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Abstract

Knowing the characteristics of urban environments is crucial for managing cities and
planning an infrastructure which satisfies the needs of its inhabitants. This knowledge is
also essential to assess the effects of natural hazards and, amongst others, it allows
estimations about the amount of people that could be affected. For that reason up-to-date
information about urban environments is of high interest. The average built-up height and
the share of built-up area are two basic parameters which allow conclusions to be drawn
about existing buildings and about the amount of people living in an area. However, a
manual recording of these parameters is often not possible due to too fast and uncontrolled
urban growth, and many surveying techniques which provide a high accuracy, e.g. LIDAR,
are too expensive for a comprehensive application. Thus, the aim of this master thesis was
to develop a method which provides exhaustive, up-to-date and accurate information about

both parameters mainly based on freely available data.

In this study, satellite imagery recorded by ESA’s Sentinel-2 satellite was chosen as data
basis, because it is freely accessible, globally available, has a high resolution of 10 meters
and with a revisit time of five days it is always up-to-date. In the first step of the method
presented several sets of features, like mathematical morphologies, textures and statistical
features, were derived from Sentinel-2 scenes showing the urban areas of interest.
Subsequently, based on these features the average built-up height and the share of built-up
area were predicted with four different regression algorithms: Random forest, Gaussian
process regression, neural network and support vector regression. Afterwards, the single
predictions were combined into a final result via an ensemble learning technique. Within
this study stacked generalization and local selection were applied as ensemble learning
approaches and their performance was compared. Before the prediction the four regressors
had been trained with the features calculated from the Sentinel-2 imagery and with
reference data derived from TandDEM-X data, which is quite costly. However, since the
aim of this study was to develop a low-priced method, the use of expensive training data
for every prediction was contrary to the goal set. In order to overcome this drawback and
reduce the necessary usage of TanDEM-X data, a domain adaptation procedure was
integrated. In the domain adaptation process the four regressors were trained on a Sentinel -
2 scene, the so-called source domain, where reference data were available. Afterwards, the
regressors predicted the average built-up height and the share of built-up area for another
scene, the target domain, where only Sentinel-2 imagery was present. In the end, the single
predictions of the four different regressors were again combined via an ensemble learning

procedure.
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Experimental results were obtained for the cities of Berlin, Cologne, Hamburg and Munich
for which reference data were available. Each city was separately used as source domain
for the other three cities so that the accuracy of the presented method could be assessed via
the available reference data. Finally, the domain adaptation approach developed in this
study had a mean absolute error (MAE) of 3.97 meters on average regarding the average
built-up height and a MAE of 9.05 % on average regarding the share of built-up area.
However, depending on the combination of source and target domain the MAE can vary a

lot and under optimal conditions a MAE of 1.23 meters or 3.73 % can be achieved.
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1 Introduction

In recent years, global urbanisation has increasingly posed a challenge for city planners
worldwide and it can be assumed that the situation will not become less dynamic in the
nearby future. It is expected that the bulk of the world’s population growth over the next
decades will take place in the urban areas of developing countries (Jiang, O’Neil 2017).
Many of the cities affected, and especially their informal settlements, have grown too fast
for a manual record of the changes of building stock and population increase. However, it
is important to know the structural characteristics of urban environments, e.g. for analysing
urban processes or estimating the actual population size. Exact information on the
population number in an area is crucial for the administration of urban areas and for the
provision of a sufficient infrastructure which meets the basic needs of the inhabitants, like
clean water, food, shelter, basic health care or electricity. Moreover, in case of a natural
disaster it is essential to know how many people are affected in order to estimate how many
emergency shelters and how much emergency supply are necessary. Current events, like
hurricane Irma which devastated parts of the Caribbean in September 2017 or the
earthquake that hit Mexico City on the 19th of September 2017, illustrate the necessity of
such data. For the characterization of urban environments as well as for the assessment of
the damage potential of natural risks the average built-up height and the share of built-up
area in a settlement area are important parameters. Since in-situ measurements are often
not available or complete, remote sensing represents an appropriate way for a

comprehensive and continuous data acquisition.

