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ABSTRACT

Satellite Earth Observation (EO) is often used as a cost-effective method to report on the
condition of remote and inaccessible peatland areas. Current EO techniques are primarily
limited to reporting on the vegetation classes and properties of the immediate peat surface using
optical data, which can be used to infer peatland condition. Another useful indicator of peatland
condition is that of surface motion, which has the potential to report on mass accumulation and
loss of peat. INSAR techniques can provide this using data from space. However, the most
common InSAR techniques for information extraction, such as persistent scatterers
interferometry (PSI), have seen limited application over peat as they are primarily tuned to
work in areas of high coherence (i.e., on hard, non-vegetated surfaces only). A new INSAR
technique, called the Intermittent Small Baseline Subset (ISBAS) method, has been recently
developed to provide measurements over vegetated areas from SAR data acquired by satellite
sensors, providing the opportunity to apply INSAR data to peatland studies effectively for the

first time.

This research examines the feasibility of the ISBAS technique applied to only C-band
SAR data for monitoring long-term surface motion over two peatland areas with different
environments. The first peatland area is the Flow Country in the North east of Scotland which
is the largest expanse of blanket bog in Europe (open peatland area) and the second peatland
area is known as Zennare Basin in the south of the Venice Lagoon, Italy, which is characterized
by the presence of the marsh zone covered with peat (farmed peatland area). The assessment
of long-term deformation in the Flow Country is made by analysing two sets of SAR data (ERS
covering the period 1992-2000 and Sentinel-1 for the period 2015-2016). For Zennare Basin
three sets of SAR data have been used in the analysis (ERS SAR data 1992-2001, ENVISAT
2003-2008, and Sentinel-1 2015-2018). The results revealed that the ISBAS DInSAR
technique over open peatland areas could offer extensive support for peatland surveying which
would reduce the long-term monitoring cost by assessing the relative magnitude and spatial
pattern of the deformed areas that are caused by, for example, drainage, afforestation or erosion
which in turn provides a key information for guiding the future management. Over farm
peatland areas where the coherence is highly variable, the results also revealed a real potential
of using the ISBAS technique to provide a surface motion for Venice Lagoon, where the
agricultural land class (unfavourable for INSAR) is the dominant class in this area. However,
the limited of both ISBAS coverage and ground data on the extent of the Zennare Basin

hindered the true assessment of ISBAS accuracy. In addition to the assessment of long-term
i



deformation using the ISBAS technique, a novel analysis of the ISBAS DInSAR time-series
was found linking between the characteristics of surface motion derived by INSAR and peat
condition using Sentinel-1 ISBAS time-series over the Flow Country through the application
of Singular Spectrum Analysis (SSA) and Multi-channel Singular Spectrum Analysis (MSSA).

This research suggests that the ISBAS DINnSAR technique is feasible for long-term
peatland monitoring, particularly over open peatland areas, can provide new insight into
peatland surface dynamic changes and helps to understand the seasonal kinematic behaviour
of peatland from local to regional scales.
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CHAPTER 1

INTRODUCTION

1.1 Preface

Peatlands are fragile ecosystems, characterised by permanent water logging (Zanello et al.,
2011), with their condition an important determinant of their ecosystem services (Hooijer et
al., 2012). Globally, peatlands store approximately one third of global soil carbon, while
covering only approximately 3% of the land and freshwater surface (Holden, 2005). They
contribute to the global atmospheric balance of greenhouse gases (GHGs) (Yu et al., 2010):
intact peatlands are typically net sinks for carbon (Freeman et al., 1993; Nykanen et al., 1995;
Smith et al., 2004; Kirschke et al., 2013), whereas degraded or disturbed peatlands are known
to be carbon sources (Crichton et al., 2015). They also provide maintenance of biodiversity and

protection of water resources (Lindsay et al., 1988; Drew et al., 2013).

Historically, peatland areas were deemed to be of low economic value (Shotbolt et al.,
1998; Zanello et al., 2011) and thus large areas were drained and used for agriculture and other
activity (Holden et al., 2007), including plantation forestry (Cannell et al., 1993; Anderson et
al., 2000). Over time it has become apparent that such practices cause largely irreversible
subsidence of the land as a consequence of the consolidation, compression, biological oxidation
and shrinkage of the peat in the upper aerated zone. This process can result in the emission of
carbon dioxide (CO») into the atmosphere (Gambolati et al., 2005; Zanello et al., 2011; Hooijer
et al., 2012), as well as loss of habitats that are of high value for nature conservation
(Ramchunder et al., 2009).

Across the globe, humans are interacting with peatlands in some different ways,
determined by peatland type, local governance, and climate. For example, in the UK much of
the peatland is blanket mire (covering 2.1 million ha, 17% of the landscape (Baird et al., 2009)),
a type of bog (rainwater-fed peatland) which can occur on flat or sloping terrain if there is
sufficient rainfall and impeded subsurface drainage. These peatlands are considered to be of
national and international importance (Lindsay et al., 1988; Bain et al., 2011). This has not
always been the case, however, since 1945 large areas of blanket bog over 50cm in depth were
afforested (Cannell et al., 1993; Anderson et al., 2000) by planting areas that were considered
to be unsuitable for the environment (Shotbolt et al., 1998). This has been particularly the case

in the Flow Country of Caithness and Sutherland (Scotland) which has the largest extent of
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blanket bogs in Europe (.Lindsay, 1987; Shotbolt et al., 1998). Although there has been a recent
activity to restore the peatlands (Parry et al., 2014), there now exists a spatially and temporally
dynamic system of subsidence (and accumulation) which requires monitoring. This surface
motion of the peat is a responsive indicator of the changing condition of peatland. Sustained
subsidence on account of compaction, loss of water, carbon or gas is generally indicative of
poor condition and slow growth, while sustained stability or even growth is an indicator of
good condition. A reliable monitoring system of surface motion would thus inform future
management and conservation decisions pertaining to this valuable landscape. Monitoring
land-subsidence in drained cultivated peatland is also important because the systematic
drainage is responsible for a number of serious environmental hazards and economic issues
through local to global scale (Zanello et al., 2011). For example, a coastland area (Zennare
Basin) in the south of Venice Lagoon, is characterised by the presence of soil with high organic
matter content (peat). This area was progressively reclaimed from the middle of 19th century
to the late 1930s and at present, lies entirely below mean sea level (Teatini et al., 2007; Zanello
et al., 2011). The systematic drainage of the outcropping peat soil along with ploughing and
harvesting for agriculture purposes resulted in land subsidence of about 0.02 m/year
(Gambolati et al., 2006) which represents a major environmental hazard because it enhances
the risk of flooding and thus increases the cost of land drainage and or maintenance of the

system to keep the agriculture area dry.

Given the vast extent of these peatlands and their dynamic nature, any monitoring
system should be continuous over space and time (Lees et al., 2018). Various methods of
surveying peatland surface motion, such as site surveys (PVC tubes, Levelling and Differential
Global Positioning system (DGPS), terrestrial LIDAR) and remote sensing via airborne
platforms, are limited (Crichton et al., 2015). Indeed, systematic field measurement of surface
motion over large areas is difficult and prohibitively expensive, so few field studies have
gathered surface motion data. Furthermore, the effective field-based monitoring of surface
motion over global peatlands is impossible on account of their extent and inaccessibility.
Satellite remote sensing, specifically Synthetic Aperture Radar (SAR), on the other hand,
improves spatial and temporal coverage, and the data is relatively inexpensive (often free)
(Tofani et al., 2014; Novellino et al., 2017) and overcomes the frequent cloud cover of these
peatland areas (e.g., Rosen et al., 2000). Advanced Differential Interferometry Synthetic
Aperture Radar (DInSAR) techniques can monitor the motion of the Earth’s surface along the
sensor Line-of-Sight (LOS) and measure its change (Massonnet and Feigl, 1998), based on the
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signal phase difference observed in an interferogram formed between two co-registered SAR
scenes acquired at different times over the same area of interest (AOI) (Rosen et al., 2000).
There is now theoretically (subject to data availability) a temporal dataset for the past 25-years
of C-band SAR data from the ERS1/2 and ENIVISAT missions and most recently the Sentinel-
1 A and B satellites (which assures data for the foreseeable future). This affords a dataset with
which surface motion of the peatlands can be explored. Indeed, as Kim et al. (2017) note,
advancements in the capabilities and data products provided by SAR sensors should be used to
understand and thus preserve our peatlands.

Previously, DINSAR has shown a clear capability to map and analyse the dynamics of
surface motion associated with tectonic processes (Colesanti et al., 2003; Burgmann et al.,
2006), land subsidence (Canuti et al., 2005; Stramondo et al., 2008; Osmanoglu et al., 2011),
slow landslides (Hilley et al., 2004; Cigna et al., 2010; Cigna et al., 2011; Novellino et al.,
2017) and volcanic activity (Salvi et al., 2004; Tizzani et al., 2007). Other studies have used
DINSAR techniques to construct subsidence maps over peatland areas (Teatini et al., 2007,
Zhou et al., 2009). However, these have been limited to urban and bare/rocky land cover types
due to the fact that the most common DINnSAR techniques require pixels to display high
coherence consistently over a long period. Consequently, this almost completely precludes the
detection and interpretation of subsidence (and indeed surface uplift) over rural and vegetated
areas, as vegetation cover, almost by definition, exhibits highly variable coherence due to
changes over seasonal cycles and the often diffuse scattering of the radar signal. Furthermore,

this issue is particularly challenging when using C-band SAR data.

The novel Intermittent Small Baseline Subset (ISBAS) method (Sowter et al., 2013),
which is related to the SBAS technique described by (Berardino et al., 2002), permits pixels
of variable coherence to be considered alongside those with consistently high coherence (Cigna
et al., 2014; Bateson et al., 2015; Sowter et al., 2016). Over a range of land covers it has been
demonstrated that the ISBAS method provides up to 26 times more coverage than SBAS (Cigna
and Sowter, 2017). Thus, it is well worth exploring the potential to use the ISBAS method with
SAR data for surface motion measurement over peatland areas within different environments.
In addition, the ISBAS technique could be used to generate the time-series of surface motion
that may capture the annual and seasonal motion of the peat surface. The characteristics of
time-series of surface motion are potentially diagnostic of peatland condition (Howie and
Hebda, 2018). This is the focus of this thesis.



To optimally investigate the use of the ISBAS technique for peatland surface motion
measurement, the outputs need to be validated. However, thus so far very few studies have
provided the detailed information on peatland surface motion that would be required. Further,
these have been confined to small geographic areas because of the logistical and financial
challenges imposed by large-scale field surveys (Kennedy and Price, 2005; Fritz et al., 2008;
Reeve et al., 2013). Moreover, there may be mismatches in time between the ground data on
peatland surface motion and the satellite-derived data. This presents a major barrier in applying
the INSAR technique and it is something that this thesis has to address.

1.2 Aims and Objectives

The overarching goal of this thesis is the quantification at complete spatial extents of the
surface motion of peatlands in different environments through the application of the ISBAS
technique to SAR data. Regarding this, three research aims are as follows:

e Conduct background research regarding the application of INSAR over peatland areas.
e Analyse what value the ISBAS technique, in particular, might bring in peatland
monitoring.

e Consider how the ISBAS technique might be used to infer the peat condition.
These research aims can be further broken down into a set of study objectives:

> ldentify gaps in the use of INSAR for peatland deformation monitoring.

> Investigate the potential of using the ISBAS DInSAR technique for long-term peatland
monitoring.

» Investigate the potential of using the ISBAS DInSAR time-series to quantify peat
condition.

> Determine how other sources of data might be used to validate the ISBAS results.
1.3 Research Methodology

Having clearly stated what the objectives of the research are, the research methodology of how

these objectives can be achieved is as follows:

e Conduct a literature review relevant to the topics of this research by referencing the
definitive sources.

e Select suitable test sites for this research in conjunction with the collection of a large
enough set of SAR images from different satellites to investigate the application of the
ISBAS technique over peatland areas.
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Use the application of SSA and MSSA to analyse the time-series of surface motion
from the ISBAS DInSAR technique.
Analyse and assess the long-term deformation maps and time-series of surface motion

from the ISBAS DInSAR technique to quantify peat condition.

1.4 Thesis Overview

This thesis is organised into seven chapters. Following this chapter, the structure is as follows:

Chapter Two: presents the fundamental principles and techniques relevant to the
topics of this research. This includes SAR, INSAR, ISBAS, SSA, and MSSA.
Chapter Three: presents the literature review involving the importance of peatland in
ecosystem services, highlighting the causes and consequences of peatland degradation
and the main difficulties in monitoring these areas. Also, the techniques used for
monitoring peatland surface motion and the use of INSAR for surface motion
monitoring are reviewed. The chapter is ended by identifying the research gaps in this
field.

Chapter Four: discusses the selection of the Flow Country in Scotland and Zennare
basin in the south of Venice Lagoon, Italy as the test sites for this research. This includes
general descriptions of the geology, hydrology and the availability of SAR data and
ground data measurements in these areas.

Chapter Five: presents the methodology used to process SAR data using the Linear
part of the Punnet software over the sites selected in Chapter 4. Results are then
presented, and an analysis of their respective quality is discussed which leads into the
next chapter. The SAR datasets are also compared with ground data measurements
wherever possible.

Chapter Six: uses the non-linear part (time-series) of the Sentinel-1 results processed
in the previous chapter to quantify peat condition over the Flow Country. It presents
the methodology used to analyse INSAR time-series using both SSA and MSSA. The
results are also presented and compared with ground data measurements. The
interpretation of the results and the discussion are then presented and supported by
previous studies.

Chapter Seven: presents the conclusions on the various aspects of the research by
restating the aims and objectives and summarising how each was achieved, which leads

to a list of suggestions and recommendations for future work.
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1.5 Summary

This chapter of the thesis has provided a background to the impotence of peatland in ecosystem
services and the current techniques used in monitoring and evaluating the deformation in these
areas, pointing out to their limitations that might be overcome through using the ISBAS
DInSAR technique. Following the research methodology, the aims and objectives were then

presented. Finally, the thesis overview provided a brief description for each chapter in turn.



CHAPTER 2

PRINCIPLES OF SAR, InNSAR, SSA AND MSSA

2.1 Overview

This chapter starts with a brief introduction to the interferometric SAR (InSAR) as an important
tool for detecting and monitoring the deformation on the earth surface.lIt explains the sources
of errors in INSAR measurements for better interpretation of the results; and gives an
introduction to the Punnet software that has been used to obtain the fully formed ISBAS results
from Single Look Complex (SLC) format data. Following that, it provides a brief introduction
to the Singular Spectral Analysis method (SSA) used to analyse the peat surface dynamics from

INSAR time series.

2.2 Radar background
2.2.1 Synthetic Aperture Radar (SAR) basics and geometry

Synthetic Aperture Radar (SAR) is an active microwave imaging system that has capabilities
to operate day and night and penetrate clouds, making it a unique tool for monitoring earth’s
surface. Many radar sensors are operating at different frequencies with a wavelength of a few
centimetres (Table 2.1), 100,000 times longer than the wavelengths of the visible spectrum.
This longer wavelength increases the capability of the active sensor to penetrate dielectric
materials. As an active system, all SAR images are created through illuminating the area of
interest with electromagnetic pulses, independent of sun illumination, and the radar antenna

records the backscattered echoes from natural and human-made objects (Ferretti, 2014).

Radar sensors are coherent sensors (Skolnik., 2002) that can record both amplitude and
phase for each target on the ground. The main advantage of a coherent sensor is its ability to
preserve the phase information of the received signal for later processing, in contrast to the
optical sensors which are non-coherent and hence non-phase preserving sensors. Therefore,
SAR images provide an exceptional opportunity to exploit the data in ways that are not

available with the optical imagery.



Table 2.1: Different frequencies used by satellite radar sensors.

Band Frequencies | Wavelengths Sensors

L 1-2GHz 30-15cm SEASAT, JERS-1, ALOS-PALSAR

S 2—-4GHz 15-75cm HJ-1, NovaSAR-S

C 4 -8 GHz 75-3.75cm ERS-1, ERS-2, RADARSAT-1, ENVISAT,
Sentinel-1

X 8-12 GHz 3.75-25¢cm COSMO-SkyMed, TerraSAR-X, Tandem-X

The basic geometry of a SAR system is illustrated in Figure 2.1. The side looking
configuration of SAR is necessary to eliminate the ambiguity of superimposed return echoes
from either side of the satellite track, based on the concept that the echoes from the far range

will take a longer time to return than those in the near range (Woodhouse, 2006).

The satellite flight path is known as the velocity vector. The microwave beam on the
satellite illuminates an area on the ground known as a footprint or swath; the width of the swath
relies on the elevation beamwidth, which is proportional to the wavelength and length of the
antenna. The part of the swath nearest to the satellite’s nadir is called the near range, while the
part furthest from the satellite’s nadir is the far range. The incidence angle () of the satellite
represents the angle between the transmitted microwave beam and the nadir of the satellite and
this angle increases when the microwave beam moves from the near range to the far range. The
range from SAR satellite to a specific target is called the slant range (p) which is a function of
incidence angle and other factors such as topography. The antenna of the satellite is pointed

perpendicular to the velocity vector, which is also called the look direction.



Figure 2.1: Imaging radar geometry. Pulses are emitted at high frequency as the platform
moves along the velocity vector (Skolnik, 1990). The footprint of each pulse is indicated by
successive ellipse in the swath. The entire image is limited in range by the near and far range
limits, and in azimuth by the early and late azimuth times.

2.2.1.1 Spatial resolution of SAR systems

Spatial resolution in both range and azimuth direction represents the shortest distance between
two targets which can be distinguished as separate objects in the image (Curlander and
McDonough, 1991).

For range resolution, the two targets must be separated by a distance in slant range
greater than half the length of the pulse. Before transmission, the electromagnetic pulse is
Frequency Modulated (FM), which is called chirping. The electromagnetic pulse is then
transmitted and reflected from the targets on the earth’s surface; the reflected energy depends
on the geometric and dielectric properties of the imaged surface, such as roughness, plant
geometry and soil moisture (Ribbes et al., 1997). The SAR sensor then receives the echoes
from the electromagnetic pulse at different times, which are directly proportional to their ranges
(Skolnik, 1990). Chirping means that the received signal is filtered using a matched filter; in
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this case, the different frequency components of the signal are delayed separately so that they
all arrive at the same time. This is analogous to transmitting a short, high-powered pulse with
less energy. This is important because the shorter the pulse, the closer two targets can be and
still be resolved before their echoes begin to overlap (Woodhouse, 2006).

The azimuth resolution, on the other hand, describes the spatial resolution in the
azimuth direction. For two targets at the same range value to be distinguished in the azimuth
direction, they need to be separated by a distance greater than the azimuth beamwidth on the
ground. The resolution in the azimuth direction is dependent on the synthetic aperture of the
radar system. Due to the motion of the platform, the Doppler Effect causes a shift in the
frequency of the received signal. From the first moment of the beam striking the target, multiple
backscattered echoes from electromagnetic pulses are recorded until the time that the beam
leaves the target. In real aperture radar, the footprint of the beam on the ground is a few
kilometers in the azimuth direction. The synthetic aperture, on the other hand, involves
resolving the multiple returns from a single target into a single response which helps to reduce
the resolution in the azimuth direction to meters (Hanssen, 2001). This process of synthesizing
the returns is known as azimuth compression and is analogous to the matched filter (also called
range compression) that is utilized to enhance the range resolution. For more details, refer to
(Ulaby et al., 1982).

2.2.1.2 Geometrical distortion of SAR system

One result of the side looking nature of the SAR system (SLAR) is the geometrical distortion
that exhibits itself in three distinct ways; these are foreshortening, layover, and shadow, which
are all related to topographic relief features and linked directly to the operational parameters of

the SAR system, such as incidence angle and the antenna design (Woodhouse, 2006).

Foreshortening phenomenon occurs when the sides of the features such as hills face the
look direction which is illustrated in Figure 2.2 a. The return pulses from both the base of the
slope of point (A) and the summit of point (B) will arrive back to the sensor at the same times
because of the near equivalent slant range, regardless of the actual ground range distance

between them.

10



[

I

I

|

: II /{
| \ \ e

|

|

I

I

AT
'IA A
c n i B

(a) Foreshortening (b} Layover

(c) Shadow

Figure 2.2: (a) two different cases of foreshortening phenomenon. In case 1, Points A and B
appear much closer in SAR image than in reality, where the SAR sensor will receive echoes
from the points at similar times due to the similarity of the path lengths. In case 2, points C and
D cannot be distinguished in SAR image because they have the same path lengths which make
their echoes arrive at the same time. (b) SAR antenna will receive the echo from point B before
point A even though point B is further in ground range than point A. (c) terrain deep slope
blocks radar signal on side B.

Layover represents an extreme version of foreshortening which is illustrated in Figure
2.2.b. This phenomenon occurs when the slant range of the point (B) is smaller than the slant
range of point (A). Accordingly, the SAR antenna will receive the return signal from point (B)
before the return from point (A), and this will cause a wrong record in the range bin.

The last phenomenon which is called shadow is shown in Figure 2.2.c. This occurs
when the radar signal is unable to illuminate one side of the feature, and so occurs on very steep

back slope, resulting in a dark area in the radar image.
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2.2.1.3 Backscatter mechanisms

There are several factors that influence the signal being backscattered, such as the radar system
parameters (polarization, the wavelength of the transmitted pulse, incidence angle), soil
moisture and surface roughness (Ulaby et al., 1986). The latter represents the main factor
affecting the amount of the backscattered signal that is returned to the radar antenna. Figure

2.3 illustrates the effect of surface roughness on the response of the radar signal.

Smooth: no return

/MVVM\WWi<R
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Slightly Rough: slightly diffuse

N Borereren
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Moderately Rough: moderately diffuse

> A

Very Rough: Very diffuse

Figure 2.3: Different cases of surface roughness and impact on the backscattered signal.
Adapted from Farr (1993).

The roughness of the surface determines the reflection of the emitted radar signal which
can be either specular or diffuse. Specular reflection occurs when the emitted radar signal
reflects from smooth, mirror-like surfaces such as glass, water and metallic surfaces (Lillesand
et al., 2004), where the angle that the reflected signal creates with the normal is equal to the
angle that the incidence signal creates with the same normal. In this case, very little

backscattered signal returns to the antenna, resulting in low amplitude radar signal and black
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appearance on the radar image. Increasing surface roughness will increase the returned signal

to the antenna due to diffuse scattering.

Generally, the pixels that have a high amplitude on the radar image (bright appearance)
correspond to strong backscattered signal, mostly from urban areas (such as buildings, bridges)
and rocky terrains which act as natural reflectors (most of the emitted signal returned to the
antenna). The corner reflectors-like structures provide a stronger returned signal as the double-
bounced echoes arrive at the antenna with less degradation in the emitted signal, thus resulting
in bright pixels in the image. The low amplitude pixels (dark appearance), on the other hand,
correspond to low backscatterd signal, mostly from rural and vegetated areas, where most of

the transmitted radar signal is reflected away from the antenna.

2.2.2 Interferometric SAR

Radar images used in interferometry are single look complex images (SLC) with complex
arrays of pixels. Each pixel contains both amplitude and phase for each ground target. The
amplitude of the radar sensor is related to the brightness of the radar backscattered signal, where
the pixel with a strong backscatter signal is brighter than the pixel with the low backscattered
signal. The phase represents the sensor-to-target distance as well as the interaction mechanism
of the electromagnetic signal with radar targets. The sensor-to-target distance can always be
expressed as an integer number of cycles (wavelengths) plus a segment that is equal to a
fraction of a cycle (wavelength). The phase related to a sample of the radar signal presents just
this fraction of the cycle, which is typically known as modulo-2m with a value ranging from 0-
2. Since the radar pulse has a two-way travel path, the effective range sensitivity of the system
is equal to the half wavelength (effective wavelength) (Ferretti, 2014). Therefore, it is essential
to select an appropriate SAR system for specific application in relation to its wavelength
because the selected system will be less effective in measuring the phase changes exceeding
the effective wavelength.

A phase value of a single SAR image can be modelled as the sum of different

components:

e Phase contribution due to the range;
e Phase contribution due to scattering; and

e Phase contribution due to noise.
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The scattering component of the SAR image is a deterministic quantity, so it is
unpredictable. However, if two SAR acquisitions occurred under identical circumstances, then
their scattering components would be identical. In reality, the scattering components in SAR
images are often similar; under these conditions, the image can be considered as coherent
(Hanssen, 2001). The correlation level between two SAR acquisitions depends on the temporal
decorrelation, geometrical decorrelation (baseline geometry) and the determination of the
Doppler-centroid frequency. Also, the noise component is modeled as a Gaussian signal, and
most of it can be filtered effectively. Therefore, the phase difference between two SAR
acquisitions is mainly reliant on the difference in range (Zebker et al., 1994) without taking

into account the variations of atmospheric conditions and their impact on the phase.

Due to the differencing of the scattering component, the phase map of an individual
SAR image is not useful. However, valuable information could be extracted from successful
formation of an interferogram; the phase difference between two SAR images acquired at
different times (also known as repeat-pass INSAR). More precisely, the interferogram is
computed from multiplying the complex values of the first image (known as a master image)
by the complex conjugate of the second image of the time-series (known as a slave image)
(Ferretti, 2014). The phase difference ® between two SAR acquisitions can be considered of

as the sum of a number of contributions:

¢ = ¢Deformation + ¢T0pography + ¢Atmosphere + ¢0rbit + ¢N0ise Eq- 2.1
Where:

®peformation 1S the phase contribution related to the motion that occurred between two
SAR acquisitions dates;

ropograpny 1S the phase contribution related to the topographic features such as hills
and valleys;

@ atmosprere 1S Phase contribution related to the different of atmospheric effect between
the two SAR acquisitions;

dorpiz 1S the phase contribution related to the orbital error of the satellite; and

Pnoise 1S the phase contribution related to noise.

It is evident from the equation above (Eq. 2.1) that valuable information can be
extracted from the phase difference of two SAR images. Separating the individual components
from the others represents the primary task of INSAR processing (Hanssen, 2001), and this
method has been extremely evolved since its first initiation. This research is focused on
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extracting the deformation component after eliminating all other contributions, using Punnet

software.
2.2.3 InSAR errors and limitations

Although repeat-pass INSAR has been widely used to estimate the deformation of the earth’s
surface, the quality of estimation of the deformation can be reduced by several factors. These
factors can be categorized into three groups depending on the source of errors in INSAR; for
completeness, these are briefly described in this section. For more in-depth review, interested
readers can refer to, for example, Rodriguez and Martin (1992), Hanssen (2001), or Ferretti
(2014).

2.2.3.1 Ground-related errors

As discussed in the previous section, the scattering components within the resolution cell are
identical between two SAR acquisitions. Following this assumption, the reflectivity phase
related to the deformation that occurred between two SAR acquisitions is expected to cancel
out during the formation of the interferogram. However, this is not the case in real
interferograms, particularly in rural and vegetated areas where the scatterers are subject to
many changes over time such as, seasonal changes of the tree canopy, seasonal growth of
ground-level vegetation cover, etc, which cause decorrelation of the radar signal. The amount
of decorrelation varies between the objects, but usually, the maximum decorrelation occurs
over natural features such as trees and grasses, and it is a minimum over human-made features
such as buildings and roads. Since the decorrelation of the radar signal is related to the temporal
separation between two SAR acquisitions, some INSAR techniques such as Small Baseline
Subset (SBAS) (Berardino et al., 2002) and Intermittent Small Baseline Subset (ISBAS)
(Sowter et al., 2013) take advantage of using maximum temporal threshold during the
formation of interferograms to decrease the temporal decorrelation effect.

Furthermore, the change of the satellite position in each acquisition will affect the phase
difference due to the topographical features of the area, which will enhance the decorrelation
of interferograms. This can be eliminated by subtracting the simulated phase created using a
DEM and satellite orbit geometry from the original interferograms, which produces differential
interferograms. This process represents an essential step to correct the interferogram for
topography or baseline-related components. However, any inaccuracies in the DEM will be
propagated to the results. Therefore, to minimize the errors due to topography, SBAS and
ISBAS techniques form interferograms only for the pairs with small orbital baselines.
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Due to the side looking nature of the radar system, the returned signals from mountains
or urban areas with tall buildings are subjected to geometrical distortion as explained in Section
2.2.1.2. In InSAR, the areas having geometrical distortion can be identified using a DEM and
satellite orbital geometry and then can be masked out in the final deformation map.

2.2.3.2 Satellite-related errors

Another source of error described in EqQ. 2.1 is due to different positions of the satellite in the
time of SAR acquisitions, which is termed as a geometrical baseline. In the presence of the
geometrical baseline, linear phase components are shown in the interferogram, particularly in
the range direction. These effects are proportional to the normal baseline and appear even on
flat terrain with no surface deformation. The large baseline also creates a geometrical

decorrelation; therefore, it should be avoided to get a reliable estimation of the deformation.
2.2.3.3 Atmospheric-related errors

According to different studies (Zebker et al., 1997; Hanssen, 1998; Massonnet and Feigl,
1998), INSAR images exhibit irregular artefacts due to the spatial and temporal atmospheric
inhomogeneity across the scene. The contributions of the atmosphere to phase represent the
dominant sources of errors in INSAR phases. These artefacts cause a signal delay as radar waves
travel through areas of atmospheric water vapour (Onn and Zebker, 2006). The atmospheric
phase signal is believed to vary gradually over space and is assumed to be uncorrelated among
the time-series of SAR images (Lyons and Sandwell, 2003). Therefore, the atmospheric
anomalies are expected to be correlated in space but randomly through the time-series
(Kampes, 2006).

In general, the phases contributions due to atmospheric effects are mostly due to the
water vapor in the tropospheric layer and can be categorized into two types (Hanssen, 2001).
The first type of atmospheric error is due to turbulent mixing in the atmosphere, which is
uncorrelated spatially. This effect results from the behavior of water vapour in the troposphere,
and the resulting phase delay is independent of the frequency of the SAR system. The vertical
changes in the stratification of the troposphere layer represent the second type of atmospheric
error and are believed to be highly correlated with topography.

2.3 Punnet software

In this research, the INSAR processing has been carried out using the Punnet software. This in-

house software has been developed using the Matlab program by Nottingham Geospatial
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institute, University of Nottingham. Punnet software utilizes the Intermittent Small Baseline
Subset (ISBAS) algorithm (Sowter et al., 2013; Bateson et al., 2015) which is suitable to
monitor the deformation for low coherence, wide area coverage with a range of different land
cover classes such as grassland, forest and agriculture cover (Cigna et al., 2014; Sowter et al.,
2016; Cigna and Sowter, 2017). In general, the processing chain of the ISBAS algorithm is
similar in structure to the Small Baseline Subset algorithm (Berardino et al., 2002) but it has a
slightly different approach to identifying the pixels for the final velocity map, the main
difference being to relax the threshold value by permitting the intermittent coherence pixels
over all interferograms. Punnet software can use single look complex (SLC) data format from

most of the radar sensors illustrated in Table 2.1.

Depending on the acquisition modes of SAR sensors, the standard processing of the
Punnet software can be categorized into two subsets; first, the ISBAS processing chain for
Sentinel-1 dataset and second, the processing chain for the standard SLC datasets. Figure 2.4
illustrates the processing scheme of Punnet software and the differences between the two
subsets, where Sentinel-1 data need additional processing such as the debursting and merging
step, which is done prior to the image coregistration and resampling, then the use of a known

de-ramping function for coregistration and resampling (Sowter et al., 2016).

2.3.1 ISBAS linear processing chain
2.3.1.1 Debursting and merging for Sentinel 1 IW SLC product

Sentinel-1 represents the first of a family of satellites developed by the European Space Agency
(ESA) and the European Commission (EC) for the operational demands of the Copernicus
programme, designed to provide information to improve the environmental legislation and
policies and to monitor the impact of climate change on the earth surface

(http://www.copernicus.eu/). The Sentinel-1 mission includes two satellites: Sentinel 1A which

launched in April 2014; and Sentinel 1B which launched in early 2016. Both satellites are
equipped with C-band instruments operating at 5.405GHz and are placed in a near-polar, sun
synchronous orbit at an altitude of about 693km. The repeat cycle for a single satellite is 12

days. However, it was decreased to 6 days when the second satellite launched into orbit.

