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Abstract

A satellite remote sensing technique, Interferometric Synthetic Aperture Radar (InSAR), is
able to provide surface displacement information on a millimeter level. In this study, data
from the TerraSAR-X satellite collected in the years 2009-2018 over the area of Amsterdam
is used. Even though radar data is a subject to multi-step processing, there are still several
problems observed that can make the interpretation of the time-series di Ccullt for users who
are not experts in the radar remote sensing field. In this study we focus on unwrapping errors,
partial decorrelation, and incorrectly fitted models. The unwrapping errors are handled as
outlier detection problem and the rest as a time-series segmentation task.

In order to address these issues, a data-driven approach is proposed. We show a method to
detect unwrapping errors based on spatially neighboring points. A GUI is developed to collect
expert knowledge in a form of assessing the time-series correctness, marking unwrapping
errors, and dividing time-series into separate segments. This information is later used in the
evaluation of several outlier detection and segmentation algorithms. We propose a supervised
learning approach based on neural networks in order to use expert knowledge. Due to not
enough labelled data available, a simulation is developed and used for training of the networks.
We present two di Cerent approaches, one based on multi-label classification and one on binary
classification. For each of them fully-connected neural networks and convolutional neural
networks are compared.
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Chapter 1

Introduction

In the last decades, remote sensing techniques have become a more and more popular source
of information about the Earth. Nowadays, numerous missions have a task of observing and
collecting measurements for various applications, such as atmospheric research, oceanography,
ice cover or vegetation monitoring, and many others. The missions can use either satellites
or aircraft as a carrier for di erent kinds of sensors that provide proper measurements.

Among di erent imaging techniques, SAR (Synthetic Aperture Radar) imagery has found
numerous applications. One of the methods using SAR images is INSAR (Interferometric
SAR) a technique that can provide height and deformation measurements. It is used in re-
search related to, e.g. volcanoes, land subsidence and uplift, glaciers or ice motion [1]. Among
the currently used processing methods there is still room for development and improvements,
especially regarding automation of the processing task. Moreover, various additional infor-
mation sources are available that could potentially be bene cial. The INSAR technique is a
focal point for the further research and thereby the main motivation for this work.

Processing of the acquired data, i.e. parameter estimation, requires dedicated algorithms and
expert knowledge. The amount of data is growing rapidly, which makes its analysis impossible
to be performed only by people, as the work is laborious and time consuming. Despite
advanced processing methods, by inspection, one can nd that there are still some obvious
errors present, such as unwrapping errors, i.e. measurements shifted due to ambiguities caused
by the angular nature of the signal. They are easily spotted by a human expert, however,
currently used algorithms are unable to detect these problems at all times.

Another aspect is that as nowadays a great number of measurements of environmental factors
is available, which can be used to enhance the analysis of the observations. There are historical
records of e.g. temperature, precipitation, and the ground water table for numerous locations.
By making use of these data, it may be possible to nd correlations between the radar
measurements and other signals, what can be a sign of a causality or at least an indication
that there is some relationship between the behaviour of a scatterer point and some considered
environmental factors. This kind of knowledge could be achieved using machine learning or
data mining techniques.
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2 Introduction

Recently, the machine learning, and especially deep learning, approach has been applied in
multiple remote sensing research areas, however, most of them are related to image processing.
Among these applications there are image preprocessing, such as denoising or sharpening,
classi cation, target recognition, or scene understanding [2, 3].

1-1 Problem formulation and research goal

Following from the above, a contribution to the existing methods could be achieved by de-
signing a system which would be able to spot unwrapping errors in the INSAR time-series and
correct them accordingly. The machine learning approach is not widely applied in the eld
of INSAR processing and hence, this creates a possibility to investigate how this eld could
bene t from this new approach.

Among many challenges in the INSAR data postprocessing, the ones presented below will be
considered in this thesis. A more detailed explanation, together with background information,
can be found in Section 3-2.

Problem 1 - Single unwrapping errors and unwrapping shifts

Despite pre-processing of the data to unwrap the raw measurements, often there are still
multiple unwrapping errors present in the data (see Sections 2-2 and 3-2-1). One can observe
either single, individual unwrapping errors occurring during one epoch or unwrapping shifts
a ecting a number of consecutive epochs. This is pictured in the Figure 1-1. This error causes
further problems with tting a model and, in general, in the assessment of the underlying
process and situation.

