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Abstract
The satellite era brought the advantages of obtaining fast, reliable, and repeated measurements
over time on a global scale. Digital Elevation Information is a necessity for any scientific and
engineering project that involves terrain, urban planning, and monitoring of natural hazards. The
accuracy of Digital Elevation Information is influenced by systematic errors which may be caused
by the instruments, the effects of climate on some sensors and regional dynamic processes. The
repeatability of measurements collected by satellite sensors introduces time as a new dimension
and a new source of uncertainty. In this study, the uncertainties of Synthetic Aperture Radar and
Light Detection And Ranging derived products are assessed in static and dynamic terrain cases.
A synthetic aperture radar derived digital elevation model is validated over an urban area using
airborne LiDAR, for which the side-looking nature of synthetic aperture radar and the variations
in wavelength depending on penetration depth are observed as the principal factors influencing
uncertainty over built and vegetated environments. Sand dune migration is studied using satellite
laser altimetry. By using the phase of the elevation profiles and applying a cross-correlation
between overlapping profiles, we estimate migration vectors resulting in a database that can be
correlated with the region’s wind patterns to locate the effects of extreme events such as sand or
dust storms. Cloud cover, among other factors, interferes with the altimetry signal causing data
losses. To fill these gaps, Projection onto Convex Sets is employed to interpolate between known
elevation locations using the known properties of the elevation profiles in the region.
Understanding these dynamic processes from satellite observations allows us to address longterm and short-term sand dune migration hazards and develop mitigation strategies.
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Chapter 1 Introduction
1.1

Motivation

Terrain features and their changes have been well documented throughout history. First, by
crude paintings which evolved over centuries into a wide range of various types of maps and
into the realm of digital models aided by the prevalence of computing technology. Terrain
representation is of great importance for scientists and engineers, whether it is for
construction, the study of the underlying formation processes, or the measurement and
description of these surfaces. A long shared goal among these aforementioned applications
is to represent the surface of the terrain accurately and to document its changes over time
(Li et al., 2005). Terrain has primarily been studied to solve specific problems (i.e. drainage
systems, taxation, and planning) resulting in static models that represent the surface at a
specific time. Initially, topographical features were studied by measuring angles and their
time tags with at most sub-second accuracy (Plag et al., 2009). Supported by technological
developments (i.e. atomic clocks) the space age brought multiple innovations through new
observation techniques (sensors and platforms) and improvements in signal processing.
Continuing improvements have made it possible to better understand Earth’s processes with
the wide availability of highly accurate and continuous measurements. This knowledge has
propelled the study of the Earth as a dynamic system that is affected by both internal and
external processes (i.e. earthquakes, tides, plate tectonics, sea level rise, erosion, etc.) along
with anthropogenic impacts. Humankind is the leading transformer of terrain with the
construction and expansion of settlements, exploitation of natural resources and the
influences of natural hazards over infrastructure. Elevation data are used for many
monitoring techniques (i.e. geometric corrections, slope monitoring) and has been deemed
“the factor that can most clearly be shown to be wrong” (Rooney & Godesky, 2006). In
summary, there is a critical need for accurate terrain information for various applications
1

and the temporal changes must be validated. The following section outlines the key
objectives of this study.

1.2

Objectives

The interactions between infrastructure, people and economic activities lead to the
development of urban centres. Agglomerating economies and the migration of rural
populations into these centres are two dominant forces that drive the widely known
suburbanization and sprawl of cities around the world (Rashed & Jürgens, 2010). One of the
outcomes of urban sprawl is the need for new or upgraded public services (i.e.
transportation, water supply, waste management and urban planning). The constant
evolution of geospatial technologies and satellite remote sensing techniques has amplified
our understanding of environmental phenomena, allowing for the development of
contemporary solutions to social, environmental, and economic challenges (Khorram et al.,
2012). Monitoring and solving these evolving community and environmental challenges
requires accurate geospatial data. Many factors contribute to the uncertainties of these data.
The question that is largely neglected is when does this data stop being reliable? The answer
to this question largely depends on the accuracy of the information needed for the specific
application and the knowledge of the transforming processes affecting the region of interest.

In this study, the uncertainties of digital elevation information (DEI) are assessed through
two different objectives. The first is performed on the validity of the modelled information
relative to a higher resolution and accuracy dataset in a static case, where we assume that
the data does not change with time. In this case, the digital elevation model (DEM) is
validated over urban areas. The second integrates the ability to detect elevation changes by
comparing DEI collected at different times exposing dynamic processes of the terrain. In

2

this case, dune migration is analyzed dynamically by incorporating time-repeating elevation
measurements. The specific research objectives of this study are:
1. Static Terrain: Validate the TanDEM-X DEM over an urban region using airborne
Light Detection and Ranging (LiDAR) to evaluate the uncertainties over different
land cover.
2. Dynamic Terrain: Estimate sand dune migration vectors using repeated satellite
laser altimetry (SLA) provided by the ICESat and ICESat-2 missions and explore the
capabilities of this method over the simple subtraction of DEMs at different epochs
to quantify migration direction and magnitude.

Figure 1.1 provides an overall description of the scope of this thesis. Along the top is a list of
the observational datasets used to obtain digital elevation information. This includes the
Synthetic Aperture Radar (SAR) digital elevation models from the Shuttle Radar
Topography (SRTM) C-band and X-band mission, the TanDEM-X satellite mission,
airborne LiDAR and ICESat and ICESat-2 satellite laser altimetry missions. More details on
these datasets are provided chapters 3 and 4. The study areas for each project are also shown
(Dallas-Forth Worth Metroplex and Rub Al’ Khali). The following section provides an
outline of the chapters and the main topics covered.

3

Figure 1.1. Diagram of the scope of the thesis. The static and dynamic terrain projects,
the respective study area, the data collection system, and the sensor used are displayed
along with the designated chapter.

1.3

Thesis outline

This first chapter portrays the motivation and objectives of this work, followed by a
description of elevation information and acquisition methods focusing on those used in this
work in Chapter 2. Chapter 3 presents the static comparison on the validation of a DEM over
urban areas using airborne LiDAR, focusing on the aspects influencing the uncertainties and
the differences between the mapped surfaces. In Chapter 4, the dynamic terrain objective is
assessed by using satellite laser altimetry to quantify sand dune migration estimates
compared to a conventional DEM subtraction approach. Chapter 5 summarizes the
conclusions of this research and provides recommendations for future work. Appendix A
contains complementary information and examples on the Projection onto Convex Sets
(POCS) interpolation method.
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Chapter 2
Overview of Digital Elevation Information
2.1

Definition of Elevation

Conventionally, elevation or height differences were obtained by spirit, barometric or
trigonometric levelling. The nature of these methods made it difficult, time-consuming, and
expensive to obtain measurements over terrain with different land cover (water, snow/ice,
desert, mountainous areas, urbanized regions) leading to sparse vertical networks that
rarely coincide with the horizontal reference systems (Fotopoulos, 2013). Photogrammetry
allowed for the measurement of elevations over areas that would otherwise be inaccessible.
Satellite-based positioning methods, radar, and laser altimetry systems (space and airborne)
revolutionized elevation data acquisition, producing more accurate and well-populated
datasets, with the possibility of obtaining regularly spaced data over most regions of the
world. Elevations can be defined as the vertical distances above or below a reference surface
(American Society of Photogrammetry and Remote Sensing, 2015). These reference surfaces
are usually a geoid model (commonly referred to the Mean Sea Level surface) or an ellipsoid.
Orthometric heights, relative to a geoid model, are obtained from spirit levelling surveys and
are fundamental in hydrology, surveying, and land management. Ellipsoidal heights are
typical for satellite-based elevations and are mostly used when working with or exchanging
these data sets. While orthometric heights follow the laws of physics, ellipsoidal heights are
based on pure mathematical definitions and are suitable for dataset comparisons. Figure 2.1
shows the relationship between orthometric, ellipsoidal and orthometric heights.
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Figure 2.1. The relationship between ellipsoidal and orthometric heights. H is the
orthometric height, h is the ellipsoidal height and N is the geoid undulation.

Geographical Information (GI) contributes to the knowledge of features and phenomena
occurring on Earth (Goodchild et al., 1999). Elevation is seen as an inherent part of GI, but
when the Earth’s surface is the object of study, it becomes the feature that GI is describing.
Therefore, elevation information (EI) is the knowledge obtained from the data describing
the Earth’s surface at a geographical location (i.e. latitude, longitude) and at a specific time
and can be presented in a digital form (𝐷𝐸𝐼(𝑋, 𝑌, 𝑍, 𝑡)).

2.2

Levelling

Levelling is one of the oldest methods used to measure elevations. Geometrical levelling
(also known as spirit or differential levelling) involves the measurement of vertical
differences at a horizontal plane between contiguous points (Torge & Müller, 2012). Precise
levelling uses highly accurate levels and two levelling staffs to achieve first-order precisions
(NIWA, 2004). The elevation difference (∆𝑛) is given by the difference between the
backsight (b) and the foresight (f) staff reading (Eq. 2.1).
∆𝒏 = 𝒃 − 𝒇
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Eq. 2.1

In elevation transfers, the differences of individual setups are summed where, over short
distances, the non-parallelism of the level surfaces may be neglected. Nevertheless, at longer
distances gravity should be measured and considered by calculating the potential differences
(Hoffmann-Wellenhof & Moritz, 2005) which are equivalent to height changes. Despite the
many variations of terrain, instrumental errors, and time-consuming characteristics, and
although other methods exist (i.e. barometric, trigonometric, stadia), precise levelling
prevails as the method for monitoring elevation reference networks due to the millimetric
accuracies that can be achieved.

2.3

GNSS Levelling

Orthometric heights were mainly determined by extensive levelling campaigns leading to
the development of more efficient methods for physical elevation determination. The
availability of global positioning systems has made it possible to determine orthometric
heights by using the Global Navigation Satellite Systems (GNSS) ellipsoidal elevations, and
gravimetric geoid undulations (Fotopoulos, 2003; Hoffmann-Wellenhof & Moritz, 2005)
fundamentally related by Eq. 2.2 (see Figure 2.1), where (H) are the orthometric heights,
ellipsoidal heights (h), and the geoidal undulation (N).
𝐻 = ℎ−𝑁

Eq. 2.2

The method has not been widely used for two main reasons: a) GNSS height measurements
are affected by multiple error sources discussed by Bock and Melgar (2016) producing
accuracies at the centimetre level and b) the conversion of the ellipsoidal heights derived
from GNSS into orthometric heights requires knowledge of a precise geoid (Kenyeres, 2016).
Discrepancies between the reference frames of the gravimetric geoid and the GNSS
elevations can cause up to decimetre level differences. To overcome this problem
mathematical approaches are used to eliminate or mitigate these inconsistencies (Kotsakis
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& Sideris, 1999). This technique offers a fast and reliable solution for applications requiring
accuracies less than a few centimetres and with the advances in geoid determination and the
efforts made to produce highly accurate and global geoid models, GNSS Levelling will benefit
through a reduction of these discrepancies.

2.4

Photogrammetry

Photogrammetry is a passive remote sensing technique whose result is a three-dimensional
(3-D) geometrical reconstruction of the object of study (e.g., the Earth’s surface). It is
defined as the science and technique of interpreting and evaluating the form, dimensions,
and position of objects by analyzing and measuring images from different perspectives
(Redweik, 2013). Stereoscopic photogrammetry resolves a 3-D surface by using a stereo
pair1 or a set of these. Photogrammetry has undergone four stages (Figure 2.2). In the
beginning, single-image photogrammetry was characterized by using descriptive geometry
principles to model planar surfaces (i.e. flat terrain, buildings). The inventions of the
stereocomparator (1901) and stereograph (1907) facilitated the reconstruction of more
extensive terrain surfaces. Analytical or numerical photogrammetry introduced the use of
computers for calculating positions, automating various steps and initiated the use of
mathematical models, least squares adjustments and statistical testing for more accurate
results. Finally, digital photographs permitted the process to be carried out entirely by
computers evolving into the completely automated processes known today (Chandler, 1999).

1

A pair of images from the same scene photographed from slightly different positions.
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Figure 2.2. The four stages of photogrammetry based on the classification and dates
from Konecny (2003) and Redweik (2013).

Recently, the ability to employ unmanned aerial vehicles (UAVs) for remote sensing
facilitates the acquisition of cheaper and faster datasets (Yao et al., 2019). One of the great
challenges of photogrammetry is image georeferencing. Structure-from-Motion (SfM)
solves the camera’s position and orientation from image data without the need for a priori
reference networks (Wesotby et al., 2012). These technical and technological advances have
positioned photogrammetry as a useful and accurate method for the creation of DEMs over
remote areas with variable terrains. In addition to fast and low-cost data collection,
photogrammetry allows for motion detection (Baldi et al., 2008). Nowadays, the accuracies
of photogrammetrically derived DEMs ranges in the sub-meter level (Chudley et al., 2019)
to ~ 10 m RMSE for aerial and satellite imagery (Poon & Fraser, 2009; Toz & Erdogan,
2008).

2.5

Light Detection and Ranging

Light Detection And Ranging (LiDAR) or Laser Scanning (LS) is an active remote sensing
technique that uses laser pulses to capture the geometrical, optical, and occasionally the
texture of visible surfaces (Zaneveld et al., 2005). In general, these systems transmit pulses
at very high rates (~10,000 to 100,000 pulses per second) (Reutebuch et al., 2005) in the
near-infrared to the visible light spectrum. LiDAR uses the propagation velocity of the
transmitted light pulse (𝑐) and the time of travel (𝜏) as the fundamental property for the
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range or distance to target calculation (𝜌) given by Eq. 2.3. Given the known position and
attitude of the LiDAR system, accurate positions of the targets can be calculated. The light
pulse travels through a medium with a refractive index (𝑛) and is reflected from the target
surface back to the source (Vosselman & Maas, 2010).
𝜌=

𝑐𝜏
𝑛2

Eq. 2.3

The possibility of measuring multiple returns (multi-echo or multiple pulse LiDAR) from
different levels of the reflective surface positions has made LiDAR a useful tool for
applications including vegetation monitoring and bathymetric mapping (Lefsky et al.,
2002). In addition to range measurements, LiDAR systems can record the amplitude of the
backscattered signal, commonly referred to as intensity. The reflective properties of the
targets at the specific wavelengths used by the system along with the growing use of multispectral and hyperspectral LiDAR systems can improve the applications of forest health and
species monitoring (Goodbody et al., 2020), identification of elements and crop monitoring
(Sun et al., 2017), elevation and shadow correction (Hudson, 2018), land-cover
classifications (Morsy et al., 2017; Matikainen et al., 2017; Zhou et al., 2009; Irwin, 2017),
feature extraction and canopy height models (Lim et al., 2003; van Ewijk et al., 2019).