In this research, Sentinel 1 IW SLC product is used in addition to ERS and ENVISAT
products, where the basic specifications of the satellite are shown in Table 2.2.
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Table 2.2: Properties of three radar sensors used in this research

ERS1/2 C-Band 20.1°-25.9° W 100 km
(5.6 cm wavelength)
ENVISAT C-Band 15°-45° VV+HH+HV+VH 100 km
(5.6 cm wavelength)
Sentinel 1 C-Band 29°-46° VV+HH+HV+VH 250 km
(5.6 cm wavelength)
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Figure 2.4: Processing scheme of Punnet software. (a) ISBAS processing chain for Sentinel 1
product. (b) ISBAS processing chain for the standard SLC products. Note that Sentinel 1
product needs additional processing, such as debursting and merging before the coregistration
process and using the known de-ramping function for resampling process. Other processing
steps are the same for all products. This Figure is adapted from Sowter et al. (2016).
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Sentinel-1 level-1 IW SLC product is provided with three individual sub-swaths, each
one contains a series of bursts and each burst is processed as a single SLC image and included

into the sub-swath, in Azimuth time order, with black fill demarcation in between (Figure 2.5).

To generate a wide-area product from the three separated sub-swaths of IW SLC

product, two processes should be applied in order (ESA, 2013):

e Debursting: This process concatenates the separate bursts from one sub-swath into a
single deburst sub-swath where the spacing in the azimuth line is constant from the start
to the end and the black-line demarcation between subsequent bursts is non-existent.

e Merging: After applying the debursting process to each of the three sub-swaths (IW1,
IW2 and IW3), the mosaic process should be applied for the sub-swaths to generate a
single wide-swath product where the range column spacing is constant from near to the

far end, and the sub-swaths are aligned in azimuth.

e |

(a) (b) (c)

Figure 2.5: Debursting and merging processes for Sentinel 1 IW product. (a) represents the
bursts arrangement in the sub-swath of IW product. (b) Shows the structure of the bursts and
the overlaps between the bursts and sub-swaths. And (c) illustrates the mosaic process for
the three sub-swaths with three bursts in each. Adapted from Sowter et al. (2016).

2.3.1.2 Coregistration and resampling for Sentinel 1 and standard SLC products

The coregistration process is the first step in the processing of INSAR data sets. As the two
images in a single data set, ‘master’ and ‘slave,” have been acquired from slightly different
orbits, the scattering features of the images might be of a different area on the ground.
Therefore, this process aims to transform all SAR images in the data set (slave images) to a
common slant-range coordinate system (master image) so that all images have the same

coordinate system which is the master coordinate system. Figure 2.6 shows the differences in
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the geometry between master and slave images that should be accounted for in the

coregistration process between the two images.

(0,0) Azimuth (0,0)
[F) (5]
&n &n
g g
[ [
| Master

Figure 2.6: Geometry differences between ‘master’ and ‘slave’ image. Where these images
have acquired from slightly different orbits and any small differences between them may be
present. The most common differences are orbit skewing and a shift in both azimuth and range
direction. Adapted from Ferretti et al. (2007).

For interferometry, the coregistration and resampling process should be performed with
an accuracy on the order of one tenth of a pixel or better (Just and Bamler, 1994). For Sentinel-
1 IW SLC data, any imprecision of fewer than one thousands of a pixel in the coregistration
process may cause obvious phase ramps on separated bursts (De Zan et al., 2014). This is
difficult to obtain through typical convolution methods, however, with the spectral diversity
technique (Scheiber and Moreira, 2000), higher levels of accuracy might be obtained as
performed in some studies (such as Lanari et al., 2015; Wegnuller et al., 2016). Nevertheless,
the spectral diversity technique is not implemented in ISBAS processing due to the more
intensive computational requirements than imposed by the simple correlation methods that are
used for stripmap products (Sowter et al., 2016). The coregistration and resampling method
should be done based on a pixel by pixel approach and, in this research, the process can be

summarized as follows:

e Coarse coregistration: This process coregisters both master and slave images based
on their known acquisition geometry. This process starts with identifying a list of
testing candidate points at a regular 50X50 grid in the master image, then any points
without elevation information such as water bodies are rejected. In the corresponding

slave image, the location of those points can be identified depending on the known
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acquisition geometry such as DEM and precise orbits. Then polynomial coefficients are
determined from the offset of those points between two images.

e Fine coregistration: With the fine co-registration, both images (master and slave)
should aligne to sub-pixel accuracy. This can be implemented using either amplitude
cross-correlation method, which used in this software, or fringe contrast method. For
the amplitude cross-correlation method, the amplitude data are extracted for a small
region surrounding the candidate points for both master and slave images. The initial
locations of those points in the slave image is determined from coarse coregistration.
Then sub-pixel image co-registration is applied using a cross-correlation technique
(Guizar-Sicairos et al., 2008). It should be noted that this method can easily apply to
wide baselines with less computational cost than the fringe contrast method; however,
it has a coarser accuracy (Ferretti et al., 2007).

e Resampling: The final step is to resample the slave image data onto the master
coordinate system using the calculated co-registration parameters. This process can be
approximated by two one-dimensional steps, i.e., along the range and then along the
azimuth. This process is usually done using bilinear or bicubic methods. The latter
method is adopted by the Punnet software. For Sentinel-1 IW SLC products, a rapid
change of the phase in azimuth direction may cause some difficulties in the resampling
process due to the ambiguity of the phase difference between adjacent pixels. This
effect is well-known, and it can be resolved by first subtracting a simulation of the
rapidly-varying phase in the azimuth direction (deramping), which is a known function
for Sentinel-1 data (Miranda, 2015), then resampling the remainder phase and finally
applying a re-ramping process which is adding back the simulated phase.

After completion of the coregistration and resampling process for the INSAR data set,
the average amplitude map is then created from all separated amplitude data in the stack.
Figure 2.7 illustrates an example of average amplitude maps over the Flow Country in Scotland
using two different INSAR products (ERS and Sentinel-1). Brighter pixels correspond to urban
areas with the high signal return, and darker pixels correspond to rural and vegetated areas with

the low signal return due to the low coherence over these areas.
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(a) (b)

Figure 2.7: Average amplitude maps of North East of Scotland (Flow Country). Bright pixels
correspond to urban areas (high radar return), and dark pixel correspond rural and vegetated
areas (low radar return) due to the low coherence. (a) the output map from ERS 1/2 data set.
(b) the output from the Sentinel-1 dataset.

2.3.1.3 Generation of the differential interferogram

The complex value of a SAR image used in interferometry (z) can be represented by a real in-
phase component and an imaginary quadrature, which are related to the amplitude (A) and (@)
information (Hanssen, 2001). Where both Z,, and Z; represent the complex value for master

and slave image such as follows:
Zp = Ay, .07 %m

ZS = AS .ej Q)S Eq 22
An interferogram (I) is then formed between master and slave images by multiplying
the complex value from the master with complex conjugate from the slave. This process results

in multiplying the amplitude values and differencing the phases.

I =7,72% = ApAge@m=0s) Eq.2.3
A differential interferogram is then generated by subtracting the simulated phase, which
is synthesized from the precise orbit of the satellite and a digital elevation model (DEM), from

the interferogram. This process is also known as interferogram flattening.
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Both Persistent Scatterer Interferometry (PSI) and Small Baseline Subset (SBAS) have
the same principles in the generation of differential interferograms; however, the selection of
the image pairs between those two techniques is different. With the PSI technique, the pairs of
differential interferograms are only formed depending on a single master image (Ferretti et al.,
2001), to distribute the errors associated with the master equally over all interferograms, where
the number of the generated interferograms is equal to the number of images-1. This feature of
PSI could help to provide a high accuracy map for full scene processing; however, it needs a
big stack of images to provide reliable results (Ferretti et al., 2007). On the other hand, the
SBAS technique outlined by Berardino et al. (2002) is a multiple master technique, which
generates interferograms from all possible combinations between SAR images that meet
specific criteria (threshold values). In contrast to PSI, this technique models the errors by

utilizing the phase information from many interferograms.

The ISBAS algorithm is modified based on the SBAS technique (multiple master
technique), which forms maximum possible combinations of differential interferograms
depending on two parameters: (1) orbital baseline (perpendicular baseline) and (2) temporal
baseline between the image pairs. Increasing the threshold values for both perpendicular and
temporal baselines will increase the number of the possible pair combinations (interferograms).
However, this will affect the quality of the formed interferograms. Therefore, careful thought
should be given to the selection of the threshold values. For orbital baseline threshold,
decreasing the threshold value will minimize the phase error due to topography but will
decrease the number of the produced interferograms. According to Hanssen (2001), the altitude
of ambiguity h,, represents the phase sensitivity due to local topography, which identifies the

change in height needed to increase the phase by 27 in the multi-pass interferogram.

hy, =2, Imosiné Eq. 2.4

2 Bn

Eq. 2.4 explains the relationship between the altitude of ambiguity and the orbital
baseline, B, i.e., increasing normal baseline B,, will decrease the altitude of ambiguity h,,
where the phase will be more sensitive to the height change. Similarly, increasing the
wavelength of the radar, A, incidence angle 8 and the distance between the satellite and the
target 7,0 Will increase the altitude of ambiguity, which will decrease the sensitivity to the
height change. In the case of ERS, the optimum orbital baseline with high signal to noise ratio
is about 300-400 m suggested by Ferretti et al. (2007). In this study, the orbital baseline
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threshold for processing ERS and ENVISAT data sets is set to be 250 m, and for Sentinel 1
data set is 200 m.

For the temporal baseline threshold, the selection of an appropriate threshold value
depends on the rate of deformation and the scatterer’s characteristics over the study area. A
short temporal baseline threshold should be used if the area is facing rapid deformation to avoid
the ambiguity in the phase and fast scatterers changed to eliminate the decorrelation between
the INSAR images, which affects the quality of the generated differential interferograms.
Although the rate of deformation over peatland areas is expected to be high, the maximum
temporal baseline for both ERS and ENVISAT data sets is configured to be four years due to
the gaps in the archived data and long revisit cycle of 35 days. In contrast, for Sentinel-1 data
sets, different temporal baselines have been examined, owing to the regular observations and
short revisit cycle.

The final stage in the generation of differential interferograms is the multi-looking
process. This process is used to decrease the noise in the resulting interferograms. For ERS and
ENVISAT data, the interferograms were multi-looked using a window size of 4X20 (range X
azimuth) to provide final pixel dimension of approximately 100X100m in ground range
resolution, and for Sentinel-1, the multi-look window is set to 22X5 pixels, resulting to about

80X70m in ground range.

The final interferogram is a two-dimensional array, where each pixel contains the phase
difference in the complex domain. It is presented as an image with a series of fringes, and each
fringe corresponds to half a radar wavelength A (2.8 cm for ERS, ENVISAT and Sentinel-1).

2.3.1.4 Estimation of coherence maps

Coherence maps are used to assess the reliability of the phase (Zebker and Villasenor, 1992).
These maps are very useful by products of INSAR and provide valuable information about the
quality of the formed interferograms by measuring the phase correlation between the images.
According to Ferretti et al. (2007), the noise level in each interferogram depends on the signal-
to-noise ratio (SNR); the latter is usually expressed in terms of similarity between the master
and slave images (i.e., the higher the SNR, the more similarity in the reflectivity values between
the images). In this study, the degree of similarity (coherence) is calculated using the

normalized cross-correlation coefficient.

E[ZmZs]

Ye = FEQzmmeazr V¢ Eq. 2.5
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where v, is the coherence between master (Z,,,) and slave (Z;) images and it ranges from 0 to
1; 0 means very poor or lack correlation between the images and 1 means a perfect correlation.
E[.] is the expectation operator which represents averaging over the multi-looking window.
The size of the multi-looking window is the same for those used to generate differential
interferograms (i.e. 4X20 pixels (range X azimuth) for ERS and ENVISAT datasets, and 22X5
pixels for Sentinel-1 dataset). After estimating the coherence map for each differential
interferogram, the average coherence map is formed from all image pairs in the data set. Figure
2.8 shows examples of average coherence map over Venice Lagoon (Italy) using ENVISAT

dataset. As expected, urban structures exhibit higher coherence than rural and vegetated areas.

After estimation of the average coherence map, the selection of ISBAS points to
generate the final deformation map is made depending on the number of layers used to get an
average coherence value of more than 0.25. Urban areas generally have high coherence in all
layers and the coherence decreases in rural and vegetated areas. The points that have fewer
layers than the threshold value (usually in rural and vegetated areas) will be rejected.
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Figure 2.8: The average coherence map from the ENVISAT dataset with the statistical
information of SBAS points for reference point selection. Here, the selection of the reference
point for phase unwrapping is based on narrowing down the SBAS points using the red
dashed arrows (the point that has average coherence more than 0.25 and standard deviation

for all interferograms less than 1.75.

2.3.1.5 Selection of the reference point
The selection of the reference point for the phase unwrapping process is extremely important
because the wrong selection will not only cause an offset in the estimation of the deformation

but will also contribute to the phase unwrapping error. For most InSAR studies, this point is
usually selected in a stable area with prior knowledge about the geological setting in that area.

In the case of no knowledge about the subsidence history for the processed scene, the selection

of this point will be problematic. Therefore, in this study the reference point is selected based

on two criteria:

e The subsidence history over the area of interest (if it is available).
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e The reference point should have high coherence in all layers (SBAS point) and exhibit

stable phase behavior across the differential interferograms.

Therefore, from the statistical information of the SBAS points (Figure 2.8), the SBAS
point candidates for the reference point can be narrowed down by selecting points that only
have a standard deviation in all differential interferograms of less than 1.75. The reference
point is then selected manually from those SBAS point candidates considering the location of

the points, (i.e., the stability of the area, if it is available) and their statistical results.
2.3.1.6 Phase unwrapping

As explained in Section 2.2.2, the interferometric phase is known as modulo- 27. This means
that only part of the phase is recorded which is the fractional part of the cycle (wavelength)
without any information on the number of the entire cycles (wavelengths) that precede it.
Figure 2.9 illustrates this idea, where the recorded phase represents the red color, however, no
information is recorded regarding the whole number of the cycles N that comes before it, which
is known as the phase ambiguity. To make the interferometric phase more useful in different
applications such as topographic mapping and positioning, it is important to relate the phase of
the pixel in one differential interferogram to another. This requires reconstruction of the phase
such that it is all relative to a reference point in a particular interferogram. This process is called
phase unwrapping and the selected reference point, as explained in the previous section, will

be common across all interferograms.
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Figure 2.9: The ambiguity of the phase, where the red color represents the recorded phase
@, without any information on the number of the whole cycles (wavelengths N.) Adapted
from Warren (2007).

Generally, the phase unwrapping process is based on the hypothesis that the phase
gradient between neighboring pixels varies smoothly within 2 intervals. More accurately, the
phase values of the adjacent pixels are expected to be varied within a one-half cycle (i) of one
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another (Ferretti, 2014). This assumption is valid for the noiseless phase which is sampled
sufficiently (i.e., adjacent pixels are less than (7r)). However, the presence of the discontinuity
in the phase due to noise and/or fast phase variations caused by rapid deformation (Hanssen,
2001) prevents using the straightforward procedure, which is the phase differences starting

from a reference point.

Since INSAR became an active field of research, different algorithms for the phase
unwrapping process have been developed such as least square algorithm (Ghiglia and Romero,
1994; Fornaro et al., 1996a; Fornaro et al., 1996b; Ghiglia and Romero, 1996), minimal cost
flow algorithm (Costantini, 1998; Chen and Zebker, 2000; Chen and Zebker, 2001) and
residue-cut algorithm (Goldstein et al., 1988; Ching et al., 1992). For more in-depth review,

interested readers can review the references provided above.

In this research, the Punnet software used the Statistical-cost Network-flow Algorithm
for Phase Unwrapping (SNAPHU) program outlined by Chen and Zebker (2002) to
individually unwrap the coherent pixels within each differential interferogram. For the phase
unwrapping process, the differential interferograms and their respective coherence maps have
been used as input files. The latter is used as a weight to specify the areas with a high noise
level that will discredit the underlying assumption of smooth variation for the phase gradient.
For the same reason, prior to the process, the nearest neighbor interpolation has been applied
to all coherence points in the differential interferograms. It is difficult to assess the reliability
of the unwrapped phase, but a strong assumption can be made about it depending on the data
behavior. The phase unwrapping for longer radar wavelengths such as L band is expected to
be more reliable and robust due to the higher signal to noise ratio (SNR) and smoother variation

of the phase values (Hanssen, 2001).

Although the unwrapped phase value contains the linear phase component due to
different satellite geometry during each acquisition, this effect is easy to model and mitigate as
it is proportional to the perpendicular baseline (normal baseline). Punnet software uses a
bilinear least square method based on the phase of the coherence points to estimate and remove
the baseline error. Then the corrected unwrapped phase for each coherent point is stored for

latter processing.
2.3.1.7 Stacking

After the unwrapping process, the phase of the coherent points in each differential
interferogram represents the deformation relative to the selected reference point. Several
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factors affect the phase and cause changes in the position such as atmospheric delay, DEM
errors, geometrical and temporal decorrelation between the satellite passes. Therefore, several
stacking techniques have been developed to overcome these limitations and to produce the
deformation map from multiple differential interferograms, such as Persistent Scatterer
Interferometry (PSI) (Kampes, 2005; Kampes, 2006), Permanent Scatterer INSAR (PSINSAR)
(Ferretti et al., 2001), Interferometric Point Target (IPTA) (Werner et al., 2003), Persistence
Scatterer pairs (PSP) (Costantini et al., 2008), SqueeSAR (Ferretti et al., 2011), and Stanford
Method for Persistant Scatterers (StaMPS) (Hooper et al., 2004; Hooper, 2008). For a more in-

depth review, interested readers can refer to Osmanoglu et al. (2016).

In this study, the ISBAS algorithm (Sowter et al., 2013) has been used to produce the
deformation map from multiple-differential interferograms. This algorithm appears to be well
suited for low resolution and wide area deformation monitoring over different land cover
classes such as grassland, forest and agriculture areas (Cigna et al., 2014; Sowter et al., 2016;
Cigna and Sowter, 2017). It represents a modified version of the SBAS technique (Berardino
et al., 2002) with a slightly different approach to identifying the intermittent coherent points in
INSAR time-series.

2.3.1.8 Estimation of the linear deformation

The ISBAS DInSAR time-series analysis is started with the estimation of the linear velocity
and DEM error for each coherent point. These two components are calculated using the least-
square regression analysis of N unwrapped phases. The unwrapped phase of each coherent
point contains the contribution from the deformation, which is linear with time, and DEM error,
which is proportional to the perpendicular baseline. In this stage, the atmospheric effect is
considered to be zero due to the assumption that this layer is propagated randomly across the
whole unwrapped differential interferograms. Eq. 2.6 illustrates the possibility of estimation
of the linear deformation and DEM error for each ISBAS coherent point using the least-square

method.

Y.y oA Bpem
(tm = ts) V4L §h 4 ¢ Eq. 2.6

4T

A(Z)m,s = Py

Where,
e AQ,, ; represents the unwrapped phase for each coherent point.
o 47” is a unit transformation from cycle to meter considering two-way travel path.

o (t, — ts) isthe temporal separation between master and slave images.
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(%'Sh ) represents the relationship between the DEM error §h, perpendicular

baseline B"/

perp» SENSON to target distance R, and incidence angle 6.

e c¢isthenoise.
2.3.2 ISBAS non-linear processing chain

The estimation of the linear velocity from DINSAR as discussed in the previous sections
provides important information about the deformation of the earth's surface on a dense grid.
However, the field of interest for the scientific community is now gradually moving toward the
study of the temporal behavior of the detected deformations, which can be done by the
generation of a time-series that allows the evolution of the detected phenomena to be followed.
The non-linear processing chain of Punnet software is utilized in this study to retrieve such
information by using Singular value decomposition (SVD) to link independent SAR
acquisitions separated by large baselines. This algorithm is similar to the one outlined by
Berardino et al. (2002). Figure 2.10 illustrates the scheme of the non-linear processing chain.

The non-linear processing is continued from the linear processing. To estimate the non-
linear deformation, first, the linear phase model which considers the deformation and the DEM
error has to be calculated. Then these two components (linear deformation and DEM error)
have to be subtracted from the differential phases over the set of coherent points to obtain the
phase residuals. These residuals are considered to contain the phase components due to the

non-linear motion, atmosphere and noise.

At this stage, the phase unwrapping of N differential interferograms on the residuals is
performed and the deformation components added back. For each coherent point, a system of
N equations of known unwrapped differential phases in time, unknown phase values associated
with the deformation of the considered point at each acquisition time. Therefore, to reduce the
presence of large discontinuities in the results obtained, the phase velocity between time-
adjacent images can be used and inverted via SVD to retrieve a minimum-norm least square
solution. Then the phase of each coherent point at each acquisition time is derived. A cascade
of a high pass filter in the time domain and a low pass filter in the spatial domain is used to
retrieve and remove the atmospheric phase components. Finally, the estimated phase at each
satellite acquisition for each coherent point is transformed to deformation by multiplying by

A/4m and then the coherent points are geocoded to map geometry.
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Figure 2.10: The diagram of the non-linear processing chain. Figure adapted from Berardino
et al. (2002)

2.4 Singular Spectrum Analysis (SSA) overview

SSA is a novel and robust method designed to extract the useful information from short and
noisy time-series, which helps to analyze the unknown or partially known system dynamics
that generated the time-series (Broomhead and King, 1986; Vautard and Ghil, 1989; Ghil et
al., 2002). SSA has been successfully applied to a number of different fields such as economics,
biomedical signal processing, earth science observations and image processing, for example
(Golyandina et al., 2001; Ghodsi et al., 2010) and the references therein. This method is very
useful to solve many problems — for example, finding the trends of the series, extracting
complex seasonal patterns, extracting periodicities with varying amplitude and finding the
structure of short time-series. SSA is a non-parametric method and the main advantage of this
method is that it can be applied without making any assumptions such as normality of the data
(Golyandina et al., 2001). It permits one to make the decomposition of the time-series into their
constituent of independent and interpretable components: trend, oscillatory components and
noise. Then, it reconstructs the time-series using the computed trend and oscillatory

components.

SSA method can be used for a single time-series or jointly to multiple series, where the
latter is referred to as Multivariate SSA (MSSA). In the same way as a parametric method, two
or more time-series may be related; in MSSA, this relation is represented by matching
components of multiple time-series. MSSA has been successfully applied to many studies and
the interested reader is referred to Hassani et al. (2013) and the references therein.
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The commencement of SSA is usually associated with the publications of papers such
as those by Broomhead and King (1986), Vautard and Ghil (1989), Vautard et al. (1992) and
Allen and Smith (1996). A detailed description of the theoretical and practical foundation of
this technique can be found in Golyandina et al. (2001).

The concept of the SSA method is first to embed the sampled time-series into a
sufficiently high dimensional time delayed space and then to find a new orthonormal system
which detects the most variance of the time-series using a few components only. This new
linear system is specified by principle component analysis. This means that this method linearly
decomposes the time-series into a new orthogonal system, which is given as the principle
components in a time delayed embedding of the time-series. In relation to a classical Fourier
decomposition, the new system is not bounded any more to sine and cosine functions, but it
contains data-adaptive functions (Allen and Smith, 1996). As a result, the oscillations detected
by SSA method may show the amplitude and /or phase modulation. Such flexibility acts as a

remarkable feature when dealing with the complex dynamical system.

One of the aims of this research is to investigate the feasibility of SSA techniques such
as univariate and multivariate SSA to determine the variations of surface motion over the
complex dynamical system represented by peatlands within differential interferometric SAR
(DINSAR) time-series. Therefore, in the sections below, a short introduction to the
methodology of SSA is presented with a brief description of using SSA-based methods to fill
the gaps in the recorded time-series.

2.4.1 Univariate SSA
The univariate SSA processing can be described in three main steps:
e Embedding of the sampled time-series

The first step of SSA is to embed the sampled time-series (Vautard and Ghil, 1989) to
a vector space of dimension M (M represents an integer value and it ranges 1 <M < N ) to

transfer the one-dimensional time-series into a multidimensional matrix X (trajectory matrix):

x(1) x(2) o X(M)
X(2) X(3) o X(M +1)
x - : : . :
X(N-M+1) X(N-M+2) --- x(N)

Eq. 2.7
e Computation of the lag-covariance matrix C
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The M x M lag-covariance matrix Cyx can be estimated from the trajectory matrix X
(Vautard and Ghil, 1989) as a Toeplitz matrix with constant diagonals, where the entries of this

matrix (C;;) are dependent only on the lag |i — j] :

1 N i~ jl o
Cj=—" D XA)X(t+]i-j) Eq. 2.8

N_||_J| t=1
The eigenelements (eigenvalues A, and eigenvectors p;: k=1,...... M) of the

covariance matrix Cy are then obtained by solving

CxPr = ArPx Eqg. 2.9
Each eigenvalue A, provides the partial variance in the direction of p, of the original

time-series X (t):

Ak
ZI}\(/I=1 Ak

The M eigenvalues A, of the covariance matrix Cy are determined and arranged in

PV (k) = Eq. 2.10

descending order. By plotting them, one can often recognize an initial plateau that consists of
most of the true signal separated by a steep slope from the noise, which is characterized by low
values that shape a flat floor (Vautard and Ghil, 1989; Ghil et al., 2002).

As the lag covariance matrix Cx is symmetric, the spectral decomposition will be
performed efficiently if the window width M is not too large. The selection of M represents a
trade-off between the quantity of the extracted information versus the degree of statistical
confidence in that information. Where the former needs as large a window width as possible
(large M), the latter needs more repetitions of the features of interest, i.e., as large a ratio of
N /M as possible (Ghil et al., 2002).

e Reconstruction of the original time series

The final step is the projecting of the time-series onto each eigenvector p, which

provides the corresponding principal components (PCS), Ay:

A =X X+ = 1) pe() Eqg. 2.11

The power spectrum of the time-series x(t) is equal to the sum of the power spectrum
of all the PCS, which makes it possible to study the spectral contribution from the different
components. Then, part of the time-series can be reconstructed by using a single PC or by

combining several PCS
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1 . .
?Zke%Z?:lAk(t_]-l'l)pk(])' 1<t<M-1
1 . . !
Ryc(£) = { - Zker Xje1 At — j + Dpi (), M<t<N Eq.2.12
1 . . ]
( —N_Hleeac Zy:t—N+MAk(t —j+Dpe(), N +1<t<N

where R4 (t) series of the length N represents the reconstructed components (RCS). It should
be noted that during the reconstruction process, there is no loosing of the signal information

because the sum of all RCS returns back to the original time series.
2.4.2 Multivariate SSA (MSSA)

MSSA represents an extension of univariate SSA (Broomhead and King, 1986; Broomhead
and King, 1986b; Ghil et al., 2002) which was firstly proposed in the context of non-linear
dynamics by Broomhead and King (1986b). This approach analyses a set of multi-channels of
time-series with the goal of specifying and extracting the dominant spatiotemporal structures
of the underlying stochastic process. MSSA in particular extracts the oscillatory patterns
common to most time-series in the data set, i.e., the real periodicities to the most channels.

As the MSSA method is a natural extension of SSA, it includes two processing steps:
decomposition and reconstruction. The first step of MSSA is the embedding process. For L-
channel time-series with N data points given at equally spaced intervals, the window of size M

can move through every single observation for each time-series:

X;():l=1,.....L, t=1,.....,N} Eqg. 2.13
In this process, the trajectory matrix for each time-series has determined (Broomhead
and King, 1986; Broomhead and King, 1986b; Allen and Smith, 1996; Ghil et al., 2002).

X (1) X(2) - Xi(M)
B X,(2) X3 .. XM+ 1)\‘
£ = : : ; Eq.2.14
X,(N' = 1) : w Xy (N—=1)
X(N)  X(N'+1) .. X(N)

For individual time-series, the dimension of the trajectory matrix is N’ X M, where

(N’=N-M+1). The trajectory matrix D of multi-channel time-series can be defined as follows:

5 = ()?1’)?2')?3""""’)?L) Eq 215
The full trajectory matrix has L.M columns of length N-M+1. From this matrix, the

grand lag covariance matrix can be calculated:
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Then the LMXLM grand covariance matrix of the L-channel time-series € contains all

auto-covariances C;; and cross-covariancesC, i,

Cy = %Xf)?l, Eq. 2.17
The second step is to diagonalize the grand lag-covariance matrix to obtain the
eigenvectors E* which is also called Empirical Orthogonal function (EOFs) and eigenvalues

Ay by formula:

A=ECE Eqg. 2.18

where A is the matrix contain eigenvalues 4, and E is the eigenvectors matrix EX.

The eigenpairs (4, E¥) then should be stored in descending order of the eigenvalues.
Using the obtained eigenvectors, the k-th principal components (PCs) which represent a single

channel time-series are then calculated (Ghil et al., 2002):

Ak =X Y X (t 4+ — DEF() 1<k<M Eq. 2.19

where t varies from1toN' =N —M + 1.

The principal components (PCs) are the projection of the original time-series into

eigenvectors.

The MSSA method is an extension of classical of principal components analysis (PCA);
however, both of them are different. For PCA, the window size M=1 and the covariance matrix
is simply a spatial function of data. In MSSA on the other hand, the covariance matrix is
enhanced by the time-lagged (Kim and Wu, 1999). The main features of MSSA method over
PCA is that the capability to specify the time oscillatory behavior due to the oscillatory pairs.

As in the case of univariate SSA, there is a possibility to reconstruct the detected mode
for each channel in MSSA from previously calculated PCs and EOFs, but the reconstruction
components RCs may differ from one channel to another:

RE(E) = — %08, Ay (t—j + DEL() 1<k<M1l<t<lL Eq. 2.20
t
Thus, we can investigate how that particular MSSA-mode affects each time-series.

Furthermore, a single oscillation can be significant for all channels time-series even if the

35



fraction of the variance is not the same in all channels, which means that this oscillation is more
energetic rather than the others. Therefore, the MSSA method helps to investigate the
spatiotemporal behavior of each channel concerning the others, rather than the evolution of the

global process only.

For a dataset with many spatial channels L and large temporal window M as in this
research, it is better to select a reduced covariance matrix C® with M = N’ = N/2 to
maximize the spectral resolution. So wheneverN’ < LM, consequently C® is smaller than €
and the latter has a null space of dimension LM — N'. The eigenvectors of C that lie outside
this null space are identical to eigenvectors of C®). Therefore, in this case, it is more efficient
in MSSA to use the reduced covariance matrix N'X N’, rather than the LM X LM covariance
matrix.

cR=2L1xxt Eq.2.21
LM

2.4.3 Monte Carlo SSA (MC-SSA)

The important step in SSA is the discrimination of the significant signal from the noise (Ghil
etal., 2002). In the case that the signal to noise ratio is low or the noise in the data is not merely
white, the traditional method to extract the signal from noisy time-series that is based on
specifying the gap in the spectrum between the eigenvalues becomes problematic. Therefore,
an alternative approach based on the Monte-Carlo technique has been proposed (Vautard et al.,
1992).

The MC-SSA method outlined by Allen and Smith (1996) provides the statistical
significance for the extracted spectral components through testing the original data against red

noise (the autoregressive process of order 1 (AR(1)) as a null-hypothesis as follows:

X (t) =a,[X (t—1) - X, ]+ o&(t) + X, Eq. 2.22

X, represents the mean process, both a,, and o are the constant coefficient and ¢ is a white

noise Gaussian-distribution with zero mean and unit variance.

To distinguish the signal from the noise using MC-SSA first is to estimate the red noise
coefficients a;, and o by using maximum-likelihood criterion. Then, an ensemble of simulated
red noise data is generated and, for each realization, a covariance matrix Cy is calculated and

projected onto eigenvectors E, such as follow:
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Ag = ELCRE, Eq.2.23

The matrix Agis not necessarily diagonal. Instead, it measures the resemblance of the
generated surrogate set with the original data by calculating the statistical distribution of its
diagonal elements. From these distributions, the confidence intervals outside which the time-

series can be considered significantly different from red noise can be obtained.

Care needs to be taken when considering the interpretation of MC-SSA error bars, since
the estimate of the dominant frequency may be ambiguous or uncertain due to the possible
deviation of the EOFs from being a harmonic oscillator (anharmonicity), particularly for low

frequencies.
2.4.4 Iterative gap filling using SSA

Time-series input data for SSA must be equally spaced in the time domain. However, despite
the regular revisit cycle for SAR satellites, for example (35 days for ERS1/2 and ENVISAT,
12 days for Sentinel 1, and 11 days for TerraSAR-X), some SAR images are missing or
excluded during the processing due to different reasons such as technical problems on the SAR
satellite or on its communication system, and/or large baselines of the generated
interferograms. As a result, the time-series data obtained from InSAR processing are rarely
equally distributed in time. To solve this issue, a gap filling procedure based on SSA for both
univariate and multivariate time-series outlined by Kondrashov and Ghil (2006) has been used

in this study.

