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General Introduction

Gas production and the resulting reduction of reservoir pressure cause compaction of the reservoir
formation. This is expressed as subsidence at surface, which e.g. requires measures to maintain the
ground water level in the area above the Groningen gas field. Subsidence measurements are also used to
determine the compaction of the gas reservoir, which drives seismicity in the Groningen area. Monitoring
of subsidence is therefore an important activity for NAM. Different techniques are used to monitor
subsidence: levelling surveys, GPS-measurements and InSAR satellite observations. It is essential to obtain
a realistic description of the uncertainties in the geodetic measurements, to be able to interpret the
subsidence signal, and to perform subsurface and geomechanical modelling in an objective way.

The Study and Data Acquisition Plan for Winningsplan 2016 (ref. 1 and 2) included a research program
into the monitoring of subsidence aiming to improve the processing and interpretation of the GNSS (Ref.
3 and 4) and In-SAR technologies (Ref. 5 and 6). The stochastic modelling of levelling and GNSS were
studied earlier (Ref. 8). The current study addresses stochastic modelling for the In-SAR technique.

There are two main improvement areas for the stochastic modelling of InSAR data:
1. Handling large data dimensions: a computational efficient method is required that results in a full
covariance matrix in which off-diagonal elements are not neglected.
2. Minimization of potential biases in the stochastic model due to choices made on the functional
model (e.g., modelling INSAR time series as a linear deformation rate).

The objective of this study was to develop and evaluate algorithms to improve InSAR data analysis. Since
the functional and stochastic modelling of the INSAR observations influence each other, both aspects were
studied.

This study has resulted in a pragmatic approach to obtain an InSAR stochastic model that can handle large
data dimensions, and reduces the effect of functional modelling.

Different data reduction techniques can be applied to generate a spatially reduced dataset, such as the
use of a regular grid, a quadtree decomposition, clustering techniques such as K-means, and a reduction
to existing benchmark locations. The latter is especially relevant regarding the integration with other
geodetic techniques, such as levelling and Global Navigation Satellite Systems (GNSS).

A standardized InSAR data format is proposed, that can be used both for original InSAR datasets of
individual scatterers, as well as for reduced datasets. The data format is based on the space-time matrix
concept, that enables the storage of InSAR observations in undifferenced format, together with
information on points and epochs.

To reduce potential biases in the stochastic model due to choices in the functional model, two studies are
performed. The added value of the use of Numerical Weather Models (NWM) to mitigate the atmospheric
signal delay is investigated. The analysis shows that no significant improvement, and even a slight
deterioration, of the variability in the PS deformation time series is obtained when using NWM.

To optimize the fit of the functional models applied to the INSAR time series, three alternative approaches
of Multiple Hypothesis Testing (MHT) have been implemented and evaluated.



Summarizing, the study ‘Improving the Functional and Stochastic Model of InSAR’ has delivered a
pragmatic method for the computation of a full covariance matrix for (reduced) InSAR datasets, ready to
be able to discriminate the deformation model(s) that best fit the geodetic data, and to integrate geodetic
techniques (levelling, GNSS, InSAR) in the computation of subsidence signals.
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INTRODUCTION

This document reports on the study ‘Improving the Functional and Stochastic Model of InSAR’. This project
has been carried out as part of the subsidence data acquisition scope from the ‘Study and Data Acquisition
Plan Induced Seismicity in Groningen - Winningsplan 2016’. One of the geodetic studies included was sup-
plemental research on the stochastic model of geodetic techniques. Since the stochastic model of leveling
and GNSS has been addressed extensively in the Long Term Subsidence study project (NAM, 2017), the study
reported in this document restricts to the InSAR technique.

It is essential to obtain a realistic description of the uncertainties in the geodetic measurements, to be able
to interpret the subsidence signal, and to perform subsurface and geomechanical modeling in an objective
way. Although scientific advances have been made on the InSAR stochastic model (see, e.g., Samiei-Esfahany
(2017)), there are two main improvement areas:

1. Handling large data dimensions: a computational efficient method is required that results in a full
covariance matrix in which off-diagonal elements are not neglected.

