship between these two
types of variables.
I Objective 4: Apply the method developed in objective 3 to a
diﬀerent study area using VHR stereo images.
Recent satellites like GeoEye, Worldview and Pléiades can provide
VHR images with multiple views, corresponding to VHR stereo or tristereo images. These images can provide additional information, such
as height information, for land cover and land use extraction. Open
source data has also been increasingly accessible to the public. This
not only brings opportunities for land use extraction using multiple
sources, but also poses challenges for existing methods to be more
robust and extendable. In this study, the developed method from Objective 3 was applied to the Oklahoma study area for urban land use
extraction using VHR stereo images acquired from GeoEye satellite.
The incorporation of open source data, i.e. Open Street Map (OSM)
and the UC Merced (UCM) land use dataset, was also investigated under this framework. The OSM data was incorporated in the process of
land cover classification by Bayesian analysis. The UCM dataset was
used to fine tune a pretrained convolutional neural network (CNN) for
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performing a scene-based classification. The result of the scene classification using this CNN was incorporated into the applied framework
by Bayes’s theorem. Results showed that the urban land use classification using VHR stereo images performed better than that using a
monoscopic VHR image, the integration of open source data improved
the final urban land use classification.
This study first concluded that the adopted method of urban land
classification is applicable to the study area in Oklahoma. This could
strengthen the usability of the method developed in this dissertation.
Second, the use of VHR stereo images improved the urban land use
classification compared with using a monoscopic VHR image alone.
Third, the incorporation of open source data further improved urban
land use classification, for which Bayesian analysis acts as an eﬀective
tool. Furthermore, this study demonstrated an urban land use classification combining the strengths of a knowledge-driven method, i.e. the
Bayesian network classifier, and a data-driven method, i.e. the CNN.
To the best of my knowledge, no such research was done before.

6.2 Reflections
Urban land use information plays a significant role in many urban related
applications. Particularly, at the local scale, urban land use maps are capable of providing agencies, planners and researchers with information of fine
spatial details to understand the status of urban environments, to analyze
the interactions between humans and the environment, and to develop solutions for sustainable urban development. A land use map that is specified
on the basis of parcels or street blocks and that can distinguish residential
from commercial and industrial use, allows to better estimate urban growth
and population density, and assess the quality of life and social vulnerability.
Moreover, a land use map at a fine scale is able to produce maps at coarse
scales by means of map generalization, serving a wider range of applications.
Uncertainty is inevitably involved in the process of producing a land use map
by any means, and might impair the reliability of the product. Handling the
associated uncertainty is, therefore, important for a land use extraction system, and in turn for increasing the extraction accuracy. The method that
was developed in this dissertation provides a means to extract urban land
use at the local level, while taking associated uncertainty into account.
VHR remote sensing images, acquired for example from GeoEye, Worldview and Pléiades satellites, oﬀer opportunities to implement land use extraction at the local scale. It is interesting in this context that the second
national land use survey conducted by the Chinese Ministry of Land and Resources, largely adopted VHR images, with the incorporation of field survey
and other ancillary data, to extract urban land use maps with a 1:500 mapping scale for urban areas. This survey still extracted land use information
mainly by human interpretation, but it has emphasized the significance of
using VHR images to extract land use maps.
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Most of current image analysis methods are transferred from a wider set
of methods that are initially developed for classifying land cover types. VHR
images directly record the spectral reflectance of the earth surface, whereas
urban land use reflects human activities. Several methods of land cover classification, based upon the exploitation of spectral, textual and geometrical
information, therefore fail to achieve a satisfactory land use extraction, particularly from VHR images in urban areas. Moreover, the methods developed
for land use extraction using low- and medium-resolution remote sensing images, are perhaps ineﬃcient for using VHR images if more detailed spatial
arrangement information is not characterized and used. In this dissertation,
I focused on developing and applying advanced image analysis methods to
improve the extraction of urban land use from VHR images. As major considerations for the methods in this thesis, I used Bayesian networks and
BPTs.
Bayesian networks, i.e. probabilistic graphical models, can serve as an
eﬀective means to integrate various types of knowledge, and to handle associated uncertainty. In this dissertation, I developed a method for land
use extraction from VHR images using a Bayesian network. This method
infers land use from land cover objects derived from a VHR image, and
integrates knowledge both from land use indicators that have been used in
existing studies and from the spatial arrangement information that was characterized by a novel means proposed in this dissertation. This method was
tested at two diﬀerent study areas in Wuhan, China and Oklahoma, United
States. Results in these two areas proved the eﬀectiveness of this method.
In this sense, the developed method should also be applicable to more other
study areas for land use extraction. Besides, this dissertation also contributes to a set of targeted image analysis methods for extracting information
from VHR images, including methods for urban land cover classification and
urban road extraction. These methods oﬀer attractive options for extracting
corresponding information using VHR images.
BPTs can be used for hierarchical image representation. The representation of earth objects like land cover objects and roads, however, is scaledependent. BPTs are therefore suited for hierarchically representing VHR
images. Ideally, the construction of a BPT should be application driven,
because in this sense the adopted region model and region merging criteria
of the BPT can be well tuned according to a specific application.
Apart from the methodologies, also new sources of data are available in
the era of big urban data. Here I considered open source data like OSMs and
the UCM land use dataset. Open source data are not always well calibrated
to the targeted application, but the available dataset is big in size and free to
use. It thus may provide useful information to the application. This brings
not only the opportunities for land use extraction but also challenges to the
existing image analysis methods. In this dissertation, a way of incorporating open source data for land use extraction was investigated by means of
Bayesian analysis, as part of the developed method for land use extraction
using Bayesian networks. Results showed that this method could be extended to incorporate additional information from the open source data. Due
to the strengths of Bayesian networks, the extension capability should not
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be limited to incorporation of analysis those two types of open source data,
but also others.