For univariate time-series, the gap filling method based on SSA uses the temporal
correlations in the data set to fill the gaps of the missing points. For multivariate time-series,
the MSSA gap filling takes advantage of the temporal as well as the spatial correlations. In
both cases, gap filling based on the SSA method iteratively obtains estimates of the missing
measurements using leading subset of RCs, which are then used to calculate a self-consistent
lag covariance matrix Cy, EOF, and PC,. The next step is to use cross validation to optimize

the window width M and number of dominant SSA modes to fill the gap of the missing data.

For many applications, a few leading EOF; correspond to the dominant oscillatory and
or trend modes, and the rest represents noise (Ghil et al., 2002). From this idea, the original
time-series is centered by calculating the unbiased value of the mean and zero values are set
for the missing data. The inner-loop iteration is then started working by computing the leading
EOF E; of the centered, zero-padded records. Next, the corresponding RC R, is utilized to
compute the non-zero values to use in the place of the missing points and the records mean,
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covariance matrix and EOF; are corrected. The reconstruction process is repeated by using a
new estimate of R; and tested with the previous reconstruction until a satisfied convergence
test is obtained; in this study, the convergence test has been set to 0.005 of normalized root-
mean-square error (rms) as a criterion. The outer-loop iteration is then performed by adding
the EOF, to the reconstruction process, starting from the data filled by R,, and repeating the
inner iteration with two EOF; until it converges. The outer-loop iteration stops once the
dominant SSA modes that are attributed to the signal have been processed and the higher
ranked modes are assumed to be noise. For a more in depth review, interested readers are
referred to Kondrashov and Ghil (2006) and Kondrashov et al. (2010).

2.5 Summary

In this chapter, several techniques relevant to this thesis have been reviewed. The basics and
geometry of SAR and InSAR are followed by an examination of the linear and non-linear
processing of the ISBAS technique using Punnet software. The SSA method for both univariate
and multivariate time-series was then examined as a way to analyze the peatland surface motion
and to extract the seasonal trends and amplitude from differential interferometric SAR
(DInSAR) time-series. These techniques have been applied over selected sites covered with
peat. The results and the discussion are presented in the next chapters.
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CHAPTER 3

LITERATURE REVIEWS ON THE TECHNIQUES USE FOR PEATLAND
DEFORMATION MONITORING AND ON THE USE OF INSAR FOR SURFACE
MOTION MONITORING

3.1 Introduction

Peatlands are wetlands with highly organic soil produced by the accumulation of plant material.
Around the globe, there are more than 4 million km? of peatlands and they are still in a mostly
natural condition; however, there is much pressure on peatlands mainly due to population
pressures. These pressures are important to acknowledge since peatlands provide many
ecosystem services: for instance, 0.3% of the global degraded peatlands are responsible for the
emission of about 5% of the global anthropogenic CO; into the atmosphere in any one year
(Joosten et al., 2016a). This substantial emission from such a small area of the globe suggests
that these areas have remarkable qualities. Thus, we must monitor these important ecosystems
to ensure we measure anthropogenic impacts (including climate change) on them and to
manage and mitigate these. To understand the operating parameters for such a monitoring
system, our current understanding of peatland ecosystems requires review. This chapter,
therefore, describes the main characteristics of peatland; provides an overview of peatland
distribution, functions and its relationship with the climate; describes the causes and
consequences of peatland degradation; and is followed by an overview of various monitoring

techniques available to date.
3.2 Peatland characteristics and ecosystem services

The production of plant material in most natural ecosystems is counterbalanced by its
decomposition through bacterial and fungal processes. In wetland areas, however, having a
stable water table near the surface means that part of the dead plant decays and another part
accumulates as peat. These wetlands are called mires, and the areas covered with peat are called
peatlands (Joosten and Clarke 2002). In mires, peat accumulates slowly at a rate of about 0.5-
1 mm/year and with locally strong variation. If the accumulation is continued for thousands of
years, the land may be thickly covered with many layers of peat (Charman 2002).

The main characteristics of natural peatlands are permanent water logging, the

formation and long-term storage of peat, and the continuous growth of the peat on the surface.
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These characteristics specify the importance, services and functions associated with these
areas, which includes long-term storage of carbon and supply of water (Charman et al., 2008;
Joosten et al., 2016a; Joosten et al., 2016b). The water logging and continuous upward growth
of the surface further determine and provide the special and particular site conditions for
peatland organisms. The aforementioned peat growth (i.e., accumulation) occurs when the rate
of plant production exceeds the rate of the plant decomposition. This tends to happen in the
areas that are saturated with water where the latter restricts decay of organic material due to
anaerobic and cold temperature conditions (Charman et al., 2008; Joosten et al., 2016a).
Therefore, the accumulation of peat only takes place when the water table in the long-term is
near or just above the ground surface. When the water table is below the peat surface, the plants
decompose rapidly due to the abundance of oxygen, while when it is too high, the plant
production is inhibited by an insufficient amount of oxygen and carbon dioxide provided to the
submerged parts (Alexandrov 1988; Joosten et al., 2016a). With fluctuating water tables, a
larger part of the organic material decomposes which leads to less peat accumulation and more

humified peat.

In cold and wet regions, it is the mosses that predominantly determine peat growth since
they have a lack of roots and organs to conduct water, they can only produce considerable
biomass when the water table depth at the time of the growing seasons remains very close to
their growing surface and the evapotranspiration process is restricted. Moreover, the cold and
wet conditions in these regions limit the availability of mineralization and nutrient, which leads
to the suppression of the growth of taller and deep-rooted vascular plants. In continental-
temperate and subtropical regions of the world, the above-ground plant decomposes quickly at
warm and well-aerated mire surfaces and in the drier climate, this therefore limits the peat to
be formed under the surface. In these regions, the peat accumulates below the plant surface
through rhizomes and rootlets of grasses, sedges and other plants. In tropical areas, the peat

forms even deeper underground - under the tall-forest trees by their deep-rooting.

In peatland areas, the plants, water and peat are very closely connected with each other
and are mutually interdependent (Figure 3.1). The interdependencies make the peatland areas
vulnerable to a broad range of human impacts. The plants control the type of peat that will form
and its hydraulic properties. The water (hydrology) specifies which type of plants will grow
and how much biomass these plants will produce. And the structure of the peat determines how
the water will fluctuate and flow. These strong interrelations mean that if any one of these

components changes, the others will change too (Charman et al., 2008). These changes may
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not necessarily occur at the same time, but in the long-term, they inevitably occur. As the
changes have taken place in different components, the ecosystem services of the mire such as

carbon storage, water flow regulation and water quality may also change (Figure 3.1).

Water Water

A A
\ A

Peat ¢ssssss———) Plants Carbon (u—) Biodiversity

Storage Conservation

Figure 3.1: Important ecosystem interrelations and ecosystem services of mires and
peatlands.

3.3 Peatland distribution and types

The distribution and extent of peatlands are primarily determined by climate: net precipitation
specifies the availability of water in the landscape, whereas the temperature controls both the
production and the decomposition processes of the organic matter. Therefore, peatlands are
abundant, especially in cold regions where evapotranspiration is low, and in the wet regions,
i.e., where the precipitation is very high (Charman 2002; Charman et al., 2008; Joosten et al.,
2016a). When there is an imbalance between evaporation and precipitation, the peatland areas
are found only in landscape features to enable the water to collect, such as bedrock, relief and
catchment areas. Generally, peatlands dominate on flat surfaces as the water logging requires
a flat surface. Thus large numbers of them prevail on extensively flat landscapes, such as
western Siberia, the Hudson Bay Lowlands (Canada), the southeast Asian coastal plains and
Congo and Amazon basins (Charman et al., 2008). In some parts of the world with abundant
water supply and restricted atmospheric water losses, the peat can be formed on the slopes,
forming hillslope peatlands and blanket bogs. The general inventory status of peatland can be
seen in Figure 3.2 (Joosten 2009; Kaat and Joosten, 2009), and the status of the carbon stock

of each country can be found in Kaat and Joosten (2009).
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Figure 3.2: Peatland cover per country. Adapted from Joosten (2009).

Globally, peatlands are highly diverse, particularly concerning plant species and
community compositions. However, they do share echo-hydrological functioning. Peat can be
defined by the presence of a large amount of organic matter (more than 30%) (Joosten and
Clarke 2002) based on plant origin under a variety of climate conditions, peat can be classified

into the four groups as follows (Allison, 1973):

e Highmoor or upland peat: This kind of moss peat forms in cold and wet regions with
high rainfall, particularly in Canada and northern Europe and it forms primarily from
sphagnum mosses. This peat is a loose, spongy and usually very acidic material that is
not easily decomposable.

e Lowmoor or lowland peat: this peat is composed of the remnants of various kinds of
plants such as sedges, reeds, shrubs and other plants that grow in marshes with shallow
water. This kind of peat is less acidic than moss peat and can provide good agriculture
soils if drained.

e Forest peat: which is called woody peat. It is formed from the remains of trees and
shrubs that grow in the forest or swamp. This kind of peat has smaller water retention
capacity than lowland peat.

e Aquatic peat: this peat is called sedimentary peat and it is obtained from submerged
succulent open water plants. This kind of peat seldom provides good agriculture soils

if drained.
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3.4 Climate control on peatland characteristics and ecosystem services

In high-latitude peatland regions that experience cold winters, warmer temperatures prolong
the growing season, which in turn increases plant production. However, these high
temperatures increase the rates of decomposition in peat soils (Dorrepaal et al., 2009).
Although, the effect of warmer, drier climate conditions in certain nutrient-rich peatlands
seems to increase both production and decomposition processes similarly (Flanagan and Syed,
2011), the accumulation of carbon has been shown to be correlated positively with the amount
of photosynthetic active radiation (PAR) at the time of the growing season (Charman et al.,
2013). Therefore, the period of the growing season represents an important climatic factor
controlling the accumulation of carbon. But so is cloudiness, where the cloudiness promotes
peatland occurrence due to low potential evaporation while keeping the rates of carbon
accumulation low because of low PAR (Gallego-Sala et al., 2016). Consequently, intact
peatlands act as an important climate-regulation service by carbon accumulation and more

importantly through long-term carbon storage.
3.5 Peatland degradation

According to the available data, 85% of peatland areas around the globe are still in a largely
natural condition, particularly the areas in remote parts of Canada, Siberia and Alaska.
However, about 500 000 km? worldwide is degraded to the extent that there is no longer peat
formation and the accumulation has partly or entirely disappeared (Joosten et al., 2016a).
Pristine peatlands are dominant in sub-arctic and boreal regions (Wieder and Vitt 2006), while
modified peatlands are concentrated in the temperate and sub-tropic regions (Joosten and
Clarke 2002). Currently, an additional 5000 km? of peatlands are destroyed annually, mainly
as a result of human activities (Joosten and Clarke 2002; Joosten et al., 2016a). There are many
factors that cause degradation and subsidence in the peatland areas which in turn cause carbon
losses in these areas. These factors can be intentional, such as drainage for land use and
forestry, peat extraction, development of infrastructure and urbanization, and unintentional that
arises for example from climate change, atmospheric pollution, grazing and burning. However,
systematic drainage of peatland represents the most significant factor which is responsible for
subsiding and lowering the surface elevation by an amount that can reach several meters
(Stephens et al., 1984; Wosten et al., 1997). The overall subsidence of the peatland surface is
the sum of several components (Wosten et al., 1997; Deverel and Leighton, 2010):
consolidation due to the effective stress that increases after lowering the water table (WT);

43



reduction in the volume of the peat due to the oxidation of the organic matter; shrinking/
swelling of the unsaturated shallow peat layer due to the seasonal wetting/drying cycles; wind
erosion and burning. Consolidation and oxidation are considered the dominant forces for
irreversible long-term subsidence in drained peatland. It is characterized by an initial rapid
consolidation followed by slow oxidation; the latter is being recognized as the main contributor
to the overall subsidence (Stephens et al., 1984; Armentano and Menges, 1986). In natural
situations, subsidence of the peat occurs but is balanced by the growth of the peat. In drained
peatland, however, this balance is lost; the subsidence processes of the peat are higher in

magnitude, which results in a rapid decline in both the peat surface and carbon storage.
3.6 Causes of peatland degradation

Peatland systems can be easily destabilized by a change in hydrological and ecological
conditions which leads to physical degradation if sustained. Changes in peatland stability can
be intentional or unintentional (Parry et al., 2014; Price et al., 2016) as explained in the previous

section.

Unintentional disturbance of peatland areas can take place at regional or global scales.
Climate change, in particular, is of great concern since many peatlands around the globe will
experience a reduction in water during summer, which could lower the water table by about 14
to 22 cm (Roulet et al., 1992). The lower water table will cause a change in vegetation
composition (Strack et al., 2006b), enhance carbon loss (Strack and Waddington, 2007) and
decrease the rates of peat formation. Broad scale effects on the hydrology of peatlands can also
result from the deposition of sulfates and nitrates from the atmosphere, which changes the
vegetation composition and increases carbon loss (Vitt et al., 2003). Multiple unintentional
changes can cause severe degradation on peatland systems such as the degradation of blanket
peatlands of the UK and Ireland. Here a combination of atmospheric pollution along with
wildfire, overgrazing and changing climate conditions led to extensive and severe gully erosion

and large areas of exposed bare peat (Evans and Warburton 2007).

Intentional changes to peatland areas typically include some form of drainage or de-
watering of the peat to facilitate agriculture, forest growth, and peat extraction. The
hydrological system of these areas will inevitably be affected by lowering the water table of
the peat and increasing runoff (Holden et al., 2006). The drainage process for forestry purposes
is to provide aeration for tree roots, which helps to accelerate forest productivity. Here the top
layer of the peat is largely maintained, at least initially, due to the minimal peat disturbance
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beyond the ditch zone, although the subsidence of the soil affects the hydrology of the peat
indirectly (Price et al., 2016). On the other hand, for peat extraction process, the drainage is
required to increase the bearing capacity of the surface for heavy machinery and to lower the
water content of the peatland for production after removing the top surface layer of the peat.
Therefore, although both forestry and peat extraction processes need drainage as an initial step,

their hydrological consequences differ considerably.

The drainage of peatland areas causes subsidence and changes to the water balance of
the system. The subsidence occurs mainly by decreasing the volume due to the oxidation and
shrinkage processes above the water table (WT) and the compression below (Schothorst, 1977).
As aresult, the hydraulic conductivity and water retention of the peat are affected. The potential
negative impact of drainage for a long period (several years) can be buffered by subsidence
(Rothwell et al., 1996). The surface elevation of pristine fen lawns and the mat is oscillated
with a water table, thus keeping wet under both wet and dry conditions, but this ability is lost

when the artificial drainage is installed (Whittington and Price, 2006).
3.7 Peatland degradation and the environmental hazard

A major environmental hazard related to peatland degradation is land subsidence (Zanello et
al., 2011). In drained peatland, systematic drainage of these areas causes severe subsidence
which enhances the risk of flooding (Mount and Twiss, 2005) and increases the cost of land
drainage. Also, degraded peatlands impact on a broad range of ecosystem services. For
example, severe erosion can lead to destabilizing the infrastructure such as tracks, resulting in
a loss of access to the provisioning services (Parry et al., 2014). Poor water quality can also
occur in degraded peatlands, which impact water supplies; increases in the concentrations of
dissolved organic carbon (DOC) causes brown coloration of water, which adds significantly to
treatment costs if they are used in raw drinking water supplies, and also contributes to release
of CO> into the atmosphere, which provides an indirect pathway of Greenhouse gases (GHG)
emission (Billett et al., 2004).

3.8 Techniques for monitoring change in peat surface (degradation and accumulation)

Different techniques have been used to infer the condition of the peat mass and of the peat
itself. These measurement techniques are generally categorized into field and remote methods
(Gallant, 2015).

Field measurements are considered the most effective methods as they provide high

quality information about changes in peatland functioning and the related environmental
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drivers and consequences of these changes (Gallant, 2015). Evans et al. (2006) used 3mm
diameter, 60cm long stainless steel pins to measure erosion rates in the blanket bogs in a
Pennine site. These pins were inserted into the peat surface in groups of 11 to 14 in a cross
formation and measured monthly to account for the vertical and lateral variation in erosion
rates over the gully walls. The peat surface levels can change between winter and summer,
which is called ‘bog-breathing.” Stoneman and Brooks (1997) assessed this phenomenon in
situ using a method that measures the movement of a metal plate buried just beneath the peat
surface relative to a fixed datum in the underlying mineral substrate (Figure 3.3). The top of
the fixed datum is not moving, whereas the buried metal plate in the peat surface is expected
to move up as the peat swells due to re-wetting. The difference in the height between the fixed
datum and the buried metal plate on the peat surface should be reduced when the peat surface
swells (Stoneman and Brooks, 1997). Schlotzhauer and Price (1999) monitored changes in the
elevation of the peat surface in cutover Quebec peatland using graduated metal rods inserted at
different depths in the peat and they found that the changes in the peat elevation exceeded 10
cm and seemed to be directly related to the fluctuation of the water table. Hemond et al. (1984)
observed subsurface piezometric head to report the tidal flooding in a Massachusetts salt marsh
that caused surface changes of about 1 cm over a tidal cycle. These changes were attributed to
peat dilation due to the influx of water driven by vertical hydraulic gradients into a saturated
column of peat. Rapid changes in surface elevation over Glacial Lake Agassiz peatlands of
northern Minnesota were measured by mounting GPS antennas to the stumps of trees. Motions
more than 10 and 20 cm within 12 hours were observed at bog crest and fen (tree island),
respectively, that occurred in the time with steep depression cycles within the profile of the
peat (Glaser et al., 2004). The rapid decrease and increase of the peat surface in that study area
were ascribed to large scale biogenic gas release from the peat surface. Shotbolt et al. (1998)
investigated the impact of 28-year-old South Coastal Lodgepole pine forest on blanket bog
using levelling measurements. They found that the forest had subsided by about 40-80 cm since
planting and the subsidence rates were dependent on the cultivation and drainage treatment

used.
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Rise and fall of bog is measured in two ways:—

I. By measuring from the top of the anchor post to the top of the
anchor plate post
2, By making a saw cut in the anchor post at the top of the anchor plate

Figure 3.3: Detailed design of the of the anchor posts used to measure the rise and fall of
bog adapted from Bonnett et al. (2009).

Such methods are expensive, and many wetland areas are situated in remote locations.
Therefore, it is practical to use field measurements to monitor only a small subset of the world’s

peatland, however, this may affect the peat during the installation of the instruments.

To complement what can be learned from field measurements, broader scale
information is needed to assess regional, national and global context. In this regard, remote
monitoring of peatlands represents an attractive method because it is comparatively economical
and can provide information over a large range of scales (Kuenzer et al., 2011; Euliss et al.,
2014).
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For assessing peatland habitats, Lidar remote sensing (Light Detection and Ranging) is
becoming increasingly used for describing peatlands, identifying suitable areas for restoration
and subsequent monitoring (Bonnett et al., 2009). Although this technique is relatively
expensive and needs some technical input and data processing, it has several advantages, such
as that it can generate a detailed elevation map for the peat surface that coveres large areas at
a high spatial resolution and, with an accurate interpretation, huge information can be derived
to assist both restoration and monitoring strategies. Milton et al. (2005) suggested that Lidar
remote sensing technique can be a highly effective method in surveying the surface of degraded
peatland, due to its sufficient vertical resolution that can detect a very subtle change in relief.
The disturbance over peatland areas can also be detected from other remote sensing techniques
such as aerial photography and satellite imagery (Bonnett et al., 2009). It would be possible to
map the extent of the peat surface using satellite data such as IKONQOS, Landsat ETM+, SPOT
and from another system (Milton et al., 2005). However, more focus has been invested in
remote sensing research of coastal wetlands than inland wetlands (Ozesmi and Bauer, 2002;
Yang, 2005; Klemas, 2011; Klemas, 2013a; Klemas, 2013b).

Synthetic Aperture radar has also been used to monitor and map wetlands in general
(Romshoo, 2004; Englhart et al., 2011). SAR microwave energy is very sensitive to soil
moisture variations and is partially attenuated by vegetation, particularly in lower biomass
areas (Kasischke and BourgeauChavez, 1997; Baghdadi, 2001; Lang and Kasischke, 2008).
These capabilities of SAR make it ideal for detection and identification of hydrological features

below vegetation canopies (Kasischke and BourgeauChavez, 1997; Wilson and Rashid, 2005).

Although, remote sensing techniques offer cost effective methods for mapping and
monitoring large areas with a myriad of land cover classes and peat depths, it remains difficult
to map these areas remotely with sufficient levels of accuracy and consistency for monitoring
change (e.g., Rover et al., 2010; Wickham et al., 2010; Brisco et al., 2013; Wickham et al.,
2013; Brisco et al., 2014).

3.9 Difficulty in monitoring peatland areas

There are several factors that make it hard to map and monitor peatlands remotely. The first
and the primary factor is that peatlands are not unified to a common land cover type (Figure
3.4). Moreover, all peatland areas are wetlands and share the characteristic of water presence,
which can be at the Earth’s surface or below the plants in the rooting zone. This water may be

present at all times of the year or seasonally, but is present enough of the time to influence the
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development of soil and assist vegetation composition and adapt to the wet conditions (Mitsch
and Gosselink, 1993).

The second factor that makes the monitoring of peatlands using remote sensing
techniques so challenging is that peatlands are highly dynamic in ways that alter entirely their
reflectance and backscatter properties (Kasischke et al., 2003; Kaasalainen et al., 2010;
Ollinger, 2011; Gallant et al., 2014) and sometimes this happens within hours or days (Refice
et al., 2014; Ticehurst et al., 2014). Individual species at their various developmental stages in
the growing season can exhibit significant variation in energy response (Adam et al., 2010;
Gallant et al., 2014). Also, the density of vegetation coverage alters the backscatter energy
response that is received by satellite sensors (Refice et al., 2014). Water table depth has a strong
control on peatland areas and any change in water table affects the abundance of species and
the vegetation composition (Valk, 2005; Fritz et al., 2008; Holden et al., 2011). The depths of
the water table can be rapidly changed from storm surges, precipitation events and snowmelt.
The depth of the water table influences the establishment of different plant species, based on
their respective tolerance to flooding and altered water chemistry (Euliss et al., 2014). Climatic
change in some regions can be relatively frequent which causes fluctuations in the water table
(e.g., Valk, 2005) and assists the establishment of different species in different years, as fed by
the local seed bank stored from the past climatic cycles (Euliss et al., 2004). Land use and land
management in the contributing watershed have an impact on the amount and the quality of
peatland water and the type of aquatic vegetation (Gleason et al., 2003; Hidding et al., 2014;
Price et al., 2016). Runoff from surrounding uplands can change the color of the water through
transport of sediment or nutrient and chemicals that affect the growth of peatland habitats (e.g.,
Trebitz et al., 2011). Conversely, water stress that causes by drying of peatland can change the
optical properties of the leaf (Adam et al., 2010) and, at some point, the structural properties

that in turn affect the backscattered energy.
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Figure 3.4: The variation in peatland surface features, coupled with dynamic conditions in
water availability and vegetation development, make peatland, particularly difficult to
monitor and map remotely with the required accuracy and consistency. Adapted from Gallant
(2015).

The third factor is that peatland areas have steep environmental gradients which
produce narrow ecotones (Adam et al., 2010) that are often smaller than the spatial resolving
capacity of remote sensors. Sharp contrast in the characteristics of backscattered energy from
both water and land areas can be exploited to assist mapping in some peatland settings (e.g.,
Wright and Gallant, 2007; White et al., 2014), however, the boundaries between vegetation

types may be too tight to be distinguished using satellite remote sensors (Adam et al., 2010).

Peatlands, therefore, are a ‘moving target, ‘from the remote sensing perspective
representing a moisture regime more than a land cover type (Gallant, 2015). Interrelation
among peatland dynamics and land cover types and conditions results in a large variation of
energy responses that make it highly challenging to map using specific remote sensing

techniques with the levels of accuracy and consistency adequate for monitoring.
3.10 The use of INSAR for deformation monitoring

Interferometric Synthetic Aperture Radar remote sensing, on the other hand, represents an
interferometric technique linked with Synthetic Aperture Radar (SAR). Therefore, it has
inherited advantages from SAR, such as the capability to operate in day and night, and in
different weather conditions.
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Although the INSAR technique can be used to estimate the topography (e.g., Farr et al.,
2007), atmospheric modelling (e.g., Hanssen, 1999), or for the detection of sub-surface features
(e.g., McCauley et al., 1982; Elachi et al., 1984; Morrison et al., 2013), this technique is most
widely used to detect the deformation of the earth’s surface. Since the late 1980s, the INSAR
technique has been used to evaluate ground stability and has proven its capability to detect
small ground motions on the order of centimeters and even millimeters. It uses a differential
technique, which achieved prominence when the images were used before and after the Landers
earthquake to reveal the spatial distribution of deformation that occurred in that event
(Massonnet et al., 1993). More recently, advanced time series approaches have come to
prominence involve the processing of many radar images acquired over a long period of time
(several years or even decades) to monitor the subtle changes to the Earth’s surface (Ferretti et
al., 2001; Berardino et al., 2002).

Chaussard et al. (2014) utilized over 600 ALOS PALSAR images from 15 ascending
tracks for the period 2007 to 2011 to investigate the land subsidence in Mexico. They identified
the land subsidence in 21 areas in central Mexico. The correlation between the land subsidence
and land use confirms that the cause of subsidence is mainly due to ground water extraction for
agriculture and urban activities. Different SAR sensors by other researchers have also been
used to investigate the land subsidence over the same area, such as RADARSAT-2 (e.g.,
Geudtner, 2014; Lanari et al., 2015), ENVISAT (e.g., Cabral-Cano et al., 2010; Cigna et al.,
2011; Osmanoglu et al., 2011; Yan et al., 2012), and Sentinel 1 (Sowter et al., 2016; Wegnller
etal., 2016). Ge et al. (2014) conducted the same research over the Bandung Basin, Indonesia
to map the land subsidence for the period 2002 to 2011. They used two data sets: 24 ALOS
PALSAR for the period 2002 to 2008, and 30 ENVISAT ASAR for the period 2007 to 2011.
The results from independent analysis illustrated good agreement and suggested steady land
subsidence in many areas of the basin, which was mainly due to excessive extraction of
groundwater and soil consolidation caused by surficial loading. A good correlation was also
observed with the annual record of ground water extraction as well as GPS data collected for
the period 2002 to 2010.

Schlogel et al. (2015) investigated the potential use of L-band ALOS PALSAR to
analyze the deformation of a rapid and large landslide in South East France. Although there
was limited availability of SAR data, they found very consistence results in comparison with
ground-based measurement (GPS and DEM) and remote results estimated from C and X band

satellite SAR sensors. However, they expected better results to be achived with larger datasets
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as it will allow the investigation of the evolution of the landslide over a long period and
estimation of the relationship with controlling meteorological factors with high accuracy.
Likewise, Sun et al. (2015) utilized 16 L-band ALOS PALSAR scenes acquired between
January 2007 and June 2010 to study the slow-moving of landslides in Zhougu, China, before
a major destructive mudslide on 8 August 2010. Generally, they found good agreement with
the field observations regarding the locations and extents of the landslides and demonstrated
that the multi-temporal INSAR technique and L-band SAR data could be used to measure the
slow-moving landslide adequately in most of the area.

Tang et al. (2016) used 20 scenes of COSMO-SkyMed data to assess the deformation
of the World Heritage Site of the Summer Palace in Beijing. They found that multi-temporal
INSAR techniques are very suitable to monitor cultural heritage sites because they are not
invasive like some other traditional techniques; for example, electrical sensors should be
installed in structures for data acquisition. Also, INSAR techniques can provide deformation
maps with high spatial and temporal coverages which are suitable to monitor and detect the
deformation of structures as well as their surroundings. This assists in the early identification
of the potential risks and enables effective planning for conservation of these sites. The
techniques are also inexpensive and work better in detecting subtle change due to the high
precision (up to mm accuracy). INSAR also has a proven capability to investigate complex
deformation (Yang et al., 2016). The cross correlation between regional ground subsidence,
underground water level and fault activity have been analyzed over Linfen- Yuncheng Basin,
China using 8 Envisat ASAR images acquired between February 2009 to October 2010 and
processed using StaMPS technique (Hooper et al., 2004; Hooper, 2008).

Most INSAR Techniques have been limited to urban and bare/rocky land cover types
due to the fact that these techniques require pixels to display high coherence consistently over
a long period. Consequently, this almost completely precludes the detection and interpretation
of subsidence (and indeed surface uplift) over rural and vegetated areas, as vegetation cover,
almost by definition, exhibits highly variable coherence due to changes over seasonal cycles
and diffuse scattering of the radar signal. Therefore, some techniques have been developed
specifically to address this limitation, such as SqueeSAR (Ferretti et al., 2011), and Intermittent
Small Base Line Subset (Sowter et al., 2013; Bateson et al., 2015). The latter technique was
developed in-house at Nottingham University and appears particularly well suited to monitor
low-resolution, broad area deformation over a broad range of land cover classes, including

forested areas, agriculture and grasslands (Cigna et al., 2014; Sowter et al., 2016). Such
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temporal decorrelation has been addressed by Milillo et al. (2015) by analyzing a X-band
COSMO-SkyMed dataset using short repeat-pass interferometry over the rural and vegetated
area in the southern part of Italy. With such a technique, they found 180% improvement in
usable pixels, which allowed them to extend the spatial coverage and highlight the important
features related to the areas subjected to landslide activity. Also, they concluded that short

repeat-pass interferometry permits the measurement of seasonal dynamics deformation.

With the new mission of Sentinel-1, a new exciting opportunity has been offered for
INSAR studies. The mission consists of two satellites: Sentinel-1A was launched on 3 April
2014, and Sentinel-1 B was launched on 25 April 2016. The data for an interferometric wide
(IW) images is collected using the novel Terrian Observation with Progressive Scans (TOPS)
SAR imaging mode (Holzner and Bamler, 2002; Yague-Martinez et al., 2016), which poses
some challenges to the processing of the interferometry, mainly related to the preparation of
IW images and then their co-registration processes. The required accuracy of co-registration
for Sentinel-1 TOPS INSAR is one thousandth of one pixel (De Zan et al., 2014), which is more
rigorous than other stripmap products, and thus it has the highest effect on the processing.
Notwithstanding this, the Sentinel-1 satellites provide considerable benefits for long-term land
motion monitoring and offer continuity to the C-band satellites of the ERS-1/2 and ENVISAT
missions. Rapid deformation can be monitored and measured owing to regular acquisitions of
Sentinel-1 with a short repeat cycle of only 12 days (by using one satellite in the constellation)
(Torresetal., 2012), which is reduced to 6 days by using the two satellites in the constellation.
Therefore, a significant stack of images can be collected in a much shorter time, which will be
useful for routine long-term monitoring applications ( Attema et al., 2010; De Zan et al., 2014).
In addition, the large swath width of Sentinel-1 IW product, which is about 250 km, allows the
monitoring of large areas with fewer acquisitions. A large swath width and a short revisit cycle
mean that Sentinel-1 IW products can provide a very high level of support to routine,

operational and monitoring applications (Sowter et al., 2016).

Despite the remarkable features of INSAR, its applications for monitoring peatland
subsidence are relatively few, due to the decorrelation over these areas which represents the
main limitation of INSAR (Zebker and Villasenor, 1992). Most InSAR studies focus on
deforestation ( Ribbes et al., 1997; Suga and Takeuchi, 2000; Deutscher et al., 2013) and
ground biomass estimation ( Santos et al., 2004; Morel et al., 2011; Basuki et al., 2013). Zhou
et al. (2010) investigated the seasonal peatland surface fluctuation and long-term peatland

subsidence over Flanders Moss, Britain using PS-InSAR technique. Two tracks of ENVISAT
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ASAR images (seven images from both ascending and descending tracks) with C-band for the
period April 2003 to July 2006 have been used for the analysis. For three small areas which,
were chosen to investigate the evolution of the surface movement, they found that these areas
subsided, but the rate of subsidence was greater when measured using the ascending track
rather than the descending which may be due to the difference in the satellite geometries of
these two tracks. In addition, they concluded that PS-INSAR could provide encouraging results
to detect peatland surface fluctuation with comparable magnitude; however, the loss of
coherence is proving challenging. To improve the coherence, they suggested using longer
wavelength SAR images such as L-band JERS and ALOS data sets, and / or installing corner
reflectors in the study area. Similarly, in 2016, the capability of INSAR using the SBAS
technique has been reported to map and monitor peatland subsidence in Central Kalimantan,
Indonesia using two independent ALOS L-band tracks SAR images for the period December
2006 to September 2010 (Zhou et al., 2016). Although there is a lack of ground truth data for
validation, the correlation in output between two independent tracks provided confidence in
the results and suggested that the surface subsidence over this area can be up to 7.65 cm/year
due to the loss of stored C.