2. Minimization of potential biases in the stochastic model due to choices made on the functional model
(e.g., modeling InSAR time series with a linear deformation rate only).

The objective of this study is to develop and evaluate algorithms to improve InSAR data analysis. Since the
functional and stochastic modeling of the InSAR observations influence each other, both aspects are studied.
The following research activities can be distinguished:

* An assessment of the effect of the use of Numerical Weather Models (NWM) for the mitigation of atmo-
spheric signal delays (Chap. 2).

¢ The development of different InSAR data reduction methodologies (Chap.3).

* The development and evaluation of a pragmatic approach to obtain an InSAR stochastic model for
reduced InSAR datasets (Chap. 4).

* The development and evaluation of hypothesis testing methodologies for the identification of the op-
timal functional model for InSAR time series (Chap. 5).

e The development of an InSAR standardized data format (NetCDF), for addition of the InSAR defor-
mation estimates in the CUPiDO package that prepares geodetic measurements in double-difference
(space-time) format including the covariance matrix, for confrontation against deformation models
(Chap. 6).

The outcomes of this study are described in the chapters mentioned. A general conclusion is provided in
Chap. 7.






MITIGATION OF ATMOSPHERIC SIGNAL
DELAY

2.1. INTRODUCTION

One of the largest error sources in satellite radar interferometry (InSAR) is the atmospheric signal delay. Both
the ionosphere and the troposphere contribute to the delay'. Since InSAR is only sensitive to the double-
difference signal delay between acquisitions in time and between reflection points in space, not the size of
the absolute delay, but the amount of spatial variability of the delays is of importance. This amount of spa-
tial variability due the the ionosphere is relatively low, especially for radar systems with a short wavelength
(e.g., X- or C-band). On the other hand, the spatial variability in the tropospheric signal delay can be large
(Hanssen, 2001). Two delay-effects can be distinguished:

e Hydrostatic delay, which is dependent on the temperature and pressure distribution in the tropo-
sphere. Since the spatial variations of these quantities are typically rather smooth at a certain epoch,
the differential delay in case of flat terrain is also relatively smooth. However, in case of large topo-
graphic height differences, the difference in tropospheric layering between the acquisitions causes a
topography-related delay effect.

* Wet delay, primarily caused by the water vapor distribution in the troposphere. This distribution is
strongly affected by turbulent processes and therefore highly variable.

Traditionally, the atmospheric signal delay in radar interferometric time series analysis, that is, the sum of
the ionospheric and tropospheric signal delay, is estimated from the interferometric data stack itself (Ferretti
et al,, 2001, van Leijen, 2014). Hereby, the assumption is made that the signal delay is uncorrelated in time,
but correlated in space. A sequential low-pass filter in time and a high-pass filter in space is applied to obtain
an estimate of the atmospheric signal delay per acquisition. In addition, a height-dependent scaling factor
can be estimated to account for the topography-related hydrostatic signal delay.

To improve the signal delay estimates, various approaches using auxiliary data have been evaluated. For
example, the ENVISAT satellite contained both a SAR and a multi-spectral (MERIS) sensor to acquire infor-
mation on the atmospheric signal delay simultaneously. However, evaluation showed that only in 2% of the
cases usable MERIS acquisitions were obtained due to cloud cover and the need for acquisition during day-
time (Liu, 2012). Alternatively, Numerical Weather Models (NWM) can be used. Various studies (Bekaert et al.,
2015, Liu, 2012) showed that the temperature and pressure distribution can be modelled sufficiently well to
reduce the hydrostatic delay effect in the InSAR data. This shows particularly in mountainous areas. How-
ever, the turbulent effect is much harder to model, both due to the limited spatial resolution of the models,
and the sensitivity to the timing of the model runs. Typically, the NWM outcomes are generated at standard
epochs, e.g., at Oh, 6h, 12h and 18h. Hence, the timing of the SAR acquisition will not be matching. But even
if dedicated NWM products are generated at the exact times of SAR acquisitions, the uncertainty in e.g. the
modeled wind fields will affect the distribution of the water vapor. E.g., a rain cloud, and the corresponding
peak in water vapor distribution, can easily be a few kilometers off between the model and the true situation.