Until recently, two pulse detection systems were commonly used: discrete return and full –
waveform. Discrete return systems are predominantly commercial systems where pulses are
detected in real-time based on the system’s detector method (i.e. peak detection, threshold
or leading-edge, constant fraction) (Vosselman & Maas, 2010). Depending on the pulse
detection method, weak echoes may be omitted by the system or, the real-time processing
of the range may lead to inaccurate positioning of the targets (Mallet & Bretar, 2009). Fullwaveform LiDAR allows for the backscattered signal to be recorded by digitizing the
waveform at a pre-determined sampling rate. The waveform can then be post-processed
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revealing useful classification parameters (i.e. slope, reflectivity). This system may detect
weak or additional pulses and is particularly useful for urban and forested areas, improving
the range determination (Mallet & Bretar, 2009). Lately, photon counting or Geiger mode
LiDAR systems have seen an increase in their use. These systems measure the time-of-flight
of every photon detected (Deems et al., 2013) and although they are prone to sun-generated
noise, filters have been developed to detect only those photons generated by the system
(Neumann et al., 2019). Here, photon density histograms provide similar information to that
of the full waveform LiDAR. In Figure 2.3 the various LiDAR pulse detection systems are
shown. It is evident that depending on the reflecting properties of the targets and the
detection system, some surfaces may not be detected.

Figure 2.3. LiDAR pulse detection systems. Depending on the reflecting properties of
the targets and the detection system, some surfaces may not be detected. Modified after
(Lefsky et al., 2002) and (Degnan, 2002).
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The principal purpose of LiDAR is DEM generation (Chen et al., 2017) which can achieve
accuracies of approximately ±10 – 15 cm in the horizontal and vertical components
(Brinkman & O'Neill, 2000) from airborne platforms and a few centimetres for terrestrial
platforms (Glennie & Lichti, 2010; Eltner & Baumgart, 2015). LiDAR can be used to model
different types of surfaces. One of the most sought-after is the Digital Terrain Model (DTM)
which represents the ground surface or the bare Earth. A Digital Surface Model (DSM)
includes the outlines of vegetation and anthropogenic objects found on the terrain surface.
The term DEM is used to describe any surface ranging between a DTM to a DSM and a
schematic is provided in Figure 2.4.

Figure 2.4. Difference between the surface represented by a DSM and a DTM. DEM is
used to refer to any surface ranging between the aforementioned surfaces.

The creation of these surfaces usually involves data pre-processing and interpolation steps.
If the desired surface is a DTM, then a ground point filtering step is needed in between.
Interpolated surfaces are highly influenced by outliers and therefore pre-processing steps
focus on outlier detection and removal. At global scales, outliers are compared to the rest of
the elevations across the model, while at local scales they are compared to the elevations in
the surroundings. Quantile classification was used herein (Chen et al., 2007) for outlier
filtering (detection and removal). Morphological assumptions may create a challenge in
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urban areas where buildings in the area of interest may have similar dimensions to
morphological descriptions. Therefore, it is important to keep in mind that most of these
methods require certain knowledge that can be obtained from site investigations of the area
of interest in order to improve the selection of thresholds. The filtering of ground points
starts with the selection of seed ground points, which are designated based on the fact that
there is a higher probability of these points to be located on the ground. Next, the rest of the
data points are compared to the seed points to determine if they belong to the ground
classification (Chen et al., 2017).

Deterministic interpolation methods are used when dense data is available because of the
assumption that the interpolated surface is the truth. Probabilistic methods assign the most
probable value based on the variogram of the known data. They are used when the known
data is not dense enough, however these methods are plagued by smoothing effects resulting
in missing details of the interpolated terrain. There is no single optimal interpolation
method, but rather, the one resulting in the closest representation of reality (Fisher & Tate,
2006; Li & Heap, 2008).

The general characteristics described in this section have made LiDAR a predominant
remote sensing technique for applications in land, vegetation, and water studies. One of the
main setbacks of this technology is the inability of LiDAR to penetrate dense clouds,
therefore, requiring clear weather conditions for optimal surveys. LiDAR technology has
also had its advances in space, where satellite missions such as ICESat/ICESat-2 (2003 –
2009, 2018 – present) have been launched to study the Earth’s topography, ice sheets and
cloud elevation with the possibility of monitoring changes through time.
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2.6

Synthetic Aperture Radar

Since its origins, radar has been of great use for the detection and location of objects,
weather, and terrain monitoring. These systems generate and transmit electromagnetic
waves in the microwave (MW) range of the spectrum at a specific wavelength (𝜆) or
frequency (𝑓). Once the signal interacts with the target, the reflected or backscattered energy
is detected by the receiver antenna. Imaging radars are active sensors that create twodimensional (2-D) images of the reflected energy by registering the intensity to determine
the object’s scattering properties. The image resolution is given in the azimuth (flight
direction) and range (line of sight) directions (Tomiyasu, 1978). An important parameter in
any imaging sensor is its spatial resolution. In traditional radar systems (i.e. Real Aperture
Radar, Side-Looking Airborne Radar) the azimuth resolution (𝜌𝑎 ) is given by the
multiplication of the azimuthal beamwidth (𝛽𝑎 ) and the distance to the target or slant range
(𝑅) (Xia, 2010). The dependency of Eq. 2.4 on the range and antenna length led to large
antenna arrays to solve for objects at greater distances.
𝜌𝑎 = 𝛽𝑎 𝑅 =

𝜆
𝑅
𝐷

Eq. 2.4

Synthetic Aperture Radar (SAR) solves this by using a small moving antenna that transmits
pulses at every location while the returned signal is recorded and processed to create the
effect of a virtual or synthetic aperture that is much longer than the real antenna length. The
azimuth resolution in SAR systems is independent of the range distance and equal to half
the antenna length (Moreira et al., 2013). Figure 2.5 describes the general geometry and
parameters in a SAR system.

Aside from the SAR system parameters (frequency, polarization), the received signal is also
influenced by the target’s reflecting characteristics and the geometrical (topography, surface
roughness, slope) and dielectric properties (permittivity, moisture) (Dobson et al., 1995).
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These characteristics model the amplitude and phase information given by the SAR image.
The electromagnetic spectrum used in radar was originally split into bands of fixed
wavelengths in the early development phases of radar technology. Each band interacts
differently with the medium’s dielectric properties which dictate how the signal penetrates
and is scattered by the targeted surface. Longer wavelengths (i.e., L and P bands) can
penetrate soil and vegetation canopy better, but at a lower image resolution than can be
achieved by shorter wavelengths (i.e., X and C bands) (Flores-Anderson et al., 2019). The
well-established SAR techniques such as polarimetry (PolSAR), interferometry (InSAR),
and the combination of the two by polarimetric interferometry (Pol-InSAR) expand SAR
data to be used for many different applications. In Figure 2.6 the frequencies and
wavelengths of regularly used SAR bands are provided along with examples of common
applications.
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Figure 2.5. Geometry of a spaceborne SAR measurement. The satellite scans from the
near to far range defining the swath width, while its length is given by the data aperture
time. H is the height of the platform, R is the range in the Line of Sight (LOS) direction,
Θ is the incidence angle, and 𝜷𝒂 is the antenna’s beamwidth.
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Figure 2.6. Frequency and wavelengths of regularly used SAR bands and common
applications. Imaging resolution varies with wavelength: those of smaller wavelengths
are able to achieve higher image resolutions. Modified after: Irwin, (2017).

The geometrical properties of the target affect the backscattered signal. Surface roughness
also depends on the wavelength of the SAR band. Smooth surfaces lead to specular scattering
patterns, whereas rougher surfaces scatter the signal in all directions leading to higher
backscattered intensity. We can identify four main types of scattering as follows:
a) smooth surface scattering, such as calm water bodies,
b) rough surface scattering including low vegetation, rough bare surfaces and wavy
waters,
c) double-bounce scatterers can be found where the transmitted signal hits a structure
and bounces back from another. They are commonly found over edges of two
interfaces such as water and high vegetation or in urban areas in between buildings
of different heights, and
d) volume scatterers which are randomly oriented surfaces such as vegetation canopy
where the signal is bounced many times before being reflected back to the sensor
(Irwin et al., 2017; Van Zyl & Kim, 2011).
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The polarization channel of the acquired SAR image plays an important role in the intensity
displayed by SAR images. Each polarized channel detects the backscattered signal
differently. Rough surfaces have higher scattered power in VV polarizations followed by HH
and are poorly represented in HV/VH channels. Double bounce scattering is sensed by HH
and VV but is still poorly represented by HV and VH channels (Flores-Anderson et al., 2019;
Lee & Pottier, 2009). PolSAR exploits these scattering properties to derive the physical
properties of the targets where pixel-by-pixel and object-oriented approaches have been
applied for land cover analysis (Qi et al., 2012). PolSAR is also used in soil moisture studies
where the wavelength depending penetration over soil has revealed subsurface tectonics and
geomorphological features (Williams & Greely, 2004). Ice monitoring, ocean wave and wind
velocity detection have also been studied using polarimetric data (Dabboor & Geldsetzer,
2014; Horstmann et al., 2003).

Similar to the polarization channels, the side-looking nature of SAR produces images that
may not represent the geometrical properties of the target over complex surfaces. These
misrepresentations are mostly seen in areas of high elevation changes like mountainous
terrain and urban centres. Foreshortening is caused by areas that slope towards or away
from the radar sensor looking shorter or longer, respectively than those of flat terrain in the
image plane. Layover occurs when points of high elevations at the top of steep slopes
(located farthest from the sensor) are projected to be closer than those points at the bottom
of the slope or lower elevation (closer to the sensor). Shadow regions created by high
buildings or mountains can block SAR signals reaching lower objects in the surrounding
regions, preventing these from being represented in the SAR image (Soergel, 2010).
Geometrical distortions are a product of the 3-D targets measured in the cylindrical
projection of the radar sensor being projected onto the image plane (Van Zyl & Kim, 2011).
In Figure 2.7 the geometrical distortions caused by side-looking radar are depicted. Layover
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can only be prevented by having larger incidence angles than the expected surface slopes
causing an increase in the shadow region (Stilla et al., 2003). The aforementioned are the
main error sources for SAR derived DEMs, especially over urban centres.

Interferometric SAR (InSAR) uses two or more SAR scenes acquired from different positions
or times to exploit the phase information and extract topography and surface displacements.
InSAR can reach centimetre to millimetre accuracy for deformation detection. Along-track
interferometry (ATI) acquires SAR images from the same flight at different times making it
useful for the study of motion and deformation processes, while across-track interferometry
(XTI) obtains them from slightly shifted flight paths and is often used for DEM generation
(Moreira et al., 2013) to mitigate temporal decorrelation.

Figure 2.7. Geometric distortions caused by the side-looking nature of radar. (a) and
(b) are closer in the image plane due to foreshortening; (e) appears closer than (d)
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caused by layover and (f), (g), and (h) do not appear in the image due to the shadow
region created by (f). After Van Zyl & Kim (2011).

The creation of DEMs by InSAR techniques involves four steps as follows:
•

co-registration,

•

creation of the interferogram,

•

phase unwrapping, and

•

phase-to-height conversion and geocoding.

The different positions of the sensors in the XTI data acquisitions may cause the mapped
objects to be represented at different locations on the image plane. Co-registration finds the
transformation vector between the images so that each pixel represents the same target. This
is done by maximizing the cross-correlation of the applied shifts in the azimuth and range
direction. The obtained transformation parameters are used to sample one image (referred
to as the slave image) in the reference image (referred to as the master image) geometry
(Rossi & Gernhardt, 2013). The interferogram (𝑔𝑣 ) is obtained from the multiplication of the
reference image (𝑣1 ) by the complex conjugate of the other (𝑣2 ) and taking the angle of this
product (Eq. 2.5) (Shabou et al., 2012).
𝑔𝑣 = 𝑣1 × 𝑣2∗

Eq. 2.5

The interferometric phase (𝜑) from Eq. 2.6 represents the phase difference between both
SAR images which are influenced solely by the terrain height and noise causing the random
height errors in the final DEM (Rabus et al., 2003). The fringe pattern in the resulting
interferogram is known as the flat Earth contribution, which represents the interferometric
phase of the reference surface (𝜑0 ) given by Eq. 2.7. The removal of this contribution is done
by subtracting it from the interferometric phase of the original interferogram and this
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process is known as flattening, yielding the differential phase (∆𝜑). Figure 2.8 provides a
summary of the key geometric parameters with InSAR observations.

Figure 2.8. InSAR geometry. 𝑩 and 𝑩⊥ are respectively the baseline and effective
baseline, 𝒑 is the target point and 𝒑𝟎 is the point on the reference surface, whose phase
is used to flatten the interferogram. 𝑹𝟏 and 𝑹𝟐 are the distances from 𝒑 to the satellites
𝒖𝟏 and 𝒖𝟐 . 𝑯 is the elevation of the reference satellite and 𝒉 is the surface elevation.
Modified after Xia (2010).

Coherence is also calculated from the interferogram. Interferometric coherence (𝛾)
measures the correlation between the images and quantifies the amount of noise from all
decorrelation sources (Eq. 2.8) (Rizzoli et al., 2017).
𝜑= −

4𝜋
(𝑅1 − 𝑅2 )
𝜆
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Eq. 2.6

𝜑0 = −
𝛾=

4𝜋
(𝑅1 − 𝑅2,0 )
𝜆
∑( 𝑣1 𝑣2∗ )

√∑[ (|𝑣1 |2 )(|𝑣2 |2 )]

Eq. 2.7

Eq. 2.8

Since the measured phase (𝜓) is in the principal interval [−𝜋, 𝜋) the phase unwrapping step
aims to restore the absolute values (𝜑) in (−∞, ∞) by estimating the relative range
differences between pixels in multiples of 2𝜋 and then, finding the absolute phase which
when added to the measured phase, is proportional to the range difference (Rosen et al.,
2000). This step in the DEM generation process is still an area that is under study and
several approaches have been developed, such as the branch-cut, least-squares methods
(Xia, 2010; Ouchi, 2013), and the Statistical – cost Network-flow Algorithm for Phase
Unwrapping (SNAPHU) (Chen & Zebker, 2002).

The phase-to-height conversion (Eq. 2.9) is mainly done using the image geometry and the
interferometrically derived range difference, whereas the geocoding step transforms the
output into the desired coordinate system.