Since building density and height are two of the most important aspects of urban
characterization, there have been various studies presenting a broad variety of methods for
the derivation of these two parameters from remote sensing data. Information recorded by
spaceborne Synthetic Aperture Radar (SAR) systems are a widely used data basis to detect
building densities and heights (e.g. Brunner et al. 2010; Guida et al. 2010; Tison et al. 2004)
or building density based on their polarimetric backscattering properties (Kajimoto, Susaki
2013). However, the complex scattering mechanisms of urban structures often have
negative effects on the accuracy of building height estimations from SAR data (Zhu et al.
2012). Another approach to building height detection is the utilization of the airborne light
detection and ranging (LIDAR) technique, which provides detailed height information of a
surveyed area with a very high resolution (e.g. Meng et al. 2009; Rottensteiner et al. 2007;
Verma et al. 2006; Dakowicz et al. 2005). Nowadays, the application of LIDAR is restricted
by the very high provision costs for large-scale LIDAR data. Furthermore, high-resolution
optical satellite imagery is used to detect building height, e.g. through detecting building
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shadows (Kim et al. 2007; Dare 2005) or using stereo satellite images (Alobeid et al. 2009).
Both methods need expensive data pre-processing in the form of building detection or the
correct alignment of images. A relatively new alternative to gain height information of
urban areas is supplied by the TanDEM-X mission, a spaceborne radar interferometer
which provides a global digital elevation model (DEM) with a resolution of approximately
12 meters (Krieger et al. 2007). However, opposing the direct provision of accurate global
height data are the high acquisition costs, which restrict the usage of these data at a global

scale.

In this study, a method is presented which combines information from selected TanDEM-
X scenes with global available optical data from the Sentinel-2 mission in order to calculate
the average built-up height and the share-of built up area in urban environments. ESA’s
Sentinel-2 satellite captures images from the surface of the earth with a ground resolution
of 10 meters and bands covering the visible and near infrared (NIR) spectrum. Moreover,
the relatively short revisit time of five days or even less provide up-to-date records which
are freely available via a data hub (Drusch et al. 2012). In order to increase the amount of
input information several spectral, morphological and textural features are derived from the

initial Sentinel-2 imagery.

First of all, the four Sentinel-2 bands (Red, Green, Blue, NIR) and their spectral information
can be seen as initial pointers for the derivation of building heights and the share of built-
up area, since man-made structures have higher values in the visible spectrum whereas
vegetation is more striking in NIR. This circumstance can be used to distinguish between
sealed and non-sealed areas and thus help to determine the share of built-up area. Different
combinations of the four bands, like the well-known Normalized Density Vegetation Index
(NDVI), increase the amount of spectral information and thus have the ability to improve
the final classification or regression result (Zhang et al. 2017). In an image morphological
segmentation procedures extract the geometric shape of structures which are brighter or
darker than their surroundings. Since buildings are generally bright structures which cast
shadows, morphological segmentation is ideally suitable for the detection of buildings in
optical images (Pesaresi, Benediktsson 2001). The third group of features used in this study
are textures which are concerned with the statistical distribution of grey tones in an image.
A widely accepted method to extract textural features from remote sensing images is the
Grey Level Co-occurrence Matrix (GLCM) (Shanmugan 1981). Textural features extracted
with the GLCM were already used for extracting quantitative information of building

density and have improved the overall result (Karathanassi et al. 2000).

The previously presented features are used in combination with TanDEM-X data to train

machine-learning algorithms for regressions which afterwards are used to predict the
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average built-up height and the share of built-up area for urban scenes solely based on the
Sentinel-2 features. With this approach a possibility is given to provide comprehensive
height and share of built-up information. Thus, the main drawback of the TanDEM-X data,
their restricted availability, is tried to overcome. In previous studies with similar
approaches different types of machine-learning algorithms were used to calculate
characteristics of urban environments. Xian and Crane (2005) built regression trees trained
with Landsat imagery for the prediction of percentage coverage of impervious surface in
urban areas, whereas Hu and Weng (2009) utilized Artificial Neural Networks (ANN).
Another approach was presented by Dell'Acqua and Gamba (2003), who estimated building
density at SAR satellite images using co-occurrence matrices for texture extraction and
neurofuzzy classifiers for density prediction. Zhang et al. (2017) trained a Support Vector
Regression (SVR) algorithm for urban density estimation from optical data. In general, few
studies can be found which deal with the application of machine-learning algorithms for
the estimation of the share of built-up area or similar problems and even less studies attend

to the prediction of average built-up height.

In contrast to related studies, the method presented in this work does not only fall back on
one type of algorithm but combines the results of the four following different regression
algorithms in an ensemble learning approach: Random Forest (RF), Gaussian Process
Regression (GP), Artificial Neural Networks (NN) and Support Vector Regression (SV).
All four algorithms were trained separately with features derived from Sentinel-2 imagery
of Berlin, Cologne, Hamburg and Munich. From Tandem-X data and the global urban
footprint (GUF) covering the same area the share of built-up area and the average built-up
height were calculated with 200, 500 and 800 meter resolution with a method presented by
Geil} et al. (2017). These parameter values were utilized to train the regressors and to test

the accuracies of their predictions.