Most INSAR studies report limited spatial coverage in their study area due to the low
coherence, as expected in peatlands. Although the result can improve with the use of additional
SAR data sets, this option is not always feasible. Therefore, this research investigates the
possibility of using the ISBAS technique, built in-house at Nottingham University, which
offeres a potential way around this problem that might open up long-term peatland deformation

monitoring and the evaluation of peat conditions.
3.11 Limitations summary

Taking into consideration, the review presented in the previous sections, the limitations

summary can be outlined as follows:

e There is very little research using INSAR techniques for long-term peatland monitoring
and this represents a clear gap in the research.

e Research involving the use of INSAR to evaluate peat condition for a long period is
non-existent and requires investigation.

e Research involving the use of INSAR for long-term peatland monitoring in both coastal

and inland areas is non-existent and likewise is ripe for study.
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e [ISBAS InSAR is a useful tool for studying ground motion over different land cover
classes and so it warrants, further work and validation over peatland, as it may solve

some of these challenges.
3.12 Summary

Peatlands represent a diverse group of ecosystems which exhibit a large variation in form and
function. Therefore, the characteristics of peatland and its importance to many ecosystem
services are outlined in this Chapter with a fundamental overview on peatland distribution,
functions and its relationship with climate. In addition, the root causes of peatland degradation
(subsidence) and their consequences are discussed. VVarious monitoring techniques over these
areas are briefly reviewed, highlighting their advantages and their drawbacks. These include
field surveys and remote sensing techniques such as aerial photographs, aerial Lidar, optical
satellite images and radar images. Following that, an advancement in the field of renowned
space-geodetic techniques (INSAR) is introduced, explaining its ability to measure the
deformation with millimeter accuracy for coherent reflectors. This INSAR approach will be
adapted in this study by using the ISBAS technique to monitor the deformation over less

coherent peatland areas.
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CHAPTER 4

THE STUDY SITES

This chapter discusses the choice of the study areas chosen as test areas for this research. The
details relevant to each test site are discussed. This includes general information about the area,
its topography, geology, hydrology, climate, the availability of SAR data and the ground data

measurements.
4.1 Introduction

Peatlands represent the most important carbon storage in the world as they contain 30% of
Earth's terrestrial carbon (Charman et al., 2008). Currently, peatlands are highly vulnerable to
economic and societal pressure and change of climate (Kimmel and Mander, 2010) which
causes their degradation. The degradation of peatland causes organic matter loss and erosion,
which have a detrimental impact on water quality, flood regulation and carbon sequestration.
It is essential, therefore, to be able to measure and monitor peat degradation in order to manage
such consequences. Due to the large extent and relative inaccessibility of these areas, the
feasibility of remote sensing techniques, particularly ISBAS DINSAR, has been examined in
this study for long term peatland monitoring and evaluation of the peat conditions.

Through investigation of peatland areas particularly sensitive to perturbation in
conjunction with the availability of SAR data, two peatland sites having different environments
were selected for this research. Specifically, these sites were the Flow Country, Scotland (the
largest expanse of blanket bogs in Europe) and Zennare basin in the south of Venice Lagoon,
Italy (drained coastal peatland area). The following sections provide details of each chosen site

and the reason for their selection.
4.2 Flow Country

Flow Country of Caithness and Sutherland, Northern Scotland, UK is the largest expanse of
blanket bog in Europe (Lindsay, 1987; Shotbolt et al., 1998; Holden, 2005) covering about
4,000 Km? (Figure 4.1). This area represents a complex ecosystem where it is covered with a
deep layer of peat (Appendix A, Figure Al). The surface of this peaty area is mostly a spongy
mass, with a living layer of Sphagnum bog-moss which continuously constructs its level higher
through upward growth; however, in many places it is thrown into strange and distinctive

patterns by large groups of small peaty pools (Lindsay et al., 1988). Numerous large lochs also
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exist in this area, some of them mainly peaty but some with stony or sandy margins and many
streams with different size and character drain the moorlands. The combination of two essential
conditions (suitability of climate and topography) has assisted the extreme development of
blanket bog over this area. The extensive occurrence of blanket bogs combined with the
availability of the sufficiently large SAR datasets essential for this study make this area suitable
to investigate the feasibility of using Interferometric SAR for long-term deformation

monitoring and in turn to evaluate peat condition.
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Figure 4.1: The distribution of blanket peat in the Flow Country of Caithness and
Sutherland,  adapted from  (Bruneau and Johnson, 2014).  Projection:
WGS_1984 UTM_Zone 30

4.2.1 Topography and geology

The Flow Country is characterized by the extreme development of blanket bogs. The key
feature of the eastern half of the region (Caithness) is the large extent of gently contoured low
land or mostly flat upland (Figure 4.2). Sutherland also has a great expanse of such ground in
the eastern part, but to the west, the undulating moorlands are increasingly interrupted with
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high mountain peaks and ranges until breaking down to an Atlantic coastal region with rugged
low ancient foreland (Lindsay et al., 1988; McKirdy and Crofts, 1999).
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Figure 4.2: A map showing the elevation of the Flow Country (Digital Elevation Model
from SRTM at 30 m resolution). Projection: WGS_1984 UTM_Zone 30.

It can be seen from the simplified geological map of the Flow Country of Caithness
and Sutherland (Figure 4.3) that the geological changes run in an east west direction. However,
blanket bogs are found over all areas and are not confined to specific rock formations. The
largest areas of blanket bog extend over the Old Red Sandstone of Caithness, the granitic
intrusion along the boundary of Caithness and Sutherland, and approximately cover half of the
Moine Granulites and Schists of Sutherland (Lindsay et al., 1988).

For the Eastern part of Caithness, the low moorland and coastal plain are formed over
the Old Red Sandstone, which is covering most of the region, and the calcareous shell material
represents the main element of the drift deposits in this area, brought in from the east at the last
glaciation. Further west, the boulder clay is more sandy and free of lime. This geological
variation and gentle elevation provide good quality land for agricultural use (Futty and Towers,
1982), with much of this land being covered in peat. However, for more than a millennium of
human habitation, this land has been cut and reclaimed. Apart from this, most of Caithness is

covered with a large and almost continuous expanse of peat.
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Figure 4.3: The geological map of the Flow Country (Caithness and Sutherland). Adapted
from (Lindsay et al., 1988).

The Moine granulites and schists form most of the central part of the Flow Country.
The terrain of this section, particularly in the eastern half, is a series of low summits less than
650m. Between the hills there is gentle sloping ground covered with different size of water
bodies, most of them lying over a large extent of peat, which covers much of this landscape.
The same occurs in Caithness, the gentle gradient of the topography assisting the large areas
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of peat to develop. Westwards, many high upland massifs rise above the general level of the
plain, but these peaks occur as isolated landmarks within an otherwise almost level and

waterlogged landscape (Lindsay et al., 1988).

To the west, the high continuous steep and rugged massifs with the variable
composition of Moine rock, Cambrian quartzites and Lewisian gneiss create an extensive break
in the development of peatland, though there are small areas of peat bogs distributed there. This
variability in topography and underlying geology provide an extremely variable development
of blanket bogs.

4.2.2 Climate

Climate is of the highest importance in the development of blanket bog. In the Flow Country
of Caithness and Sutherland, the combination of regular and high amounts of precipitation,
high humidity in the atmosphere and the relatively cool mean temperature suggests that the
climate of the whole area is suitable for the development of blanket bog (Lindsay et al., 1988;
Lindsay 2010).

The predominant westerly airstreams from the Atlantic impose a climatic gradient in
terms of wetness from west to east. The western mountainous part of Sutherland produces very
high rainfall, which is up to 2500mm, and then the rainfall decreases eastwards so that the
precipitation falls to 1200 mm in the centre of Sutherland and is only 700 mm at north-east of

Caithness.

Although the heaviest rainfall occurs in the high mountain topography (west
Sutherland), it has the least extent of blanket bogs. Broad scale development of blanket bog
occurs in the eastern part of Sutherland and Caithness under lower rainfall but optimal
topography and geology (Lindsay et al., 1988). Therefore, the suitability of both climate and
topography is essential in the development of blanket bogs. This research is focused on the
eastern part of the Flow Country (Caithness and east of Sutherland) due to the extensive

occurrence of blanket bogs there.
4.2.3 Hydrology and ecology

In intact blanket peatlands, the living vegetation protects the peatland surface from weathering
and erosion and assists the process of peat accumulation (Parry et al., 2014). Both hydrology
and ecology of blanket peatland are closely related to each other and they represent essential

components to infer the development and condition of blanket peat. Blanket peatlands are
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ombrotrophic, which means that they receive their water and nutrients solely from precipitation
(Charman et al., 2008). The flow production on blanket peatland is dominated by saturation-
excess overland flow or very shallow throughflow, resulting in flashy stream hydrographs,
whereas the deeper peat layer of low hydraulic conductivity holds the remaining water within
the peat, resulting in minimal baseflow provision (Holden and Burt, 2002; Parry et al., 2014).
Networks of micropores (Holden, 2009) and pipes can also assist the rapid movement of water
through the peat profile (Holden and Burt, 2002). Hydrological conditions, for example water
table and stream velocity are variable due to the varying topography (Holden et al., 2006). The
vegetation of blanket peatland tends to be dominated by sphagnum, sedges and dwarf shrubs
which are adapted to waterlogged and nutrient-poor conditions (Parry et al., 2014). The
vegetation communities of blanket peatland are sensitively adapted to small scale hydrological
niches and this variation together with auto-genic processes results in the zooming of peatland
vegetation (Lindsay 2010). Species over peatland areas have varying resistance to decay and
sensitivity to change. Consequently, the interaction between both hydrology and ecology
controls the both development of peatland and its sensitivity to change and degrade (Belyea
and Clymo, 2001).

4.2.4 Deformation in Flow Country

As discussed earlier (Chapter 3, Section 3.6), peatlands can be deformed or changed in a
number of ways and to varying degrees. The primary drivers causing change in these areas are
drainage, managed burning, wildfire, atmospheric deposition, agriculture, afforestation and
peat extraction (Parry et al., 2014). These drivers can alter the vegetation composition and
cause a reduction in the cover of Sphagnum. The loss of Sphagnum can alter the natural
hydrology by lowering the water tables and losing of microtopography and patterning (Evans
et al., 1999; Holden et al., 2008). The peat in some areas of the Flow Country was damaged
between 1979 and 1987 through the planting of non-native conifer forests and the cutting of
thousands of miles of drains. Drains permit the rapid diversion of water off site by intercepting
overland flow and increasing drainage density which has been linked to enhancing the risk of
flooding. Stewart and Lance (1991) provided clear evidence of reduced water tables within a
few meters of drains. Therefore, drainage can result in considerable drying of the peat, where
a small reduction in the water table of just a few centimetres can lead to a dramatic effect on
bog vegetation (Robroek et al., 2007) and increase GHGs emission. Figure 4.4 illustrates the
effect of drainage on active peat bogs, which causes large areas of peat surface layer to be

emptied of water. Subsequent falls of the water table can have an extreme impact on the
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vegetation causing a switch from Sphagnum dominated to shrubs and grasses (Tallis, 1998;
Evans et al., 1999; Charman 2002; Robroek et al., 2007; Lindsay 2010). These drivers of
change over peatlands were considered worthy of note when considering potential areas of
ground motion that may be visible in INSAR studies. Figure A2 in Appendix A illustrates

three examples of degraded peatland due to moor-grips, erosion and peatslide.

Peat bog drainage: few carbon gains, many carbon losses

Loss of CH
Loss of carbon  from waterlogged P i
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Figure 4.4: Cross section of degraded blanket bog illustrates the amount of carbon losses
due to the drainage channel. Reduction of water table causes oxidative of peat layer and loss
of carbon. Adapted from (Lindsay 2010).

4.25 List of data sources

In the past, long-term deformation monitoring studies over the Flow Country were hindered by
the lack of data due to the significant cost involved to carry out a continuous measurement over
such a large area. INSAR techniques open new possibilities for such kind of monitoring owing
to the long record of SAR images acquired over the past years by different platforms.
Evaluation of the deformation over long periods in the Flow Country is made possible as a

consequence of this data availability. The INSAR technique is very useful to investigate the
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deformation at landscape scales and as such makes it an ideal candidate to explore for the
assessment of the deformation in Flow Country. Ground data such as land cover and field
measurements of surface motion such as levelling, as well as water table depth which had been
collected concurrently to the SAR data, are used to validate INSAR results as appropriate.

4.2.5.1 SAR dataset

Remotely sensed data from two SAR satellite systems were used in this research, namely
European Remote Sensing Satellite (ERS) 1/2, and Sentinel 1A. These satellites operate in C-
band frequency with approximately 5.6 cm wavelength. ENVISAT data have not been used in

the analysis due to the lack of the archived data.
42511 ERS dataset

The ERS satellite represents the first program in the European Space Agency (ESA) for Earth
observation to provide environmental monitoring in the microwave spectrum. Two ERS
satellites, i.e., ERS-1 and ERS-2, were launched in 1991 and 1995 respectively into the same
orbit at an altitude of approximately 785 km. The payloads of these satellites consisted of
synthetic aperture radar imaging, radar altimeter and other instruments for measuring ocean
surface temperature and wind fields. Moreover, ERS-2 has additional sensors for monitoring
the atmosphere and ozone. The standard operational mode of these satellites provided a 35-day
repeat orbit. The mission of the ERS-1 satellite ended on March 2000 due to the failure of the
control system for onboard altitude, whereas, the mission of ERS-2 ended on September 2011
after the altitude of the satellite lowered to approximately 573 km. More information about

ERS 1/2 satellites is available at the ESA website: https://earth.esa.int/web/sppa/mission-

performance/esa-missions (accessed on 28.02.2018).

The availability of ERS 1/2 data over the study area can be identified using the Eoli-SA
software. This software is a catalogue to help the users to browse the metadata and preview the
earth observation data acquired by different satellites, such as ERS, ENVISAT, ALOS,
Landsat, IKONOS, SPOT, Kompsat, DMC, Proba, IRS, and SCISAT. Users with a registered
account can order and download their products at various processing levels, depending only on

their submission of a short proposal.

Table 4.1 illustrated the category-1 (Cat-1) proposal submitted to ESA for ERS 1/2 data
acquisition over Flow Country. The proposal was presented to acquire fifty-one ERS 1/2
images in descending orbit in track 495. The requested data in the proposal cover the period

from 1 May 1992 to 04 December 2000.
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Table 4.1: List of the proposal submitted to ESA for ERS 1/2 data acquisition over Flow
Country.

Project ID 32049: Monitoring eroding extent of peatland surface over Flow Country using ISBAS
DInSAR technique

No. [ Mission Date No. [ Mission Date No. [ Mission Date

1 ERS-1 01/05/1992 19 ERS-1 24/03/1996 37 ERS-2 04/05/1998
2 ERS-1 05/06/1992 20 ERS-2 29/04/1996 38 ERS-2 08/06/1998
3 ERS-1 23/10/1992 21 ERS-2 12/08/1996 39 ERS-2 13/07/1998
4 ERS-1 27/11/1992 22 ERS-2 16/09/1996 40 ERS-2 17/08/1998
5 ERS-1 05/02/1993 23 ERS-2 21/10/1996 41 ERS-2 21/09/1998
6 ERS-1 12/03/1993 24 ERS-2 25/11/1996 42 ERS-2 04/01/1999
7 ERS-1 16/04/1993 25 ERS-2 30/12/1996 43 ERS-2 06/09/1999
8 ERS-1 25/06/1993 26 ERS-2 03/02/1997 44 ERS-2 11/10/1999
9 ERS-1 09/04/1995 27 ERS-2 10/03/1997 45 ERS-2 15/11/1999
10 ERS-1 18/06/1995 28 ERS-2 14/04/1997 46 ERS-2 20/12/1999
11 ERS-2 19/06/1995 29 ERS-2 19/05/1997 47 ERS-2 28/02/2000
12 ERS-2 24/07/1995 30 ERS-2 23/06/1997 48 ERS-2 03/04/2000
13 ERS-1 27/08/1995 31 ERS-2 28/07/1997 49 ERS-2 12/06/2000
14 ERS-2 28/08/1995 32 ERS-2 01/09/1997 50 ERS-2 17/07/2000
15 ERS-1 01/10/1995 33 ERS-2 06/10/1997 51 ERS-2 04/12/2000
16 ERS-2 02/10/1995 34 ERS-2 10/11/1997

17 ERS-2 11/12/1995 35 ERS-2 15/12/1997

18 ERS-2 19/02/1996 36 ERS-2 19/01/1998

42512 Sentinel-1 dataset

The Sentinel-1 satellite belongs to the family of Sentinel satellites (Table 4.2) that were
developed to provide for the specific needs of the Copernicus programme. This programme is
headed by the European Commission and aims to collect information to improve environmental
management, climate change assessment and civil security. The Sentinel-1 mission comprises
of two satellites, the first satellite in the constellation is Sentinel-1 A which launched on 03
April 2014, and the second satellite is Sentinel-1 B which launched on 25 April 2016. Both
Sentinel-1 satellites were placed in a near-polar, Sun-synchronous orbit at approximately
693km altitude, and operate in the C-band frequency at 5.405 GHz. The repeat cycle for one
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satellite in the constellation is 12 days and this was reduced to 6 days with the launch of the
second satellite. The expected lifespan of the satellites is 7 years, with consumables for 12

years.

Table 4.2: Sentinel satellites with a brief description of their mission objectives. Adapted from
http://www.copernicus.eu/main/sentinels (accessed on 01.03.2018).

Satellite Brief description

Sentinel-1provides all-weather, day-and-night radar imagery for land and

Sentinel-1 .
ocean services.

Sentinel-2 provides high-resolution optical imagery for land monitoring, for
Sentinel-2 | example, the vegetation imagery, soil and water cover, inland waterways and
coastal areas. Also, it can deliver information for emergency services.

Sentinel-3 provides optical, radar and altimetry data with high-accuracy by
measuring the variables such as sea-surface topography, sea- and land-
Sentinel-3 | surface temperature, ocean colour and land colour with high-end accuracy
and reliability. This will support ocean forecasting systems, environmental
monitoring and climate monitoring as well.

Sentinel-4 payload devoted to assisting atmospheric composition monitoring
Sentinel-4 | that will be embarked on a Meteosat Third Generation-Sounder (MTG-S)
satellite.

Sentinel-5 payload will monitor the atmosphereic composition from a MetOp

Sentinel-5 . .
Second Generation satellite.

Sentinel-5 | Sentinel-5P is developed to reduce the gap in the data until the launch of
Precursor Sentinel-5. This mission will be dedicated to atmospheric monitoring.

Sentinel-6 provides high accuracy altimetry for measuring global sea-surface

Sentinel-6 height, primarily for operational oceanography and for climate studies.

The Sentinel-1 satellite mission is designed to provide continuity of C-band SAR
images after both ERS 1/2 and ENVISAT satellites, which offer several advantages for
monitoring the deformation. Moreover, with Sentinel-1 satellites, more rapid deformation rates
can be monitored due to the shorter repeat cycle (Torres et al., 2012). As a result, there is a
possibility to gather a sufficient stack of images within a shorter time (Attema et al., 2010; De
Zan et al., 2014) which will help for routine long-term monitoring applications. In addition, the
large swath width of the IW product, which is approximately 250 km, permits monitoring a
large area with fewer acquisitions. The IW product represents the primary mode of Sentinel-1

satellites over land. Table 4.3 illustrates some basic specifications of IW product. More
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information about Sentinel-1 satellites can be found on the ESA website, as follows:

https://sentinels.copernicus.eu/web/sentinel/missions/sentinel-1 (accessed on 01.03.2018).

This research provides the first evaluation of the feasibility of Sentinel-1 for monitoring the
deformation over peatland areas.

Table 4.3: The basic specification of Sentinel -1 interferometric wide (IW)single look complex
product (SLC)

Spatial Resolution 5m (ground range) x 20m (azimuth)
Pixel Spacing 2.3m (slant range) x 14.1m (azimuth)
Incidence Angle 29° - 46°

Polarisations HH+HV, VH+VV, HH, VV

Total Swath Width 250km

Contradictory to ERS 1/2 and ENVISAT, Sentinel-1 data are freely available for the
users without any requirement for the submission of a proposal. The data can be gathered from
Sentinel Scientific Data Hub (Figure 4.5). Over the Flow Country, 47 images acquired from
satellite A in ascending orbit for the period between 12 March 2015 to 7 December 2016 were
used in the processing. The images are separated by 12 days intervals, and seven images are
missing from the Sentinel-1 Scientific Data Hub, i.e., 03.08.2015, 14.10.2015, 26.10.2015,
07.11.2015, 06.03.2016, 18.03.2016, 22.06.2016. The list of the available Sentinel-1 data is
summarised in Table 4.4.
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Figure 4.5: Interface of Sentinel-1 Scientific Hub.

Table 4.4: List of Sentinel-1 images used in this study.

No. | Date No. | Date No. | Date No. | Date No. | Date

1 12/03/2015 | 11 | 10/07/2015 |21 | 25/12/2015 |31 [ 29/05/2016 |41 | 26/09/2016
2 24/03/2015 12 22/07/2015 | 22 06/01/1889 | 32 10/06/2016 | 42 08/10/2016
3 05/04/2015 13 15/08/2015 | 23 18/01/2016 | 33 17/05/2016 | 43 20/10/2016
4 17/04/2015 14 27/08/2015 | 24 30/01/2016 | 34 04/07/2016 | 44 01/11/2016
5 29/04/2015 15 08/09/2015 | 25 11/02/2016 | 35 16/07/2016 | 45 13/11/2016
6 11/05/2015 16 20/09/2015 | 26 23/02/2016 | 36 28/07/2016 | 46 25/11/2016
7 23/05/2015 17 02/10/2015 | 27 30/03/2016 | 37 09/08/2016 | 47 07/12/2016
8 04/06/2015 | 18 | 19/11/2015 |28 | 11/04/2016 |38 | 21/08/2016

9 16/06/2015 19 01/12/2015 | 29 23/04/2016 | 39 02/09/2016

10 | 28/06/2015 |20 | 13/12/2015 | 30 | 05/05/2016 |40 | 14/09/2016
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4.2 5.2 Field data measurements

In this research, different field data measurements have been considered to validate the ISBAS

DInSAR technique over the Flow Country, such as the following:
e Levelling data

Field data on the surface motion had been collected concurrently to the SAR data, fortuitously,
at the UK Forestry Commission’s Bad a’ Cheo Research Area (Shotbolt et al., 1998; Anderson
et al., 2000) by repeated optical levelling (Anderson et al., in prep). The details of the survey
are presented in Chapter 5.

e Water table depth

Water table (WT) depths from five dataloggers for the period 15 March 2015 to 07 December
2016 were used to validate the surface motion recorded by ISBAS DINSAR using Sentinel-1

data set over Flow Country. The WT depth was recorded every 30 minutes.
e Meteorological data

Metrological data recorded by Wick airport weather station, managed by the Met Office
provided two years of daily historical archived record of climate regime in the Flow Country
for the period 15 March 2015 to 07 December 2016 free of charge.

e Land cover classification

Image classification has been applied to estimate the vegetation composition map of the Flow
Country for 22 sites with 103 ISBAS points that have been selected based on ISBAS
deformation map (linear results) (Chapter 6, Figure 6.2). The aim of image classification is
to demonstrate an association between the vegetation composition map and a bog’s condition.

The results of the classification are presented in Chapter 6.
4.3 Zennare Basin

The second test site is the Zennare Basin, which is an agricultural area located in the southern
part of the Venice Lagoon catchment (45°10" E, 12°9'N), approximately 10 km from the
Adriatic Sea and 1 km south of the margin of the Lagoon (Figure 4.6). The average annual
rainfall is approximately 700mm and average annual air temperature is 15° C (Zanello et al.,
2011). This basin represents one of the 32 hydraulic basins composing the district which is
managed by the Adige-Bacchiglione Reclamation Authority and is located at the eastern part

of the district, just south of the Venice Lagoon margin. Until the nineteenth century, the basin
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was occupied by swamps and marshes, and it was reclaimed completely in the late 1920’s
(Gambolati et al., 2005; Gambolati et al., 2006; Zanello, 2011).

A detailed description of the Basin’s evolution and peatland formation over the
Holocene can be found in Rizzetto et al. (2003). At present, the basin is covered by alluvial
sediments where the sandy and silty soils represent the remnants of ancient fluvial ridges and
the organic material (peaty soils) are produced by the decomposition of the reeds in the
interdistributary lowlands that are occupied by marshes and swamps. After reclamation of the
basin for agriculture activities, soil ploughing enhanced the oxidation process of the organic
material with the consequent formation and emission of carbon dioxide, mass loss and land
subsidence (Gatti et al., 2002). Currently, the Zennare Basin which is almost completely
dedicated to corn growing (Camporese et al., 2008) is entirely below mean sea level (Figure
4.7) and it is sinking progressively, which increases the vulnerability and geological hazard
(Tosi et al., 2000).
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Figure 4.6: Location of Zennare Basin in the South of Venice Lagoon.(WGS-1984-UTM-
Zone-33).
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The basin is hydrologically well defined; it is bounded by roads and or channel
embankments that are higher than the surrounding cultivated plain by at least 2m, with many
constructed levees to prevent the flooding from the sea. A dense drainage network the conveys
the surplus water to the Zennare pumping station, which has been used to control the water
table depth (Gambolati et al., 2006) at between 0.4-0.5 m, as is required by the local agricultural
practices.
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Figure 4.7: Digital Elevation Model from SRTM at 30 m resolution of the Zennare Basin
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4.3.1 Land subsidence due to peat oxidation

Many field campaigns such as field surveys, remote sensing analysis and geophysical
investigations have been used to map the thickness and extent of peat deposits in Zennare Basin
(Nicoletti et al., 2003). Figure 4.8 illustrates the geomorphological map of the basin, which
shows that the peat is located mainly in the southern part of the Basin, is reported to be 1 m

thick and results from the decomposition of reed vegetation (Zanello et al., 2011).

Although ad hoc campaigns have never been performed to measure the land subsidence
in this area before 2000, records of historical subsidence can be assessed from some old
hydraulic structures found on the soil underlying the outcropping peat. In addition, the
reduction of the water table level at the pumping station entry provides further evidence of an
average subsidence rate of about 2-3 cm /year for the last 70 years (Zanello, 2011). Similar
results were found by comparing the DEM obtained in 1983 based on aerial photogrammetric
survey and kinematic DGPS that was carried out in 2002 (Gambolati et al., 2005).

Land subsidence due to peat oxidation represents a major environmental hazard. The
peatland surface elevation can be lowered by an amount that can reach several meters with
systematic drainage, thus increasing the flooding risk (Mount and Twiss, 2005) and cost of the
land drainage (Gambolati et al., 2006) or levee integrity maintenance. In this regard, the choice
of instruments to monitor the degradation over drained coastal peatland areas such as the
Zennare basin and the methods used are extremely important to characterize the deformation
and to evaluate possible mitigation strategies. The availability of large SAR datasets over the
Zennare basin which has different environments from Flow Country, make this area suitable
to investigate the feasibility of using Interferometric SAR to monitor the deformation over this

drained coastal peatland area.
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Figure 4.8: Geomorphological map of Zennare Basin extracted from remote sensing data.
The map adapted from (Nicoletti et al., 2003).

4.3.2 List of SAR datasets

Assessment of long-term deformation in the Zennare basin using the INSAR technique is made
possible as a consequence of the availability of a long record of SAR images acquired over the
past years through different platforms. The SAR images that have been used in this study were
acquired from three satellites mission, ERS 1/2, ENVISAT and Sentinel-1 A. These satellites
operate in C-band frequency with approximately 5.6cm wavelength.

4.3.2.1 ERS 1/2 dataset

A category-1 proposal was submitted to ESA to acquire seventy-four ERS 1/2 SAR images in
the track 394. All images were in descending orbit and cover the period from 24 May 1992 to
01 January 2001. Table 4.5 showed the proposal submitted to ESA for ERS data acquisition
in Venice Lagoon (Italy). Only 61 images have been used in the processing.
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Table 4.5: List of submitted proposal to ESA to request ERS1/2 images in Venice Lagoon
(ltaly).

Project ID 32651: Long-term deformation monitoring in peat-land areas by using
DINnSAR techniques.

No. |Mission [Date No. |Mission [Date No. |Mission [Date

1 ERS1 [24/04/1992 [26 [ERS1 |26/05/1996 [51 |[ERS2  [28/12/1998
2 ERS1 [29/05/1992 [27 [ERS2 |27/05/1996 [52 |[ERS2 [07/03/1999
3 ERS1 [03/07/1992 [28 |ERS1 ([30/06/1996 [53 |ERS2  [08/03/1999
4 ERS1 [07/08/1992 ([29 [ERS2 ]09/09/1996 [54 |[ERS1  [11/04/1999
5 ERS1 [11/09/1992 (30 |ERS2 [14/10/1996 [55 |ERS2  [12/04/1999
6 ERS1 [16/10/1992 (31 |ERS2 [23/12/1996 [56 |ERS1 [16/05/1999
7 ERS1 [20/11/1992 (32 |ERS2 [27/01/1997 [57 |ERS2  [17/05/1999
8 ERS1 [29/01/1993 (33 |ERS2 [03/03/1997 [58 |ERS2 [21/06/1999
9 ERS1 [05/03/1993 (34 |ERS2 [07/04/1997 [59 |ERS2 [26/07/1999
10 ERS1 [09/04/1993 (35 |ERS2 [12/05/1997 [60 |ERS1 [29/08/1999
11 ERS1 [18/06/1993 (36 |ERS2 [16/06/1997 [61 |ERS2  [30/08/1999
12 ERS1 [23/07/1993 (37 |ERS2 [21/07/1997 [62 |ERS2  [04/10/1999
13 ERS1 [27/08/1993 (38 |ERS2 [25/08/1997 [63 |ERS1 [07/11/1999
14 [ERS1 [01/10/1993 |39 |ERS2 [29/09/1997 |64 |ERS2  |08/11/1999
15 ERS1 [10/12/1993 [40 |ERS2 [03/11/1997 [65 |ERS2  [13/12/1999
16 ERS1 [07/05/1995 [41 |ERS2 [08/12/1997 [66 |ERS2 [17/01/2000
17 ERS1 [11/06/1995 (42 [ERS2 |12/01/1998 |67 |[ERS2  [27/03/2000
18 ERS2 [12/06/1995 [43 |ERS2 [16/02/1998 [68 |ERS2  [05/06/2000
19 ERS2 [17/07/1995 (44 [ERS2 |23/03/1998 [69 |[ERS2  [10/07/2000
20 ERS2 [21/08/1995 (45 [ERS2 |27/04/1998 |70 [ERS2  [14/08/2000
21 ERS2 [30/10/1995 (46 [ERS2 ]01/06/1998 |71 |[ERS2  [18/09/2000
22 ERS1 [07/01/1996 (47 [ERS2 ]06/07/1998 |72 [ERS2  [23/10/2000
23 ERS2 [08/01/1996 (48 [ERS2 |10/08/1998 |73 |[ERS2 [27/11/2000
24 [ERS1 [21/04/1996 |49 |[ERS2  [14/09/1998 |74 |ERS2 |01/01/2001
25 ERS2 [22/04/1996 [50 [ERS2  [23/11/1998

4.3.2.2 ENVISAT ASAR dataset

Environmental Satellite (ENVISAT) was launched on 1 March 2002 with ten sophisticated
optical and radar instruments. The main instrument of ENVISAT on board was Advanced
Syenthetic Aperture Radar (ASAR), operating in C-band and ensuring ERS satellite data
continuity. This satellite was equipped with a phased-array antenna which provided
independent control of both phase and amplitude of the received signal at different regions of
the antenna (ESA, 2002). This feature permitted the ASAR instrument to operate in different
modes. The other improvements of ASAR include beam flexibility, steering to acquire images
at different incidence angles and altering the polarization mode (co-polar and cross-polar). The

main objectives of launching ENVISAT were to contribute to environmental and climate
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change studies as well as to ensure the ERS data continuity. The mission of the ENVISAT
satellite ended on 8 April 2012 due to a lost connection with the satellite after the tenth

anniversary of its launch.