Problem 2 - Partial temporal decorrelation

Some of the time-series also exhibit partial temporal decorrelation (see Section 2-2 and Sec-
tion 3-2-3). This means that some part of the time-series does not actually yield any valuable
information and, if the series is treated as a whole, this only distorts the general behaviour.
This can be seen in Figure 1-2. Getting rid of these segments, or just ignoring them, can allow
for better modelling and analysis of the behavior. On the other hand, the partial decorrelation
can also be used as an indicator itself that there have been some changes in the scattering
characteristics for the observed point (location), which is relevant information.

Problem 3 - Incorrectly tted models

There is no one size ts all model that could optimally represent the behaviour of all
scatterers in the observed area. Mis ts are often due to the previously mentioned problems
with unwrapping errors and partial decorrelation. Moreover, after analysis of many time-
series one can notice that it is not uncommon that there are cases where in one time-series it
is possible to distinguish di erent behaviour of the scatterers (see Section 2-1). Taking this
fact into account would allow to avoid tting one model through the whole timespan and
hence, to t better models and to look for relations with other factors only in some of the
segments. An example is given in Figure 1-3.
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1-1 Problem formulation and research goal 3

Figure 1-1: Examples of Problem 1. The plots present measurement series of the TerraSAR-X
mission with =31 mm (middle curve, dark blue) and two additional series, which are shifted
copies of the original series corresponding t@ shifts (see Section 2-2). It is possible to spot
that in the top gure there is a high likelihood that one of the points in mid-2017 has been
misplaced a single unwrapping errorSimilarly, in the bottom gure, apart from two potential
single unwrapping errors, one could notice a shift of the whole remaining series after early 2012
(the upper series seems to be a better continuation) annwrapping shift

Figure 1-2: Example of Problem 2. On the left side, the measurements from 2009 till early 2012
seem to be random and follow what appears to be a uniform distribution (see Section 3-2-3),
they basically fuse with the 2 copies. This is an example of @artial temporal decorrelation
and this part should not be used in model tting.

Research question

The main research question of this work has been formulated as follows:
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4 Introduction

Figure 1-3: Example of Problem 3. The black curve is a model tted by default. As one can

see, the model does not re ect the behaviour of the time-series, as it has periods of di erent
behaviour (e.g. mid-2011 till mid-2013, between 2014 and 2015, and from 2015 till 2018) and
the model does not account for that, it is aimcorrectly tted model.

How can a machine learning approach be used to reduce the errors
of types 1, 2, and 3 in INSAR postprocessing?

To investigate this in more detail, several subquestions have been posed:

1. Why are there unwrapping errors present? How to decide whether it is an unwrapping
error or an outlier?

2. There are multiple works addressing time-series analysis that might serve useful in this
application. Which algorithms perform well in the tasks of unwrapping error detection
and time-series segmentation in the INSAR data context?

3. Raw measurement data may not be the most e cient input for a machine learning
algorithm. How to preprocess the time-series to be the most useful for the machine
learning algorithm? What features could improve the performance?

4. There are multiple algorithms available within the current state of the art in the ma-
chine learning eld. Moreover, within one algorithm various parameters have to be
adjusted. Which machine learning approach and architecture is the most suitable for
the application and why?

5. Points within close proximity can be helpful in detecting speci c events in the neigh-
boring points. How to include the spatial context into the unwrapping errors detection
and into segmentation task?

In order to answer this question, the following tasks have been de ned:

1. Analyze the data and prepare an extensive simulation.

2. Perform a literature study to nd methods that can be used for the unwrapping detection
and segmentation tasks. Experiment with the found, non-machine learning approaches.

3. Find and implement a suitable machine learning approach to detect the potential un-
wrapping errors and shifts, and correct them accordingly.

4. Segment the time-series based on di erent characteristics.
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1-2 Qutline of the thesis 5

1-2 OQutline of the thesis

An introduction to radar remote sensing is given in Chapter 2. Basics of SAR remote sensing
technique are presented, as well as basics of the SAR Interferometry (INSAR). Also, a brief
description of a speci c technique within INSAR, namely, Persistent Scatterer INSAR (PS-
INSAR) is presented, as it is the source of the data used in this thesis.

The analysis of the considered time-series is performed in Chapter 3. At rst, the used
dataset is introduced shortly. Then, di erent characteristics and observations of the data are

presented. This is followed by the suggestions about what could be done or improved. Lastly,
available contextual information is discussed, namely, spatial context and the environmental

factors.