1The ionosphere is the layer 70 to 1000 km above the Earth's surface, the troposphere ranges from the surface to an altitude of 11-16 km.
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To obtain better insight in the added value of the use of NWM in PSI time series analysis, a compara-
tive analysis of different atmospheric mitigation approaches is performed. The methodologies applied are
discussed in the next section.

2.2. METHODOLOGY

To assess the effect of the use of Numerical Weather Model (NWM) data in the PSI processing, a Sentinel-1
descending data stack is analyzed. The data (Track 37) covers the North of the Netherlands. The 133 im-
ages used span the period between November 2015 and October 2018. NWM realizations provided by the
European Centre for Medium-Range Weather Forecasts (ECMWF) are used. Four PSI datasets are generated,
based on different procedures to mitigate the atmospheric signal delay:

1. Conventional approach. The traditional methodology is applied, estimating the atmospheric delay
from the radar data stack (Ferretti et al., 2001, van Leijen, 2014). Hereby, a low-pass Gaussian filter is
applied to each time series to separate unmodeled deformation from the atmospheric signal delays.
A Gaussian filter based on a standard deviation of 90/v/2 days is applied. The temporal filtering is
followed by a spatial interpolation and smoothing based on Kriging. Hereby, for each acquisition a
variogram is estimated to describe the spatial variability of the atmospheric signal delay.

2. No atmosphere mitigation. The atmospheric signal delay is not mitigated and remains in the final PSI
results. Since a strict analysis without atmosphere mitigation does not result in a converging first-order
network solution, a remove-compute-restore approach is applied. That is, the atmosphere is actually
estimated and removed using the conventional approach, which is added back to the PSI results to
obtain the final dataset including the atmospheric signal delay.

3. ECMWF correction + conventional approach. The ECMWEF-based tropospheric signal delay is re-
moved deterministically from the original phase observations. After this step, the conventional ap-
proach for atmosphere mitigation is applied.

4. ECMWEF correction only. The ECMWF-based tropospheric signal delay is removed deterministically
from the original phase observations, and no additional mitigation steps are applied.

The ECMWFE-based tropospheric signal delays used are obtained using the GACOS service (Yu et al., 2018,
2017). This online service actually combines ECMWF HRES weather model data and Global Navigation Satel-
lite System (GNSS)-based tropospheric delay estimates at nearby stations. The zenith delays provided by the
GACOS service are mapped to the slant direction by division by the cosine of the local incidence angle.

Apart from the different approaches to mitigate the atmospheric signal delay, all other processing settings
are kept equal. The final selection of detected PS is based on a ensemble coherence threshold of 0.7.

2.3. RESULTS

The estimated deformation rates obtained by the four different atmosphere mitigation approaches are shown
in Figure 2.1. To minimize any potential offset between the references of the individual datasets, the reference
is set to the mean deformation rate of each dataset based on the common PS among the sets (563062 PS).
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Figure 2.1: Linear deformation rates in the North of The Netherlands based on Sentinel-1 data (Track 37, November 2015 - October 2018),
using four different approaches to mitigate the atmospheric signal delay.



6 MITIGATION OF ATMOSPHERIC SIGNAL DELAY

536 Difference No atmosphere estimation - Conventional mml\g Difference ECMWF+conventional - Conventional mm/y
L S e e e e e e L T 536 —T T T T T T T T

Latitude [deg]
Latitude [deg]
L
°

536 5

Latitude [deg]
8

64 66
Longitude [deg]

Figure 2.2: Difference in linear deformation rate between the alternative approaches and the conventional approach.

The results show differences in deformation rates, and, for example, that in some cases no PS are de-
tected on the islands in the North. To obtain a better view on the discrepancies, Figure 2.2 contains the
differences of the alternative approaches with respect to the conventional result. The difference with the
ECMWF+conventional approach is minimal. However, for the other approaches the difference is significant.

To get a quantitative indication of the impact of the atmosphere mitigation approach, an assessment of
the variation in the estimated deformation time series is made. Hereby, a linear deformation model is applied,
and for each PS the RMSE of the residuals is calculated. The distribution of these RMSE-values is shown in
Figure 2.3. The median and mean values are given in Table 2.1.