Subsequent to the training procedure, the hyper-parameters of the regressors were tuned
via a grid search and the algorithms were boosted with an adapted version of the
Adaboost.RT boosting algorithm (Solomatine, Shrestha 2004). The original AdaBoost.RT
algorithm was designed to improve the prediction accuracy of weak learners. However,
after tuning the regressors cannot be designated as weak learners anymore and thus the
standard AdaBoost.RT approach is no longer suitable. In this study an adapted version of
AdaBoost.RT was developed by introducing the random subspace method of Ho (1998) to
it. This extended AdaBoost.RT algorithm is capable of improving the prediction accuracies
of already well-working regressors. After boosting, predictions for the share of built-up
area and the average built-up height are made for parts of each scene which were not

recognised during training.



In this study the four regressors were trained separately on the Sentinel-2 scenes of Berlin,
Cologne, Hamburg and Munich. Subsequently, each regressor predicted the average built-
up height and the share of built-up area for every scene. Consequently, there were four
different predictions available per scene and parameter, but only one is needed. In order to
solve this problem without losing already gathered information, the predictions of the four
single boosted regressors were aggregated for each Sentinel-2 scene into a single final
outcome via an ensemble learning technique. Therefore, two different ensemble learning
strategies were tested and compared within this study: local selection presented by
Bruzzone and Melgani (2005) and stacked generalization which was developed by Wolpert
in 1992. It was assumed that at least one of the tested ensemble learning procedures would
lead to predictions which would be more robust than the single predictions of the boosted
regressors and at the same time at least as accurate as the predictions of the boosted

regressors.

In the method outlined so far the regressors have made predictions for the same scene they
were trained and tested on. For the given four scenes Tandem-X data, and thus values for
the average built-up height and the share of built-up area, are available. However, the long-
term goal is to train the regressors on a scene where the prediction parameters are available
and make predictions for scenes where this information is not at disposal. The transfer of a
regressor from one scene, also called source domain, to another scene or target domain is
called transfer learning or domain adaptation (Margolis 2011). In the second part of this
study the presented method was executed a second time, in which the regressors were
trained on one scene and predict the average built-up height and the share of built-up area
for the other three scenes. Since reference data are available for all four scenes, the
prediction accuracy of the domain adaptation can be assessed. However, during test runs it
became obvious that the four domains were too different to apply a simple transfer of
regressors. In order to align the input data of the source and target domain, different
methods were utilized in previous studies, like selecting only very similar features for
prediction (Uguroglu, Carbonell 2011) or transforming the data (Pan et al. 2011). Most of
the time these methods are work- and time-consuming and thus the choice fell on histogram
matching, which is an easy to implement but nevertheless suitable normalization method
for domain adaptation (Matasci et al. 2015b). Consequently, a histogram matching between
the source and target domains was conducted prior to the calculation of features. It was
expected that a domain adaptation conducted with previously adjusted input data would

provide sufficient results in combination with the developed method.

The method presented in this study combines several well-known and well-studied
techniques in a new way which, so far, has not been presented. It represents an efficient

tool for the prediction of the average built-up height and share of built-up area in urban
4



environments, which are important parameters for a broad variety of scientific issues. Also,
it combines the advantages of the data from the Sentinel-2 mission, free global availability,
with those of the TanDEM-X data which is very accurate height information. Thus, the
presented method can be seen as the basis for the future provision of comprehensive built-

up height information.

The study at hand is structured in the following way: The first part deals with the study
sites, the input TanDEM-X and Sentinel-2 data and the features derived from them. Section
two describes the method in detail, the results of which are presented in section three and

subsequently discussed in the fourth chapter. Finally, a conclusion is drawn in section five.

2 Methodology

The methodical approach presented in this study is subdivided into four major parts. In the
first step different types of features are derived from Sentinel-2 imagery, including
morphological image descriptors, textures and band statistics. Additional features are
computed by subtracting Sentinel-2 bands from each other in various combinations (i.e.
band ratios). This provision of a broad variety of features is expected to be a solid basis for

the prediction of building density and building height in the following step.

Second, reference data for the average built-up height and the share of built-up area, which
were computed according to the method of Geil} et al. (2017) from TanDEM-X data, are
combined with the aforementioned features. This is the input for the training of multiple
regression algorithms. The latter comprise random forest (RF), Gaussian process regression
(GP), neural network (NN) and support vector regression (SV). Subsequently, the
hyperparameters of the algorithms are optimized via a tuning procedure. Furthermore, a
boosting algorithm is applied on each regressor in order to further improve their prediction
abilities. After training and testing the accuracy of the regressors predictions on the built-
up height and the share of built-up area are made for further labelled data which form the

basis for the later ensemble learning.

The goal of the third section is to combine the four single predictions of the applied boosted
regressors with an ensemble learning approach to a single final result. With Local Selection
(LS) and Stacked Generalization (SG) two different ensemble learning procedures are

applied and their results are compared.

In the final part of the methodology an approach for a domain adaptation (DA) process
based on histogram matching is presented. The DA enables the transfer of regressors which
were priorly trained on a source Sentinel-2 scene (the so-called source domain) on a

spatially disjunct target domain.
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