ℎ=−

𝜆𝑅1 sin 𝜃0
∆𝜑
4𝜋𝐵⊥

Eq. 2.9

Differential Interferometric SAR (DInSAR) uses an external DEM to subtract the
topographic surface resulting in the detection of the elevation changes due to subsidence or
natural hazards in the line-of-sight (LOS) direction (Suchandt & Runge, 2015). Pol-InSAR
combines the polarimetry scattering properties with the heights of the scattering surface
which is estimated from InSAR. Specific applications of this technique are forest height
extraction, biomass estimation, and snow and ice depth (Ouchi, 2013).
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2.7

Applied Elevation Information

The demand for monitoring applications in urban regions, for environmental assessment,
and forestry, together with the increased availability of spaceborne SAR, provides the means
to include the vertical dimension to such applications. DEM generation has been a wellknown application of InSAR techniques. The high accuracy but limited capabilities of SAR
DEMs to delineate the complex geometries found in urban areas is one of the motivations
for exploring the uncertainties in such regions, where airborne LiDAR has provided more
accurate and higher resolution (herein defined as the true surface) surface for the validation
of the TanDEM-X DEM. Subsidence, erosion, and dune dynamics are only some examples
of processes which are strongly affected by terrain features. Satellite laser altimetry delivers
repeating data collection along ground tracks covering the entire planet within a certain
latitude range (e.g., for ICESat the latitude bounds are ±86°). In the study area for this
project, the settlements and infrastructure are threatened by dune migration processes. The
ICESat and ICESat-2 missions offer an opportunity for monitoring dune migration towards
the development of appropriate measures to prevent human and infrastructure hazards.
This study uses a combination of SAR DEM products and LiDAR from spaceborne
platforms.
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Chapter 3
Comparison of DEMs: Static Terrain
As mentioned previously, DEMs are fundamental datasets for change detection and
monitoring, urban planning, and disaster management. Whether the presently available or
newly acquired data are being used, informed decisions must be made about the
appropriateness of the elevation data and the relevant uncertainties. Synthetic Aperture
Radar, unlike most optical sensors, can provide high-resolution imagery under any weather
conditions and during day or night. This, along with the ability to identify some of the most
complex features to be detected via remote sensing (i.e. buildings, ships, bridges)
(Dell'Acqua & Gamba, 2010) has resulted in a growing popularity for studies related to
ground deformation and change detection (Baldi et al., 2002; Stilla et al., 2003).
Nevertheless, SAR DEMs represent a surface depending on the sensor’s penetration into
different land cover (i.e. vegetation, infrastructure, water bodies) in addition to the inherent
errors caused by data acquisition. Assessing the uncertainty and quality of DEMs is vital for
their applications, especially those involving change detection, monitoring and modelling of
terrain processes (Carbajal & Harding, 2005; Braun & Fotopoulos, 2007). In this study, a
spaceborne SAR DEM is validated using airborne LiDAR over an urban region to assess the
quality and uncertainty of such models and to identify the suitability for certain applications.

3.1

DEM constraints in urban areas

DEMs derived from active remote sensing techniques (i.e. laser scanning, radar) have the
potential of achieving higher accuracies than those from traditional methods (i.e.,
photogrammetry) and have become the standard elevation acquisition method for almost
any scale.
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According to Fisher and Tate (2006), two of the main sources of error identified in DEMs
are:
1) Those derived from the processing and interpolation methods that were used to
derive the DEM.
2) Those resulting from the characteristics of the modelled land cover in relation to the
DEM representation.
Additionally, the comparison of datasets requires these to be referenced to the same vertical
and horizontal datums. To fulfill this requirement, a transformation of one or all datasets to
be compared is usually applied. This transformation is not straightforward, since the datum
realization epochs must be considered, and the geoid is only known up to a certain degree
commonly differing from those applied in the processing of the original dataset (Bhang et
al., 2007). Uncertainty, in this case, is an element of how well our DEMs represent the
targeted surface. In urban environments, this becomes an even more challenging process as
they comprise buildings, vehicles, vegetation, and in some cases, steep terrain, that
contribute to the performance of the resulting DEM (Mercer & Gill, 1998).

DEM generation and updates in urban environments must be fast, accurate, and
economically feasible due to the fast-changing landscape. LiDAR techniques have been
extensively applied in urban DEM generation. Although InSAR provides rapid data
collection over large areas, it can hardly achieve the level of detail afforded by LiDAR in such
complex settings (Mercer, 2001). Illumination is one of the main causes of this contrast in
resolution. Because of the side-looking nature of SAR, effects such as layover, shadowing,
multipath signals, and speckle, are found to interfere with often large parts of the scene. On
the other hand, the type of surface that we can obtain from the measurements is largely
determined by the signal wavelength. Both techniques have a negligible penetration over
solid structures while the opposite can be said of vegetation, where radar can only partially
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penetrate vegetated areas (Sties et al., 2000). The multiple returns and small wavelengths
used by LiDAR systems are often able to reach the ground surface under the canopy. The use
of morphological filters (Geiß et al., 2015), multichannel InSAR (Shabou et al., 2012), and
persistent scatterer interferometry (Rossi & Gernhardt, 2013) along with the combination of
observations from LiDAR and radar (Gamba et al., 2003) are some of the approaches used
to overcome these problems in radar-based DEMs. Table 3.1 summarizes the main features
of LiDAR and SAR systems for comparison purposes.

Table 3.1. Features of LiDAR and SAR systems. Modified from (Stilla et al., 2003).

Signal
Measurement
Wavelength
Illumination
Range
Absolute Elevation
accuracy
Relative Elevation
accuracy
Pixel resolution

LiDAR
reflected infrared pulse
time-of-flight
µm
nadir or side-looking
attenuation in atmosphere
limits range

SAR
two radar cross-sections
phase difference
cm
side-looking
range and weather
independent

dm

m

cm

mm-cm

dm–m

dm–m

While it is still possible to retrieve similar surface models from both sensors, as shown in
Stilla (2003), clustered buildings and dense vegetation may cause a confusing set of
observations or data loss in radar-based DEMs. The advances in spaceborne SAR have made
it possible to acquire accurate digital elevation data faster, at lower costs, and with the
possibility of continuous monitoring of the area through repeat acquisitions.
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3.2

Description of the study area

The Dallas – Fort Worth Metroplex (DFW) is the economic and cultural hub of North Texas.
It is ranked the fourth most populated Metropolitan Area in the United States, with over 7
million inhabitants (U.S. Census Bureau, 2018) and by 2013 it encompassed area over 13
counties (U.S. Census Bureau, 2013). The region is home to industries like oil and gas
extraction, telecommunications, electronics, product manufacturing, and central banks
(Texas Comptroller of Public Accounts, 2018). With over 24,000 km2 the DFW is a complex
composition of low to highly developed areas, skyscrapers, few water bodies (Morris, 2015),
and natural and induced vegetation covering a wide range of elevations. The average
topography of the area ranges from 130 m to 300 m and is characterized by plains and some
soft hills.
The DFW falls on the edge of two physical regions as follows:
•

The Gulf Coastal Plains, characterized by post oak secondary forests, prairies, and
brushlands and

•

The North Central Plains, symbolized by the usually treeless grasslands except along
the numerous streams and rivers of the area (Texas State Historical Association,
2017).

These regions accommodate native and introduced grasslands ranging from 1-3 m in height.
Cross timber lands are originally composed of shinnery, blackjack, post, and live oaks with
some invasion of woody brush plants including oaks, mesquite, and juniper. This wooden
vegetation ranges from 6 to 20 m in height (City of Fort Worth, 2003). Grain, range, and
pasture lands can be found among the region where mostly cotton, peanuts, corn, wheat,
oats, and hay are grown. Figure 3.1 displays the urban growth from 2010 – 2019 that has led
to a denser metropolitan area susceptible to experience the challenges as described in
section 3.1.
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Figure 3.1. Cropland and urban regions in the State of Texas in 2010 (left) and 2019
(right). Source: (USDA - National Geospatial Center of Excellence, 2010-2019)

According to the 2011 National Land Cover Dataset (Figure 3.2) from the total 5716 km2 of
the study area, 5% corresponds to wetlands, 7.4% are cultivated croplands, 28.7%
grasslands, 10.3% are shrubs/scrub vegetation, 13.7% are deciduous, evergreen or mixed
forests, and 8.1% are urbanized areas ranging from low to high intensity (USDA - National
Geospatial Center of Excellence, 2011). The Central Business District (CBD) of the DFW is
found within the urbanized area accommodating buildings as high as 280 m (CTBUH,
2020). The Trinity River has had an important influence on the region. Mainly, as a resource
to sustain life and settlement in colonial years, but the low elevation range of the now
metroplex region has caused it to suffer from constant flooding events. After the 1908
flooding, the city started to seek protection from the river and from 1928 – 1932 the Dallas
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County Levee Improvement District constructed earthen levees approximately 7 metres high
over 36 km. After multiple upgrades and innovations, this is now known as the Dallas
Floodway System, which is constituted by pump stations, channels, and levees that drain the
Trinity River through the heart of the city (Furlong et al., 2003). As with most engineering
structures involving risk, the Dallas Floodway requires constant monitoring for which
accurate elevation data is fundamental.

Figure 3.2. Land cover of the Dallas - Fort Worth Metroplex using data from (USDA National Geospatial Center of Excellence, 2011)
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3.3

Description of the datasets

The study area defined between the SW (32.5, -97.5) and NE (33.0, -96.5) corners are
covered by the TanDEM – X DEM and two clusters of airborne LiDAR collected in March
2009.
3.3.1. TanDEM–X DEM
TanDEM-X (TDX) is a high-resolution interferometric SAR mission launched on June 21 st,
2010. It is operated by the German Aerospace Center (DLR). TDX flies in a close formation
with its twin satellite TerraSAR-X (TSX) with typical cross-track distances ranging between
200 – 500 m to achieve the desired interferometric baselines in a highly reconfigurable
constellation. The mission’s main goal is to provide a global, consistent, and high-precision
DEM corresponding to the High-Resolution Terrain Elevation, level 3 (HRTE-3) model
specifications (Table 3.2) (Krieger et al., 2007).

Table 3.2. DEM specification for HRTE level 3 standard and comparison with Digital
Terrain Elevation Data-2 (DTED-2) standards (ESA, 2020).
Parameter

Specification

HRTI-3 definition

Relative vertical
accuracy

90% linear point-to-point
error over a 1º x 1º cell

2 m (slope ≤ 20%)
4 m (slope ≥ 20%)

90% linear error

10 m

18 m

90% circular error

3m

15 m

90% circular error
Independent pixels

10 m
12 m (1 arcsec)

23 m
30 m (1 arcsec)

Absolute vertical
accuracy
Relative horizontal
accuracy
Horizontal accuracy
Spatial resolution

DTED-2
12 m (slope <
20%)
15 m (slope >
20%)

The TanDEM-X mission operates in three basic interferometric SAR modes:
•

Bistatic: SAR instruments of both spacecrafts are looking into a common footprint
from different views, avoiding temporal decorrelation. One of the satellites acts as a
transmitter and both record the scattered signal simultaneously.
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•

Pursuit Monostatic: both satellites are operated independently from the same swath
with short time differences and along-track distances ranging from 30-50 km (Figure
3.3).

•

Alternating Bistatic: this mode has the same principle as the Bistatic mode, except
the transmitter alternates from pulse to pulse between satellites.

The TanDEM-X DEM was generated from multiple bistatic X-band (9.65 GHz, 3.1 cm
wavelength) InSAR acquisitions captured from December 2010 to early 2015 (Rizzoli et al.,
2017) and made completely available in September 2016. Elevations are defined with respect
to the reflective surface of the X-band interferometric SAR returns. In this sense, the DEM
products represent a Digital Surface Model (DSM) where the elevations might be affected by
the inherent effects of SAR (Wessel, 2018).

Figure 3.3. Principle of Bistatic (a) and Pursuit Monostatic mode (b) with TanDEM-X
Modified from (Suchandt & Runge, 2015; Schmitt et al., 2019).

In this project, the 0.4 arcseconds standard product was used (Table 3.3). The data are given
in a gridded GeoTIFF format in 1x1 degree tiles. The vertical and horizontal datums
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correspond to the WGS84-G1150 (National Geospatial-Intelligence Agency, 2014) where the
elevations represent the ellipsoidal heights relative to the WGS84 ellipsoid.

Table 3.3. TanDEM - X DEM product specifications (Wessel, 2016) highlighting the data
product used in this project.

DEM
Product
TanDEM-X
DEM
(standard
product 0.4
arcsec)
TanDEM-X
DEM
(1 arcsec)
TanDEM-X
DEM
(3 arcsec)

Independent
Pixel
Spacing

Absolute
Horizontal
Accuracy,
CE90

Absolute
Vertical
Accuracy,
LE90

Relative Vertical
Accuracy,
90% linear pointto-point error

Coverage

~12 m
(0.4 arcsec @
equator)

<10 m

<10 m

2 m (slope ≤ 20%) 4
m (slope > 20%)

global

<10 m

<10 m

Not specified

global

<10 m

<10 m

Not specified

global

~30 m
(1 arcsec @
equator)
~90 m
(3 arcsec @
equator)

The study area was covered by merging four TanDEM-X DEM tiles and their further
clipping to the study area bounds. Elevations range from -6.9 to 298.7 m including those
effects caused by buildings and vegetation (Figure 3.4).
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Figure 3.4. TanDEM-X DEM over the study area.

3.3.2.

LiDAR dataset

This project used 146 tiles of airborne LiDAR data collected by the Texas Natural Resources
Information Systems (TNRIS) Strategic Mapping (StratMap) during March 2009 as part of
the efforts to develop accurate flood zone maps2. The data has been divided into two clusters
due to their point spacing and location (Table 3.4). LiDAR A has a point spacing of 1 m with
16 tiles covering the CBD and the Dallas Floodway. LiDAR B covers the northwestern and
southern portions of the Fort Worth region with a 0.5 m point spacing (see Figure 3.5 for
the distribution of these data).

The Texas Natural Resources Information System is a division of the Texas Water Development
Board that provides historical and current geospatial data products since 1968. https://tnris.org/
2
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Table 3.4. Properties of the LiDAR Datasets.

Dataset
Horizontal Datum

LiDAR A
North American Datum of
1983

LiDAR B
North American Datum of
1983
North American Vertical
Datum of 1988
(GEOID03)

Vertical Datum

North American Vertical
Datum of 1988

Projection

Universal Transverse
Mercator Zone 14

Transverse Mercator

Horizontal Accuracy

1 m (RMSE)

1 m (RMSE)

Vertical Accuracy

7 cm

15 cm

LiDAR A was collected using the Leica ALS-50 laser scanner at a flight altitude of 1400 m
above ground level and scan frequency of 36 kHz. LiDAR B used a Leica ALS50-II MPiA
LiDAR system at an average flight elevation of 1800 m above the mean terrain with a
maximum scan frequency of 127.5 kHz. Both datasets were processed and delivered in 1.2
and 1.1 LAS formats and classified by TNRIS as follows:
Class 1 = Unclassified
Class 2 = Ground
Class 3 = Low Vegetation
Class 4 = Medium Vegetation
Class 5 = High Vegetation
Class 6 = Building
Class 7 = Low Point (noise)
Class 9 = Water
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Figure 3.5. Distribution of the LAS dataset showing LiDAR A in yellow, LiDAR B in red,
and TanDEM-X in blue.