The plot shows the large variation in the time series in case no atmospheric mitigation is applied. With
a deterministic correction by the ECMWF the RMSE in the time series drops to 9 mm. However, this is still
significantly larger than the 3 mm RSME for the approaches involving the conventional approach. It should
be noted that these relatively low values may be partly caused by the filtering applied in the conventional ap-

Table 2.1: Median and mean RMSE values of the residuals with respect to a linear deformation model for the different approaches.

Approach Median RMSE [mm] Mean RMSE [mm)]
Conventional 2.7 2.8

No atmosphere 12.7 13.5
ECMWF+conventional 3.0 3.1

ECMWEF only 9.0 9.4
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Figure 2.3: Boxplot of the RMSE values of the common PS residuals with respect to a linear model. The central red line indicates the
median of the distribution, and the bottom and top edges of the blue box the 25th and 75th percentiles. The black whiskers extend to
the most extreme values not considered to be outliers (within + 2.70, assuming a normal distribution of the RMSE values (which is not
the case for the positive-only RMSE values)). The outliers in the RMSE values are indicated with a red plus marker.

proach, which is also based on the residuals with respect to the deformation models used, which includes the
linear model. Hence, this evaluation is not completely unbiased. However, it does shown that a deterministic
correction only is not sufficient. The conventional and conventional+t ECMWF approach only show a minimal
difference in the RMSE.

2.4. CONCLUSIONS

The comparison of four different atmospheric signal delay mitigation approaches shows no significant im-
provement, and even a slight deterioration, of the variability in the PS deformation time series when using a
ECMWEF weather model. Although the evaluation method, based on the RMSE of residuals with respect to a
linear deformation model, may be biased, the results do not indicate that the use of a weather model is ben-
eficial. It should be noted that these results are only based on one case study, for a rather small area, and over
arelatively flat terrain. Earlier studies showed that in case of large topographic height differences, where the
vertical stratification effect is a more dominant contributor, the use of weather model data does in general
result in an improvement. Hence, more case studies, for larger areas, and especially over flat terrain, should
be performed to obtain a more representative assessment.

In any case, the error induced by the difference in timing between the NWM output generation and the
SAR acquisition should be minimized. This timing effect has two causes: 1) the standardized output times of
generic NWM results, and 2) the uncertainty in the NWM model parameters (e.g., wind speed and direction),
affecting the distribution of the water vapor predictions. To account for the first cause, dedicated NWM runs
should be performed, with outputs which are at least closer aligned to the SAR acquisitions. To reduce the ef-
fect of the shifts caused by the uncertainty in the model parameters, a NWM-SAR matching approach should
be developed, to enable a transformation of the NWM delay screen to the measured SAR delays.

Furthermore, the ionospheric delay should be better accounted for in the analysis. These delays can either
be modelled, or can be estimated from the SAR data using split-band algorithms (Brcic et al., 2010, Gomba
etal., 2016). Although the ionospheric signal delays are relatively smooth in space, especially for radar signals
with a short or medium wavelength (X- or C-band), certainly for a model-only approach, these delays should
be accounted for. Although the conventional approach is well capable of estimating these low-frequency
signals, the benefit of the use of these ionospheric models or split-band estimates should be assessed.






INSAR DATA REDUCTION

3.1. INTRODUCTION

InSAR data analysis typically results in datasets of millions of Persistent Scatterers (PS) and/or Distributed
Scatterers (DS). Moreover, with the launch of SAR satellite constellations instead of single satellites, also the
repeat cycle of the observation epochs reduces, resulting in hundreds of epochs per dataset. The conse-
quence of this wealth of data is that the data becomes more difficult to analyze, visualize and compare with
other data.

These difficulties not only hold for the observations themselves, but also for the stochastic properties
of the data. Since the time series of all scatterers are in principle correlated with each other, the proper
description of the stochastic characteristics would form a covariance matrix of impossible size to handle.
In practice, this is therefore never done. However, a proper use of the stochastic model is desirable. Not only
for the analysis of the dataset itself, but also for the integration of InSAR data with other geodetic datasets,
such as obtained by levelling or GNSS.