The availability of ENVISAT ASAR images over the study area also can be identified
using Eoli-sa software. A category-1 proposal was submitted to ESA for ENVISAT data
acquisition over Venice Lagoon (ltaly) to acquire fifty-four images in the track 122; however,
only fifty-one images have been used in the processing. The images were in descending orbit
and cover the period from 2 April 2003 to 31 December 2008. Table 4.6 illustrates the
submitted proposal to ESA for ENVISAT data acquisition over Venice Lagoon (Italy).
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Table 4.6: List of the proposal submitted to ESA for ENVISAT ASAR data acquisition over
Vennice Lagoon (Italy).

Project ID 32188: Long-term deformation monitoring in drained
peatland areas using DINSAR techniques

No. |Date No. Date No. |Date

1 |02/04/2003 19 15/06/2005 37  |16/05/2007
2 [24/09/2003 20 20/07/2005 38  [20/06/2007
3 [29/10/2003 21 24/08/2005 39  [25/07/2007
4 |07/01/2004 22 28/09/2005 40  [29/08/2007
5 [11/02/2004 23 02/11/2005 41 |03/10/2007
6 |17/03/2004 24 07/12/2005 42 |07/11/2007
7 [21/04/2004 25 11/01/2006 43 |12/12/2007
8  [26/05/2004 26 22/03/2006 44 |16/01/2008
9  [30/06/2004 27 26/04/2006 45 |20/02/2008
10 |04/08/2004 28 31/05/2006 46 |26/03/2008
11 |08/09/2004 29 05/07/2006 47 [30/04/2008
12 |13/10/2004 30 09/08/2006 48  |04/06/2008
13 [17/11/2004 31 18/10/2006 49  |09/07/2008
14 |22/12/2004 32 22/11/2006 50  |13/08/2008
15 [26/01/2005 33 27/12/2006 51  |17/09/2008
16 |02/03/2005 34 31/01/2007 52  [22/10/2008
17 |06/04/2005 35 07/03/2007 53 [26/11/2008
18 |[11/05/2005 36 11/04/2007 54 |31/12/2008

4.3.2.3 Sentinel-1 dataset

Over Venice lagoon (Italy), eighty-eight Sentinel-1 images have been collected from Sentinel-
1 data Hub. All images were acquired from Satellite A in a descending orbit for the period 4
January 2015 to 1 March 2018. The images are separated by 12 days intervals, and nine images
are missing from the Data Hub, i.e., 16/01/2015, 28/05/2015, 21/06/2015, 27/07/2015,
25/09/2015, 07/10/2015, 19/10/2015, 27/06/2016 and 17/01/2017. Also one Sentinel-1 image
(23/03/2016) has been excluded from the processing due to technical problem The list of the

available Sentinel-1 data is summarized in Table 4.7.
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Table 4.7: List of Sentinel-1 images used in the processing over Venice Lagoon (ltaly).

No. | Date No. | Date No. | Date No. | Date No. | Date
1 04/01/2015 19 31/10/2015 37 03/06/2016 55 | 29/01/2017 73 | 02/09/2017
2 28/01/2015 20 12/11/2015 38 15/06/2016 56 10/02/2017 74 | 14/09/2017
3 09/02/2015 21 24/11/2015 39 09/07/2016 57 22/02/2017 75 | 26/09/2017
4 21/02/2015 22 06/12/2015 40 | 21/07/2016 58 | 06/03/2017 76 | 08/10/2017
5 05/03/2015 23 18/12/2015 41 02/08/2016 59 18/03/2017 77 | 20/10/2017
6 17/03/2015 24 | 30/12/2015 42 14/08/2016 60 | 30/03/2017 78 | 01/11/2017
7 29/03/2015 25 11/01/2016 43 26/08/2016 61 11/04/2017 79 | 13/11/2017
8 10/04/2015 26 23/01/2016 44 | 07/09/2016 62 23/04/2017 80 | 25/11/2017
9 22/04/2015 27 04/02/2016 45 19/09/2016 63 | 05/05/2017 81 | 07/12/2017
10 04/05/2015 28 16/02/2016 46 01/10/2016 64 17/05/2017 82 | 19/12/2017
11 16/05/2015 29 28/02/2016 47 13/10/2016 65 | 29/05/2017 83 | 31/12/2017
12 09/06/2015 30 11/03/2016 48 25/10/2016 66 10/06/2017 84 | 12/01/2018
13 03/07/2015 31 23/03/2016 49 06/11/2016 67 22/06/2017 85 | 24/01/2018
14 15/07/2015 32 04/04/2016 50 18/11/2016 68 | 04/07/2017 86 | 05/02/2018
15 08/08/2015 33 16/04/2016 51 30/11/2016 69 16/07/2017 87 | 17/02/2018
16 20/08/2015 34 | 28/04/2016 52 12/12/2016 70 | 28/07/2017 88 | 01/03/2018
17 01/09/2015 35 10/05/2016 53 24/12/2016 71| 09/08/2017
18 13/09/2015 36 22/05/2016 54 | 05/01/2017 72 21/08/2017

4.4 Summary

Information regarding the suitability of each study site that could fulfil the aims and objectives
of this study has been presented. The presence of peat bogs with different conditions in the
Flow Country combined with the availability of SAR data and ground-based measurements
make this area ideal for the study of ground motion and evaluation of the peat conditions using
INSAR. However, a second test site is needed to examine the feasibility of ISBAS technique
over a different peatland environment. Therefore, the drained coastal peatland (Zennare basin)
was selected as a second test site. This site was selected for a few reasons, mainly due to the
availability of large SAR data sets with some previous works explaining the deformation and
the fact that it has completely different environment from the Flow Country.
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CHAPTER 5

METHODOLOGY AND RESULTS FOR LONG-TERM PEATLAND CONDITION
ASSESSMENT VIA SURFACE MOTION USING ISBAS DINSAR TECHNIQUE

5.1 Introduction

The previous chapter discussed how the Flow Country in Scotland (the largest expanse of
blanket bogs in Europe) and the Zennare basin in the south of Venice Lagoon, Italy (farm
coastal peatland area) were selected as the most suitable test sites for this research. This chapter,
therefore, presents the processing methodologies and final results of the long-term deformation
monitoring in both sites using the ISBAS DINSAR technique. The LOS velocity maps over
these sites are presented, drawing attention to their respective quality and internal consistency.
The datasets are also compared with other sources of data wherever possible which naturally
leads into the next chapter.

5.2 SAR data processing over Flow Country (Scotland)

5.2.1 Site overview

As explained in Chapter 4, the Flow Country of Caithness and Sutherland, Northern Scotland,
UK is the largest expanse of blanket bog in Europe, covering about 4,000 square kilometres
(Figure 5.1). Peatlands in the UK have developed under peat forming vegetation, and along
with contemporary land management, this has resulted in a myriad of land cover classes and
peat depths (and status) across the area (Bruneau and Johnson, 2014). The peat in some areas
of the Flow Country was damaged between 1979 and 1987 through the planting of non-native
conifer forests and the cutting of thousands of miles of drains. This has now been stopped and
the area is under restoration. In the central eastern part of the Flow Country is the UK Forestry
Commission’s Research Reserve at Bad a Cheo (475066 E, 6476417 N (WGS-1984-UTM-
Zone-30N)), a site situated on wet, infertile blanket bog about 90 m above sea level, with mean
annual precipitation of 930mm (Shotbolt et al., 1998; Anderson et al., 2000) and featuring
afforested plots. The area contains plots afforested in 1968, plots afforested in 1989, a few plots
drained in 1989 but otherwise undisturbed and some areas that have been neither drained nor
afforested. This reserve was used for the focused quantitative analysis of the ISBAS outpults,
with the remaining 4,000 km? of peatland analysed contextually, providing qualitative analyses

of the outputs from the processing of the SAR data.
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Figure 5.1: The distribution of blanket peat of the United Kingdom and Ireland, adapted
from the 2012 CORINE (Co-ordinated Information on the Environment) along with the
boundary of Bad a Cheo forest Reserve and the footprints of the ERS and Sentinel-1 SAR
image frames. (WGS-1984-UTM-Zone-30N).
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5.2.2 Data

As determined by SAR data availability over the study area, remotely sensed data from two
SAR satellite systems were used in this study (refer to Chapter 4, section 4.2.5); this allowed
for a different set of measurement scenarios to be investigated, principally related to the
monitoring periods and temporal and orbital baseline constraints (Cigna and Sowter, 2017). As
determined by availability, dataset one was comprised of fifty-one ERS 1/2 C-band VV
polarised SAR images from a descending orbit acquired for a long monitoring period between
May 1992 and December 2000 (Chapter 4, Table 4.1). Dataset two (again determined by
availability) was comprised of forty-seven Sentinel-1 Interferometric Wide (IW) SLC images
acquired from satellite A in an ascending orbit over a much shorter monitoring period between
March 2015 and December 2016 (see Chapter 4, Table 4.4). Figure 5.1 illustrates the
footprints of ERS and Sentinel-1 image frames. Both datasets were separately processed using
the ISBAS DInSAR technique (Sowter et al., 2013; Bateson et al., 2015) (refer to Chapter 2,
Section 2.3) to calculate annual surface motion velocities (m/year) and their standard errors

during the respective monitoring periods across the Flow Country.

Field data on surface motion (refer to Chapter 4, Section4.2.5.2) had been collected at
the UK Forestry Commission’s Bad a Cheo Research Area (Shotbolt et al., 1998; Anderson et
al., 2000) by repeated optical levelling (Anderson et al., in prep). Although temporally
concurrent to the SAR data, these field surface motion data were not collected for the purpose
of comparison with the INSAR surface motion outputs; however, they have been used here due
to the absence of any other field data on surface motion of the Flow Country. From 1989 to
1994 the levelling measurements were repeated twice per year, once in spring and once in
autumn. Then for 1994-1999, the frequency of the levelling measurements reduced to once per
year, in the autumn. The next repetition was in spring 2005. Four blocks of a randomised block
afforestation experiment had been surveyed here between 1989 and August 2016 (after which
the reserve was clear-felled and no further measurements were taken) (Figure 5.2), which

more-or-less covers the same time period as the ERS and Sentinel-1 observations.

Each block contains four 42 x 20 m plots; in each case, one of the plots is drained but
unplanted and the other three are drained, ploughed and planted. Observations of peat height
were made along a longitudinal mid-line transect of each plot with measurements at a fixed set
of 85 locations related to the ploughing pattern, including drain bases, bases of furrows, tops
of ridges and the original surface mid-way between ridges and beside them. In the drained but
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unplanted plots, 42 measurements were made including drain bases and the original surface at
1 mintervals along the transects. A local benchmark had been established beside each block in
1988 by pushing a metal rod vertically through the peat and hammering it into the mineral
substratum (Shotbolt et al., 1998). These benchmarks by each of the four blocks were installed
to act as local benchmarks against which to detect changes in the ground surface level due to
peat consolidation, shrinkage, compression and oxidation and tree root growth. These were
sufficiently well anchored in the mineral substrate to be used for this purpose and our
assumption is that (though no measurement was made to verify this) any vertical motion of the
mineral substrate is negligible compared to vertical motion of the ground surface due to
processes in the peat. Before and after surveying the points on each transect, which were all
done from a single tripod position, the appropriate local benchmark was surveyed from the
same tripod position so that heights on the transect could be expressed as heights relative to
these benchmarks. These measurements of the local datum were also a check to confirm that
the automatic level had not inadvertently moved during the transect survey, which it never had.
The observations of the heights were surveyed with a Topcon AT-F6 automatic level and
rounded to the nearest 1 cm (Anderson et al., 2000). The mean height change of each transect
was then used for comparison with the ERS and Sentinel-1 derived surface motion data sets,
estimated by fitting a linear trend through the plot mean levelling heights. Twelve
measurements for each levelling transect from 1991 to 2001 were used with the ERS data set
(28/04/92 -04/12/2000); however, due to the timing of this study, only two measurements were
available to compare with the Sentinel-1 data set (28/01/15 - 03/08/2016). To supplement this,
qualitative comparisons to site condition were made on several sites across the Flow Country
as a whole, on the basis of land cover and use (e.g. drained, forested, clear felled, presence of
pool systems, bare peat, mineral soil), as delineated via visual interpretation of optical satellite

images available from the Google Earth geobrowser (Gorelick et al., 2017).
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Figure 5.2: A very high resolution RGB image of the UK Forestry Commission’s Bad a’
Cheo Forest Research Reserve (outlined in black, centered on 475066 E, 6476417 N (WGS-
1984-UTM-Zone-30N)) showing the mid-point locations of the levelling transects from
which the levelling measurements were taken (red dots). Note there are four forest blocks,
each with four levelling measurements transects. In the quantitative assessment of the INSAR
surface velocity outputs, these levelling measurements are used for comparison and context.

5.2.3 SAR data processing using ISBAS technique

All ERS and Sentinel-1 images were processed using the ISBAS DInSAR technique (refer to
Chapter 2, Section 2.3), using temporal and orbital baseline constraints that allow for the
maximisation of spatial coherence and a reduction of the contribution of DEM errors in the
generation of the differential interferograms. In order to increase the quality of the phase
estimation and reduce the noise of the radar signal in the scene, the interferograms were multi-
looked using a window size of 4x20 (range x azimuth) pixels for the ERS data and 22x5 pixels
for the Sentinel-1 data, giving a final pixel dimension of approximately 100x100m in ground
range for ERS and 80x70m for Sentinel-1. In both cases, the points that were derived from
ISBAS processing were considered coherent when the average coherence was greater than or

equal to 0.25, in accordance with the SBAS technique (see Chapter 2, Section 2.3.1.4).
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ISBAS processing was then performed only for coherent points as defined above. As
reported in Gee et al. (2016), areas with sustained coherence over all interferograms, such as
in urban areas, have a low standard error; over areas for which coherence is more intermittent,
such as in rural areas, the standard error increases. Therefore, care was taken to limit the
minimum number of interferograms contributing to a coherent pixel to control the standard
error. Differential interferograms were generated (Chapter 2, Section 2.3.1.3) through
calculating the phase difference between a pair of images and subtracting off a simulated phase
calculated using the image geometry and a digital elevation model from the SRTM mission.
After generation of the differential interferograms, close attention by way of visual inspection
was paid to identify any anomalies (i.e. atmospheric interference). No clear errors were

observed, or they had been removed through the processing that had been applied.

Phase unwrapping was implemented using a statistical cost network flow algorithm
described by Chen and Zebker (2001), to individually unwrap all the ISBAS points within each
interferogram (Chapter 2, Section 2.3.1.6). Numerous previous studies using ISBAS have
used one reference point and this was the case here. The same stable reference point, located
in Dounreay on the northern coast at 58°34°44°’N 3°44°23°°W, was used for both datasets
image stacks (Figure 5.3). The selection of the reference point is extremely important because
all the velocity results are relative to this point. Therefore, the reference point is expected to be
stable, with zero velocity. The choice of the reference point was made subject to a statistical
consideration relating to the coherence of the signal and the minimum standard deviation of
the phase in all interferograms (i.e., the reference point has a high coherence and displays a
low phase standard deviation across all interferograms) (Chapter 2, Section 2.3.1.5).
Dounreay is used since this is a stable high-coherence area and thus a low noise, zero-mean,
neighbourhood. Through this choice of location of the reference point any chance of
erroneously choosing an unstable point has been minimized and the phase can thus be easily
unwrapped and related to other stable areas surrounding it. Note that the resultant reference
point is very close to a Thurso (THUS) Global Navigation Satellite System (GNSS) station
(less than 1 km distance between them) (Figure 5.3).
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ISBAS reference point

Figure 5.3: Relative location of ISBAS reference point used and the nearby THUS GNSS
station: comparison of the motion data from the two indicates stability of the reference point.

All ISBAS velocity results are in the line of sight (LOS) direction, towards or away
from the satellite. In order to enable an equivalent comparison between LOS velocity (VelLOS)
results and the field acquired levelling data, all the velocity results were converted to an

equivalent vertical (Velvert) velocity by:

Velyert = Velyps/cosO Eqg.5.1
where O is the incidence angle from the surface normal. Here, the incidence angle was
explicitly calculated for each coherent point using the satellite and image geometry. It should
be noted that the correction that was applied assumes that the ground displacement is wholly
in the vertical direction only, which is a reasonable assumption given that analyses of the data
from the THUS Global Navigation Satellite System (GNSS) station in Thurso reports a vertical
velocity for the period 2007 to 2014 was 0.6+0.5 mm/year using ITRF 2008 reference frame

(http://www.bigf.ac.uk/). The vertical velocity for the reference point as measured by the

ISBAS technique was -0.17+0.34 mm/year. Given that the geology is the same across the study,
this stability should be case for the Bad a Cheo reserve too. However, in cases where horizontal
motion is anticipated, it is possible to resolve the vertical and lateral components of motion
using a stereo analysis of separate results from ascending and descending orbits, as
demonstrated by Lanari et al. (2007). It is useful to note here that all pixel values in a
multilooked, unfiltered interferogram are independent of each other and therefore errors in one

pixel have no connection to the errors of its neighbours. Phase unwrapping merely adds an
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integer number of cycles to a pixel value and therefore does not propagate random errors or
biases in any individual measurements. A 'stable’ reference point simply means that its motion
is so small that it does not require phase unwrapping (i.e. there are no integer cycle errors). As
long as this condition is met, none of its intrinsic motion or noise will be propagated to any
other pixels in the unwrapped phase. Note that the GNSS station observations are only used to
confirm that the pixel location is stable - at no point is the pixel value adjusted to agree with
the GNSS velocity.

5.2.3.1 ERS ISBAS processing

The fifty-one ERS C-band VV polarised SAR images were processed using constraints of a
maximum 250m perpendicular baseline and four years temporal baseline between any
interferometric pair used. This follows previous studies (Berardino et al., 2002; Casu et al.,
2006; Cigna and Sowter, 2017) and ensured limited spatial decorrelation and topographic errors
and that interforemetretic coherence was preserved. The resultant interferograms (pairs) are
depicted in Figure 5.4 a; the total number of generated interferograms was 249, corresponding
approximately to over 19% of the possible pair combinations of the ERS data set. However, a
threshold value of 72 interferograms was used as the minimum point threshold. The point
threshold is an indication of the minimum number of coherent interferograms that contribute
to the analysis of each pixel. As indicated in Cigna and Sowter (2017), a high point threshold
indicates a low standard error, which is a preferred outcome, but at the cost of poor coverage.
For example, if the point threshold is at a maximum, equal to the number of interferograms,
the coverage is very close to that of a standard SBAS or PSI survey with most points over hard
targets such as buildings or infrastructure and very few points over vegetated peatland areas.
Therefore, the approach here was to successively lower the point threshold from its maximum
value until an acceptable coverage was reached, but with an acceptable compromise to the
standard error. This rule allows the ISBAS algorithm to accept points that may not be high
quality in all interferograms (N) (i.e., intermittent coherence pixels), which is a characteristic

of vegetated sites such as peatlands.
5.2.3.2 Sentinel-1 ISBAS processing

The forty-seven Sentinel-1 Interferometric Wide (IW) SLC images were processed with a
maximum normal perpendicular baseline of 200m. With this perpendicular baseline two
different temporal baselines were used: 6 months and approximately 2 years (i.e., the entire
period of the observations). The longer baseline was determined by the Sentinel-1 record at the
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time of data analyses. The shorter baseline of 6 months was chosen to examine if this had any
impact on potential phase ambiguity, particularly in this dynamic peatland environment. With
the 6 months temporal baseline, 493 differential interferograms were formed which
corresponds to 45% of the possible pair combinations (Figure 5.4 b); with the 2 years temporal
baseline the number of resultant differential interferograms was 1071 (Figure 5.4 c),
corresponding to over 99% of the possible pair combinations. The point threshold values for

the 6 months and 2 year temporal baselines were 246 and 420 interferograms respectively.
5.2.4 Data analysis

The resultant vertical velocity maps produced from the processed ERS and Sentinel-1 data
were evaluated both qualitatively (i.e., through comparisons with known peat subsidence and
accumulation patterns over the study area, mainly related to land cover and site history) and
quantitatively (i.e., through comparison with the field levelling data). Prior to evaluation, the
vertical velocity outputs from the ERS and Sentinel-1 ISBAS processing were output as raster
layers and orthorectified using nearest neighbour interpolation to provide pixels at a uniform

50m spacing in a UTM map projection.
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Figure 5.4: Perpendicular and temporal baselines of the image pairs relative to the master
scene (a) ERS SAR (master: 1st September 1997) (b and c) Sentinel-1 SAR 6 months and 2
years temporal baselines respectively (master: 6th January 2016). Red point is the master
SAR image.

The fortuitous nature of the availability of the levelling data meant that only general
patterns in surface motion were extracted and compared with the INSAR outputs. Although a
useful ground dataset, it could not be used for a validation exercise per se - a key issue was that
the output spatial resolution of the ISBAS velocity maps is clearly much larger than the
individual field levelling transect means (4 transect means per block — see Figure 5.2). As a
result, all levelling points from each block and all raster cells of the ERS or Sentinel-1 outputs

within each block were extracted for the simultaneous time period and used for further
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analyses. Moreover, the surface motion outputs for all the raster cells in reserve as a whole
were also extracted. It should be noted that this meant that the measurements for each of the
four blocks are from both peatland that had forests for the entire study period but also peatland
that had been drained at the same time but not planted. Analysis was undertaken through
comparison between the levelling data and the INSAR velocity maps and this took two forms.
The first was to plot the mean and standard error of the ground motion graphically for each of
the four blocks separately, for each of the four blocks as a whole (i.e., all together) and also for
the reserve as a whole. The second was to conduct a Wilcoxon-Mann-Whitney U-test at the
scale of the blocks. This non-parametric method compares the arithmetic means of two samples
(i.e., levelling data and INSAR data) to see if they are different or not. For clarity, we should
stress that in this comparison the levelling measurements are relative to the relevant separate
benchmarks and the INSAR measurements relative to the reference point at Thurso.

5.2.5 Results

For both the ERS and Sentinel-1 datasets, the spatial coverage of vertical velocity maps over
the peatland area of the Flow Country attained a significant proportion of total coverage (over
land). A measure of the coverage provided by the ISBAS method over this predominantly rural
area is the solution density: the ratio between the number of pixels providing a solution and the
total number of processed pixels over land (Cigna and Sowter, 2017). On the ERS ISBAS
velocity map, ISBAS points cover more than 70% of the total land area; on the Sentinel-1
velocity map they cover 87% of the area (Figure 5.5, Figure 5.6, Figure 5.7).

The ERS derived vertical velocity maps and histograms (Figure 5.5) illustrate the
spatial and statistical distribution of velocities and their standard errors for the period 1992 to
2000. Negative LOS velocities indicate subsidence, while positive values indicate uplift. The
mean vertical velocity of all ERS ISBAS points across the entire scene was -0.0006 + 0.0012
m/year, with values ranging from -0.0081+0.0024 m/year to 0.0071+£0.0015 m/year. Over the
open peatland areas, the standard error is very low due to a large number of coherent pixels per
point. Over agricultural and forested areas the standard error increases due to the intermittent
coherence. Sentinel-1 derived vertical velocity maps and histograms (Figure 5.6 and Figure
5.7) illustrate the spatial and statistical distribution of velocities and their standard errors
calculated using temporal baselines of 6 months (Figure 5.6) and 2 years (Figure 5.7) for the
time period 2015 to 2016. These velocity maps overlap with those obtained with the ERS data
apart from a transect that dissects the study area along-track direction. This was due to the
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swaths that made up the IW images not overlapping in all images. Notwithstanding this missing
data, the 6 months temporal baseline generated a mean vertical velocity of -0.0072+0.003
m/year for the entire scene with values ranging from -0.048 + 0.005 m/year to 0.019 + 0.004
m/year. The 2 year temporal baseline generated a mean vertical velocity of -0.0048 £ 0.002
m/year with values ranging from -0.0223 + 0.0017 m/year to 0.008 + 0.0014 m/year. As was
evident with the ERS data, the standard error of the Sentinel-1 velocities also increases over

agricultural and forested areas due to intermittent coherence.
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Figure 5.5: ERS ISBAS vertical velocity map with standard error map and their statistical
distribution. The red dot represents the location of the stable reference point (location -
Dounreay on the Northern coast at 456984 E, 6493400 N) used in the ISBAS processing.
Black line shows the boundary of peatland over Flow Country. Red rectangle represents the
location of the Bad a Cheo forest Reserve. Projection: WGS_1984 UTM_Zone 30.
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Figure 5.6: Sentinel-1 ISBAS (6 months temporal baseline) vertical velocity map with
standard error map and their statistical distribution. The red dot represents the location of the
stable reference point (location - Dounreay on the Northern coast at 456984 E, 6493400 N)
used in the ISBAS processing. Black line shows the boundary of peatland over Flow
Country. Red rectangle represents the location of the Bad a Cheo forest Reserve. The transect
that dissects the study area along the track direction is due to the swaths that made up the IW
images not overlapping in all images. Projection: WGS_1984 UTM_Zone 30.

90



@ Reference point

Peat boundary - Bad a Cheo forest

443000 460000 477000 494000

Sentinel-1 vertical velocity
2 vears temporal baseline
Value

6500000
6500000

+0.02

. -0.02

x10*

Frequency

6460000

6460000

-0.02 <001 -0.005 0 0.005
Vertical velocity (m/year)

443000 460000 477000 494000

Sentinel-1 (2 years temporal baseline)
Standard error (miyear)

6500000
6500000

i Value
ot 0.004
gl A 2 . 0.002
S o o 3
3 i& Ny 3
wl «ré'. \3
by “‘;gé*: 0
e b
YS 3 P
& .‘ K % 5A10
g_k f‘f §§ 4
SThe = & 23 3
3 [F iz \
X i [y
: * j’i‘ﬁﬂ p
' % 00005 0001 00015 0002
443000 : 001, 00013, 0.

Standard error (m/year)

Figure 5.7: Sentinel-1 ISBAS (2 years temporal baseline) vertical velocity map with
standard error map and their statistical distribution. The red dot represents the location of the
stable reference point (location - Dounreay on the Northern coast at 456984 E, 6493400 N)
used in the ISBAS processing. Black line shows the boundary of peatland over Flow
Country. Red rectangle represents the location of the Bad a Cheo forest Reserve. The transect
that dissects the study area along the track direction is due to the swaths that made up the IW
images not overlapping in all images. Projection: WGS_1984 UTM_Zone 30.
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5.2.5.1 Qualitative analysis

At the scale of the whole scene, the qualitative analysis indicates that the highest rates of
subsidence occur at the margins of the peatlands where the peatland intercalates with
agricultural land. This is most obvious along the eastern margin of the Flow Country, which is
also the area that receives the lowest precipitation (www.metoffice.gov.uk). High values of
subsidence are also associated with plantation forestry and, in upland areas, with bare peat.
Four areas of interest are highlighted to illustrate the qualitative relationships to land cover/use
at higher spatial resolution (Figure 5.8). These areas show that peatland pool systems are
clearly associated with areas of stability or uplift, as are areas of peatland far from lines of
drainage. Plantation forest and clear-felled forest are clearly associated with subsidence,
although within forested areas this relationship is not uniform. The main effect of the
plantations is to reduce the water content of the underlying peat and thus cause subsidence. The
Flow country extract indicates that the north east is dominated by subsidence rates of more than
0.005 m/year and this is a forested area. The one stable area of the scene to the southwest is
that showing healthy peat as indicated by the pool systems. The Bowside Lodge extract is a
classic peatland area - dominated by stability or slight uplift — with minimal drainage and pool
systems evident; the one area of high subsidence rates through the centre-left of the scene
intersects with forestry. The Loch Sletill extract is one dominated by subsidence and features
bare peat, forest and clear felled forest (in the south west). Lastly, the south Westerdale scene
is mixed in terms of surface motion. Those areas dominated by stability or uplift (central area
and to the southeast) are far from lines of drainage and/or feature a peatland pool system. These
described observations between surface motion and land cover/use align entirely with the
expected peatland condition of the Flow Country as a landscape and indicate that the INSAR
data provides a meaningful, qualitative and relative indicator of peatland condition. Further
and robust utility of these data would be provided if the velocities obtained had absolute

meaning.
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Figure 5.8: Sentinel-1 ISBAS vertical velocity maps (i) along with their outputs having
undergone unsupervised segmentation (ii) to illustrate three main classes of (stable areas,
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four different locations (from top to bottom): Flow Country; Bowside Lodge Loch; Sletill

and South Westerdale.
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5.2.5.2 Quantitative analyses

At the scale of the whole Bad a Cheo Forest Reserve the overall trend of motion as captured
by the INSAR data was of subsidence; this was the case for the both ERS and Sentinel-1 data
(for both 6 months and 2 year temporal baselines) (Figure 5.9). The ERS satellite measured a
mean rate of subsidence across the period 1992 to 2000 was of -0.0019 m/year with an
associated standard error of 0.0001 m/year. For Sentinel-1 ISBAS data using 6 months and 2
year temporal baselines the mean rates of subsidence across the period of March 2015 to
December 2016 were -0.009 m/year and -0.006 m/year respectively. The associated mean

standard error was 0.001 m/year respectively.

At the scale of the four blocks as a whole within the Reserve, the overall trend of motion
as captured by the INSAR was of subsidence; this was the case for both the ERS and Sentinel-
1 data for both temporal baselines used across the period under investigation (Figure 5.9). The
mean rate of subsidence for the blocks as a whole for ERS ISBAS points was -0.002 m/year
and the associated mean standard error was 0.0004m/year. The Mann-Whitney U test analyses
comparing this ERS measure with that measured by the levelling (n1) illustrates that while the
ERS data (n2) correctly predicts the direction of ground motion (i.e., subsidence) its magnitude
(Figure 5.9 a and Figure 5.10 a) is different to that measured by the levelling data (at the 95%
level of confidence) ( n1 = 16; n2 = 12). For the exact same time period, the mean of the
levelling measurements was -0.01 m/year and its standard error 0.001 m/year. For the Sentinel-
1 data, it was the case that the mean of the levelling measurement for the period of comparison
was -0.016 m/year and its standard error 0.009 m/year. Comparing this (n1) with the Sentinel-
1 ISBAS (n2) mean and SE using the Mann-Whitney U test reveals that for both the 6 month
and 2 year temporal baseline there was no difference at 95% level of confidence in the
measurements. The Sentinel-1 data (using a 6 month baseline) had a mean rate of movement
of -0.007 m/year with a standard error of 0.001 m/year and the Sentinel-1 (using a 2 year
baseline) had a mean rate of movement of -0.005 m/year with a standard error of 0.001 m/year.
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Figure 5.9: (a) The rate of the deformation between ERS ISBAS points and levelling
transect block means over Bad a Cheo forest Reserve for each block individually, for the
blocks combined and for the Reserve as a whole. The average rates of surface motion with
the standard error of the mean are used to plot both levelling (blue bars) and ISBAS
measurements of displacement occurring during the relevant time periods (orange bars); (b)
the rate of the deformation between Sentinel-1 (with a six-month baseline) ISBAS points
and levelling transect block means over Bad a Cheo forest Reserve for each block
individually, for the blocks combined and for the Reserve as a whole. The average rates of
surface motion with the standard error of the mean are used to plot both levelling (blue bars)
and ISBAS measurements of displacement occurring during the relevant time periods
(orange bars); (c) the rate of the deformation between Sentinel-1 (2 year baseline) ISBAS
points and levelling transect block means over Bad a Cheo forest Reserve for each block
individually, for the blocks combined and for the Reserve as a whole. The average rates of
surface motion with the standard error of the mean are used to plot both levelling (blue bars)
and ISBAS measurements of displacement occurring during the relevant time periods
(orange bars).
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By looking at Figure 5.10 and Figure 5.11, it is evident that, although the general trend
of the Reserve measured by both the INSAR ISBAS and the levelling methods is that of
subsidence, there is spatial variability within the Reserve with some of the ISBAS output points
showing uplift, and the pattern of variability differs between that captured by the ERS and
Sentinel-1 satellites. Taking each Block individually, it is the case that the levelling data shows
an approximately linear trend of motion in all four blocks (Figure 5.10 a and b); however, the
variability of the velocity is greater than the variability in velocity measured with the INSAR
ISBAS data. As a case in point, during the 2 year period covered by the Sentinel-1 data, the
average of the levelling measurements per block indicate that 3 blocks were subsiding (block
1 with 0.04 m/year, block 2 with 0.004 m/year and block 4 with 0.003 m/year) and one block
(block 3) experienced uplift of about 0.003 m/year (Figure 5.10 b). Although caution is
required here as levelling measurements were only made on two occasions and also the final
measurement made was prior to the end date of the Sentinel-1 acquisitions, it is the case that
comparison with the Sentinel-1 measurements (Figure 5.10 b and Figure 5.11b, c) indicates a
mismatch with block 3, with both temporal baseline outputs showing subsidence, albeit at small
rates, rather than uplift during this period.
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represent the start and end of ERS acquisitions.
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Figure 5.10 b: The 4 levelling transect mean heights in each block. The vertical dashed lines
represent the start and end of Sentinel-1 SAR acquisitions
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5.2.6 Discussion

The ISBAS maps of surface motion output for Flow Country of Scotland, UK represent the
first contiguous maps of peatland surface motion. Using knowledge of peatland surface motion
as provided by ground data, i.e., through interpretation of land cover shown on high spatial
resolution optical satellite data and best available levelling measurements, the real potential of
using satellite INSAR data processed using the ISBAS method has been demonstrated. This is
much needed mapping given the links between peatland condition and ecosystem services and,
although it is difficult to fully explain from this work the exact magnitudes in the differences
and uncertainties, the results presented here indicate that further investigation of this
methodology should be undertaken. Full validation of this remote sensing method for this
application is required, particularly given that the levelling measurements were not designed
for the validation of such mapping. Further work could pay dividends and would build upon
previous studies that have only alluded to the possibility of peatland surface motion being
measured by INSAR/ISBAS but had much less evidence from ground observations to support
conclusions e.g., (Shimada et al., 2013; Cigna et al., 2014; Cigna and Sowter, 2017). This study
over temperate peatland is also a useful addition to the literature on InSAR for peatlands. All
previous, albeit few INSAR studies undertaken to date have been in very different peatland
environments to that of the Flow Country. Moreover, these studies have used different SAR
data and processing techniques. Subsidence of up to 7.65 cm/year was reported in Central
Kalimantan, Indonesia using the SBAS technique applied to ALOS L-band data (Zhou et al.,
2016) and up to 1 cm/year in the Zennare Basin in Venice Lagoon Italy using ERS data in
Interferometric Point Target Analysis (IPTA) (Teatini et al., 2007).