3.4

Methodology

DEM validation is usually carried out using checkpoints or a DEM of higher accuracy than
the derived model. Checkpoint validation is extensively used since these are usually derived
from GNSS measurements reaching very high accuracies (centimetre to millimetre). The
spatial distribution of the reference points can vary over some inaccessible or remote places,
especially those covered by vegetation (forests) or built environments where multipath can
be a highly influential factor in the accuracy of these measurements. When the validation is
done by a DEM-DEM comparison there is a validation location for every grid point of the
DEM. Rarely the spatial resolution of both DEMs is the same. Finer resolutions can resolve
environmental features where those of coarser resolutions fail to do so (i.e. roads, stream
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channels, small buildings). Interpolating coarse grids into finer resolutions does not resolve
these features, therefore an interpolation of the finer grid into a coarser but matching
resolution is frequently preferred.

The LiDAR data used in this project had a maximum point spacing of 1 m whereas TanDEMX DEM has a spatial resolution of 12 m. The availability of the original LiDAR data made it
possible to create DEMs at the same spatial resolution as the TanDEM-X. The methodology
consisted of three main processing steps in addition to a datum transformation involving
only the LiDAR dataset (Figure 3.6).

Figure 3.6. Methodology steps used for the validation of the TanDEM-X DEM.

3.4.1 Datum Transformation
LiDAR elevations were provided as Helmert orthometric heights for datasets LiDAR A and
LiDAR B. The GEOID03 hybrid geoid model was used by LiDAR B in the original conversion
from ellipsoidal elevations. TanDEM-X DEM elevations are distributed as ellipsoidal heights
with respect to the WGS84 – G1150 vertical datum. To compare the datasets, it was decided
to apply a datum transformation to the LiDAR vertical and horizontal datums to match those
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used by the TanDEM-X DEM. This was done using the VDatum3 software tool version 3.9,
from the National Oceanic and Atmospheric Administration (NOAA, 2020). The software
allows for the processing of ASCII points and file conversion from the LAS/LAZ data format.
VDatum handles only four horizontal coordinate systems, and Transverse Mercator is not
included. Hence, the LiDAR B dataset was previously transformed using the Extract LAS
tool from Esri ArcGIS desktop version 10.6. This step resulted in 146 LAS files in the WGS84
– G1150 datum which will be referred to as the LiDAR dataset.

3.4.2 Preprocessing
The preprocessing step involves two parts: those steps associated with the LiDAR dataset
and those specific to the TanDEM-X DEM. The first step of the LiDAR preprocessing
consisted of the creation of DEMs at the TanDEM-X resolution (~12 m) using the Inverse
Weighted Distance method for different combinations of the classes of the LiDAR dataset.
This project focuses on exploring the uncertainties of the TanDEM-X DEM to approximate
a DTM for specific applications including flood risk assessments. Therefore, a DTM using
only those LiDAR points cataloged as ground was created. Secondarily, the DSMs of the
vegetation and buildings were created as well as a DEM with a combination of ground,
buildings, and vegetation. The study area was covered with four TanDEM-X DEM tiles
which were merged and clipped to the area of interest using the aforementioned tools in
ArcGIS. This part of the process served to transform the input files into the necessary
formats for further processing.

VDatum is a software tool developed by NOAA’s NGS, OCS and, CO-OPS designed to vertically
transform geospatial data among tidal, orthometric and ellipsoidal vertical datums, also allowing for
the conversion between different horizontal and vertical references. (https://vdatum.noaa.gov/)
3
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3.4.3 Data Extraction and Differencing
The differencing process was done in ArcGIS by using Eq. 3.1. The output was exported into
tables and further converted into a parquet file using the Dask4 library in Python. Parquet is
an open-source, columnar data storage format. When compared to the traditional roworiented approach, parquet is more efficient in terms of storage and performance and is
frequently used when working with large datasets.
Height Differences = TanDEM-X Elevation − LiDAR Elevation

Eq. 3.1

Although validating the TanDEM-X DEM over terrain was the focus of this project,
differencing was done using the vegetation, buildings, and combined surfaces created from
the LiDAR dataset to explore the relationships between the differences and land cover types.
The result from this part of the process was a parquet data frame that integrates the
differences, TanDEM-X and LiDAR elevations for each coordinate pair.

3.4.4 Statistical Analysis and Visualization
The validation of a DEM must consider the accuracy of the reference data being at least three
times more accurate than the model being evaluated (Maune, 2007). This is accomplished
with the two LiDAR datasets used as reference data. Validation is done by statistically
analyzing the differences between datasets, their distribution, and the exploration of their
relationship with the land cover classification. The combined dataset DEM (CD) aimed to
represent a surface that was the most similar to that modelled by the TanDEM-X DEM. The
ground DTM (GD) was used to assess the closeness between the bare earth surface obtained

Dask is a flexible library for parallel computing in Python. More information can be found in:
https://docs.dask.org/
4
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from LiDAR and the surface represented by the TanDEM-X DEM. The vegetation DSM (VD)
aimed to explore the difference of the surface represented by the TanDEM-X DEM and the
canopy height obtained from LiDAR and the buildings DEM (BD) yielded the differences
that can be found over built environments. Classes encompassing low point or noise,
unclassified, and water classes were not considered in this study; hence the CD does not
contain them. Although it should be noted that outliers from each class might be contained
in these datasets. Table 3.5 is a summary of the LiDAR classes that are comprised by each
of the created DEMs.

Table 3.5. Classes contained in each of the considered datasets.

Abbreviation Dataset

Included Classes

CD

Combined

2 – Ground
3 – Low Vegetation
4 – Medium Vegetation
5 – High Vegetation
6 – Buildings

GD

Ground

2 – Ground

VD

Vegetation

3 – Low Vegetation
4 – Medium Vegetation
5 – High Vegetation

BD

Buildings

6 – Buildings

The initial analysis step was to understand the data. This was done by calculating the
minimum, maximum, median, average, along with the mapping of the differences and
plotting of an initial histogram to explore the distribution of the uncertainties. Assuming a
normal distribution, the mean error (ME), root mean square error (RMSE), and standard
deviation (σ) are commonly used to assess the accuracy of DEMs. The measures are given
by Eq. 3.2 (ME), Eq. 3.3 (RMSE), and Eq. 3.4 (σ) where the differences are represented by
(Δh) and n are the number of samples in the distribution.
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n

𝑀𝑒𝑎𝑛 𝐸𝑟𝑟𝑜𝑟 (𝑀𝐸) = 𝜇 =

n

Eq. 3.2

∑ Δhi
i=1
n

𝑅𝑜𝑜𝑡 𝑀𝑒𝑎𝑛 𝑆𝑞𝑢𝑎𝑟𝑒 𝐸𝑟𝑟𝑜𝑟 (𝑅𝑀𝑆𝐸) = √ ∑(Δhi )2
n

Eq. 3.3

i=1

n

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 (𝑆𝐷) = 𝜎 = √

(n − )

∑(Δhi − 𝜇)2

Eq. 3.4

i=1

The initial visualization of the differences revealed the presence of gross outliers especially
for certain land covers resulting in histograms affected by long tails and a wider spread of
the distribution of the differences. Many filtering and interpolation errors in LiDAR-derived
DEMs cause these to be non-normally distributed. For the non–normal distributions the
following measures were considered (Höhle & Höhle, 2009):
𝑀𝑒𝑑𝑖𝑎𝑛 (5 % 𝑄𝑢𝑎𝑛𝑡𝑖𝑙𝑒) = 𝑄∆ℎ ( .5) = 𝑚∆ℎ

Eq. 3.5

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑀𝑒𝑑𝑖𝑎𝑛 𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 (𝑁𝑀𝐴𝐷)
Eq. 3.6

= .4826 ∗ 𝑚𝑒𝑑𝑖𝑎𝑛𝑗 (|∆ℎ𝑗 − 𝑚∆ℎ |)

5% 𝑄𝑢𝑎𝑛𝑡𝑖𝑙𝑒 = 𝑄|∆ℎ| ( . 5)

Eq. 3.7

The median 𝑄∆ℎ ( .5) in Eq. 3.5, is a robust estimator for a systematic shift or bias in the
DEM and is less sensitive to outliers in the data that the ME. The normalized median
absolute deviation (NMAD) in Eq. 3.6 can be considered as an estimate for the standard
deviation in datasets with more outliers. The 95% quantile (Eq. 3.7) portrays an absolute
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range of the differences found over 95% of the differences, yielding a measure of the
uncertainty found over most of the dataset. Many filtering thresholds have been proposed
(i.e. three RMSE, region dependant thresholds) (Höhle & Potuckova, 2006; Daniel &
Tennant, 2001), even though these methods of outlier removal are not able to achieve the
performance of the robust methods. To evaluate this performance, the GD was filtered into
± 3 σ and the aforementioned metrics were applied. The measures were applied to each of
the combined, ground, vegetation, and building datasets.

3.5

Results

The results from the statistical analysis applied for all resulting datasets are summarized in
Table 3.6. Unfiltered datasets presented a 5.2 m RMSE and although they include outliers,
they were still found to comply with the 10 m absolute vertical accuracy specified by the
TanDEM-X DEM mission objectives. This project considered the varying elevations from
the TanDEM-X DEM found over water bodies. Thus, the influence of these on the differences
affecting the accuracy measures are seen in all datasets except the BD.

Table 3.6. Summary of the results from the accuracy assessment of the TanDEM-X and
LiDAR elevation differences.
Dataset

Samples

ME (m)

RMSE (m)

SD (m)

Median
(m)

NMAD
(m)

Q 95
(m)

CD

11 897 190

0.20

5.20

5.19

0.29

1.23

4.21

VD

11 586 353

-0.24

5.19

5.19

0.10

1.26

3.49

BD

2 179 212

-2.13

5.25

4.80

-1.72

2.03

1.92

GD

11 924 145

0.21

5.23

5.23

0.29

1.23

4.25

GD Filtered

11 720 268

0.39

2.47

2.43

0.29

1.20

4.02

The effects of the different penetrations of the LiDAR and SAR wavelengths along with the
geometric distortions affecting the SAR DEM are portrayed in the signs of the resulting bias
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(here ME and Median). With the exception of the VD and BD datasets, the CD and GDs
presented a positive bias of approximately ~0.3 m. These biases are within the accuracy
expected from the reference dataset, airborne LiDAR. Hence, there is no statistical evidence
that the TanDEM-X DEM is different from the LiDAR elevations.

The filtering of the GD dataset resulted in the removal of 1.7 % of outliers outside the ±3 σ
range with 74.5 % of the differences between ±2 m relative vertical accuracies specified by
the TanDEM-X DEM (Figure 3.7). The relationship between the TanDEM-X and LiDAR
elevations for the GD and GD Filtered datasets are seen in Figure 3.8. The large range of
elevations in the TanDEM-X DEM over water bodies is be noted from the vertical lines in
Figure 3.8. In comparison, LiDAR elevations show a constant elevation. The reason for the
variations in the TanDEM-X DEM is because the DEM was derived from several different
SAR acquisitions over 1.5 years, which have varying water levels, as well as radar absorption
and lack of coherence between bistatic SAR image pairs over water. Despite these effects and
the presence of large elevation differences found over built areas, TanDEM-X and LiDAR
elevations for the GD show a correlation coefficient of 𝜌 =
increases the coefficient to 𝜌 = .

. 87, , whereas the filtered GD

6 (Figure 3.8). The GD Filtered reduced the RMSE and

standard deviation measures by 2.15 times from the original GD measures, while the
performance of the robust measures remains in both datasets with a slight improvement
over the NMAD and 95 % quantile (Table 3.6) highlighting the minimal influence of outliers
in the robust measures.
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Figure 3.7. Histograms of the Ground Differences dataset. Left and right: differences outside ±3 σ; middle: Histogram of the GD
Filtered dataset.

Figure 3.8. Relationship between the TanDEM-X and LiDAR elevations for the Ground Differences dataset (Left) and the GD Filtered
(Right) highlighting the elevation variation of Grapevine (1), Eagle Mountain (2) and Benbrook Lake (3) in the TanDEM-X elevations.
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Negative differences over vegetated areas are expected given the deeper penetration of the
X-band compared to the canopy surface created from LiDAR. Over the more open urban
areas found like the Fort-Worth region (Figure 3.9 - Left), which are characterized by
grasslands and shrub vegetation, the differences were found to be close to zero and less than
one metre as shown from the Median in Table 3.6. TanDEM-X data were collected for up to
5 years after the LiDAR dataset and the combination of different data scenes for the
generation of the SAR DEM may indicate the seasonal variations of the vegetation (i.e. lower
canopy top during the winter) or a growth in the vegetation during this time. Higher
vegetations presented negative differences approximating the 3.5 m indicated by the 95 %
quantile. The resulting backscattered energy is a coherent sum of the individual scattering
objects imaged by the resolution cell of TanDEM-X. In dense urban centres (i.e. Dallas seen
in Figure 3.9 – Right), elevations represent the combination of the different scattering
surfaces and are influenced by the surrounding buildings.

Figure 3.9. Vegetation Differences Dataset for the LiDAR A for the Dallas area (right)
and LiDAR B over the Fort – Worth area (left).
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A mean of negative differences is found in the BD dataset. With the exception of CBD and
other clusters of dense urban environments, the built environment presented overall
differences within ±7 m (Figure 3.10) with an overall mean error of -2 m. In these
environments, TanDEM-X represents a surface closer to the ground (in particular, over the
edges of the buildings) due to the reflective surface of buildings targeted by the side-looking
nature of SAR, whereas LiDAR elevations are consistent with the building tops and the
ground level. This effect is mostly noticed in the Dallas CBD area, characterized by building
towers over 200 m in height, which are represented in the spread of the linear relationship
between elevations over built environments (Figure 3.11 – Bottom Right).

Figure 3.10. Buildings Differences Dataset for the LiDAR A for the Dallas area (right)
and LiDAR B over the Fort – Worth area (left).
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Figure 3.11. Differences histograms (left) and linear relations (right) for the dataset’s
elevation. From top to bottom: Combined Dataset (CD), Vegetation Dataset (VD) and
Buildings Dataset (BD).
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The combined differences (Figure 3.12) dataset performed very similar to the GD (Figure
3.13) for all the measures applied while lowering the range of the outliers (Figure 3.11 – top)
due to the weighted combination of the different LiDAR classes within the resolution cell.
The CD dataset is the closest representation to that characterized by the TanDEM-X DEM
where the ground, the vegetation canopy, and infrastructure are part of the modelled
surface.

Figure 3.12. Combined Differences Dataset for the LiDAR A for the Dallas area (right)
and LiDAR B over the Fort – Worth area (left).
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Figure 3.13. Ground Differences Dataset for the LiDAR A for the Dallas area (right) and
LiDAR B over the Fort – Worth area (left).

The downtown Dallas area shown in Figure 3.14 outlines one of the challenges presented by
radar DEMs. As seen from the CBD in Figure 3.14 - (b), differences can exceed ±25 m in
dense urban areas with high-rise buildings are present (see Figure 3.10).
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Figure 3.14. Satellite imagery (a) and spatial distribution derived differences (CD) in
the Central Business District, Downtown Dallas area and Floodway (b) and their
elevations from TanDEM-X (c) and CD LiDAR DSM(d).