Uncertainty involved in every step of urban land use extraction. In this
dissertation, I focused on handling uncertainties associated with (1) image
objects’ representation, (2) features’ quantification, (3) knowledge quantification, (4) classifiers, and (5) object-based accuracy assessment. Uncertainty handling was done by both fuzzy sets and probabilistic methods. In
chapter 2, the directional relationship between building and shadow objects
was quantified by fuzzy sets taking direction and distance related elements
into account. Moreover, a set of modified geometric error indices were proposed for object-based accuracy assessment, taking both local and global
distributions of the geometric errors of classified image objects into account.
In chapter 3, road regions were represented by a BPT, for which the uncertainty related to the region model and merging criteria of the BPT was
handled by fuzzy sets. Moreover, two uncertainty measures, namely possibility and necessity measures, were used for road extraction based upon a BPT.
In chapter 4, the spatial arrangement of land use types was characterized
based upon building types, taking their classified probabilities into account.
Moreover, land use extraction was conducted by a Bayesian network classifier. Expert knowledge was incorporated into land use extraction based upon
Bayesian methods. In chapter 5, open source data were also incorporated
to the developed land use extraction method based upon Bayesian methods.
The methods that I used for uncertainty handling in this dissertation, are
also potentially suitable for dealing with the uncertainty associated with a
wider range of land information extractions from remote sensing images.

Besides the strengths of the developed method for land use extraction, I
am aware of two main weaknesses. The first is regarding uncertainty propagation. In chapter 4, a sensitivity analysis was conducted to analyze the eﬀect
of land cover classification on the final land use extraction. Results showed
that the accuracy of land cover classification proportionally aﬀects the accuracy of land use extraction. That means that land use extraction is dependent
on land cover classification, because the land use is inferred from the land
cover derived using VHR images. The uncertainty propagation issue, however, is out of the scope of this dissertation. Addressing this issue could lead
to an improvement of the developed land use extraction as presented in this
dissertation. The other weakness is that the developed method needs users
to specify building types and land use classes. This is to some degree reasonable, because building types and land use classes vary between diﬀerent
study areas. In this dissertation, I applied the developed land use extraction to diﬀerent study areas in Wuhan City and Oklahoma City respectively.
These two study areas are respectively typical for a moderate, booming city
in China and a mid-western state capital in the US. Therefore, the adopted
building types and land use classes could serve as a good reference to other
study areas in the need of obtaining land use information from VHR images.
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6.3 Recommendations
This dissertation has investigated the use of VHR remote sensing images for
land use extraction in urban areas, and presented a set of image analysis
methods to extract information from VHR images. Many aspects of the
methods have not yet been fully addressed, and further investigations are
needed. The following recommendations are made:
1. BPTs constructed based upon non-parametric methods were investigated in Chapters 2 and 3 for image segmentation and road extraction.
They can also be constructed by parametric methods to represent region models and region merging criteria. A possible practice is to build
a probabilistic BPT.
2. Directional relationship between building and shadow was eﬀectively
used for building extraction in this dissertation. It is however aﬀected
by the extracted shadow, which might be confused with water and
dark roofs. This could decrease the accuracy of building extraction.
Improvements in shadow extraction are needed to improve building
extraction using such directional relationship.
3. Research on the structures and parameter estimation methods of Bayesian networks can further improve the developed method for land use
extraction. For example, improvements can be done by adding the
dependence between variables of land use indicators and spatial arrangement. Furthermore, more prior information on land use classes
could be exploited.
4. The potential of using VHR stereo images should be further exploited
for information extraction. VHR stereo images sometimes are acquired
with poor quality, for example when the oﬀ-nadir angle is big. This
can influence land cover classification based upon such images, and
thus can decrease the extraction accuracy for land use.
5. Research can be conducted to investigate the potential of the developed
land use extraction method for monitoring land use changes using
multi-temporal VHR images. The straightforward strategy is to use a
post-classification method. Moreover, the land use map extracted from
an old VHR image, can be used as prior information for extracting land
use from a new image.
6. Finally, converting the developed methods in this dissertation into an
automatic extraction system is considered necessary in order to save
eﬀorts in need of producing land use maps. To do so, more diﬀerent
study areas and VHR images from various platforms should be investigated.