5.2.6.1 Qualitative discussion

Qualitatively, the results obtained seem to present a meaningful account of peatland condition
in terms of its growth, stability or subsidence across the entire region that would appear to
match expectations in areas where the conditions are either known or can be reasonably derived
from interpretation of optical satellite data. The overall trend of peat surface subsidence for the
Flow Country revealed by the INSAR outputs concurs with expectations, based on the fact that
much of the area of peatland is drained, afforested or eroding. It is reasonable to assume that,
in the case of drained or eroding ground, there is a net of greenhouse gas emissions. This
assumption cannot be made for afforested ground which is thought to be a net source initially
due to peat disturbance and drainage, becoming a net sink as tree growth sequesters carbon and
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reverting to a net source after 50 to 200 years as carbon dioxide release from the breakdown of
timber products starts to exceed sequestration of the trees (Cannell et al., 1993). On this basis,
the values of the INSAR outputs are considerable in their landscape spatial resolution and this
should enable identification of areas undergoing change and support more effective
monitoring, management and intervention. Thus, the results obtained are encouraging and
suggest that, in this era of BigInSAR (Cigna and Sowter, 2017), this study is timely; it indicates
the value in using INSAR data to support a monitoring system of peatland at all spatial scales
(Kim et al., 2017). The need for the increase in INSAR data via higher temporal resolution
afforded by constellations is demonstrated by the ERS results here, which were comprised by
the gaps in the time series-this meant using a four-year temporal baseline, resulting in the
measurement of small deformation rates in comparison to what the Sentinel-1 data measured
(due to ambiguity). Regular acquisitions of Sentinel-1 with a short repeat cycle of 12 days made

it possible to decrease the temporal baseline and measure greater rates of deformation.
5.2.6.2 Quantitative discussion

Quantitatively, as already stated, there is, however, further work to be conducted to fully
understand the value of INSAR/ISBAS output maps, particularly, given that the quantitative
accuracy of the ISBAS method over peatland is hard to fully establish on the basis of this study.
The results of the quantitative analyses come with the limitation that recognises that the
levelling data were not collected for the purpose of comparison with the satellite-derived
measurements of surface motion. Hence, results are to be treated with some caution, with only
general patterns noted. In both levelling and INSAR measurements, there will be some degree
of error propagation that will need to be fully quantified in future studies. For example, an error
analysis on the levelling data reveals sources of error during transect reading (e.g., telescope
instability, curvature, and rounding error) that could be up to £18 mm and further that, during
local datum level reading, another £18 mm of error could be introduced. This combined with
an estimated error of -0.17 mm/year due to a different reference point being used for the INSAR
(i.e., the INSAR vertical velocity at the reference point) and levelling measurements, indicates
the need for further work, particularly focused on the quantitative validation of the INSAR

vertical velocity outputs.

For future validation studies, several issues need to be considered. One issue concerns
the temporal mismatch between the levelling measurements and Sentinel-1 data.

Unfortunately, the Sentinel-1 dataset for this study was constrained by the periods for which
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the levelling results were collected (and the project in the Bad a Cheo reserve ended) so could
not extend this time period. Another issue is that the levelling transect, which is typical of
peatland studies, lacked the systematic spatial coverage to adequately validate the INSAR.
Nevertheless, this has been useful in building upon the qualitative comparison in demonstrating
that forested areas on peatland have an overall trend of subsidence. At the scale of the reserve
as a whole, both the levelling measurements and the INSAR ISBAS outputs for both ERS and
Sentinel-1 (six-months and two-years temporal baseline) satellites agree that the peatlands of
the Bad a Cheo reserve are subsiding. Given that the peatland in this particular area is covered
with trees, which lowers water tables and makes the peat compact, this is encouraging.
Furthermore, spatial variations seen in the ISBAS DINnSAR outputs may be explained by the
fact that earlier levelling work at the Bad a Cheo Reserve has shown high spatial variability in
surface level change related to the layout of the forest plots and other unknown causes (Shotbolt
etal., 1998). Within the forest plots, variability in surface level change relates to the tree species
or species mixture, the different surfaces of the ploughing micro-relief and the deep drains and

associated spoil ridges.

Nonetheless, the accuracy of the InSAR measurements shows differences and
uncertainties when compared with the levelling measurements. This could be a result of
questions around the suitability of levelling measurements made along transects at 42 x 20m
resolution to compare against a pixel size of approximately 100 m x 100 m. Any further
validation campaign should adopt calibration and validation methods designed for measuring
contiguous mapping (i.e., be randomly located) and consider intra-pixel deployment of
levelling measurements. That said, however, peatland is predominantly water (typically about
95% in volume) and surface motion both short and long term is predominantly driven by
changes in the mass of water within the peat body (e.g., Kennedy and Price, 2005). Hydraulic
continuity operates on scales much greater than 100 m, the scale of mire units (mesotopes) and
mire complexes (macrotopes) (Lindsay et al., 2016). As the mass of water within the peat
increases the pressure increases and the surface expands; as water is removed, the peat
collapses. Long-term bog growth results from the accumulation of both carbon (plant matter)
and water. Given that hydraulic continuity operates on scales greater than 100 m, it could
therefore be a reasonable assumption that independent measures of surface motion should

display the same trends and rates over long periods of time.

Notwithstanding these known shortcomings of the levelling measurements, they are

indicative of the range of vertical movement that could be present at this site—up to —0.11
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m/year. Within the Reserve, neither of the satellites measured motion that extreme. This is due
to the limitation imposed by the radar and the chosen temporal baseline relative to the actual
rate of surface motion. The smoothing of displacements when averaging the information
present in the SAR data by heavy multi-looking might also explain the findings. Phase
unwrapping has the greatest influence on the quantitative measurement of deformation on an
individual interferogram. Phase unwrapping is applied to determine the phase ambiguity that
occurs whenever there is a fringe in an interferogram (i.e., when the phase jumps from + to —
radians or vice versa). When fringes are well-defined and there is no noise, this can be a simple
task; however, when there is noise and coherent pixels are sparse, such as in vegetated areas,
this can be very difficult and lead to an underestimation of fringes and, consequently, an
underestimation of the deformation. Another limitation imposed by radar is the atmospheric
signal (a predominant INSAR error source). Although this signal is well removed using ISBAS
technique for data acquired over long epochs (Cigna and Sowter, 2017; Gee et al., 2017) ERS
in this study, using data over a short time period may reduce the ability to accurately retrieve
the underlying velocity signal (Sowter et al., 2016; Gee et al., 2017). This is the most likely
reason for ISBAS underestimating the magnitude of peatland subsidence in the Reserve
(Alshammari et al., 2018).

5.3 SAR data processing over Zennare Basin (Venice Lagoon, Italy)

5.3.1 Site overview

As explained in chapter four, the Zennar basin is a subsiding area of the Lagoon lying below
mean sea level. It was completely reclaimed in the 1930s for agricultural use and at present is
characterized by the presence of bogs with a large fraction of outcropping peat soil (less than
2m thick) which provide evidence of the existence of ancient swamps (Rizzetto et al., 2003).
The area is progressively sinking due to the bio-oxidation of the peats in the upper aerated zone
(Gambolati et al., 2005; Teatini et al., 2007) which increases the vulnerability and geological
hazard such as river flooding, riverbank stability and intrusion of seawater in the aquifer system
(Tosi et al., 2000). Figure 5.12 illustrates the land cover classification map of the Lagoon
adapted from CORINE 2012 which shows that the agricultural land is the most dominant class

within the Lagoon and within the basin.
5.3.2 Data

As determined by the availability of SAR data over the study area, remotely sensed data from

three SAR satellite systems were used in this study (refer to Chapter 4, Section 4.3.2); this
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permits for a different set of measurement scenarios to be examined. As determined by
availability, dataset one was comprised of sixty-one ERS 1/2 C-band VV polarised SAR
images from a descending orbit acquired for a long-monitoring period between May 1992 and
January 2001 (see Chapter 4, Table 4.5). Dataset two (determined by availability) was
comprised of fifty-one ENVISAT ASAR scenes from a descending orbit also acquired for a
long-monitoring period between April 2003 and December 2008 (see Chapter 4, Table 4.6).
The last dataset which is also determined by the availability was comprised of eighty-seven
Sentinel-1 Interferometric Wide (IW) SLC images acquired from satellite A in a descending
orbit over a much shorter monitoring period between January 2015 and March 2018 (Chapter
4, Table 4.7). Figure 5.13 shows the footprints of the ERS, ENVISAT and Sentinel-1 SAR
image frames. The three datasets were processed separately using the ISBAS DInSAR
technique (refer to Chapter 2, Section 2.3) to calculate annual surface motion velocities
(m/year) and their standard errors during the respective monitoring periods across Venice

Lagoon, and particularly the Zennare basin.

270,000 285,000 300,000

5,035,000
5,035,000

Yenice
Lagoon

5,020,000
5,020,000

Adriatic
Sea

— Study site
B Urban areas

Non-irrigated arable land
I Complex cultivation patterns
P salt marshes

5,005,000
1
5,005,000

T -9
270,000 285,000 300,000

Figure 5.12: A land cover classification map of the Venice Lagoon, Italy taken from the
CORINE 2012 (Co-ordinated Information on the Environment) Land cover inventory.
(WGS-1984-UTM-Zone-33N).
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Figure 5.13: Footprints of the ERS, ENVISAT and Sentinel-1 SAR image frames. (WGS-
1984-UTM-Zone-33).

5.3.3 SAR data processing using ISBAS technique

The same procedures explained in Section 5.2.3 (refer to Chapter 2, Section 2.3) have been
followed to process the three datasets. The ISBAS technique was used for the processing with
temporal and orbital baseline constraints to maximize the spatial coherence and to minimize
the contribution of DEM errors in the generation of interferograms. To reduce the noise in the
radar signal, the scenes were multi-looked in both rang and azimuth using factors of 4 X 20
pixels for ERS and ENVISAT datasets and 22 X 5 pixels for Sentinel-1 to produce a final pixel
dimension of about 100 X 100m in ground range for ERS and ENVISAT and 80 X 70m for
Sentinel-1. Then the ISBAS processing was performed for coherent points only that had
average coherence greater than or equal to 0.25 in a minimum number of interferograms.

Differential interferograms were generated by calculating the phase difference between a pair
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of images and subtracting off a simulated phase calculated using the image geometry and a
digital elevation model from the SRTM mission. Phase unwrapping was then implemented
using a statistical cost network flow algorithm described by Chen and Zebker (2001) for
unwrapping all the ISBAS points within each interferogram using the same stable reference
point located in the south west of Sottomarina at 45°11°50°’N 12°16°59°’E for all datasets. The
selection of the reference point was made subject to a statistical consideration relating to the
coherence of the signal with the minimum standard deviation of the phase in all interferograms
(i.e., the reference point has a high coherence and displays a low phase standard deviation
across all interferograms) and the subsidence history over the study area. Sottomarina is used
since is a high coherence area with low noise and is suggested as being stable, in agreement

with the previous regional studies (Teatini et al., 2005; Teatini et al., 2007).
5.3.3.1 ERS ISBAS processing

The sixty-one ERS C-band VV polarised SAR images were processed using constraints of a
maximum 250m perpendicular baseline and four years temporal baseline between any
interferometric pair used. The resultant interferograms (pair) are illustrated in Figure 5.14 a,
where the total number of the generated interferograms using a threshold value of 120
(minimum number of interferograms) was 369, corresponding approximately to 20% of the

possible pair combinations of ERS dataset.
5.3.3.2 ENVISAT ISBAS processing

Same as ERS ISBAS processing, the fifty-one ENVISAT ASAR images were processed using
constraints of a maximum 250 perpendicular baseline and four years temporal baseline between
any interferometric pair, which resulted in 396 interferograms (Figure 5.14 b) corresponding
to 28% of the possible pair combinations of the ENVISAT dataset. The threshold value of 120

interferograms was used as a minimum point threshold.
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Figure 5.14: Perpendicular and temporal baselines of the image pairs relative to the master
scene (a) ERS SAR with four-years temporal baseline (master: 21 August 1995) (b)
ENVISAT ASAR with four-years temporal baseline (master: 24 August 2005) (c) Sentinel-
1 SAR with one-year temporal baseline (master: 2 August 2016). Red point is the master
SAR image.
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5.3.3.3 Sentinel-1 ISBAS processing

The eighty-seven Sentinel-1 Interferometric Wide (IW) SLC images were processed with a
maximum normal perpendicular baseline of 200m and one-year temporal baseline to reduce
the phase ambiguity over this farm peatland environment. The generated interferograms were
1958 which corresponds to 52% of the possible pair combinations (Figure 5.14 c¢). The point
threshold value was 684 interferograms.

5.3.4 Data analysis

The resultant LOS velocity maps produced from the processed ERS, ENVISAT and Sentinel-
1 data were evaluated qualitatively through comparisons with previously published studies
used INSAR over the same area. LOS ISBAS velocity outputs from the three datasets were
output as a raster layer and orthorectified using nearest neighbour interpolation to provide

pixels at a uniform 50m spacing in UTM map projection.
5.3.5 Results

For the three datasets (ERS, ENVISAT and Sentinel-1), the spatial coverage of LOS velocity
maps over the vegetated area of the Venice Lagoon provided significant coverage over land.
As explained previously, the ISBAS coverage over rural and vegetated areas represents a
solution density: the ratio between the number of the ISBAS pixels providing a solution density
and the total number of pixels on land (Cigna and Sowter, 2017). For ERS ISBAS, the coherent
points covered approximately 75% of the of the total land cover classes in the processed frame
Figure 5.15. For ENVISAT and Sentinel-1 datasets, they covered approximately 81% and 88%
of the processed scene respectively (Figure 5.16 and Figure 5.17). The distribution of ISBAS
coherent points was densest in urban areas as well as in rural and vegetated areas. However,
the best quality of ISBAS points occurs when the points are coherent in all interferograms,
where these points represent SBAS points and they are limited over vegetated areas and they
account for only 7% for ERS dataset, 8% for ENVISAT and 11% for Sentinel-1 (Figure 5.15,
Figure 5.16 and Figure 5.17).

The ERS derived LOS velocity maps and histograms (Figure 5.15) show the spatial
and statistical distribution of velocities and their standard errors for the period 1992 to 2001.
Negative LOS velocities indicate subsidence, while positive values indicate uplift. The mean

LOS velocity of all ERS ISBAS points across the entire scene was -0.00097+0.001 m/year,
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with maximum subsidence of about -0.0064+0.0013 m/year and maximum uplift of
+0.004+0.0014 m/year. Over agriculture areas including the peatland area (Figure 5.15), the
standard error is very high due to the intermittent coherence. ENVISAT derived LOS velocity
maps and histograms (Figure 5.16) illustrate the spatial and statistical distribution of velocities
and their standard errors for the period 2003 to 2008. These velocity maps overlap with those
obtained with the ERS data. The mean LOS velocity of all ENVISAT ISBAS points was -
0.001+0.0009 m/year with values ranging from -0.0066+0.001 m/year to 0.004+0.001 m/year.
Sentinel-1 derived LOS velocity and histograms (Figure 5.17) show the spatial and statistical
distribution of velocities and their standard errors calculated using a temporal baseline of one
year for the period 2015 to 2018. The velocity maps overlap from the south with those obtained
from both ERS and ENVISAT datasets, so they all cover the farm peatland area (Zennare
Basin). For the Sentinel-1 dataset, the mean vertical velocity for the entire scene was -
0.0002+0.001 m/year with values ranging from -0.009+0.0004 m/year to 0.004+0.0009 m/year.
As was evident with ERS data, the standard error of both ENVISAT and Sentinel-1 velocities

increases over agriculture areas due to intermittent coherence.
5.3.5.1 Qualitative analysis

At the scale of the whole scene, qualitative analysis of both ERS and ENVISAT ISBAS maps
shows the general stability of the central part of the Lagoon for the period of 1992 to 2008
which is confirmed by other studies (Teatini et al., 2007; Teatini et al., 2012), whereas the
subsidence rates increase in the northern and southern part of the Lagoon (Figure 5.15 and
Figure 5.16). Sentinel-1 ISBAS maps, on the other hand, show a clear pattern of the
deformation with lower standard errors of the velocities in comparison with ERS and
ENVISAT datasets for the southern part of the Lagoon (Figure 5.17).

At the scale of the whole farm peatland area (Zennare Basin), the overall trend of
motion as captured by INSAR technique was almost stable; this was the case in all three of the
datasets (Figure 5.18). The ERS satellite measured a mean rate of motion of -0.0008+0.0009
m/year with values ranging from -0.003+0.001 m/year to 0.002+0.001 m/year. For the
ENVISAT dataset, the mean rate of surface motion was -0.0005+0.0009 with values ranging
from -0.004+0.001 m/year to 0.002+0.0009 m/year. For the Sentinel-1 satellite, the measured
mean rate of motion was -0.0003+0.001 m/year with values ranging from -0.005+0.0005
m/year to 0.003+0.001 m/year respectively. However, a published multi-temporal DINSAR
study using ERS IPTA technique found that the subsidence rate at the north part of the basin
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was up to -0.01 m/year, which was likely caused by the consolidation process for the remnants

of the organic soil (Teatini et al., 2007).

It is evident from Figure 5.18 that, although the general trend of the farm peatland area
(Zennare Basin) measured by the three INSAR datasets was almost stable, there is a clear spatial
variability and lack of coverage within the ISBAS output points. It should be noted that all
ISBAS points over the Zennare Basin from the three datasets are intermittent coherent points
with a minimum number of interferograms (Figure 5.15, Figure 5.16 and Figure 5.17);
therefore, the noise in the output results is expected to be high. Due to the lack of ground
observations over this site, the application of ISBAS using ESA Sentinel-1 C-band to evaluate

peat condition using INSAR time-series has not been applied in the next chapter.
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Figure 5.15: (a and b) ERS ISBAS and SBAS LOS velocity maps respectively. (c) ISBAS
standard error map along with the frequency distributions of ISBAS velocity and ISBAS
standard error. The red dot represents the location of the stable reference point (location:
south-west of Sottomarina) used in ISBAS processing. The black line represents the location
of the peatland area (Zennare Basin). WGS-1984 UTM_Zone_33.
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5.3.6 Discussion

The LOS velocity maps generated from the three SAR datasets show the real potential of using
ISBAS DInSAR technique to provide surface motion over the Venice Lagoon, where the arable
land class (unfavourable for INSAR) represents the dominant class over this area. These maps

enable quantification of surface deformation over a wide area in the LOS direction.

The LOS velocity maps from both ERS and ENVISAT processing almost matched in
their overlapping area. The central part of Venice Lagoon showed a stable trend, while the
subsidence rates increased in the northern and southern part of the Lagoon, which is preserved
in both results and correlated with ERS-IPTA result from Teatini et al. (2007). However, the
estimated rate of deformation from ERS-IPTA result is much higher than ISBAS results from
both ERS and ENVISAT processing, which can be attributed to the difference in spatial
resolution of the results; the ISBAS technique uses multi-looking, whereas the IPTA technique
works on full resolution pixels. For the Sentinel-1 dataset, the LOS velocity map overlapped
from the south with those obtained from both ERS and ENVISAT processing, so that they have
all covered the farm peatland area (Zennare Basin). The estimated LOS velocity map using
Sentinel-1dataset is more consistence and the distribution of the deformation is less noisy in
comparison with ERS and ENVISAT ISBAS maps. This can be assigned to the regular
acquisitions of the Sentinel-1 satellite with a short repeat cycle of 12 days, which made it
possible to gather a large stack of images in short temporal period and also made it possible to
decrease the temporal baseline to one year to preserve the coherence over this vegetated area.
However, evaluation of the accuracy of all ISBAS maps is hindered due to the absence of the

ground measurement data in the area.

As suggested from the comparison between the ISBAS and SBAS maps, the Zennare
Basin (farm peatland area) is dominated by low coherence targets that are characterized by high
standard errors due to the limited number of interferograms used in the ISBAS analysis;
consequently, the maps from the three datasets are somewhat noisy with lack of coverage. It
should be noted that the LOS velocity is estimated assuming monotonic motion of the target.
However, this farm peatland area is an agriculture area which is cultivated continuously
(Camporese et al., 2008). In these areas, the surface is always changed due to the ploughing or
harvesting between the observations, which therefore contributes to increasing the error in the

estimated phase (Gabriel et al., 1989). Moreover, errors imposed by radar as explained in
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Section 5.2.5.2 above are also expected to propagate into the results due to sparse coherence

points.

The spatial variability of the ISBAS LOS velocity results from the Sentinel-1 satellite
over the Zennare Basin is less in comparison with the two other datasets (ERS and ENVISAT)
over the same area. However, the lack of both coverage, particularly in the southern part of the
Basin (where the peat layer is located) and validation hindered the use of Sentinel-1 ISBAS
DInSAR time-series to evaluate the peat condition over this agriculture area. It should be noted
that with the Sentinel-1 dataset, it is possible to decrease the point threshold of the minimum
number of the coherent interferograms that contribute to the analysis of each ISBAS pixel to
get acceptable coverage over this vegetated area; however, this increases the uncertainty, in
turn, increases noise of the output results. Moreover, this area is dedicated to corn growing
(Camporese et al., 2008); therefore, the peat condition over this area cannot be quantified using
plant functional type to be compared with ISBAS time-series of surface motion like in the Flow
Country (Scotland) because it is managed peatland area. But the peat surface motion over this
area can be quantified, for example, using the hydrological field measurements (Zanello et al.,
2011) and linking them with INSAR time-series. Therefore, the ISBAS results processed using
Sentinel-1 data over the Zennare Basin have not been used for further analysis (i.e., to evaluate

peat condition using Sentinel-1 ISBAS time-series).
5.4 Summary of the limitation of using ISBAS technique over peatland

Taking into consideration the discussion of using ISBAS methodology over both the Flow
Country in the north east of Scotland and the Zennare Basin in the south of Venice Lagoon

(Italy), the summary of the limitations of applying this technique can be outlined as follows:

1. Temporal decorrelation: peatland areas exhibit a generally dynamic and variable
temporal behaviour with changing environmental conditions. Moreover, management
of these areas causes a continuous change of the surface motion due to ploughing and
harvesting which decreases the coherence between the interferometric pairs. The
occurrence of temporal decorrelation (low coherence) over these areas represents a
significant challenge during the processing, mainly with the use of C-band INSAR.
Although these effects can be usually mitigated through using SAR pairs with small
temporal separation, the gaps in ERS and ENVISAT time-series, in particular with long

revisite cycle of 35 days, preclude to decrease the temporal baseline to less than 4 years
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which enhances the decorrelation and causes under estimation of the deformation for
the areas with high deformation rates due to phase ambiguity.

2. Phase unwrapping errors: temporal decorrelation over these vegetated areas and steep
phase gradient due to, for example, sudden slide movement triggered by intense rainfall
can easily lead to phase unwrapping error.

3. Atmospheric phase components: in the linear analysis, the estimation of the
deformation (LOS-velocity) and the DEM error for each coherent target is made
assuming the atmospheric signal is random over time and thus has zero mean. This
assumption can be considered valid for a large stack of interferograms that are properly

distributed over a long period of time.
5.5 Summary

The processing strategies and the final results of the long-term deformation over two different
peatland areas as quantified from Synthetic Aperture Radar (SAR) measurements have been
presented. The analysis of ISBAS results over the Flow County indicates that the INSAR
technique can provide a meaningful qualitative result which can be used as an indicator of
peatland condition in terms of its accumulation, stability or subsidence. The ISBAS results over
the Zennare Basin (farm peatland area in Venice Lagoon, Italy) on the other hand, are less
correlated and show a clear spatial variability and lack of coverage within the area. Moreover,
the scarcity of the ground measurements made it not possible to use ISBAS results from
Sentinel-1 data for further analysis. The next chapter addresses the feasibility of ISBAS time-

series (non-linear part) to evaluate peat condition through its surface motion.
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CHAPTER 6

METHODOLOGY AND RESULTS FOR QUANTIFYING PEATLAND CONDITION
FROM INSAR TIME-SERIES DATA VIA ITS SURFACE MOTION CHARACTERISTICS

6.1 Introduction

Despite the numerous advancements that have been achieved in the InSAR field, linking
INSAR techniques with the oscillations of the peatland surface as an indicator of peatland
condition has not been attempted. This chapter aims to investigate the application of INSAR,
particularly the ISBAS technique, to evaluate peat condition. It uses the non-linear part of
Sentinel-1 ISBAS DInSAR results processed in Chapter 5 to quantify peat condition over the
site that has been identified in the previous chapters to satisfy the aims and objectives laid out
in Chapter 1. It begins with a brief introduction of peatland surface motion and the processes
that may cause this motion. This is followed by a description of the processing methodologies
used to process the SAR data and the analytical methods used to process the resultant data from
the InNSAR processing: Univariate Singular Spectrum Analyses (SSA) and Multivariate
Singular Spectrum analyses (MSSA). The focus of this research is the Flow Country in
Scotland.

6.2 Peatland surface motion

Peatland surfaces are highly dynamic and move in response to a range of processes, including
peat growth due to accumulation of peat (Kennedy and Price, 2005; Fritz et al., 2008); long-
term irreversible subsidence due to biological oxidation and decay of the organic material in
drained peatland; short-term reversible subsidence (shrinkage/swelling process) due to the
elastic response of the peat matrix to drying/wetting or freezing/thawing cycles (Price and
Schlotzhauer, 1999; Kennedy and Price, 2005; Camporese et al., 2008; Fritz et al., 2008);
biogenic gas release (Rosenberry et al., 2003; Glaser et al., 2004); variation in water table or
water storage (Fritz et al., 2008) and buoyancy forces (Kellner et al., 2005; Strack et al., 2006a).
Each of these processes can be related to the condition of the peat. Long-term steady growth is
indicative of carbon sequestration and peat in good condition. Conversely, long-term
subsidence is indicative of carbon loss and poor peat condition, and irreversible seasonal

deformation is sensitive to the elastic properties of the peat matrix (Kennedy and Price, 2005).
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To some extent the relationship between peat condition and surface motion is intuitive.
For example, a degraded drained dense peat would be expected to display a markedly different
response in surface motion to that of a low-density water and gas saturated pristine sphagnum
peat. However, due to the lack of research, the sensitivity of the measured deformation to
environmental change within a peatland landscape is not known and detailed studies of surface
motion over high temporal resolutions are confined only to small geographical scales (Fritz et
al., 2008; Reeve et al., 2013) on account of the logistical and financial challenges posed by
large scale field survey. Recently InSAR, particularly the ISBAS technique, may provide a
means of overcoming these difficulties (Sowter et al., 2013) and extending surface motion
measures over whole regions and countries (Bateson et al., 2015). However, the mismatch
between the scale of observation, accuracy and precision of INSAR and field observations
makes it extremely difficult to validate the accuracy of the INSAR results. An alternative
validation approach is to abandon concerns of absolute accuracy and focus on the capacity of
the characteristics of the INSAR surface motion time-series to quantify peat condition, in effect
using the INSAR time-series as an operationally defined measure. Therefore, this chapter
assesses this more feasible approach by comparing the characteristics of ISBAS DInSAR
surface motion time-series to readily obtained vegetation and land use based measures of peat
condition. The underpinning hypothesis here is that the ISBAS DInSAR results are
representative of the surface motion (at high temporal resolution) of the peatland and in turn
that surface motion is representative of peat condition.

6.3 Application of univariate SSA to analyse peatland surface motion from ISBAS

DINSAR time-series over the Flow Country, Scotland

A time-series provides useful information about the dynamics of a system that produces it. The
main purpose of analysing the time-series is to identify some of the system’s key properties by
determining certain features of the time-series which can then help to understand and predict
the future behaviour of that system (Ghil et al., 2002). Singular Spectrum Analysis represents
a novel and powerful technique to analyse time-series data (Ghil et al., 2002; Hassani, 2007)
and it has been used in different applications, such as mathematics, physics, economics,
metrology, oceanology, social science and market research (Hassani, 2007). This method
permits the decomposition of an original time-series of data into the sum of a small number of
individual and interpretable components (e.g., slowly varying trend, oscillatory components

and noise).
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6.3.1 Sampling strategies of INSAR

This section describes a systematic methodology for analysing ISBAS DInSAR time-series of
peatland surface motion using Univariate SSA tools. The proposed methodology can be used
to extract seasonal trends from INSAR time-series and link it to the peat condition.

6.3.1.1 Location and site selection

After estimation of the linear deformation over the Flow Country, using the Punnet software
(Chapter 2, Section 2.3), 22 sites have been selected based on this output to cover a spectrum
of peat conditions. Figure 6.1 shows the locations of the selected sites and Figure 6.2
illustrates the linear deformation pattern from the ISBAS DInSAR technique over each site
selected along with Google Earth Very High Resolution (VHR) imagery, to aid interpretation
of peat condition over the same area for the 22 sites. Site selection was based on two
approaches: 15 sites were chosen to cover different ranges of subsidence and uplift and the rest
were chosen based on account of having detailed field measurements of peat condition. The
resulting sites are widely dispersed and cover a broad range of altitude, peatland hydrological
settings and conditions. An analysis was made for each site in order to classify its condition
and this was done using optical satellite data (Sentinel-2 and Google Earth provided VHR data)
and field observations of plant functional type (Appendix C, Table C1).