3.6

Discussion of Results

The static terrain project on the validation of the TanDEM-X DEM over urban areas
intended to assess the uncertainties found within the urban environment. The elevation
differences were found to fulfill the 10 m absolute vertical accuracy specified for the
TanDEM-X DEM (Krieger et al., 2007). The agreement between the standard deviation and
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RMSE measures for the datasets (with the exception of the BD), indicates a null bias and a
normal distribution of the differences. The use of robust measures was justified by the long
tails of the distribution caused by the outliers. Over the ground, the differences for the GD
dataset complied with the ±2 m relative vertical accuracy including the outliers. Masking out
differences over water bodies would further reduce the standard deviation.

The penetration of the X-band used by TanDEM-X is known to interact with vegetation and
not represent the ground terrain but a surface closer to the vegetation canopy. Instead,
LiDAR has the capability of penetrating vegetated areas and depending on the canopy
density, resolve terrain elevations and the canopy height below. The validation over these
areas was done using the canopy top surface created from LiDAR. Despite the closeness
between the surfaces, the vegetation dataset observed a 95% quantile of 3.49 m which varies
depending on the vegetation height, canopy, and density. Radar penetration may vary
throughout the year over vegetated areas, due to vegetation type, growth, loss or leaf-on and
leaf-off conditions. This allows for the penetration of radar into vegetation and varying
backscatter processes to control the returned signal. The TanDEM-X DEM generation
process does not specify the time frame of the radar scenes and in many regions the DEM
was generated by a compilation of multiple SAR scenes, leaving this uncertainty
undetectable.

The urban environment is the only class-specific validation with a significant bias of -2.13 m
and a 5.25 m RMSE. SAR technologies have known problems (i.e. layover, shadowing) due
to their side-looking nature. In the study area, the elevation differences over dense urban
areas exceed -25 m representing a surface closer to the ground than the building top. Aside
from the side-looking and penetration effects in the SAR DEM, the urban environment is
characterized by a combination of several agglomerates (i.e. vegetation, buildings, water
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bodies, etc.) over which a single elevation is given for the resolution cell. The importance of
these areas for the future development of sustainable urban centres requires more accurate
3-D data. Approaches such as morphological filters, SAR tomography and the combination
of optical and SAR data are being used to achieve an updated and accurate representation of
the built environment (Esch et al., 2020). In conclusion, the TanDEM-X DEM performs
beyond specifications over all the addressed land cover types with the exception of areas
where there are tall buildings and water bodies. No significant bias between LiDAR and SAR
derived elevations was found as the standard deviation is much larger than the identified
mean difference metrics.
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Chapter 4
Comparison of Elevation Profiles: Dynamic Terrain
Dune systems have economic and environmental importance and are often the main source
of protection against natural hazards, as well as climate and water regulators (Everard et al.,
2010) in the continental shelf, coastal, and subaqueous systems. Their origins, morphology
and migrating patterns have been widely studied since the 1940s (Bagnold, 1941; Hidore &
Albokhair, 1982; Passenau & Ulrich, 1973; Bird, 2000). Sand dune migration is one of the
main hazards for the communities surrounding the formation and has existed at least since
the Iron age (Wiig et al., 2018). Burials of agricultural lands, the alterations of water supply
pathways, geoheritage loss, transport network blockings, and ecological damage to
neighbouring ecosystems are some of the consequences of dune migration affecting most
ergs5 and coastal dune systems (Baird et al., 2019; AbdelMaskoud et al., 2019).

Traditional ground-based methods used to estimate dune displacements have included
measurements relative to markers, with clinometers, compass and tape measures, along
with the detection and trapping of grains on the surface of the dune (Livingstone, 2003;
Hesp & Martinez, 2008; Hilton et al., 2017; Nield et al., 2017). Although these surveys
produce highly accurate measurements, they are limited to small areas and often do only
observe single dunes. Remote sensing imagery available since the early 1970s revealed a
broad range of dune field patterns and since it has been possible to address dune-field scale
studies. This includes the spatial analysis of boundary conditions, dune activity, patterns
and hierarchies along with dune–dune relations (Hugenholtz et al., 2012). These studies

5

Sand sea or dune field.
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have often relied on the “nose-to-nose” approach, which involves the manual vectorization
of dune features, thus, delivering over or underestimated migration rates containing the
interpreter’s personal bias (Bailey & Bristow, 2004). The RGB-Clustering method
demonstrated the value of optical imagery over large aeolian systems where ground
measurements are difficult to obtain, while also exposing the importance of the spatial
resolution of the imager for estimating migration rates (Mohamed & Verstraeten, 2012; Els
et al., 2015). Automated workflows such as the Pairs of Source and Target Points (PSTP)
(Dong, 2015) and the Co-Registration of Optically Sensed Images and Correlation (COSICorr) (Baird et al., 2019) introduce the uses of 3-D data for dune migration estimates. PSTP
used airborne LiDAR, which despite providing high-resolution datasets, is prohibitively
expensive and therefore, not available for all areas. Meanwhile, the use of optical sensors
with a low spatial resolution for the COSI-Corr method restricts the potential accuracy in the
estimation of migration rates. Duffy and Hughes-Clarke (2005) applied a spatial correlation
approach to bathymetric digital terrain models derived from multibeam sonar, resolving
migrations even for small dunes (Duffy & Hughes-Clarke, 2005), while spatial correlation
was applied to inland sand dune migration using profiles derived from the ICESat mission
resulting in dune migration vectors estimated with accuracies of 5 m RMSE (Dabboor et al.,
2013).

Highly accurate 3-D data for extensive remote areas (i.e. sand seas, deserts) are only recently
available and very few accommodate repeat visits. The ICESat mission suffered from
technical issues with the three onboard lasers and delivered data for ~5 months each year
between 2003 – 2009. Satellite missions are among the few tools available to better
understand sand migration processes over large areas with repeated observations.
In this project we estimate sand dune migration over the Rub Al’ Khali erg, using four
geodetic satellite missions as follows:
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•

elevation profiles from the ICESat (2003 – 2009)

•

elevation profiles from ICESat-2 (2018 – present)

•

TanDEM-X (2011 – 2015)

•

SRTM C-band and X-band (2000)

The cross-correlation approach developed by Dabboor et al. (2013) was applied. This
method was improved by using the projection onto convex sets interpolation method
(Menke, 1991) to overcome the data gaps in the ICESat and ICESat-2 elevation profiles.
Furthermore, a comparison of the Shuttle Radar Topography Mission (SRTM) X- and Cband DEMs at 30 m resolution (2000) and the 12 m TanDEM-X DEM (2010 – 2015) was
implemented to assess sand displacement in the area. The correlation method used herein
exploits the fact that dunes are often similar in shape and occur in a regular pattern. This
leads to elevation profiles that simulate sinusoidal profiles, in which the phase information
shows the position of a dune within the profile. Using two elevation profiles from different
observation times allows for the estimate of not only of the phase differences but also the
average displacement of the dune field during the covered time period. By performing a
correlation analysis, the spatial resolution of the dune displacement derived from phase
differences is approximately one order of magnitude higher than the native resolution of the
elevation data itself.

4.1 The Rub Al’ Khali: dune morphology, wind patterns and dune migration
The Rub Al’ Khali, Empty Quarter or Ar–Rimal, is the world’s largest continuous sandy
desert covering approximately 560,000 km2 over areas of Saudi Arabia, the United Arab
Emirates (UAE), Oman and Yemen. (Kumar & Abdullah, 2011). The area lies in a
sedimentary basin of the same name where the topography rises gradually towards the
southwest, starting at ~50 m in the UAE to past 900 m close to the eastern edge of the Asir
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Plateau (Edgell, 2006). The sands found in the Rub Al’ Khali are siliceous originating from
the Pleistocene emergent seafloor and alluvial and wadi sands combined with the eroded
carbonates are characteristic to the northern areas (Bishop, 2010). Quaternary climatic
changes and multiple generations of arid to humid weather patterns separated by calcretic
horizons had a great influence over dune morphology and size (El-Sayed, 2000). The shape,
size and composition of the sand grains, surface topography and the wind regime are the
most important factors influencing sand dune morphology (Edgell, 1989). The Rub Al’ Khali
is characterized by the presence of giant linear dunes, or ‘uruq composed of loose sand
stretching over 200 km long (Figure 4.1 – Left); solitary dunes, and several types of giant
transverse dunes (Figure 4.1 – Right) (i.e. megabarchans and megabarchanoid ridges) that
can raise hundreds of metres above the surrounding interdunes, or shuquq (Dabboor et al.,
2013; Edgell, 2006).

Figure 4.1. Landsat 7 showing 'uruq (left) and megabarchan (right) dunes. Modified
from (Edgell, 2006).

Linear dunes are the result of bidirectional winds blowing in an opposite or nearly opposing
direction (Gadal et al., 2019). Covering approximately 28% of the Rub Al’ Khali, they are the
most common dune type and are usually found over the southwestern and central parts of
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the desert, with side changing crests depending on the prevailing wind. In the Rub Al’ Khali,
linear dunes reach heights of approximately 160 m and widths ranging from 2 – 4 km. They
are classified as simple, compound, and complex dunes, occasionally hosting seif6 dunes.
Barchan and megabarchan dunes are formed from simple, unidirectional winds. They are
identified by a crescentic shape with horns pointing downwind and a slip face on the concave
side. Dune migration is strongly driven by the wind regime in the area. The Rub Al’ Khali
has two main wind regimes throughout the year: the shamal winds are originated from a
north – northwesterly direction blowing during the entire year. Shamal winds reach greater
wind speeds and continuity of events during the summer months (May-August) triggering
severe dust storms thus, transporting a greater amount of sand (Figure 4.2 – b) (Engel et al.,
2018). South to southeasterly originating winds known as khamsim, occur during the winter
months, mainly from November-March (Figure 4.2 – a) and while they have lower
intensities than the shamal winds they are offset by the Winter Indian Ocean Monsoon (WIOM) northeasterly wind (Bishop, 2010; Kumar & Abdullah, 2011).

6

Sand dunes in the shape of long, narrow ridges.
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Figure 4.2. Winter (a) and summer (b) winds in the Arabian Peninsula from the Saudi
Arabian Wind Energy Atlas and based on the works from Al-Ansari et al., (1986). The
winter highlights the northwesterly shamal (blue), the northeasterly winter Indian
Ocean Monsoon winds (green) and the southwesterly khamsim winds (red). The
summer winds are represented by the northwesterly shamal (blue) and the summer
Indian Ocean Monsoon (red). Source: (Amin & Abu Seif, 2019).

Sand transport is strongly influenced by Aeolian processes (Hugenholtz et al., 2012). In the
Rub Al’ Khali 75% of the transport happens by ‘saltation’, a process that causes the sand
grains to jump for short distances, displacing other grains that are then picked up by the
wind and transported in the wind direction. Overall sand dune migration resulting from the
wind regime in the Arabian Peninsula is presented in Figure 4.3.
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Figure 4.3. Overall sand dune migration by aeolian processes in the Arabian Peninsula
after Holm, (1961).

4.1.1 Study area
This study focuses on the northeastern part of the Rub Al’ Khali covering from 20° to 24°
North latitude and 50° to 54° East longitude (Figure 4.4). Here, summer shamal winds have
their peak in June with winds speeds of 37-50 km/h carrying large amounts of sand. The
khamsim winds usually run from February to June reaching velocities from 56-75 km/h but
blow only 2-3 days per event, and rarely for more than a week (Edgell, 2006).
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Figure 4.4. Arabian Peninsula showing the study area (green bounding box).

4.2

Description of the datasets

4.2.1 ICESat
The Ice, Cloud and Elevation Satellite (ICESat) mission is a part of NASA’s Earth Observing
Satellites (EOS), launched on January 12th, 2003. The main objective of the mission was to
measure ice sheet mass balance, cloud and aerosol heights, topography, and vegetation
characteristics (NASA, 2016). The Geoscience Laser Altimeter System (GLAS) used by the
ICESat mission was designed to provide a vertical distance between the instrument and the
Earth, ice or cloud scattering surface for each transmitted pulse (4 nanoseconds) at the nearinfrared (1064 nanometres) and visible green light (532 nanometres) with a repetition rate
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of 40 Hz. The nadir pointing laser measures the time required for the laser pulse to complete
the round trip (Satellite – Surface – Satellite) where half this range, multiplied by the speed
of light and referenced to the GLAS instrument position, produces the altitude vector.
Elevations are the result of the sum of the GLAS instrument’s position vector and the altitude
vector yielding elevations with respect to the TOPEX/Poseidon ellipsoid7. Figure 4.5 is an
illustrative diagram of the measurement principle used by ICESat displaying the generated
elevation profiles (black) and the effects of clouds and aerosols (green – red).

Figure 4.5. ICESat 3-D data collection principle. The profile generated in the image
shows the thickness of clouds and aerosols in blue (low) – red (high). The shadows

TOPEX/Poseidon ellipsoid parameters: Semi-major axis= 6378136.3 m
Inverse flattening coefficient= 298.257
7
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under these clouds show the inability of ICESat to penetrate clouds and their influence
over the elevation profile (black). Modified from :(NASA, 2003).

On the surface of the Earth, the laser pulse illuminates a spot with an approximate diameter
of 65 m and ~172 m separation in the along-track direction. Vertical errors for the ICESat
mission range from 2 – 3 cm on flat surfaces (Fricker et al., 2005) and up to 15 cm depending
on the degree of the incidence angle and the slope of the terrain (Carbajal & Harding, 2005;
Shuman et al., 2006). The presence of thick clouds and aerosols prevented GLAS from
obtaining measurements of the surface below. This resulted in data gaps in the elevation
profiles ranging from the hundred-metre level to the kilometre scale depending on the
density and spread of the coverage (Figure 4.5). Technical problems with three of the lasers
onboard of the ICESat mission resulted in the discontinuous operation of the mission only
covering ~5 months throughout the year (Table 4.1).

Table 4.1. ICESat orbit characteristics. Source: (Schutz & Urban, 2014).
Elapsed
Time from
Launch
(days)

Mission Phase

Repeat
Cycle
(days)

Orbit
Revolutions
per Cycle

Semimajor
Axis (km)

Eccentricity

0 to 30

Commissioning of
Spacecraft

~8

~ 119

~ 6971.5

~ 0.0013

30 to 60

Commissioning of
GLAS

7.989

119

6971.5

0.0013

60 to 180

Cal/Val

7.989

119

6971.5

0.0013

180 to EOM
(End of Mission)

Science Mapping

182.758

2723

6970.0

0.0013
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Fifteen data products were generated from the ICESat mission until its end of mission in
February 2010. In this study, the GLAH06, release 34 was used, being the latest release
available and corrected for tides, atmospheric delays and surface characteristics (Zwally et
al., 2014). The ICESat elevation data is impacted by the GLAS detector saturation producing
a higher than expected received energy, resulting in elevations appearing to be lower than
reality. The correction values are available as part of the GLAH06 for each of the derived
elevations and were applied to this data by adding the elevation to the respective correction
value. The topographic profiles, derived from the along-track measurements from ICESat,
are the main input for the cross-correlation process used in the estimation of the sand dune
migration vectors.