114

Bibliography

Adeline, K., Chen, M., Briottet, X., Pang, S., Paparoditis, N., 2013. Shadow
detection in very high spatial resolution aerial images: A comparative
study. ISPRS Journal of Photogrammetry and Remote Sensing 80, 21–38.
Aguilar, M., del Mar Saldaña, M., Aguilar, F. J., 2014. Generation and quality assessment of stereo-extracted DSM from GeoEye-1 and WorldView-2
imagery. IEEE Transactions on Geoscience and Remote Sensing 52 (2),
1259–1271.
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118

Bibliography
Guigues, L., Cocquerez, J. P., Le Men, H., 2006. Scale-sets image analysis.
International Journal of Computer Vision 68 (3), 289–317.
Hamedianfar, A., Shafri, H. Z. M., Mansor, S., Ahmad, N., 2014. Improving
detailed rule-based feature extraction of urban areas from WorldView-2
image and lidar data. International Journal of Remote Sensing 35 (5),
1876–1899.
Heiden, U., Heldens, W., Roessner, S., Segl, K., Esch, T., Mueller, A., 2012.
Urban structure type characterization using hyperspectral remote sensing
and height information. Landscape and Urban Planning 105 (4), 361–375.
Heijmans, H., Buckley, M., Talbot, H., 2005. Path openings and closings.
Journal of Mathematical Imaging and Vision 22 (3), 107–119.
Herold, M., Liu, X., Clarke, K., 2003. Spatial metrics and image texture for
mapping urban land use. Photogrammetric Engineering & Remote Sensing
69 (9), 991–1001.
Heuvelink, G., Burrough, P., Stein, A., 1989. Propagation of errors in spatial
modelling with GIS. International Journal of Geographical Information
Systems 3 (4), 303–322.
Hirschmuller, H., 2008. Stereo processing by semiglobal matching and mutual information. IEEE Transactions on Pattern Analysis and Machine
Intelligence 30 (2), 328–341.
Hsu, C.-W., Chang, C.-C., Lin, C.-J., 2010. A practical guide to
support vector classification. https://www.csie.ntu.edu.tw/~cjlin/
papers/guide/guide.pdf.
Hu, J., Razdan, A., Femiani, J., Cui, M., Wonka, P., 2007. Road network
extraction and intersection detection from aerial images by tracking road
footprints. IEEE Transactions on Geoscience and Remote Sensing 45 (12),
4144–4157.
Hu, S., Wang, L., 2013. Automated urban land-use classification with remote
sensing. International Journal of Remote Sensing 34 (3), 790–803.
Huang, C. L., Wang, C. J., 2006. A GA-based feature selection and parameters optimizationfor support vector machines. Expert Systems with Applications 31 (2), 231–240.
Inglada, J., Christophe, E., 2009. The orfeo toolbox remote sensing image
processing software. In: International Geoscience and Remote Sensing
Symposium (IGARSS). Vol. 4. Cape Town, South Africa, July 12-17, pp.
IV733–IV736.
Jean, N., Burke, M., Xie, M., Davis, W. M., Lobell, D. B., Ermon, S.,
2016. Combining satellite imagery and machine learning to predict poverty.
Science 353, 790–794.
Jia, Y., Shelhamer, E., Donahue, J., Karayev, S., Long, J., Girshick, R.,
Guadarrama, S., Darrell, T., 2014. Caﬀe: Convolutional architecture for
fast feature embedding. In: ACM International Conference on Multimedia.
pp. 1–4.
119

Bibliography
Krishnapuram, R., Keller, J. M., Ma, Y., 1993. Quantitative analysis of
properties and spatial relations of fuzzy image regions. IEEE Transactions
on Fuzzy Systems 1 (3), 222–233.
Krizhevsky, A., Sutskever, I., Hinton, G., 2012. ImageNet classification with
deep convolutional neural networks. Advances in Neural Information Processing Systems 2, 1097–1105.
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