795000 810000 825000 840000

i
810000

Figure 6.1: Locations of the selected sites for quantifying peat condition from InSAR time-
series. Projection: WGS_1984 UTM_Zone 30.
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Figure 6.2: Shows the deformation pattern from Sentinel-1 ISBAS DInSAR technique for
each selected site (this map is generated in Chapter 5). Corresponding Google Earth VHR
imagery to aid interpretation over the same area for each selected site. Red dots represent the
ISBAS time-series points that have been stacked in each site to improve the signal to noise
ratio and provide a more representative spatial average.
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6.3.1.2 Stacking of time-series

For each site, the ISBAS DINSAR time-series from an average five adjoining pixels (Red points
in Figure 6.2) have been stacked because they exhibited very similar trends and amplitudes.
The average time series for each site is considered as representative of peatland motion for that
site (Appendix C, Figure C1). The gained benefit from stacking at each site is to improve the

signal to noise ratio and provide a more representative spatial average of measurement.
6.3.1.3 ISBAS DINnSAR time-series gap filling

Referring to Section 2.4.4 in Chapter 2, time-series input data for SSA analysis must be at
equal intervals in time, i.e., sampled evenly. However, some of the potential SAR images to
be used were missing or had been excluded from the entire processing due to technical
problems. As a result, the INSAR time-series were rarely equally distributed in time, exhibiting
some gaps (Figure 6.3). Therefore, the gap filling method based on SSA using KSpectra-
Toolkit software (Ghil et al., 2002) was used to fill the missing observations in the INSAR time-
series. This method uses temporal correlations in the dataset by specifying the size of the SSA
window (M) which should be large enough to cover the largest temporal periodicity in the data
set. As peatland surfaces change seasonally (Kennedy and Price, 2005; Fritz et al., 2008), the
window length in this study was set to 15 which is equivalent to 6 months. Only the leading
SSA components that capture most of the variance in the time-series have been used in the
reconstruction to estimate the missing measurements. The main idea of using the minimum
number of components is to discard higher-ranked components corresponding to noise (Figure
6.4). Note that for a Sentinel-1 data set, the gap filling method using SSA does not introduce
any artificial modulation in amplitude due to the few missing observations in the time-series in
comparison with the total length of the data. This has been confirmed by comparing the SSA
gap filling method with gap filling using a linear interpolation method, where the variance of
the SSA components that are used in the reconstruction process to extract the non-linear trend

(seasonal trend) are almost the same between the two methods (Figure 6.5).
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Figure 6.3: The flow chart of the proposed methodology for the analysis of ISBAS DINSAR

time-series using SSA.
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Figure 6.4: Example of SSA spectrum of filled ISBAS time-series record over Flow
Country, with a window size of 6 months. The optimum number of components in this
example corresponds to the two leading SSA components that have the long-term trend and
oscillatory signal only. Break in the slope between the first two leading EOFs and the other
components indicates the separation of oscillatory modes from noise.
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Figure 6.5: Comparison between the non-linear trend (seasonal trend) extracted using (a)
linear interpolation to fill the gaps and (b) using SSA method. White dots represent the
missing observations in the time-series which has been filled using the methods explained
above.

6.3.1.4 Trend identification using SSA

Seasonal trends (non-linear trends) for each site have been extracted using SSA and Kendall’s
tau nonparametric trend test in KSpectra-Toolkit software (Ghil et al., 2002). As mentioned in
Section 2.4.1 in Chapter 2, the window length M is the only parameter in the decomposition
process. The size of the window defines the ability to distinguish between two spectral peaks
(Rangelova et al., 2012). If the window size is too small, this may cause several neighbouring
peaks to be present in the spectrum (Vautard et al., 1992), while using a large window size will

split the peak into a number of components with neighbouring frequencies (Gruszczynska et
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al., 2017). The appropriate selection of the window length M depends on the lengths and
preliminary information of the time-series. Theoretically, the window length should be large
enough but not greater than the length of the time-series (N)/2 for a higher degree of statistical
confidence (Ghil et al., 2002). Furthermore, if the time-series have a seasonal component such
as peatland, it is advisable to take the window length (M) proportional to that period. Therefore,
the choice of M=15 allows the periodicities as long as six months to be captured with

reasonable statistical confidence.

After determination of the eigenelements (eigenvalues 4, and eigenvectors p,which
are also called EOFs: k=1,...... ,M) of the lag covariance matrix Cx, a Monti Carlo significance
test has been used to evaluate them. Figure 6.6 shows an example of a Monti Carlo singular
spectrum of the transformed ISBAS DINnSAR time-series over site 1. Eigenvalues are plotted
against frequency, along with the error bars representing the 95% and 5% noise percentiles.
Hence, the eigenvalues lying outside this interval are relatively unlikely to be due to the red
noise process. However, both EOFs in the low frequency domain which have the slowly
varying component (non-linear trend) at the frequencies 0.035 and 0.067 (cycle/month) that
have the highest variance in the time-series (approximately 91%) are uncertain. This case
usually happens for the dominant frequency, especially in the low frequency domain due to
unharmonicity of the EOFs (Ghil et al., 2002). Finally, partial reconstruction has been applied
for the slowly varying components of the time-series (the first two leading eigenvalues in the
example above) that captures the seasonal behaviour with its distinct near-periodicity. Figure
6.7 illustrates the first two slowly varying EOFs that have been used in the reconstruction

process to retrieve the seasonal trend over site 1.
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Figure 6.7: The first two leading Empirical Orthogonal Functions (EOFs) of ISBAS
DINSAR time-series over site 1 that have been used in the reconstruction process (seasonal

trend components).

6.3.1.5 Normalising the time-series

For more effective comparison between the trends of the time-series, the time-series were

normalised by subtracting the mean and dividing by the standard deviation.

x (normalised) = x — mean/std(x)
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6.3.2 Field data

As mentioned in Section 4.2.5.2 in Chapter 4, different field measurements have been
considered to describe the peat condition over Flow Country, which are then used to validate
the INSAR results on the assumption that the ISBAS DINSAR time-series results are

representative of the surface motion and that surface motion is representative of peat condition.

6.3.2.1 Land cover classification

6.3.2.1.1 Field survey

Within each InSAR pixel, 4-6 10 x10m areas (equivalent to, and centered on Sentinel-2 pixels;
see below) were selected for vegetation surveys. In the field, a 10 x 10m square was centered
on the GPS coordinate of the chosen Sentinel-2 pixels (Appendix B). In total, 14 sites were
visited over a period of 7 days in the peak of the growing season. The remaining 8 sites could
not be visited due to an access restriction (and these were classified as per Section 6.3.2.1.2
below). In the field, the four sides of each square were aligned with the cardinal points and thus
in the same orientation as the Sentinel-2 pixels. In each square, the percent cover of key plant
functional groups (Sphagnum mosses, other mosses, lichen, ericaceous shrubs, sedges, grasses)
as well as key features associated with peat condition and with the potential influence of the
spectral signature of the Sentinel-2 pixel (bare peat, open water and vegetation litter) were
estimated using the Braun-blanquet scale (Poore, 1955). For each functional group identified,
dominant species were also noted. Each square was photographed from the South-East corner,
facing North, and vegetation patterns reflecting density and spread of dominant plant functional
groups were drawn and annotated for future reference. For each site, general condition was
further assessed by noting the presence of drains, tracks, evidence of deer trampling or
browsing, presence of natural pools, restoration activity, and estimated the distance to road,
forestry or infrastructure within a 100 x 100m area around the groups of squares. Land-use

history was documented by a discussion with land-owners.

This information was put together to establish 4 condition categories that represent a
gradation in peatland condition. Condition 1 represents what is generally considered to be wet
peatland with a shallow water table in good condition that is dominated by Sphagnum moss
species (> 50%) forming large continuous carpets and sedges (also > 50%, largely dominated
by Eriophorum angustifolium and Tricophorum germanicum), with some shrubs (mostly Erica
tetralix). Condition 2 represents wet peatland in relatively good condition with some patches

of Sphagnum mosses (25-50%) and sedges (25-75%), but signs of disturbance or lower water
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table, e.g., increased shrubs, particularly Calluna vulgaris and lichen, small patches of bare
peat or evidence of deer activity. Condition 3 represents sites with small clumps of Sphagnum
mosses (10-25%) often including species associated with disturbance (e.g. S. tenellum, S.
fallax), high sedge cover (20-75%) combined with shrub and lichen dominance, presence of
grasses (e.g. Molinia caerulea and Deschampsia flexuosa) and indication of disturbance at the
wider scale e.g. drainage ditches, areas of bare peat, deer trampling or known past disturbance
(hill drains, grazing, fire). Finally, condition 4 is generally considered to be peat in poor
condition with a low water table and includes large areas of bare peat (>25%), has a
predominance of shrubs that are almost exclusively C. vulgaris fewer sedges and less than 10%
Sphagnum confined to small isolated clumps, also including clear disturbance both within the
squares and in the wider area. In addition to these two categories, two additional categories
were defined: condition 5 for clear-felled conifer plantation on peat and condition 6 for

commercial conifer plantation on peat.
6.3.2.1.2 Satellite optical data

Using the afore mentioned Sentinel-2 Multi Spectral Instrument (MSI) cloud-free image (dated
from September 2015; downloaded from earthexplorer.usgs.gov and pre-processed using the
Sentinel-2 toolbox from ESA to resample all wavebands to 10m spatial resolution), a series of
land cover classifications were conducted using the 14 visited sites as training data. The
classifiers used were (i) support vector machine; (ii) spectral angle mapper and (iii) spectral
information divergence, and the resultant classified pixels for the 8 remaining sites determined
by way of an ensemble decision rule (Foody et al., 2007). This combination of detailed field
observations and spectral discrimination using the Sentinel-2 imagery afforded the description
of the peatland condition of each of the 22 sites used in all subsequent analyses (Appendix C,
Table C1).

6.3.2.2 Water table depth

Water table depths are only available for four sites (two dataloggers in site 12, and one in sites
13, 14, and 15), but they do cover the same period of Sentinel-1 ISBAS time-series over the
Flow Country. However, the WTD time-series present a shorter time sampling interval (daily
and every 30 mins) than that available from the INSAR time-series. Consequently, the WTD
time-series have been resampled to the revisiting time interval of the Sentinel-1 satellite (every
12 days). For this task, the average daily values of WTD corresponding to the acquisition dates
of SAR images have been used for the resampling process. For site 12, because there are two
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dataloggers in the same site, the average time-series is used for the processing. Following the
procedure described in Section 6.3.1.4, the seasonal fluctuations have been extracted using
SSA for each WTD time-series (Figure 6.8) to be used for the comparison with INSAR time-
series at each specific site. It should be noted that the shift in WTD over site 13 in July-16 is

caused by moving the position of the logger.
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Figure 6.8: WTD time-series along with seasonal fluctuations extracted using SSA over site
12,13, 14, and 15.

6.3.3 Results
6.3.3.1 ISBAS DInSAR linear trend and peat condition

ISBAS DInSAR linear deformation rates for 103 ISBAS points distributed across the 22 sites
(Figure 6.2) were compared with peat condition as determined by the field data (Figure 6.9).
The comparison shows that the areas with poor peat condition (degraded areas, e.g., conditions
3,4, 5and 6 in Figure 6.9) display higher subsidence rates (i.e., a larger negative mean LOS
rate) than the areas in good condition (conditions 1 and 2). Indeed those sites having a poor
condition all had a similar mean LOS rate. The same was the case for those having good
condition. Although encouraging this would only allow for the mapping of two broad classes
of peat condition. The next stage was to investigate if the non-linear trends in the INSAR time-

series afforded more classes of peat condition to be discerned.
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Figure 6.9: Comparison of the linear trend of 103 ISBAS points distributed in 22 sites with
the peat condition for each point, based on the average subsidence rate corresponds to each
condition. The error bars represent the standard error of the mean.

6.3.3.2 ISBAS DINnSAR time-series and peat condition

Based on the similarities of the non-linear trends extracted using SSA from ISBAS DINnSAR
time-series of surface motion for 22 sites (Figure 6.10), most sites can be assigned to one of
four distinct categories:

e Category A: represents sites with a predominant subsidence trend and little or no
seasonal oscillations (Figure 6.10 A).

e Category B: represents sites with strong seasonal oscillations with peak subsidence in
late summer-mid autumn (Aug-Oct) and peak uplift in late winter-early spring (Feb-
April) (Figure 6.10 B), except site 21, for which the peaks shifts by approximately 1
month.

e Category C: represents sites with strong seasonal oscillations with peak subsidence in
late-spring/ mid-summer (April-June) and peak uplift in mid-winter (Nov-Jan) (Figure
6.10 C) for all sites except site 12, where the peaks again shift by about 1 month.

e Category D: represents only site 18 which is undergoing rewetting remediation and it
does not assign to any category, but the time-series displays attributes of both category
A and category C (Figure 6.10 D).

A strong correlation exists between the trend categories and peat condition categories
based on plant functional group type classification (Figure 6.11). Sites under category A are

the most degraded sites, where shrub vegetation (condition 3) is the dominant class over these
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sites composed with sedges (condition 2), bare peat (condition 4) and clear-felled conifer
plantation (condition 5). Category B sites contain the broadest mix of conditions but are
predominantly composed with condition 3 and 4. Category C sites, on the other hand, are the
most pristine sites with a predominance of sphagnum and sedge species (Figure 6.11).
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Figure 6.10: The non-linear trend derived from ISBAS DINSAR time-series using SSA. (a)
Category A trends display sustained subsidence and minimal seasonal oscillations. (b)
Category B trends display long-term subsidence, peak subsidence in late summer-early
autumn (Sept-Nov) and peak uplift in late winter (Feb-April). (c) Category C trends display
long term uplift, peak subsidence in late-spring/ mid-summer (April-June) and peak uplift in
mid-winter (Nov-Jan). (d) Category D trend display combined trend between category A and
C.
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Examination of further indicators of peat condition and the time-series further supports
the hypothesis that the INSAR time-series can be used to indicate peat condition. The
comparison between normalised WTD and ISBAS DInSAR surface motion over sites number
12, 13, 14 and 15 (Figure 6.12) indicates that for sites in good condition (i.e., sphagnum and
sedge dominated), there is a strong correlation between oscillations in the water table and
oscillations of the peat surface and rainfall (sites 12 and 14, under Category C and condition 1
& 2, Figure 6.11). In the most degraded sites the correlation between WTD and ISBAS
DINSAR time-series decreases, where the inter-seasonal oscillations appear to be out of phase
and the time-series do not display clear a seasonal trend particularly over site 15. However,
over site 13, there is a clear correlation between the WTD oscillations and INSAR time-series

before moving the position of the logger in July-16.
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Comparison of WT level of DL4 with InSAR time series
over site 14
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Comparison of WT level of DL5 with InSAR time series
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Figure 6.12: Comparison of WT level and rainfall with ISBAS DINSAR time-series. (a) over
site 12 (Category C). (b) over site 13 (Category A). (c) over site 14 (Category C). (d) over
site 15 (Category A).
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6.3.3.3 Interpretation of the results

The above results give clear evidence that there is a strong correspondence between the inferred
peat condition and ISBAS DInSAR time-series of surface motion. Comparison between WT
level and ISBAS DINSAR indicates that for the sites in good condition (sites 12 and 14 in
Figure 6.12) the peat surface oscillates corresponding to the oscillations of the water table, and
this is consistent with the field observations of other studies such as Fritz et al. (2008) and
Reeve et al. (2013). It is likely that the most influential factor on the INSAR time-series is the
mechanical response of the peat to the variations in water storage in both saturated and
unsaturated zones. This response can be split into two components which can be considered
either irreversible or reversible for the entire period of the observation: the long-term
irreversible changes in the mass of organic material and water stored in the peat matrix; and
short-term reversible seasonal or higher frequency oscillations in response to the drying and
wetting cycle (Camporese et al., 2006). Therefore, the variation in WTD may explain the

shifted peaks between site 12 and the remaining sites in category C (Figure 6.10 c).

Category A sites are the most degraded due to drainage and they contain no sphagnum
(Figure 6.11). They display sustained subsidence and lack seasonal oscillations (Figure 6.10
a). The lack of seasonal oscillations could be due to a combination of the low permeability of
compacted, highly humified peat and or the presence of fracture porosity which in combination
do not permit significant water storage within the peat matrix. It is also known that highly
degraded peat loses its compressibility on account of the of the long term irreversible changes
caused by decay (Waddington and McNeil, 2002; Kennedy and Price, 2005).

Category B sites are partially drained sites but less degraded than Category A sites.
These sites include a greater matrix of plant functional types, are dominated by vascular plants
but do include some areas of sphagnum (Figure 6.11) and are interpreted to be generally wetter
with a greater capacity for seasonal water storage. Unlike category A sites, the seasonal
oscillations are distinct but generally of lower amplitude than those observed in category C
sites. This can be interpreted as indicating that the water table is shallower than at category A
sites and deeper than at category C sites with variations occurring within less degraded peat
with greater porosity, elasticity and specific storage (S) than category A sites. The
predominance of deep rooted vascular plants (mainly heather and sedge) that exercise a strong
evapotranspiration drawdown on water level throughout the growing season may explain why

water levels reach a minimum at the end of the growing season in the late summer-early
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Autumn and recover to a maximum ahead of the growing season in late winter-early spring
(Bourgault et al., 2017). It is clear from Figure 6.10 b that most sites within category B have
almost the same peak of subsidence and uplift, except site 21 (commercial conifer plantation,
condition 6), where the peaks are shifted from the other sites. This may be due to the
characteristics of the site itself, as it is a woodland area with only two ISBAS points available

for stacking, and the amount of noise on the returned radar signal over this site.

Category C sites are sphagnum dominated with a shallow water table. Unlike category
A and B sites, the dominance of the non-vascular sphagnum species means the predominant
seasonal control on the water budget is evaporative demand (Lapen et al., 2000) not vascular
evapotranspiration and this shifts the maximum drawdown and recharge of the water and
associated surface motion to a summer/ winter pattern that aligns with seasonal variations in
evaporative demand in the UK (Robinson et al., 2017). Furthermore when subject to
evaporative stress sphagnum acts to conserve water (Kettridge et al., 2016) possibly limiting

sustained loss into the late summer.

Site 18 which has undergone remediation work following forest clearance by ditch
blocking and rewetting, displays surface motion characteristics that are a combination of
Category C and Category A. The category C component is best interpreted as evidence of
shallow water table and probable colonisation by sphagnum; however, the strong category A
component indicates that despite rewetting the site is still losing mass, possibly over more
elevated areas, resulting in rapid subsidence. Following two decades under forestry
management (conifer plantation), management at the site included tree felling and drain
blocking in 2003-2004, with further blocking of furrows to smoothen the surface completed in
2016-17. Therefore, it is not surprising to see rapidly localised rewetting, which would precede
longer-term sustained recovery. However, continued loss of mass could indicate that the
surface peat was severely damaged and much of the peat mass is still vulnerable to aerobic

degradation.

It can be seen from Figure 6.10 that the seasonal trends for all sites in each category
are not identical with each other and they have slightly different seasonal oscillations. This can
be interpreted due to the stacking of an average 5 adjoining pixels (ISBAS points) over each
site (Figure 6.2), since these pixels have different condition as quantified using optical satellite

data calibrated by field observation of plant functional type.
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As the application of SSA technique to evaluate peat surface motion from a single time-
series of INSAR provides a potential study to monitor the change in peat condition, the MSSA
technique for thousands of time-series of INSAR has been used in the next section (Section
6.4) to evaluate peat surface motion in regional scale.

6.4 Application of multivariate SSA (MSSA) to analyse seasonal variation from ISBAS
DINSAR time-series

Monitoring the earth’s surface using multi-temporal satellite based methods could play an
important role in quantifying a spatio-temporal phenomenon that cannot be elucidated using
conventional mapping (Rawat and Kumar, 2015). With the availability of increasingly large
amounts of data, contemporary methods are required for processing with careful interpretation.
Multi-channel SSA (MSSA) is an extension to univariate SSA (Broomhead and King, 1986b)
that analyses multiple sets of time-series data (multiple channel) with the aim of specifying and
extracting the predominant spatio-temporal structures of the underlying stochastic process,
particularly the common oscillatory patterns for the time-series in the data set sample, i.e., the
non-linear periodicities to most channels. This study, therefore, presents the results of MSSA
applied for the first time to INSAR time-series data (Sentinel-1). The focus of study (as with
the employment of SSA) was the Flow Country, Scotland, UK (the largest expanse of blanket
bog in Europe). The sequence of SAR images for INSAR processing was considered as a time
variable, whose one component (channel) represents the time-series for one pixel. Applying
this method to ISBAS DInSAR time-series allows regional evaluation of peat condition
through its surface motion and understanding the seasonal peat volume change, which has

important implications for restoration methods.

6.4.1 Methodology
6.4.1.1 ISBAS DInSAR time-series gap filling using MSSA

The gap filling method based on multivariate SSA (MSSA) using Ksepctra-Toolkit software
(Ghil etal., 2002) was applied to fill the missing ISBAS DINSAR observations (refer to Section
2.4.4 in Chapter 2). This method is similar to univariate SSA, but it takes advantage of both
spatial and temporal correlations in the dataset by specifying the MSSA window size and the
number of MSSA components for filling. Due to the enormous number of spatial channels
(ISBAS DInSAR pixels) over the processed scene, a reduced covariance matrix with window
length 27 (approximately 11 months) was used in the processing, which provides maximum
spectral resolution (M = N’ = N/2) (Ghil et al., 2002) (refer to Section 2.4.2 in Chapter 2).
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The number of MSSA components used to fill the missing observations depends on the dataset,
and on the amount of noise present. It is the same idea as with univariate SSA, which is in
principle able to reject the higher ranked components corresponding to noise. With MSSA,
only the four leading MSSA components that captured 43% of the variance have been used to
estimate the missing observations. Figure 6.13 illustrates the MSSA spectral estimate of filled-

in data. The break represents the separation of the first four leading components from the noise.

MSSA

10 4

Power

T T T

5 10 15 20 25
EOF rank

Figure 6.13: MSSA estimate of filled in ISBAS data over Flow Country with a window size
of approximately 11 months. The first four leading components have been used for gap
filling. The break in the slope between the first four leading EOFs and the other components
indicate the separation of oscillatory modes from noise.

6.4.1.2 Seasonal trend identification using MSSA

The common seasonal oscillation (seasonal trend) for thousands of ISBAS points in the
processed scene is then extracted using PCA->MSSA Kspectra-Toolkit software (Ghil et al.,
2002). This method is the MSSA method, but it is done on data compressed by PCA. As
explained in the previous section, the temporal window length has been set to 27 corresponding
approximately 11 months to maximize the spectral resolution for thousands of channels and to
yield the M and N windows both approximately equal to N/2 (M = N’ = N — M + 1). Here,
the ML > N’ (where L is the number of channels and M is the window length), therefore, the
reduce covariance matrix (Section 2.4.2, Chapter 2) is used rather than (ML X ML) matrix.
Then the MSSA has been applied to 10 leading PCA components of the ISBAS spatial data to
extract detailed temporal and spectral information from ISBAS DInSAR time-series. These 10
leading spatial PCs describe 95% of the variance of the time-series and they contain common
characteristics for all utilized time-series and noise. This property makes it possible to compute
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the common seasonal signals for all time-series. As explained in 6.3.1.4 peatland surfaces
change seasonally (Kennedy and Price, 2005; Fritz et al., 2008) and this represents the curves
of interest in this study, the seasonal trend (non-linear trend) for thousands of ISBAS time-
series is modelled from a combination of four leading PCs in the low frequency domain that
correspond to the non-linear trend. These four PC components have a frequency of 0.047,
0.017, 0.097 and 0.135 (cycle/month) respectively and the minimum frequency corresponds to
7.5 months with the total variance of about 91%. Figure 6.14 (a) shows the variance of the data
for the 10 leading PCs using a window size of 27 (the first four leading PCs with the highest

variance represent the seasonal trend as discussed above).

It should be noted that the selection of different temporal window size (for example
M = 40, which yields N’ = 15 roughly 6 months as it is used in univariate SSA (Figure
6.14 b) using reduced covariance matrix) splits the peak into a number of modes with
neighbouring frequencies. As can be easily noticed from Figure 6.14 b, there is no capability
to sufficiently resolve between the non-linear trend (1, 2, 3, 4 and 5) and the noise. This
difference in selection of different window size arises because the rank of the reduce covariance
matrix in both cases are different, where for the first case Figure 6.14 (a) is 27 and for the
second case, which is equivalent to univariate SSA window, Figure 6.14 (b) is 40.
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Figure 6.14: Variance of data explained by certain modes of MSSA for thousands of
channels using two different window sizes with reduce covariance matrix. (a) window Size
M=N’=N/2 =27 corresponding roughly 11 months, and (b) M=40, which yields N'=15
corresponding 6 months as it is used in univariate SSA.
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6.4.2 Results

6.4.2.1 Comparison with univariate SSA

MSSA represents an extension to univariate SSA processing. The majority of the MSSA
algorithm steps are similar to those of the univariate method. However, the difference between
the two methods is the trajectory matrix structures and its approximation (Zhang et al., 2014).
Referring to Section 6.3.1, the SSA has been applied to extract the non-linear trend (seasonal
trend) of the ISBAS DInSAR time-series after stacking an average of 5 adjoining pixels over
22 sites. MSSA, on the other hand, provides the seasonal trends for all ISBAS points (thousands
of pixels). For better comparison between the seasonal trends that were extracted using both
methods, the seasonal trends from MSSA have been averaged for those ISBAS points that have
been stacked over each 22 sites (Section 6.3.1.2). Figure 6.15 shows the trends that were
extracted for each site using SSA method and MSSA method for ISBAS DINSAR time-series.
The seasonal trends resulting from both SSA and MSSA over each of the 22 sites are almost
similar. However, small differences are noticed between them. These differences arise from a
number of factors, for example, the difference in window size length and the number of
components used to retrieve the seasonal trend. However, for both methods, the minimum
frequency used to model the trend corresponds to 6 months and any components below the
minimum have been discarded in the reconstruction stage. In addition, the modelled seasonal
trend using SSA may contain real seasonal changes that are common for the entire data set, but
may also be influenced by local oscillations, which cannot be distinguished between the
selected components for the reconstruction process. MSSA, on the other hand, contains only
the common signals that are varying within the time due to, for instance, real large scale
geophysical changes (Gruszczynska et al., 2017). For example, over site 5 the percentage of
the variance modelled as a non-linear trend (seasonal signal) using SSA is approximately 84%
and the percentage of the variance modelled as a non-linear trend for all the time-series using
MSSA is about 91% (Figure 6.14 a) which means that the difference in variance (7%) may
represent a site specific or local variation due to for example local hydrology. Summing up,
the non-linear trend using SSA matches all time varying changes for individual time-series
over each site but may include some noise. The modelled seasonal trend using MSSA, on the
other hand, is not affected by site specific or local changes noise and therefore contains only
the joint seasonal change for all the time-series.
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Figure 6.15: Comparison of the non-linear trend (seasonal trend) extracted from SSA and
MSSA for each category over each site.

6.4.2.2 Comparison of MSSA trends with peat condition

Time-series surface motion for 97 ISBAS points distributed over 20 sites (Figure 6.1 and red
dots in Figure 6.2) have been assessed by comparing the non-linear trend extracted using
MSSA for each ISBAS point with peat condition for that point (condition 5 and 6
corresponding to site 16 and 21 are excluded from the comparison because they represent
characteristics of specific sites (e.g., forest and cleared forest)). For example, 23 out of 97
ISBAS points are under condition 1 (classified using field survey and optical data (refer to
Section 6.3.2.1)) (Figure 6.16); however, 16 out of them share the same trend (same peak of
subsidence and uplift) (Figure 6.17 a).

It is evident from Figure 6.16 that most of the ISBAS DINSAR trends for 97 points
have a significant correlation with peat condition. However, based on the similarity between
the extracted seasonal trends, two distinct seasonal trends have been recognized (Figure 6.17).
The first trend is for sites in good condition (condition 1 and 2). The sites under these conditions
have a distinct seasonal oscillation with peak subsidence in late spring/mid-summer (April-
June) and peak uplift in mid-winter (Nov-Jan) (small shift in peaks can be noticed between the
sites under these conditions of approximately 1 to 1.5 month, which may be due to the variation
of WTD between the sites, Section 6.3.3.3) (Figure 6.17 a and b), which corresponds Category

C in SSA, Section 6.3.3.2. The second seasonal trend is for sites under conditions 3 and 4,
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where these sites display a subsidence trend with little or no seasonal oscillation (Figure 6.17

b and c) and they correspond to Category A in SSA.
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Figure 6.16: Comparison between the non-linear trend extracted using MSSA for 97 ISBAS
points distributed over 20 sites with the peat condition for each point. Condition 5 and 6
excluded from the analysis because they are related to the forest and cleared forest, where
the coherence of ISBAS points is very low and the standard error is very high.
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Figure 6.17: Comparison between the non-linear trend extracted using MSSA for each
ISBAS point over 20 sites with the peat condition. It shows only the correlated trend with
the peat condition (Figure 6.16). (a) Display the non-linear trends extracted using MSSA for
16 ISBAS points sharing the same condition (Condition 1). (b) Display the non-linear trend
for 13 ISBAS points under Condition 2. (c) Display the non-linear for 31 ISBAS points under

Condition 3. (d) Display the non-linear trend for 8 ISBAS points under Condition 4.
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6.4.2.3 Spatial variation of peat condition

After extracting the long-term seasonal trend from reconstruction of PCs 1, 2, 3 and 4 using
MSSA method (with window length W=27 corresponding to approximately 11 months) for
each ISBAS DInSAR time-series in the processed scene, the linear trend is removed (Figure
6.18). This process helps to investigate the spatial correlation between ISBAS points that are
sharing the same condition and hydrology by means of seasonal changes (peak subsidence and
peak uplift). Then the average non-linear trend for correlated points in each condition (Figure
6.17 in Section 6.4.2.2) has been calculated (Figure 6.19) to aid interpretation of seasonal
changes for thousands of ISBAS points. Therefore, areas in good condition (condition 1 and 2)
with sphagnum and sedge dominated and shallow water table are anticipated to follow the
seasonal trend in Figure 6.19 a and degraded sites under condition 3 and 4 are anticipated to

follow the seasonal trend in Figure 6.19 b.
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Figure 6.18: Example of seasonal trend extracted for each ISBAS DINSAR time series using
MSSA before and after removing the linear trend.
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Figure 6.19: Average non-linear trend for correlated ISBAS points under each condition to
aid interpretation of seasonal changes (peak subsidence and peak uplift) in regional scale.
(a) Seasonal changes for areas in good condition (condition 1 and 2) with peak subsidence
in late-spring/mid-summer (T1 and T3) and peak uplift in mid-winter (T2). (b) Seasonal
trend for degraded areas (condition 3 and 4) with lack of seasonal oscillations.
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(a) Spatial distribution of ISBAS DInSAR time-series for T1 in Figure 6.19 a
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(c) Spatial distribution of ISBAS DINnSAR time-series for T3 in Figure 6.19 a
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Figure 6.20: Regional seasonal trend maps obtained from the reconstruction of PCs 1, 2, 3
and 4 using W=27 which is approximately 11 months for each ISBAS point over peatland
Scotland for the period (12/03/2015 to 7/12/2016). (a) Spatial distribution of ISBAS
DINSAR time-series for T1 in Figure 6.19 a corresponds 5/04/2015. (b) Spatial distribution
of ISBAS DINSAR time-series for T2 (19/11/2015) in Figure 6.19 a. (c) Spatial distribution
of ISBAS DINSAR time-series for T3 (17/05/2016) in Figure 6.19 a. Dark circles represent
the selected 22 sites over Flow Country. Peat condition over each selected site is explained
in Figure 6.11. M and N expected wet sites in good condition (sphagnum and sedge
dominated).

From regional scale ISBAS DINSAR trend maps (Figure 6.20), it can be seen that the
regional spatial variation of surface motion displays two distinctive seasonal trends. First, sites
with high seasonal oscillation (sites under condition 1 and 2) with peak subsidence in late
spring/mid-summer (April-June) and peak uplift in mid-winter (Nov-Jan) follow the seasonal
trend in Figure 6.19 a (category C in section 6.3.3.2). Moreover, sites with little or no seasonal
oscillation follow the trend in Figure 6.19 b (category A in Section 6.3.3.2). According to the
classification of peat condition using optical data and field survey, sites 5, 6, 7, 10, 12, and 14
have strong seasonal oscillation and this is evident in Figure 6.20. The high amplitude seasonal
cycles with maximum subsidence between April and June (Figure 6.20 a and ¢) and maximum
uplift between Nov and Jan (Figure 6.20 b) are most likely due to the predominance of
sphagnum and sedge species with a shallow, near surface water table (wet sites). Only site 19
under these conditions displays a low amplitude seasonal cycle and this may be due to the water
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table being very close to the surface, high specific yield and open pore structure that promotes
rapid drainage and minimal variations in water table depth. Consequently, all sites over the
Flow Country which have the same seasonal trend as the sites above are expected to be
sphagnum rich sites in good condition like sites M and N in Figure 6.20. The remaining
classified sites (site 1, 9, 13, 15, 22, 2, 3, 4, 8, 11, 17, and 20) under condition 3 and 4 have a
lack of seasonal oscillation (Figure 6.19 b) as it is evident in Figure 6.20. Where most sites
oscillate around O ( Figure 6.19 b, green colour in Figure 6.20) and this can be explained due
to low permeability of highly decomposed peat, the presence of fracture porosity that does not
allow significant water storage within the peat matrix and low compressibility due to long term

irreversible changes (Kennedy and Price, 2005).