4.2.2 ICESat-2
The Ice, Cloud and Elevation Satellite-2 (ICESat-2) mission was launched on September 15th,
2018 as the continuation of the ICESat mission. The objective of the mission is to measure
the elevation of ice, land surface, vegetation, water, and clouds with unprecedented detail,
using a photon-counting laser altimeter, with reference to the WGS84-G1150 Ellipsoid8
(ITRF20149 reference frame). The Advanced Topographic Laser Altimeter System (ATLAS)
onboard the ICESat-2 transmits light pulses in the visible light spectrum (532 nm) at 10 kHz,
with the ability to measure approximately every 0.7 m in the along-track direction. The light
pulses are split into six beams and are organized into three pairs of weak and strong energy
(Figure 4.6). Each laser has a 17 m footprint on the ground which combined with the 0.7 m

World Geodetic System 1984 ellipsoid parameters: Semi-major axis= 6378137 m,
Inverse flattening coefficient= 298.257223563
9 International Terrestrial Reference Frame 2014 is the newest realization of the International
Terrestrial Reference System. http://itrf.ensg.ign.fr/ITRF_solutions/2014/ITRF2014.php
8

62

point spacing in the along-track direction, improves the resolution of the ICESat-2 mission
over its predecessor (Neumann et al., 2019). The 90 m offset between weak and strong tracks
and 3.3 km among pairs provides a major advantage over the single beam used by ICESat as
the 6 beams provide elevation gradients not only in the flight direction but also in the crosstrack direction allowing for a correction of slope errors when comparing two not perfectly
overlapping tracks or footprints.

Figure 4.6. Diagram of the ATLAS multibeam characteristics. The laser beam is split
into three pairs of weak and strong energy with 90 m separations between the tracks in
the pair and 3.3 km among pairs. Modified from: (NASA, 2020).
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The density of the measurements from the photon-counting laser system and the 3-month
repeat cycle (Table 4.2) has made it possible for ICESat-2 to generate a dense grid of surface
elevations around the world (Figure 4.7) (NASA, 2020).

Table 4.2. ICESat-2 orbital parameters.
Repeat
Cycle
(days)

Inclination
(degrees)

Semimajor
Axis (km)

Altitude
(km)

91

92

6855

~ 500

The accuracy of ICESat-2 data is still under evaluation. Initial studies have shown a mean
absolute error of 0.5 m for terrain elevations when compared with airborne LiDAR and a
0.12 m vertical precision (Neuenschwander & Magruder, 2019), while in assessments with
Differential GPS (DGPS) it presents agreements within 0.12 m RMSE (Dandabathula et al.,
2020).

Figure 4.7. Ground track density comparison, ICESat (left) and ICESat-2 (right).
Source: (NASA, 2016).
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This project used the Land and Vegetation Height (ATL08) version 3 data product, which
contains the estimated height of the terrain and the canopy surface for each beam in 100 m
steps in the along-track direction (Neuenschwander et al., 2020). For this purpose, only the
terrain elevations are used.

4.2.3 Shuttle Radar Topography Mission
The Shuttle Radar Topography Mission is a spaceborne SAR mission onboard the space
shuttle “Endeavour” which operated for 11 days in February 2000. The bistatic configuration
of the SAR system had a fixed baseline separation of 60 m being the first single-pass InSAR
system (Figure 4.8). The mission carried two active payloads: the SRTM-C band (λ = 5.6 cm)
and the X-SAR band (λ = 3.1 cm) from which DEMs were derived by NASA and DLR,
respectively (DLR, 2020), meeting the Interferometric Terrain Height Data-2 specifications
(Table 4.3).
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Figure 4.8. SRTM space segment showing the configuration of the C and X band SAR
systems. Source: (Rabus et al., 2003)

Table 4.3. Interferometric Terrain Height Data level 2 (ITHD-2) specifications (ESA,
2020).
Parameter
Absolute vertical
accuracy
Relative horizontal
accuracy
Horizontal accuracy
Spatial resolution

Specification

ITHD-2

90% linear error

16 m

90% circular error

15 m

90% circular error
Independent pixels

20 m
30 m (1 arcsec)

SRTM-C DEMs were initially worldwide released at 90 m (3 arc-seconds) spatial resolution
in 2003, except in the U.S. where the 30 m resolution DEMs were available. In 2015, SRTMC DEMs for the rest of the world were released at a full 30 m (1 arc-second) resolution. The
shallow viewing angle of SRTM was the cause for most of the data gaps presented in the
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original version of the SRTM DEM. In version 2, these gaps were mostly filled and resulted
in modified elevations over water bodies (Braun & Fotopoulos, 2007), while version 3
completely filled these gaps using the Global Digital Elevation Model 2 (GDEM2) and the
United States Geological Survey (USGS) Global Multi-Resolution Terrain Elevation Data
(GMTED) 2010 and USGS National Elevation Dataset (NED) (NASA, 2015). The X-SAR
payload developed by DLR had a narrower aperture angle than the SRTM-C resulting in
grid-like imaging of surface strips of approximately 50 km wide. The SRTM-X DEM
delivered by DLR yields elevations only over those imaged paths. In this study, the SRTM XSAR DEM 10° Regional Mosaic from DLR at a 30 m resolution and the SRTM-C band DEM
in both, the unfinished SRTM-3 at 90 m resolution and the SRTM DEM version 3.0
produced by NASA at the 30 m resolution were used for the comparison.

4.2.4 TanDEM-X
The TanDEM-X mission was launched in June 2010 and its major product is the 0.4” arcseconds DEM, being used in this project. The mission and data product are described in
3.3.1. and are not repeated here.

4.3

Methodology

The methodology used in this project is divided into two sections, first, estimation of sand
dune migration vectors from altimetry and secondly, the analysis of DEM differences to
explore sand displacement in the region between 2010 and 2015.

4.3.1 Estimation of the sand dune migration vectors
The cross-correlation uses the phase and amplitude of overlapping profiles for which a crosscorrelation is applied yielding the magnitude and direction of the displacements. The
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estimation of sand dune migration vectors by the cross-correlation method consists of four
main steps: Data Extraction, in which the ICESat and ICESat-2 elevation profiles are
extracted and the corrections and removal of inconsistent or invalid measurements are
applied; Pair detection, narrows the dataset to only those profiles that are spatially
overlapping and denotes these as a pair; the POCS interpolation method was used to fill data
gaps in the elevation profiles using parameters and characteristics known from the elevation
profiles presented by these; finally, in the cross-correlation method displacement vectors are
calculated from each pair (Figure 4.9).

Figure 4.9. Methodology for the estimation of the sand dune migration vectors.

4.3.1.1 Data extraction
ICESat and ICESat-2 data are provided in a Hierarchical Data Frame (HDF) file format,
which allows for the storage and organization of large amounts of data. The GLAH06 level
1B data product from the ICESat mission contains a data product with the previously applied
tide, atmospheric delays, and surface characteristic corrections. The saturation of the GLAS
sensor in the ICESat mission has effects reaching the tens of centimetres. GLAH06 includes
saturation correction estimates (isc) which must be applied by adding them to the surface
elevations (ielev) as seen in (Eq. 4.1).
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iWGS84 = ielev + isc − .7 m

Eq. 4.1

The TOPEX/Poseidon ellipsoid used by ICESat is 70 – 71 cm smaller than the WGS84
ellipsoid used by ICESat-2 (NSIDC, 2020). Therefore, 0.7 m were subtracted from the
ICESat elevations to obtain elevations above the same reference as ICESat-2 (Figure 4.10).
The horizontal distortions caused by the difference between ellipsoids are less than one
meter and thus, are not contemplated in this data.

Figure 4.10. The relationship between the TOPEX/Poseidon (ICESat) and WGS84
(ICESat-2) ellipsoids.

The ATL08 data from ICESat-2 contains information for each of the six ground tracks. For
every ground track section the Land Segments subgroup yields time, latitude, longitude, and
terrain heights for each 100 m segment. Time, location (latitude, longitude), surface
elevation and their respective saturation correction estimates were extracted for those
footprints within the study area using the h5py10 package for Python.

H5py allows the exploration and manipulation of HDF files in a Python interface.
https://www.h5py.org/
10
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4.3.1.2 Pair detection
Pairs were selected by locating those elevation profiles within 50 m of across-track distance.
The across-track distance parameter is considered since the pointing accuracy of ICESat was
unable to deliver exactly co-located orbits and with the consideration of the dimensions of
the dunes found in the study area, this across-track distance makes sure that the tracks in
the pair are measuring the same dunes (Dabboor et al., 2013). Once a pair is detected,
common data areas among both tracks are selected. We denote the oldest track in the pair
as Tr1 and the youngest as Tr2. Furthermore, Tr2 is projected onto the Tr1 track and
distances are calculated relative to the southernmost location found in the common track.

4.3.1.3 Projection onto Convex Sets
The ICESat and ICESat-2 missions have numerous data gaps caused by dense clouds (Figure
4.5) and quality filtering. Although these gaps are often less than 10 continuous footprints
(1 – 1.7 km), they have a great impact on the cross-correlation process. For example, when
correlating two profiles with only one of them containing data gaps at a certain location, the
possibility of detecting dune migration in that area is lowered depending on the amount and
distribution of the gaps.

Projection onto convex sets is an iterative algorithm that aims to find a solution in the
intersection of a finite or infinite system of closed convex sets (Gubin et al., 1967; Menke,
1991). The POCS inversion method integrates a priori information from the known
properties of the data, imposing a solution within the junction of the convex sets
(Korkealaakso, 1997). Inversion can be defined as the search for an unknown function that
satisfies some known properties (Menke, 1991). In the POCS inversion, every known
property of the unknown function f(x) is seen as a viable constraint that restricts the image
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to lie in a closed convex set. Nevertheless, the convergence of the sets is highly influenced by
three factors: a) the quality and quantity of the observations, b) the initial interpolation and
c) the order of the projectors.

This study used POCS inversion to interpolate those data gaps in a constrained approach.
The solution to the interpolations is found in the intersection of the spectrum (S), boundary
(B), known points (P) and mean (M) convex sets (Figure 4.11).

Figure 4.11. Diagram of the concept of the Projection onto Convex Sets using the
spectrum (S), boundary (B), mean (M) and known points (P) sets.

The POCS interpolation starts with an initial spline interpolation where the amplitude
spectrum of the interpolated data S(k) is obtained from the Fourier Transform f(k) and
known to be less than S0 (k). We project by reassigning S(k) to S0 (k) where it exceeds this
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value, without altering the phase and transforming back into the spatial domain. The
topographic profile f(x) is defined at N known points where f(xi ) = hi , for i = … N. The
projection onto the P set is done by reassigning the original measurements to their known
value. The mean (m) is known from the original dataset and the projection onto set M is
done by adding the difference between the mean of the interpolated profile and the mean of
the original profile over the a ≤ x ≤ b interval. Also, the original profile is known to have
elevation bounds hmin ≤ f(x) ≤ hmax within the [a, b] interval. The projection onto the B set
is done by redefining the values that exceed the upper boundary to hmax and those
surpassing the lower boundary to hmin , where hmin and hmax are the minimum and
maximum elevation values of the known points in [a, b]. The process of applying the
constraint sets is repeated until the accuracy of the interpolated profile complies with the
requirements (Figure 4.12). The POCS interpolation delivered gap filled profiles, which were
then linearly interpolated at 1 m intervals in the along-track direction.

Figure 4.12. Order of the constraints applied in the POCS interpolation. The cycle
symbol represents the iterative nature of POCS.
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4.3.1.4 Cross-Correlation
The cross-correlation approach finds the magnitude and direction for which the two spatial
datasets are the most similar. Over dune systems, it allows for the detection of entire dune
displacements instead of possible changes in the dune morphology (i.e. PTSP, nose-to-nose
technique). Here, the cross-correlation approach involves two steps: the creation of a
moving correlation window (CW) and the track shift. A moving CW is created by applying
an along-track shift of 10 km. Each CW is 50 km wide and contains from 10 – 15 dunes
ensuring an accurate phase shift determination (Dabboor et al., 2013). Inside each
correlation window, Tr1 is shifted in 1 m intervals relative to Tr2 up to 100 m along-track,
in north and southern directions (Figure 4.13). For each 1 m track shift in either direction,
the correlation coefficients are computed. The best correlation yields the magnitude of the
migration vector for the CW and only considered if the correlation is better than 0.95. The
migration vectors, are then, representing the average displacement of the dunes contained
by each 50 km CW and calculated every 10 km over the extent of the pair.
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Figure 4.13. Cross-correlation process inside the correlation window. Top: Original
state of the profiles; Middle: 1 m increments in the wind direction; Bottom: Best
correlation coefficient.

4.3.2 Sand Displacement
An alternative approach was taken by differencing DEMs acquired at different times. Sand
displacement was calculated by differencing the TanDEM-X and SRTM DEMs aiming to
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locate areas where there was a sand loss or gain. This approach intended to aid in the
understanding of the migrating patterns of the Rub Al’ Khali. Differences were calculated
for both the SRTM-C (NASA) and SRTM-X (DLR) DEMs and only compared at the locations
of common data acquisition among SRTM DEMs.
SRTM-C delivered orthometric heights using the EGM96 model (Farr et al., 2007), while
TanDEM-X and SRTM-X present ellipsoidal elevations above the WGS84 ellipsoid. A
conversion to ellipsoidal heights above the WGS84 was implemented by adding the geoidal
undulations from the EGM96 model with integer precision to the orthometric heights
derived from SRTM-C; resulting in unnecessary additional uncertainty (Bhang et al., 2007;
Braun & Fotopoulos, 2007). The unfinished SRTM-3 DEM at 90 m resolution was used to
locate the areas with data gaps in the SRTM 30 m DEM. The gapped locations were used to
mask the SRTM 30 m DEM resulting in elevations derived only from the SRTM-C DEM.
Also, TanDEM-X DEM was bilinearly interpolated to match the 30 m resolution of the SRTM
X and C band DEMs. Furthermore, each SRTM DEM was subtracted from the TanDEM-X
DEM.

4.4

Results

4.4.1 DEM Differencing
The differencing among the TanDEM-X and SRTM DEMs was implemented to explore the
sand displacement in the area with differences representing the sand gain (positive values)
and loss (negative values) within the time differences between datasets. Several problems
were encountered, first, the data collection dates for the SRTM mission are well known,
while the TanDEM-X DEM product is not accompanied by its acquisition dates as it is a
compilation of multiple SAR scenes, adding up to an up to 5-year uncertainty in the period
between SRTM and TanDEM-X DEMs. Secondly, the backscatter attenuation caused by
sand in SAR measurements is highly dependent on the wavelength used by the system. Thus,
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an additional bias from the comparison between DEMs derived from different wavelengths
is expected. The SRTM-C DEM presented differences close to zero with an average of 0.09
m a standard deviation (σ) equal to 6.21 m (Figure 4.14). These differences did not indicate
migrating patterns as expected from the overall sand flux in the area or the dune migration
rates found from Engel et al., (2018) and Fryberger et al., (1984). The normalizing effect was
attributed to the comparison among C and X band derived DEMs, where differences in radar
penetration and backscatter attenuation over sand are dependent on the wavelength.