Theoretical introduction to the knowledge representation and expert knowledge incorpora-
tion is provided in Chapter 4. Moreover, the chapter contains a detailed description of the
technique used for the data collection (expert knowledge data).

Subsequently, several algorithms for outlier detection and segmentation are tested and dis-
cussed in Chapter 5. For the outlier detection such methods as moving average, exponential
smoothing, or ARIMA are presented. Experiments in segmentation involve probabilistic ap-
proaches, as well as BFAST and piecewise linear representation techniques.

Machine learning basics and the architecture design are described in Chapter 6. Several
approaches are used for building a machine learning solution and then tested, compared, and
discussed.
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Chapter 2

Radar remote sensing

Nowadays, numerous Earth-observing satellites orbit the planet and perform various kinds
of measurements in order to explore and study miscellaneous aspects of Earth. The remote
sensing techniques can be divided into active and passive, based on the way the measurements
are acquired. Radar remote sensing is an active sensing technique. The radar illuminates the
target with microwave radiation and collects the re ected signal. On the other hand, passive
sensors can only register the signals emitted by the Earth's surface or atmosphere (e.g. a
microwave sensor) or detect radiation re ected from the surface (e.g. an optical sensor). One
of the advantages of radar being an active sensor is its ability to penetrate through the cloud
cover and to operate at night.

The general principle of how the radar works is as follows. The radar is sending electromag-
netic wave pulses in the direction where the transmitting antenna is pointing, the signal hits
a target and backscatters into the receiving antenna. In case of a monostatic system there
is only one antenna which is both transmitting and receiving. The frequency with which the
pulses are emitted is the PRF (pulse repetition frequency) and it determines the size of a res-
olution cell of the obtained image. What is important, is that a radar is a distance measuring
instrument and hence, all targets within the same range are treated as one (they all end up
in the same resolution cell).

There are dierent types and forms of radars and the one that is particularly suitable for
Earth observation is the synthetic-aperture radar (SAR).

In this chapter, a brief introduction to radar remote sensing is given. At rst, some basic
information about SAR imaging and then, about the SAR Interferometry, is presented. Later
on, more details are given about the Persistent Scatterer INSAR technique, including its
processing steps and the resulting data characteristics.

2-1 SAR remote sensing

In radar technology, the resolution in the azimuth direction is proportional to the size of the
antenna. Therefore, the resolution is constrained by the construction capabilities of a physical
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8 Radar remote sensing

antenna. A solution to this problem is SAR imagery (Synthetic Aperture Radar). The
principle there is to use a moving antenna (space- or airborne) and combine the acquisitions,
thereby creating a "synthetic" antenna of a much larger size [4], see Figure 2-1.

Figure 2-1: SAR observation geometry [1] (left) and the synthetic aperture principle, combining
images to obtain an image as of it would be acquired using a very long antenna [5] (right).

The satellite illuminates a strip of the ground (also called swath) and moves in the azimuth
direction creating a strip map. There are also other acquisition modes available, such as
ScanSAR and spotlight SAR, but the Stripmap mode is the most popular one, due to its
ne azimuth resolution [1]. The antenna is mounted in a side-looking con guration, i.e.

it illuminates the surface with a non-zero o -nadir angle. Such geometry provides range
sensitivity without ambiguous re ections. However, this causes also geometric distortions
due to speci c characteristics of the illuminated terrain, see Figure 2-2. A positive slope in
the direction towards the radar is much shorter in the line of sight than on the ground, this
is called foreshortening (A in Figure 2-2). Additionally, the foreshortened areas are imaged
as brighter as the backscattering area there is much larger, so there is more power in the
returning signal. Layover (B) happens when the slope is steeper than the o -nadir angle and
the top is registered earlier than the bottom, the order is reversed and the contribution in the
image is mixed with other areas. The shadow (C) occurs if the area is occluded, the beam is
not able to illuminate it and no signal is backscattered [4, 1, 5].

The satellites bearing the SAR instrument orbit the Earth on almost polar orbits and collect
images in ascending (south to north) and descending (north to south) passes. Due to the
aforementioned distortions, observing an area from two di erent perspectives may result in
di erent images which are complementary [4].

The radars can operate in di erent frequency bands. Depending on the wavelength of the
emitted signal, the radar system is suitable for di erent applications. For instace, the X-
band, with the shortest wavelength of around 3.1 cm is used in urban areas surveillance.
Both X- and C-band have too short wavelength to penetrate signi cantly through canopies
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