(a) Spatial distribution of ISBAS DINSAR time-series for T1 in Figure 6.19 a
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(b) Spatial distribution of ISBAS DInSAR time-series for T2 in Figure 6.19 a
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(c) Spatial distribution of ISBAS DINSAR time-series for T3 in Figure 6.19 a
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(d) Linear LOS velocity map
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Figure 6.21: Local scale ISBAS DInSAR trend maps obtained from the reconstruction of
PCs 1, 2, 3 and 4 using W=27 which is approximately 11 months for each ISBAS point over
peatland Scotland for the period (12/03/2015 to 7/12/2016). (a) Spatial distribution of
ISBAS DINSAR time-series for T1 in Figure 6.19 a corresponds 5/04/2015. (b) Spatial
distribution of ISBAS DINSAR time-series for T2 (19/11/2015) in Figure 6.19 a. (c) Spatial
distribution of ISBAS DINSAR time-series for T3 (17/05/2016) in Figure 6.19 a. (d) Linear
deformation map for the same area. Dark two circles show the condition of site 12 and 13
over Flow Country. Rectangles show the groups of points having almost the same condition
and they follow the seasonal trend for sites in good condition (Figure 6.19 a). Circles show
sites in bad condition (follow the seasonal trend in Figure 6.19 b). Triangles show the sites
having opposite seasonal trend with the sites in good condition.

In contrast, smaller scale ISBAS DInSAR trend maps (Figure 6.21) (after zooming in)
show the spatial variation of surface motion (peak subsidence and peak uplift) for each ISBAS
point. It can be seen that each group of ISBAS points follow different trends; for example, the
group of points under rectangle shapes follow the same seasonal trend for sites in good
condition (condition 1 and 2 in Figure 6.19 a) and the group of ISBAS points under circle
shapes follow the same trend for sites in bad condition (condition 3 and 4). However, the group
of points under triangle shape has the opposite seasonal trend direction in comparison with the

sites in good condition. This may be due to the predominance of vascular plants that exercise
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strong evapotranspiration, which shifts the seasonal trend (peak subsidence and peak uplift)
into the opposite direction to the sites having good condition, and can be interpreted as areas

having an intermediate condition.

Comparison between INSAR trend maps (Figure 6.21 a, b and c) and the linear
deformation map (Figure 6.21 d) illustrates that the linear deformation map can provide the
level of degradation; however, the trend maps represent complementary maps to evaluate the
peat condition through the characteristic of surface motion. For further clarification, site 1, for
example, is the highly degraded site from the linear deformation map with maximum
subsidence rate of about 2cm/year (Figure 6.22 a) due to afforestation (see Chapter 5, Section
5.2.5.1). However, the selected ISBAS points in this site are mixed between condition 3 (poor
condition) which is predominant and condition 2 (good condition) based on the optical data
calibrated by field observation of plant functional type which is not clear from the linear
deformation map (Figure 6.22 a) but is evident from the seasonal maps (Figure 6.22 b, ¢ and
d). Therefore, using the seasonal trend maps from the ISBAS time-series will help to
understand the seasonal behaviour for the selected site for future management particularly after
removing the linear trend from the time-series (Figure 6.18) to investigate the spatial
correlation between ISBAS points that are sharing the same seasonal trend using peak

subsidence and peak uplift.

Although this study presents the capability of the ISBAS DINSAR technique to quantify
the peat condition through INSAR time-series, more advanced analysis is needed to understand
the variability and sensitivity of measurements to local peat conditions and whether or not this

variability lies firmly within the realms of noise.
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Figure 6.22: ISBAS DInSAR LOS velocity map along with the trend maps over site 1 and
the surrounding area. (a) Shows the linear deformation rates over sitel which provide the
level of degradation. (b, ¢ and d) illustrate the seasonal trend maps correspond T1, T2 and
T3 in Figure 6.19a which explain the peat condition and hydrology through the
characteristic of surface motion.

6.4.3 Discussion

This study demonstrated that the seasonal trend differences estimated from both SSA and
MSSA might be affected by the difference in window size length and the number of modes
used to retrieve the seasonal trend. For SSA the window size length was 15 which corresponds
to 6 months to get a higher degree of statistical confidence. However, with the MSSA the
window size length was set to 27 corresponding to approximately 11 months to maximise the

spectral resolution for thousands of ISBAS channels. Moreover, SSA may affect the stochastic
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part of the ISBAS DINSAR data and artificially removes some part of the power (explained by
the variance). The estimated variance explained by seasonal trend over site 5 using SSA is

approximately 7% lower than the one estimated using the MSSA over the same site.

The results from both methods provide clear evidence that the differences in the surface
motion characteristics quantified by INSAR are indicative of differences in peat condition and
plant functional type. Sites in good condition (wet with sphagnum dominate) display markedly

different long-term trends in comparison to sites in poor condition over the same period.

Comparison to water level indicates that for wet sites in good condition, the surface
oscillations measured by INSAR correspond to oscillations in water level which is consistence
with the field observation that the peat surface motion tracks the water level (Fritz et al., 2008;
Reeve et al., 2013). Therefore, it appears that INSAR time-series provide a measure of the
mechanical movement of the surface as it responds to the changing of water storage within the
peat. By applying this explanation, the INSAR time-series can be considered as being composed
of long-term irreversible changes in the mass of organic matter and water stored in the peat and
short-term reversible changes in response to drying and wetting cycles (Camporese et al.,
2006).

Using SSA to analyse the seasonal variations from ISBAS DInSAR time-series data
distributed over 22 sites (the INSAR time-series for each site represents an average of about 5
adjoining ISBAS pixels), four different categories have been identified. Category A sites
represent the most degraded sites. These sites display sustained subsidence with lack of
sphagnum and seasonal oscillations. As explained in Chapter 6, section 6.2.3.3, the lack of
seasonal oscillations may result from several factors associated with peat degradation. Loss of
compressibility within the peat is an irreversible consequence of enhanced decay at the more
degraded sites (Waddington and McNeil, 2002; Kennedy and Price, 2005). Low permeability
of the compacted, humified peat combined with the possible presence of fracture porosity
because of shrinkage does not permit significant water storage within the peat matrix.
Category B sites are interpreted as degraded but not as severely degraded as category A sites.
These sites include a greater mixture of plant functional types, which are dominated by vascular
plants but do include some areas of Sphagnum and are interpreted to be generally wetter with
a greater capacity for seasonal water storage. In contrast to category A sites, there are clear
seasonal oscillations but with lower amplitude than the sites observed under category C. This
can be interpreted that the water-level for these sites is shallower than the sites under category
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A and deeper than the sites under category C. In addition, these sites are less degraded with
greater porosity, elasticity and water storage than sites under category A. The presence of
vascular plants cause reduction in the water level during the growing season due to the strong
evapotranspiration process which may explain the behaviour of seasonal oscillations for the
sites under this category (minimum water level in late summer-mid autumn (Aug-Oct) and
maximum water level in late winter-early spring (Feb-April)). Category C sites are Sphagnum
and sedge dominated with a shallow, near-surface water table. Evaporation through Sphagnum
is directly linked to the evaporative demand of the atmosphere and depth to water table. The
high amplitude seasonal cycles and mid-summer/mid-winter minima and maxima are most
likely due to the predominance of the non-vascular Sphagnum species in which potential
evaporation exercises a greater or equal control on the total evapotranspiration (Lapen et al.,
2000). The physiology of Sphagnum, therefore, shifts maximum drawdown and recharge of
the water table and associated surface motion to a mid-summer/mid-winter pattern that aligns
with seasonal variations in evaporative demand in the UK (Robinson et al., 2017). The surface
motion of category D site represents a mixture between category A and category C. The
category C component is interpreted as evidence of a shallow water table and probable
colonisation by Sphagnum in areas of ditch blocking; however, the strong subsidence more
typical of category A sites is interpreted to indicate that despite rewetting the site is still losing

mass, possibly over more elevated areas resulting in overall rapid subsidence.

Using MSSA to analyse the seasonal variations from ISBAS DINSAR time-series data
for each single ISBAS pixel (the assessment has been made for only 97 ISBAS points
distributed over 20 sites due to the availability of ground data measurements from optical data
and field survey), two distinct categories have been identified. The first category is for sites in
good condition which corresponds to the sites under category C in SSA. The second category
is for sites in bad condition, which corresponds to sites under category A in SSA. However, for
both categories, variations in ISBAS relative seasonal amplitude and shift in peaks for
approximately 1 to 2 months have been noticed, which can be interpreted due to the variation
of water table depth WTD between the sites under the same category and composition of plant
functional type that cover each ISBAS point. Therefore, it can be concluded that the seasonal
trends for sites under category B and D using SSA represents the consequence of the averaging
process between category A and category C; i.e., stacking of an average 5 ISBAS time-series
with the different condition for each site (combined trend). In addition, the spatial variations

of the seasonal trend over time in ISBAS DInSAR time-series that may arise from large scale
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hydrological changes have been assessed using MSSA. It has been found that these seasonal
maps can provide the extent of surface motion of the peat body that has as a single hydrological
entity or coalesce into large composite units. In turn, these maps can be used as classification
maps to indicate the functional hydrology levels to assist future management by identifying,
for example, the potential restoration sites and prioritizing them using ecological and
hydrological (by means of the seasonal trend from INSAR time-series) and economic criteria

which are not a simple task.

This analysis carries important implications as peatland surface motion can be
attributed to changes in water budget, water table depth, carbon balance and net ecosystem
exchange (Moore et al., 1998; Laine et al., 2007; Mezbahuddin et al., 2017). Hence if the
INSAR time-series capture meaningful characteristics of the surface motion, this will open up
a new view of peatland dynamics on an unprecedented scale that would not be practical using
standard field-based techniques. As changes in water storage due to drainage or restoration
should precede ecological change, INSAR time-series characteristics also have the potential to
offer a sensitive monitoring tool that can be used to quantify evolving peatland condition.
INSAR time-series also have a high spatial density that enables a new approach to regional
peatland monitoring through the application of MSSA (e.g., principle component analysis and
extend empirical orthogonal functions) more typically deployed in climatology and
oceanography. However, the analysis of INSAR time-series using the techniques described
above (SSA and MSSA) is sensitive to the quality of INSAR data itself. Moreover, any error
related to the processing of INSAR time-series can lead to bad reconstruction of the time-series,

in turn, provide meaningless characteristics of surface motion.

In this research, the empirical relationship between the INSAR measures and the site
condition is considered. The accuracy of the INSAR measure or the sensitivity of the INSAR
approach to change has not been addressed. There is also a question as to the representativeness
of the InSAR signal in particular whether wet Sphagnum covered surfaces in hollows and
adjacent mounds with more vascular plant function types contribute equally to the INSAR
signal. By addressing these questions, a far greater understanding of the radar response may be
obtained. To achieve a true assessment of accuracy will be difficult as single points or short
transects do not replicate the totality of the INSAR response from a 100x100 m area and where
peatland field data is available the error in field measurements is a major source of uncertainty.
However, despite this validation difficulty, the precision of the measurement is clearly

sufficient to produce a meaningful signal that relates to the peatland process and condition.
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6.5 Limitations of using ISBAS time-series to quantify peat condition

It should be noted that there are two potential errors could be presented in the processing of
ISBAS DInSAR time-series:

1. Additional phase unwrapping errors: there are two phase unwrapping steps
required to retrieve the deformation at SAR acquisition dates using ISBAS
algorithm. The first is presented previously in Chapter 2, Section 2.3.1.6, that
made on the differential interferograms to retrieve and estimate the linear
deformation rates and topographic errors. The second phase unwrapping step is
performed on the residuals from the first processing (Chapter 2, Section 2.3.2) to
calculate the non-linear deformation along with the atmospheric delay
components (the atmospheric phase screen (APS)).

2. Atmospheric delay error: in the linear model using Punnet software, the
atmospheric delay is eliminated using the assumption that the stratified
troposphere is random over time, thus has mean zero. This assumption is
considered to be valid for stacking a large number of interferograms that are
appropriately distributed over a long period. Then the phase contribution from the
linear model is subtracted from the original unwrapped phases. The residuals, in
this case, are assumed to have the non-linear component, atmospheric delay (also
called APS) and noise. In this stage, the non-linear deformation component can be
separated from APS using custom filters (Chapter 2, Section 2.3.2) based on the
assumption that the atmospheric signal is correlated in space, while the
deformation component is correlated in time. The performance of these filters is
dependent on the validity of the assumptions such as the atmospheric signal is
correlated within 5 km radius and on the number and distribution of the
interferograms. Moreover, separating the non-linear deformation component from
APS will be more challenging for the area having a slow deformation rate as it can
be masked out by noise. Therefore, the quality of the INSAR time-series should be

examined first before using them for further analysis.
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6.6 Summary

This chapter is focused on the research undertaken to address the capability of INSAR to
evaluate peat condition and hydrology by applying the ISBAS technique to characterise peat
deformation over 18 months at 103 ISBAS points distributed across 22 discrete peatland sites
in the Flow Country, Northern Scotland. Peat condition at each single point in each site was
determined using plant functional types quantified via field survey and optical satellite
imagery. Using univariate SSA, the seasonal trends from an average of 5 adjoining ISBAS
points under three categories were compared with the average peat condition for each category.
Extending Univiriate SSA to MSSA to extract the common seasonal trends and noises for all
time time series represents the main advantage of the MSSA (Gruszczynska et al., 2017). With
multivariate SSA (MSSA), the peat condition was compared to surface motion trends for each
ISBAS point distributed in all sites. The results indicate that the INSAR technique can provide
a meaningful description of peat condition and its hydrology through surface motion, based on
the seasonal trend. Three distinct trends under category A, B, and C were observed through
applying SSA to an average ISBAS DINnSAR time-series at each site. However, by applying
MSSA, two distinct trends were observed (corresponding to category A and C), in addition to

other less consistent trends.
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CHAPTER 7

CONCLUSIONS AND RECOMMENDATIONS

This chapter presents the conclusions on the various aspects of the research restating the aims
and objectives and summarising how each was achieved, which leads to a list of suggestions

and recommendations for future work.
7.1 Review of the aims and objectives
Chapter 1 contains the aims and objectives of the research. The stated aims were to:

e Conduct background research regarding the application of INSAR over peatland areas.
e Analyse what value the ISBAS technique, in particular, might bring to peatland
monitoring.

e Consider how the ISBAS technique might be used to infer peat condition.
And the objectives were to:

» ldentify gaps in the use of INSAR for peatland deformation monitoring.

> Investigate the potential of using the ISBAS DInSAR technique for long-term peatland
monitoring.

» Investigate the potential of using the ISBAS DInSAR time-series to quantify peat
condition.

» Determine how other sources of data might be used to validate ISBAS results.

These are discussed in the following sections to demonstrate what was achieved in this

research and what could be improved in future research endeavours.
7.2 Research gaps

The basic principles of all techniques relevant to this research were presented in Chapter 2.
Research relating to the importance of peatlands in ecosystem services, peatland distribution
and the causes and consequences of peatland degradation were discussed in Chapter 3. This
naturally led to the research motivation involving the techniques used for monitoring change
in these areas, with a review of the difficulties in monitoring them. The capability of INSAR to
map and analyse the dynamics of the Earth’s surface was also discussed. This chapter ended

with a summary of limitations relating to these subjects.
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7.3 Using ISBAS DInSAR technique for long-term peatland monitoring

Two case studies have examined the feasibility of using the ISBAS DINnSAR technique for

long-term peatland monitoring:

1. In the case of open peatland areas (Flow Country, northern Scotland), two C-band SAR
datasets (ERS 1/2 spanning the period from 1992 to 2000 and Sentinel-1 SAR data for the
period between March 2015 and December 2016) have been used to investigate the feasibility
of ISBAS technique for long-term peatland monitoring. Although C-band SAR data has limited
capability to penetrate the vegetation canopies, the ISBAS velocity maps over this peatland
area from both datasets provided a meaningful account of peatland condition in terms of peat
growth, stability or subsidence which enabled the identifications of areas undergoing changes.
This suggests that over open peatland area, the ISBAS DInSAR technique can be used as a
more effective technique for peatland surveying that would reduce the long-term monitoring
cost by assessing the relative magnitude and spatial pattern of the deformed areas that are
caused by, for example, drainage, afforestation or erosion which in turn provides key
information for guiding future management.

2. In the case of a drained coastal peatland area farmed for agriculture (Zennare Basin,
south of Venice Lagoon, Italy) three C-band SAR datasets (ERS 1/2 for the period 1992 to
2001, ENVISAT from2003-2008 and Sentinel-1 for the period between 2015 to 2018) were
used to assess the capability of ISBAS technique to monitor the deformation over this area.
The spatial coverage of the ISBAS maps over this agricultural area was significant in
comparison with other INSAR techniques, but the results were somewhat noisy with a lack of
coverage (not like the results over open peatland area, such as the Flow Country). This suggests
that ISBAS results over manged farmed peatland area are less consistent in comparison with
open peatland area as a result of farming practices, which contribute to the decorrelation of the
interferometric phase between the image pairs. This has been treated using the regular
acquisitions of the Sentinel-1 data with a short repeat cycle of 12 days which provide potential
for mapping a surface motion over this farmed peatland area. However, the limited ground data
hindered the complete understanding of the deformation and a true assessment of the ISBAS

accuracy.

Combining these two case studies suggest that ISBAS technique is feasible for long-
term peatland monitoring using C-band Sentinel-1 SAR data in particular by virtue of gathering
a significant stack of images in short time. This provides the opportunity to reduce the temporal
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baselines to ensure good coherence between the interferometric pairs but still retain a high

number of observations, which increase the confidence in the ISBAS results. The accuracy of

the estimated linear velocity rate is inversely propotional to the time span covered by the INSAR

observations.

7.4 Using ISBAS time-series to quantify peat condition

A novel analysis of the ISBAS DInSAR time-series was applied, which linked the

characteristics of surface motion derived by INSAR and peat condition. This was applied to the

Sentinel-1 ISBAS time-series over the Flow Country through the application of SSA and
MSSA. The results suggest that:

Analysing INSAR time-series using these applications helps to understand the seasonal
kinematic behaviour of peatland from local to regional scales.

Due to the strong correlation between the surface motion recorded by INSAR and peat
condition (Chapter 6), successful application of INSAR over these open peatland areas
will decrease the cost for long-term monitoring, help rapid and unbiased evaluation of
these areas for future management and assist quantification of peat condition in remote
areas.

The analysis of INSAR time-series suggests that the changes over peatland area can be
noticed in the short-term; i.e., seasonally every six months particularly in wet areas with
Sphagnum and sedge dominated during the growing season (peak amplitude of seasonal
cycle) and in the long-term of approximately one year.

Seasonal maps extracted from INSAR time-series using MSSA can provide the extent
of the peat areas that are sharing the same condition. In turn, these maps can be used as
classification maps to indicate the functional hydrology levels (from good,
intermediate, to bad condition) to assist future restoration. In addition, these maps can
be used for risk assessment from, for example, peat landslide hazard, by identifying the
degraded areas which are more susceptible to landslide and analysing the relationships
between the seasonal behaviour derived from INSAR time-series and triggering factors
such as rainfall.

INSAR trend maps using MSSA represent complementary maps to the linear
deformation maps. The latter provides the level of degradation whereas the former

allows the evaluation of the peat condition through the characteristics of surface motion.
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This synergy between these maps will help to identify suitable sites for future

management which can be applied over all wetland areas.
7.5 ISBAS accuracy

True assessment of INSAR accuracy is difficult to achieve through using field observations of
single points or short transects due to the mismatch between the scale of observation, accuracy
and precision of INSAR and field observations (Chapter 5, section 5.2.5.2). An alternative
validation method was used by comparing the characteristics of ISBAS DINSAR surface
motion time series to readily obtained vegetation and land use based on the measurements of
peat condition. The underpinning hypothesis here is that the ISBAS DInSAR results are
representative of the surface motion (at high temporal resolution) of the peatland and in turn
that surface motion is representative of peat condition. This hypothesis is considered to be not
valid over farmed peatland area due to farming activities (ploughing and harvesting different
types of crops). The peat surface motion over farmed peatland area might be quantified using
hydrological field measurements such as soil moisture, water table depth, temperature
fluctuations and peat oxidation (Zanello et al., 2011) and linking them InSAR time-series of
surface motion. However, differences and uncertainties may introduce between the

observations as explaned in Chapter 5, Section 5.2.6.2 due to error propogations.

The fluctuations of water table depth in this research have also been used to validate
INSAR time-series. However, the WTD time-series present a shorter time sampling interval
(daily and every 30 mins) than that available from the INSAR time series (every 12 days).
Therefore, the WTD time-series have been resampled to the revisiting time interval of the
Sentinel-1 satellite (every 12 days). The comparison between plant functional type and WTD
with ISBAS time-series provides a meaningful estimation of peat condition. This suggests that
absolute accuracy is difficult to achieve over these areas; however, alternative approaches (as

explained above) can be used to validate INSAR results.
7.6 Limitations of the methodologies

Through assessment of peatland condition using ISBAS technique over two different peatland
environments, the primary limitations of applying this technique and analysing the InNSAR

results can be summarized as follows:

1. InSAR phase unwrapping error: phase unwrapping over this vegetated area where the
coherence is highly variable may encounter some difficulties which may cause

underestimation of the deformation for the areas undergoing large deformation rates
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due to the ambiguity. This can be minimised by having short temporal baselines to
reduce the effect of any large deformation on the interferometric phase. Reducing the
temporal baseline to less than four years was difficult to achieve with the use of ERS
and ENVISAT datasets due to the gaps in the time-series and long revisit cycle of 35
days. However, regular acquisitions of the Sentinel-1 satellite with a short repeat cycle
of every 12 days made it possible to decrease the temporal baseline to preserve the
coherence between the image pairs and measure greater rates of deformation with high
confidence. This suggests that over peatland areas, short temporal baselines are required
to ensure good coherence between the interferometric pairs using C-band SAR data,
which in turn decrease the probability of underestimation of the deformation for the
areas subject to high changes.

ISBAS accuracy: from the available ground measurements (levelling data) over Flow
Country, the ISBAS accuracy was difficult to achieve due to the temporal and spatial
mismatch. This suggests that the archived field observations, if not collected for the
purpose of validation of the same study, will show differences and uncertainties
between the observations due to error propagations from both ground and InSAR
measurements. However, this will allow the direction of surface motion to be compared
between them, in turn, observing the entire landscape with certainties in measurements
that afford the direction of surface motion to be mapped across the area. To detrmine
the absolute accuracy of the ISBAS measurements, the validation campaign for
example should adopt calibration and validation methods designed for measuring
contiguous mapping (i.e., be randomly located) and consider intra-pixel deployment of
the levelling measurements to be compared with the ISBAS results.

Using SSA and MSSA to analyse INSAR time-series: although SSA and MSSA
represent advanced techniques for processing one-dimensional and multi-dimensional
time-series to detect the correlated variable behaviour that helps to classify and interpret
the information, the main limitation in applying these techniques on InSAR is the
quality of InSAR data itself. The presence of noise in INSAR data may lead one to get
modes that are similar to the original modes. Although a hypothesis test was used to
discriminate between the modes associated with the signals and the modes associated
with the noise, the error related to the processing of INSAR, for example, phase
unwrapping error and atmospheric signal delay over this low coherence area can

provide bad reconstruction of the time-series. Therefore, before applying SSA and
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MSSA it is suggested to minimize the error of INSAR during the processing by, for
example, working with SAR satellites that provide regular acquisitions over long
periods of time, using appropriate temporal baselines depending on the application,
selecting a stable reference point for phase unwrapping, and inspecting the quality of

INSAR output visually during the linear and non-linear processing.

7.7 Suggestions and recommendations for future work

The following points are extracted from the conclusions above which suggest that further

research may improve and perhaps provide significant results:

1.

Reduce the temporal baseline to less than one year using Sentinel-1 C-band SAR data
from both satellites A and B (6 days revisiting cycle) or using longer wavelength such
as L-band SAR data may improve the coherence over peatlands particularly forest and
farmed peatland areas, in turn, increases the precision of the estimated ISBAS LOS
velocities.

Exploit the availability of Sentinel-1 SAR images from different geometries (ascending
and descending), to resolve the complete 3D peatland displacements, i.e. in northing,
easting, and height which assists the investigation of surface displacements and their
dynamics.

Apply the same techniques that have been used in Chapter 6 (analyse INSAR time-
series using SSA and MSSA) to study the dynamic of the Earth’s surface and to classify
the area depending on its surface motion in different applications such as landslide
studies.

Predict the deformation over peatland areas from INSAR time-series using SSA and
MSSA techniques which is essential for future management.

Although this research presents the capability of INSAR technique to quantify the peat
condition through InSAR time-series, more advanced analysis is needed to understand
the variability and sensitivity of measurements to local peat conditions and whether or

not this variability lies firmly within the realms of noise.
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Appendix A

Figure Al: Blanket bog (the Flow country, Caithness and Sutherland). Adapted from
Bruneau and Johnson (2014).

Figure A2: Examples of degraded peatland due to (a) moor-grips, (b) erosion and (c)
peatslide. Adapted from Bruneau and Johnson (2014)
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Appendix B

Methodology of the field survey that has been applied to assess the vegetation coverage for

selected sites to be used for the calibration of the remote sensing images.

1. Walk to the GPS location and make a visual assessment of the general area

2. Mark a 10 x 10 square representative of the general area

3. Note the GPS coordinate of each corner on the designated space on the recording
sheet and take a picture of the square

4. Fillin the details about the site and picture 1D

5. Place yourself in the middle of the square and draw the outline of vegetation types in
the square on the recording sheet

6. Note all Plant Functional Type in the square and give an overall cover class based on
the Braun-Blanquet scale for each Plant Functional Type - you may need to walk
in/around the plot to get a good estimate of smaller/non-dominant species.

7. Add any other relevant notes in the space provided

8. Remove the corner markers and move on to the next square

20% shrub

20% sedges g

60% Sphagnum 70% sedges
30% Sphagnum

Open water 20% sedges

80% Sphagnum

70% sedges
30% Sphagnu

Figure B1l: Example of drawing with the dominant Plant Functional Type vegetation
outlined
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Figure C1: ISBAS DInSAR time-series from an average 5 adjoining pixels for the 22 sites



Table C1: Peat condition at each ISBAS point distributed in 22 sites. this was done using
optical satellite data (Sentinel-2 and Google Earth provided VHR data) and field observations
of plant functional type.

Point Point

No. Site_ No | Decision No. Site_ No | Decision

1 1 (3) Shrubs/Sedges/Sphagnum | 53 11 (4) Bare peat/Shrubs/Sedges
2 1 (3) Shrubs/Sedges/Sphagnum | 54 12 (1) Sphagnum/Sedges

3 1 (3) Shrubs/Sedges/Sphagnum | 55 12 (1) Sphaghum/Sedges

4 1 (2) Sedges/Sphagnum/Shrubs | 56 12 (1) Sphagnum/Sedges

5 1 (2) Sedges/Sphagnum/Shrubs | 57 12 (1) Sphagnum/Sedges

6 2 (1) Sphagnum/Sedges 58 13 (3) Shrubs/Sedges/Sphagnum
7 2 (3) Shrubs/Sedges/Sphagnum | 59 13 (3) Shrubs/Sedges/Sphagnum
8 2 (3) Shrubs/Sedges/Sphagnum | 60 13 (2) Sedges/Sphaghum/Shrubs
9 2 (2) Sedges/Sphagnum/Shrubs | 61 13 (2) Sedges/Sphagnum/Shrubs
10 2 (3) Shrubs/Sedges/Sphagnum | 62 14 (1) Sphaghum/Sedges

11 3 (3) Shrubs/Sedges/Sphagnum | 63 14 (2) Sedges/Sphagnum/Shrubs
12 3 (3) Shrubs/Sedges/Sphagnum | 64 14 (1) Sphaghum/Sedges

13 3 (3) Shrubs/Sedges/Sphagnum | 65 14 (2) Sedges/Sphagnum/Shrubs
14 3 (3) Shrubs/Sedges/Sphagnum | 66 15 (3) Shrubs/Sedges/Sphagnum
15 4 (3) Shrubs/Sedges/Sphagnum | 67 15 (3) Shrubs/Sedges/Sphaghum
16 4 (3) Shrubs/Sedges/Sphagnum | 68 15 (3) Shrubs/Sedges/Sphaghum
17 4 (3) Shrubs/Sedges/Sphagnum | 69 15 (3) Shrubs/Sedges/Sphagnum
18 4 (3) Shrubs/Sedges/Sphagnum | 70 15 (3) Shrubs/Sedges/Sphaghum
19 5 (2) Sedges/Sphagnum/Shrubs | 71 15 (3) Shrubs/Sedges/Sphagnum
20 5 (3) Shrubs/Sedges/Sphagnum | 72 16 Demolished Wood land

21 5 (3) Shrubs/Sedges/Sphagnum | 73 16 Demolished Wood land

22 5 (2) Sedges/Sphagnum/Shrubs | 74 16 Demolished Wood land

23 5 (2) Sedges/Sphagnum/Shrubs | 75 16 Demolished Wood land

24 6 (2) Sedges/Sphagnum/Shrubs | 76 17 (1) Sphagnum/Sedges

25 6 (1) Sphagnum/Sedges 77 17 (3) Shrubs/Sedges/Sphagnum
26 6 (1) Sphagnum/Sedges 78 17 (3) Shrubs/Sedges/Sphagnum
27 6 (1) Sphagnum/Sedges 79 17 (3) Shrubs/Sedges/Sphagnum
28 7 (2) Sedges/Sphagnum/Shrubs | 80 17 (3) Shrubs/Sedges/Sphagnum
29 7 (2) Sedges/Sphagnum/Shrubs | 81 17 (3) Shrubs/Sedges/Sphagnum
30 7 (2) Sedges/Sphagnum/Shrubs | 82 18 (1) Sphaghum/Sedges

31 7 (1) Sphagnum/Sedges 83 18 (2) Sedges/Sphagnum/Shrubs
32 8 (1) Sphagnum/Sedges 84 18 (3) Shrubs/Sedges/Sphagnum
33 8 (1) Sphagnum/Sedges 85 18 (1) Sphagnhum/Sedges

34 8 (3) Shrubs/Sedges/Sphagnum | 86 19 (1) Sphagnum/Sedges

35 8 (3) Shrubs/Sedges/Sphagnum | 87 19 (1) Sphaghum/Sedges

36 8 (3) Shrubs/Sedges/Sphagnum | 88 19 (2) Sedges/Sphagnum/Shrubs
37 8 (3) Shrubs/Sedges/Sphagnum | 89 19 (1) Sphaghum/Sedges

38 9 (4) Bare peat/Shrubs/Sedges 90 19 (1) Sphagnum/Sedges

39 9 (4) Bare peat/Shrubs/Sedges 91 19 (5) Water

40 9 (4) Bare peat/Shrubs/Sedges 92 20 (4) Bare peat/Shrubs/Sedges
41 9 (3) Shrubs/Sedges/Sphagnum | 93 20 (1) Sphagnum/Sedges

42 10 (3) Shrubs/Sedges/Sphagnum | 94 20 (2) Sedges/Sphaghum/Shrubs
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43 10 (2) Sedges/Sphagnum/Shrubs | 95 20 (4) Bare peat/Shrubs/Sedges
44 10 (2) Sedges/Sphagnum/Shrubs | 96 20 (3) Shrubs/Sedges/Sphagnum
45 10 (3) Shrubs/Sedges/Sphagnum | 97 20 (3) Shrubs/Sedges/Sphagnum
46 10 (1) Sphagnum/Sedges 98 21 Wood land

47 10 (2) Sedges/Sphagnum/Shrubs | 99 21 Wood land

48 11 (4) Bare peat/Shrubs/Sedges 100 22 (3) Shrubs/Sedges/Sphagnum
49 11 (4) Bare peat/Shrubs/Sedges 101 22 (3) Shrubs/Sedges/Sphagnum
50 11 (4) Bare peat/Shrubs/Sedges 102 22 (3) Shrubs/Sedges/Sphagnum
51 11 (4) Bare peat/Shrubs/Sedges 103 22 (3) Shrubs/Sedges/Sphagnum
52 11 (4) Bare peat/Shrubs/Sedges