Figure 4.14. SRTM C DEM differences in the Rub Al’ Khali.

Meanwhile, the SRTM-X differences show a sand gain, especially over the eastern portion of
the study area (Figure 4.15), with an average of 3.14 m and σ = 12.24 m. The comparison
among the DEMs derived from the X-band did not present the normalizing effect seen over
76

the X- and C-band DEM comparison. Laboratory measurements of the different backscatter
attenuation caused by sand in C- and X-band SAR measurements were made by Williams &
Greely (2004). Here, C-band SAR measurements were found able to penetrate loose sands
better than X band SAR. The backscatter attenuation for C-band SAR was consistent with
that measured by laboratory experiments, while X-band SAR measurements presented the
double of the laboratory predicted attenuations, resulting in less coherent DEMs. The high
levels of noise found in the SRTM-X DEM are also outlined, especially over areas where
SRTM-C presented data gaps (Figure 4.14 and Figure 4.15), being the result of the different
processing steps and initial reference surfaces for SRTM C- and X- DEM generation, leading
to a ±10 m elevation uncertainty for the SRTM-X DEM (Kolecka & Kozak, 2014; Roth, 2020).
Thus, the positive bias (Figure 4.16 - Bottom) found in the latter cannot confirm a sand gain
in the area.

Figure 4.15. SRTM X DEM differences in the Rub Al’ Khali.
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From the relationship between the different penetrations of X- and C-band SAR over sand,
it is expected that SRTM-C will have lower elevations (due to higher penetrations) than the
SRTM-X band (lower penetrations) with respect to the vertical datum. Hence, in the Rub Al’
Khali, SRTM-X provided a lower surface than SRTM-C by 5 – 6 m in most areas and is
represented in the positive shift noted from the differences in Figure 4.16 – Bottom. This
shift is also noted in the accuracy assessment of SRTM C- and X-band DEMs by Kolecka &
Kozak (2014) despite their reference elevations being of an optical nature.

Figure 4.16. Histogram for the differences between TanDEM-X and SRTM C- (Top) and
X-band (Bottom) DEMs.
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The lack of coherence resulting from the variating backscattered SAR signal attenuation,
along with the effect of the time differences uncertainty between both missions, resulted in
an inconclusive study being unable to aid in the determination of sand displacement.

4.4.2 Migration Vectors
The estimation of the sand dune migration contemplated data for the entirety of the ICESat
mission and up to May 2020 for ICESat-2. Due to the difference in orbit inclinations and the
parameters used for the pair selection process, no pairs among both missions were found.
Therefore, the calculated vectors have a maximum time difference (TD) of ~5 years. The
process resulted in 1204 migration vectors from 65 different track pairs ranging between 3
to 61.5 months in time difference between the pair’s tracks. Here the positive magnitudes
are indicating north migrations, while the negative values correspond to southern
migrations.
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Figure 4.17. Yearly displacement rates by time difference in months showing the high
variations in short time differences. Positive and negative values indicate north and
south migrating dunes, respectively.

Dune migration is strongly dependent on the seasonal wind regime and individual storms,
consequently, pairs with a time difference less than 6 months presented greater variations
in the yearly rates displaying instead variations per season or even individual storm events,
while with increasing time difference the yearly migration rates converge into approximately
25 m/yr in a southern or northern directions (Figure 4.17). The high incidence of migrations
around 60 m noted from Figure 4.17 is also noted in Figure 4.18 where the migration vectors
are shifted 45° to avoid overlapping among neighbouring vectors. The estimated yearly
migration rates showed a range mostly within 10 – 20 m/yr. From Figure 4.19, the extreme
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migration rates (greater than 100 m/yr), are seen to be caused by short time differences of
the track pair observed from Figure 4.20.
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Figure 4.18. Migration vectors showing displacement for the pair’s time difference. The
vector direction is shifted 45° for appreciation. The black dots represent the vectors
with -5 to 5 m displacements.
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Figure 4.19. Migration rates per year. The vector direction is shifted 45° for
appreciation. The black dots represent the vectors with -5 to 5 m displacements.

Figure 4.20. Map of Displacement vectors classified by time difference (months).
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An initial plot of the migration per TD histogram (Figure 4.21 – Top) confirmed the high
incidence in displacements ranging between 55 – 65 m. The cross-correlation process
involved the shift of one of the tracks relative to the other 100 m in both, north and south
direction, causing the high incidence of absolute 100 m displacements seen in Figure 4.21 –
Bottom Left. Thus, vectors with these displacements were considered as outliers, for being
the boundaries of the cross-correlation process, introducing the possibility of greater
magnitudes than detected by this threshold. Two other peaks can be seen on the positive
side of the histogram (Figure 4.21 – Top). The 21 and 79 m displacements are represented
by two time periods, 2004-2007 and December 2018 to February 2020 where the detection
of this displacement starts in January 2019 and prevails throughout winter and summer
months pointing to individual sandstorms as a driving migration force.

The zero metre migration vectors were visually analyzed revealing that most of these, are
located over sabkhahs or salt-encrusted land (see Figure 4.22) experiencing little to no
migration as the cementation of the sand prevents transport through saltation. These values
have a strong influence on the vector statistics (Table 4.4); thus, a filtering of the dataset was
done by excluding the zero meter and the ±100 m displacement vectors for their further
exploration resulting in the Filtered dataset used throughout the rest of this study.
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Figure 4.21. Migration displacements (top) and absolute migration displacements per
time difference including all values (bottom left) and excluding 0 and 100 m
displacements (bottom right). Negative values indicate southern dune migration.

Table 4.4. Statistics of the full and non-zero migration displacement and yearly rates
datasets.

Dataset

# of
Samples

Full
FD

Average

Median (m)

1204

TD
(m)
3.44

Yearly
(m/yr)
11.44

TD
(m)
0

Yearly
(m/yr)
0

888

2.74

9.04

21

14.77

84

Standard
Deviation (m)
TD
Yearly
(m)
(m/yr)
59
182.19
56.6

171.33

Figure 4.22. Example of the locations of zero-meter displacement vectors. The
sabkhahs are characterized by the light blue zones in the satellite imagery.

The summer and winter months shown in Figure 4.23 represent those with a stronger
influence from the summer and winter wind regime, respectively. During the summer wind
regime, two opposite wind directions are found, the summer shamal blowing from a north
– northwesterly direction and the Summer Indian Ocean Monsoon (S-IOM) from a
southwestern direction. With similar wind speeds and characteristics, the overall migration
will depend on the events that are covered by the time differences of the vector. The winter
wind regime is governed by three characteristic wind directions, the winter shamal, also
from a northwesterly direction joining forces with the Winter Indian Ocean Monsoon winds
from north – northeasterly directions; opposite to these, the khamsim winds are
characterized for having sparse events of high wind speeds lasting less than 4 days at a time.
Thus, to explore the effects of these over the migration rates, the 65 resulting pairs were
classified as being part of the summer (S-IS) or winter (W-IS) season combined with those
influenced by their respective inter-season, characterized for having fewer amounts of
events and the possible influence of the following wind regime.
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Figure 4.23. Months comprised by the summer (S-IS) and winter (W-IS) seasons.
Shamal winds blow throughout the summer months (orange arrow) and have their
peak in the summer from June-July (orange dashed line). The khamsim winds, have
high influences during the winter months (blue arrow), but are also seen during the
winter inter-season, having peaks from February to June (blue dashed line).

From the resulting 65 pairs, 24 were catalogued as part of the S-IS, 23 as part of the W-IS
and the rest were catalogued as neutral (N) with time differences being multiples of a year.
Although the pairs contained by the S-IS and W-IS are similar, the S-IS contains 107 vectors
(of 1204 total) more than the W-IS. The high incidences between absolute 55 – 65 m seen
from the initial seasonal histograms in Figure 4.24 are mostly present in vectors directly
influenced by the summer shamal or winter khamsim peak months (Figure 4.23); therefore,
attributing it to a seasonal displacement. The W-IS histogram (Figure 4.24 – Top) indicates
an overall southern migration, confirmed by the statistics calculated from the dataset. On
the other hand, the S-IS histogram seems balanced although their statistics revealed the
greater northern migration triggered by the S-IOM (Table 4.5).
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Figure 4.24. Seasonal histograms of the winter (dark blue) and summer (red) months
and their respective inter-season (light blue and orange).

Table 4.5. Seasonal statistics for migration vectors and their yearly rates.

Season

# of
Samples

W-IS

297

S-IS

461

Average
Yearly
TD (m)
(m/yr)
-3.27
-4.86
5.27

18.91

Median
Yearly
TD (m)
(m/yr)
-7
-11.1
33

87

18.71

Standard Deviation
Yearly
TD (m)
(m/yr)
56.77
187.84
56.41

181.18

From the migration rates per season, the influence of the prevailing northwesterly shamal
winds is evident. The winter migration vectors (Figure 4.25), clearly show the influence of
the latter and the W-IOM as the southern migration force (green-blue arrows). The northern
migration (yellow – orange – red arrows) in the winter season are triggered by the khamsim
winds (Figure 4.24 – Top), and as seen from Figure 4.25 they are present over very localized
areas in the northwestern and central-eastern parts of the study area. The S-IS migration
(Figure 4.26) rates show the strong opposing directions of the prevailing winds during such
season where the strong influence of the S-IOM can be seen from the arrows in an upward
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direction ranging from yellow-orange-red colours and in the calculated statistics (Table 4.5).

#

-397 - -200
-193 - -150
-134 - -100
-98 - -80
-68 - -60
-59 - -40
-39 - -20
-19 - -10
-10 - -1
0
1 - 10
11 - 20
20 - 40
40 - 60
60 - 80
84 - 100
101 - 150
152 - 200

Source: Esri, DigitalGlobe, GeoEye, Earthstar Geographics, CNES/Airbus DS, USDA,
USGS, AEX, Getmapping, Aerogrid, IGN, IGP, swisstopo, and the GIS User Community

Figure 4.25. Winter season migration rates. Vector direction is shifted 45° for
appreciation.
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Figure 4.26. Summer season migration rates. The vector direction is shifted 45° for
appreciation.

The histograms of the full data (Figure 4.21) and the summer and winter wind regimes
(Figure 4.24) show seasonal variations of the migration direction and are expected to be
higher during the non-yearly time differences, especially when an extra influence of full peak
months is covered by the time difference (Figure 4.23). Therefore, the vectors were
categorized based on the time differences of the pair (Table 4.6) where the overall positive
biases (S-IOM driven northern migrations) are consistent with those found from the full
dataset. The 15, 28, 41, and 44 – 46 months show negative averages (shamal driven southern
migration) mostly due to the dominance of W-IS vectors in their categories. The calculated
statistics include the positive and negative migration and yearly rates indicating whether it
is a northern or southern migration, respectively, and it is considered an important attribute
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for the migration study due to the bidirectional opposing winds found in the region. The
high magnitudes of the migration rates due to the seasonal influences over vectors with TD
less than one year are the main cause of the extreme standard deviations seen in the yearly
migration rates (Table 4.6).

Table 4.6. Statistics of the monthly categories derived from the FD dataset.
TD
(months)

# of
Samples

3

444

Average
Yearly
TD (m)
(m/yr)
2.81
11.32

Median
Yearly
TD (m)
(m/yr)
21
84.23

Standard Deviation
Yearly
TD (m)
(m/yr)
57.03
229.39

4

41

7.05

23.76

21

61.81

55.91

173.14

6

75

10.12

20.41

49

98.81

55.98

112.89

12

109

6.1

6.13

21

21.12

55.98

56.28

15

33

-0.7

-0.56

5

3.98

55.98

44.61

28

41

-6.34

-2.71

-53

-22.87

57.28

24.43

30

12

3.17

1.19

21

8.66

57.59

23.63

32

14

20.21

7.76

51.5

19.77

50.71

19.46

41

37

-6.03

-1.79

-52

-15.44

55.7

16.54

44 – 46

44

-19.36

-5.2

-57

-15.03

54.46

14.51

48

15

6.33

1.61

21

5.32

55.34

14.03

48.5

6

36.67

9.19

55

13.78

43.71

10.95

53 – 55

10

21.8

4.89

21

4.85

35.43

7.85

61.5

7

-2.86

-0.57

7

1.39

50.48

10

Two temporally close categories are shown in Table 4.6: the 48 and 48.5 months. The first,
comprises vectors from 2003 to 2007 while the latter from February 2004 to February 13 th,
2008. The difference in their statistics, hence their temporal closeness is attributed to a dust
storm occurring from February 1 – 4, 2008 with wind gusts of up to 56 km per hour
(Cooperative Institute for Meteorological Satellite Studies, 2008).

The 3-month category contained 50% of the FD displacement vectors (888 in total). The
extremely high standard deviations found in the migration rates in this category highlight
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the difficulties of comparing all vectors in this category without subdividing them into
localized groups. This was done by creating track groups from where the 3-month category
is present in six of them (Figure 4.27). Since the ICESat-2 mission collects data from 3 beam
pairs (Figure 4.6), the groups were selected based on those tracks that were within the 5 km
of the central track. Each track group usually contains more than one track pair as clearly
seen in Figure 4.27 (Tracks T and E), therefore the influence of different seasons over each
of the pairs is seen (Table 4.7 – Track E).
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Source: Esri, DigitalGlobe, GeoEye, Earthstar Geographics, CNES/Airbus DS, USDA,
USGS, AEX, Getmapping, Aerogrid, IGN, IGP, swisstopo, and the GIS User Community

Figure 4.27. Track groups in the 3-month category. As noted from the figure group T
and E contain multiple tracks being separated from the central track by at most 5 km.

The track groups displayed in Figure 4.28 clearly show the absolute seasonal displacement
ranging between 55 – 65 m. In group E, although this variation is still seen although, the
data is sparser than in the rest of the groups. This was attributed to the pairs belonging to E
being influenced by the inter-season range of S-IS or W-IS.
91

The time difference categories show that most of the vectors have TD in multiples of 3
months or 5 months (for ICESat mission) being affected by the seasonal displacements and
variations in the number of events covered by each track. Since each season has overall
opposite migration directions, migration vectors of yearly TD were explored separately to
explore the net migration in the area. The 12-month category solely contained pairs from the
ICESat-2 mission for which the mission’s capability of providing up to 6 times more data
than its predecessor has been mentioned. The higher coverage and data quantity led to more
track pairs covering different locations within our study area (Figure 4.29) where a wider
migration range is reflected in the difference between the 12 and 48-months yearly
migration rates (Figure 4.30).

Table 4.7. Migration statistics for the 3-month time difference by track and subdivided
by season of influence.

Track
B

Season
S

# of
Samples

Average

Median

Standard
Deviation

TD
(m)

Yearly
(m/yr)

TD
(m)

Yearly
(m/yr)

TD (m)

Yearly
(m/yr)

36

11.81

47.88

53.5

216.97

55.41

224.73

C

S

36

16.92

68.61

56

227.11

56.22

277.99

D

W

44

-4.43

-17.78

-30

-120.33

57.44

230.38

E

S&W

173

E

S

154

5.3
5.79

21.26
23.23

21
38.5

84.23
154.42

56.38
55.58

226.14
222.92

E

W

19

1.32

5.28

-20

-80.22

62.36

250.13

T

W

120

-0.55

-2.21

21

84.23

57.07

228.9

Y

S

35

-12.66

-51.33

-55

-223.06

56.29

228.27
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Figure 4.28. Migration for the 3 months time difference. Orange colours indicate a
summer influence and blue a winter influence. Track T contains pairs from both
summer and winter seasons.
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Figure 4.29. Location of 12 and 48 - 48.5-month migration vectors, their average
migration rate (m/yr) and the track group.
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Figure 4.30. Yearly migration vectors are derived from the 12 and 48-month categories.

The average annual migration rates are shown in Figure 4.29 variate between 7.5 – 16.3
m/yr. Track H presents the most neutral migration rate due to the low amount of vectors in
this group. The western area is dominated by linear dunes, which are formed by opposing
wind directions. Track group D is seen to reflect the counteracting migrations due to the
opposite wind directions. Group T was the only within the ICESat-2 neutral pairs to be found
from 2018 – 2019 which can be the cause of the southern migration rate found compared to
the rest. The Megabarchans found on the eastern side of the study area explain the southern
migration rates found which match the direction displayed by their south-pointing horns.
Since the 48 – 48.5-month tracks derived from the ICESat mission, do not overlap any of
the surrounding 12-month categories’ track the comparison of the migration rates between
both categories is not viable. Thus, similar to the classification of the 3-month time
differences, the FD track pairs were divided into the groups shown in Figure 4.31. For each
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group, statistics were calculated for the totality of the group (All) and the S-IS, W-IS and
neutral (N) subclasses. The neutral class contains those pairs used for the yearly migration
estimates shown in Figure 4.29.
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Figure 4.31. Track groups in the study area.

The yearly migration rates per track group (Table 4.8) ranged between 2.5 – 15.5 m/yr
where, for those years containing pairs from both seasons, the S-IS presents greater
variations and higher yearly rates compared to the W-IS. The difference between the number
of vectors belonging to the S-IS and W-IS seasons is the most possible cause for these high
and variable rates.
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Table 4.8. Yearly migration rate per track group (All) subdivided by neutral (N),
summer (S-IS) and winter (W-IS) season when applicable.

Track Group

# of Samples

Season

18

All

Yearly rate (m/yr)
Average

Median

Standard Deviation

1.73

-5.65

23.4

6

N

9.19

13.78

10.95

9

S-IS

-9.13

-15.82

13.2

3

W-IS

19.39

3.98

41.79

B

36

S-IS

47.88

216.97

224.73

B1

3

N

10.39

21.12

15.17

C

36

S-IS

68.61

227.11

227.99

D

99

All

-8.32

4.85

155.88

A

E

15

N

1.61

5.32

14.03

84

W-IS

-10.1

3.11

169.06

174

All

22.05

118.32

225.73

155

S-IS

24.11

156.43

222.47

19

W-IS

5.28

-80.22

250.13

135

All

7.07

9.07

97.67

109

S-IS

11.57

8.94

80.14

26

W-IS

-11.75

9.07

148.9

G

42

N

8.79

43.74

56.74

H

2

N

-0.5

-0.5

21.62

S

50

S-IS

6.86

54.45

113.69

145

All

-3.12

27.15

209.52

25

N

-7.52

-54.3

55.56

120

W-IS

-2.21

84.23

228.9

U

24

S-IS

42.85

112.93

105.87

V

8

N

15.46

21.12

57.55

F

T

72

All

2.47

-0.33

33.19

20

N

16.29

54.8

54.79

7

S-IS

4.91

4.65

9.38

45

W-IS

-4.05

-15.03

16.92

X

6

N

8.21

10.06

51.8

Y

35

S-IS

-51.33

-223.06

228.27

Z

3

N

-13.74

-39.21

80.85

W
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4.5

Discussion of Results

The cross-correlation approach developed by Dabboor et. al. (2013) has the advantage of
using the phase of the elevation profiles to detect the migration vector of the dunes covered
by each correlation window, avoiding the detection of changes in dune morphology (i.e. dune
expansion). In this project, sand dune migration estimated from the ICESat and ICESat-2
satellite laser altimetry missions presented yearly migration estimates similar to the rate of
8.9 m/yr found by Al-Mutiry et al., (2016) and 14.8 m/yr of Fryberger et al., (1981) over
similar regions.

Increasing sand and dust storm events within recent years (Türkeş, 2017) and consequently,
sand dune migration, pose a hazard for the infrastructure and surrounding communities.
The study of dune migration in these areas is important to determine and improve
preventive measures for the population and buildings. The study of yearly migration rates
aims to determine the net migration for the area, whereas the further classification into
seasonal migrations aids in such determination. The yearly migration rate does strongly
depend on the number of vectors influenced by either the summer or winter wind regimes
along with the number of storm events. The annual rates (data from 2018-2020) range from
8.2 – 16.2 m/yr over most linear dune regions, while one track observed over 48-month
(2003-2007) shows a rate of 1.61 m/yr. The difference among the migration magnitudes can
be explained by two factors: the increase in sandstorms in recent years (Charabi & Al-Yahyai,
2011) and the different locations of the dunes studied by ICESat-2 in the 12-month track
pairs. The estimated vectors are dominated by the seasonal variations with migration vectors
ranging between 55 – 65 m for the 6-month time difference between pairs. Northerly shamal
winds blow throughout the year joining forces with the W-IOM triggering a southern
migration that becomes the dominant direction during the winter season. Dune migration
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does not have a systematic pattern, but varies according to time, the prevailing wind regime,
the number and strength of storms, and climate. IOM is a continuously changing process
governed by insolation and greenhouse gasses (Jalihal et al., 2019) which interacts with the
dune migration processes through the changing wind and storm regimes. The influence of
this process over the dominantly southern dune migration described by (Holm, 1961) must
be studied in more detail. The ICESat-2 mission offers the opportunity to continue the
observation of dune migration vectors (Figure 4.32). Together with the developed
framework, these data can be used to analyze dune processes on scales ranging from a few
dunes to entire deserts.

Figure 4.32. Migration vectors detected by ICESat (blue) and ICESat-2 (green). The
amount of ICESat-2 observations increased by a factor of 3 compared to ICESat.
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Chapter 5
Conclusions and Future Work
5.1

Conclusions

The purpose of this study was to evaluate the uncertainties of digital elevation information
from spaceborne platforms in static and dynamic terrain. For static terrain, we validated a
spaceborne SAR DEM over an urban area. For dynamic terrain, we estimated dune
migration vectors from spaceborne laser altimetry.

The TanDEM-X DEM was validated over Dallas, Texas, USA using airborne LiDAR as
ground validation data. Airborne LiDAR data were used to create four surfaces representing
vegetation (VD), built environments (BD), ground (GD) and a combination of these (CD).
Each surface was subtracted from the TanDEM-X DEM. The TanDEM-X DEM validation
using the ground surface (GD) presented an absolute vertical accuracy of 2.4 m RMSE after
the removal of outliers. From the original ground dataset, 1.7% were outliers outside the ±3
σ range. Outliers were mainly found over water bodies and dense urban areas. Overall, the
uncertainties for each of the assessed surfaces were found to be within the ±2 m relative
vertical accuracy specified for the TanDEM-X DEM. It is noted that users must be aware of
the type of surface represented by the TanDEM-X DEM. For many applications (i.e. flood
risk modelling, line of sight mapping), the DEM does not represent the desired terrain
surface.

The dynamic part of this study aimed to estimate sand dune migration vectors in the Rub Al’
Khali. Here, the differencing of the SRTM and TanDEM-X DEMs did not result in significant
findings. The influence of the different sand penetration and backscatter attenuation of the
X- and C-bands used by the SRTM mission delivered different DEMs over the study area
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highlighting the importance of considering this factor for the comparison of DEMs derived
by different SAR bands. Sand dune migration vectors were estimated using data from the
ICESat and ICESat-2 missions, resulting in a database of 1204 migration vectors over the
study area revealing the influence of individual storms and the seasonal wind regime. The
cross-correlation framework for the estimation of sand dune migration vectors offers the
possibility of continuous monitoring of the migration vectors. POCS interpolation was used
to fill data gaps present in the ICESat elevation profiles. The ongoing ICESat-2 mission
launched in 2018 has proven to be a useful and continuous data source for the estimation of
dune migration rates. The multibeam approach of the ATLAS instrument provides a wider
coverage than the ICESat mission.

5.2

Future work

This research highlights the importance in addressing the time frame over which digital
elevation information is valid. In the future, integration of multi-sensor and repeat surveys
to provide a framework for monitoring terrain changes will be important. The vectors
estimated in this study are the result of the overall migration of a 50 km window in the alongtrack direction. An important future step would be the further assessment of overlapping
vector windows, which would allow for the analysis of individual dune systems. Sand dunes
can have individual migration depending on the incidence of the wind, grain size and
humidity that varies with the location and type of dune. The inclusion of these properties
could provide insights on the type of dune, their coverage (i.e. vegetation, salt crust) and
changes over time.
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Appendix A
Projection onto Convex Sets Interpolation
Projection onto Convex Sets (POCS) is an iterative process that works by finding the
intersection of all the constraint sets defined by the known properties of the dataset. Here,
we use POCS as an interpolator to fill in the data gaps from ICESat/ICESat-2 caused by the
mission’s instrumental errors and dense cloud coverages.

Figure A.1. Concept of the different outcomes from linear, spline and POCS
interpolation. The true data is represented by the red and yellow dots, where these last
are the missing data points. the linear, spline and POCS interpolation are represented
by the blue, green and red lines, respectively.

The different outcomes from commonly used interpolation methods, such as linear and
spline are seen in Figure A.1. Depending on the amount and locations of the missing data
points, linear interpolations can miss entire dunes. The spline interpolation can approach
the true surface, however, in some cases the amplitude of the signal is exaggerated, and the
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phase information does not match that of the original data. These two conditions have led
users to POCS. POCS interpolation bases the constraint sets on the known attributes of the
original data, and therefore fits the inversion with a higher consistency between the original
and interpolated data.
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Figure A.2. Diagram of the correlations achieved by the cross-correlation process
under different interpolation methods at the moment of the highest correlation.
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For this study, the changes in the profiles caused by linear or spline interpolation lead to a
decreasing correlation and to a loss in migration vectors. Figure A.2 describes the different
scenarios when interpolating a profile with the linear, spline and POCS interpolation. In this
case, the linear interpolation allows for a slightly higher correlation than the spline. Instead
of trying to fit a line or curved function, POCS fits a function that is defined by the previously
known data.

Figure A.3. POCS interpolation workflow, with the order of the applied constraint sets.

The POCS interpolation used the spectrum (S), Mean (M), Boundary (B) and known points
(P) constraints sets, applied in the order described by Figure A.3. In the sand dune migration
vector estimation case, it is known that a measurement should be available every ~173 m for
ICESat and ~101 m for ICESat-2. The problem is to interpolate the missing points to achieve
consistent estimates of the displacement vectors. This is important since up to 10 continuous
footprints can be missing (translates into complete dunes). POCS inversion uses the known
information of the constraint sets to adjust the interpolated values. The initial guess (II) was
given by a spline interpolation (see example of Figure A.4).
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Figure A.4. Example of an initial spline interpolation (blue dotted line) for a track from
February 2019.

The missing data points from the above example are shown in Figure A.5. Here, aside from
the troubled initial part (first 20 km), the profile has missing footprints that are sparsely
distributed having at least 5 sampled footprints in between each gap. In practice, no more
than 5 missing continuous data points (MCDP) were found. The interpolation of areas with
more than these MCDPs results in inaccurate representations and leads to a loss in the
correlation between the tracks. Therefore, they are discarded in the vector estimation step.
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Figure A.5. Track from February 2019 displaying the missing data footprints
(background aquamarine lines). The highest continuous data loss is enclosed by the
red markers containing ~ 50 data points.

The amplitude spectrum is known from the original dataset. Therefore, the amplitude of the
Fourier spectrum of the II must be less or equal to that of the original dataset. The spectrum
constraint, projects the amplitudes from the II that are higher than the original amplitude
to the known value of the original dataset. Once the spectrum constraint is applied, the
known points are restored and modifying the points belonging to a data gap. The M set
subtracts the mean calculated from the interpolated profile and adds the mean from the
original data to the points that belong to the data gap. If once the M set is applied the value
is outside the boundary calculated from the original data, it is re-projected to the upper or
lower limit (upper if it the value is higher than the upper limit and lower if it is lower than
the lower limit). The M and B sets are only applied to the points known to be part of a data
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gap. Both M and B sets are calculated for intervals of 5 measured points. This is done to
avoid confusing with changing topography. The result from this first iteration becomes the
II for the next cycle. With each iteration the initial spline interpolation is constrained to the
characteristics known from the measured points. The process is interrupted once the
interpolation fulfills the accuracy requirements.

Figure A.6. Examples of POCS iterations (a - c) showing the interpolated profiles after
the P and S sets (green - left) and after the M and B sets (pink - right).
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Figure A.7. Track pair from February 2019 (left) and February 2020 (right) showing the results of the POCS interpolation (for the 2019 track)
and the linear interpolation of the original data (for the 2020 track).

Figure A.8. September 2019 (left) POCS interpolation and the corresponding December 2019 (right) pair.
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From Figure A.6 we can see that the spectrum causes most of the change in each iteration. M and
B sets (shown in the bottom row) modify the profile where the B set is the reason for the flattened
dune tops (and bottoms). This can be modified by allowing a buffer zone for the upper and lower
boundary or projecting the B set by subtracting the difference between the interpolated point and
the boundary from all surrounding points. It is noted from c) that the excess relative to the upper
limit is less than 5 m. The track pair from 2020 did not have significant data gaps and was
therefore used for assessing the interpolation performance (Figure A.7). Despite the great amount
of MCDP at the start of the profile, the results from the POCS interpolation shown in Figure A.7
do not contain gross errors when compared with the data along the same track in 2020.

Another example is the POCS interpolation over a 3-month difference track pair from 2019. Here,
a data gap of ~3 km from the September track is interpolated successfully resembling the data
from the December track (Figure A.8). The performance achieved by POCS interpolation is highly
dependent on the quality of the data and the distribution of the data gaps. The constraint sets and
projections applied here should be modified according to the dataset. The appropriate set of
parameters will vary for each profile. In this project, the goal was to find a set of parameters that
fit the properties of all profiles (or the region), thus giving better results for some tracks than
others.
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