To enable a proper analysis and integration of InSAR data, including their stochastic properties, data re-
duction is needed, both in space and in time. The femporal sampling of InNSAR measurements is typically
much higher compared to conventional techniques, such as levelling and campaign GNSS measurements.
Therefore, a relatively simple temporal binning approach can be applied based on a (un)weighted average
(Samiei-Esfahany and Béhr, 2015). Data reduction in the spatial domain is more challenging. In the follow-
ing, a number of methodologies are presented and applied for the spatial data reduction.

3.2. METHODOLOGY

Different methods can be applied to reduce the size of an irregularly sampled dataset in space, such as an
InSAR dataset. Here, sub-sampling, the application of a regular grid, a quadtree decomposition, K-means
clustering, and a reduction to benchmark locations is discussed.

Sub-sampling

The most simple form of data reduction is sub-sampling. Hereby, every nth point in the dataset is taken.
Hereby, As such, the data distribution of points is reduced in a quasi-random manner. A drawback of this
approach is that the information in the removed data points is simply lost, and cannot be used to decrease
the noise level in the reduced dataset.

Regular grid

The distribution of points can also be reduced to a regular grid. Hereby, a certain grid size is chosen, which
is a trade-off between the resulting data size and the level of detail that remains. The actual choice needs
to depend on the application and on computational resources, but may typically vary between hundreds of
meters and a few kilometers. Given the points within each grid cell, a representative value of the InSAR time
series should be computed. Here, various choices can be made. For instance the median value for each time
series epoch can be used, or the mean value, in unweighted or weighted form. In case of a weighted form, the
noise level for each individual scatterer can be used. In addition, a pre-selection of scatterers can be used.
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For instance, only scatterers from objects or ground level (classified based on estimated height or contextual
information) can be used, depending on the application.

Quadtree grid

As an alternative to a regular grid, which does not take signal variability or point density into account, a
quadtree decomposition can be applied. Here the grid size is locally variable, depending on a certain crite-
rion. This criterion can be a minimal number of points per grid cell (i.e., only sub-divide a grid cell if the new
sub-grids all have a minimal number of points), a maximum number of points per grid cell (i.e., sub-divide
when a grid cell contains more that the maximum number set), a maximum variability of the deformation
signal in the grid cell, or a combination thereof. The maximum variability of the deformation signal can be
based on estimated parameters, such as the linear deformation rate, or on the variability of the time series
per epoch within the grid cell (Samiei-Esfahany and Béhr, 2015). Apart from these thresholds, a maximum
and minimum grid size should be set.

Once the quadtree grid is obtained, the representative InSAR time series per grid cell can be calculated
using the same approaches as applicable for the regular grid, i.e., a weighted or unweighted mean, or the
median, based on all points or a sub-set thereof.

K-means clustering

A different strategy is to use point cloud clustering techniques. A frequently used clustering technique is K-
means. Here, a set of points is clustered in a pre-defined number of clusters based on the distance between
the points in the datasets. The clustering is optimized, based on a certain distance metric, such as the Eu-
clidean distance. The largest disadvantage of the conventional K-means approach is the need to pre-define
the number of clusters. In case of clustering an InSAR dataset, a pre-defined number is not desirable. There-
fore, the Hierarchical K-means clustering approach is an interesting alternative (Samiei-Esfahany and Béhr,
2015). Hereby, a similar iterative approach as applied in a quadtree decomposition is applied. Once a clus-
tering is obtained, a representative deformation time series can be obtained using points within the cluster,
using similar methods as for a regular or quadtree grid.

Benchmark locations

Although the grid or cluster methods provide an effective strategy to reduce a dataset, they do not use infor-
mation regarding the location of benchmarks used by other techniques. Hence, although the InSAR dataset
will be reduced in size, no direct link to the other datasets is obtained. For a direct integration with other tech-
niques, a data reduction technique based on existing benchmarks is desirable. To establish such a connec-
tion, the InSAR points within a certain radius around each benchmark can be selected. The same techniques
as applicable for the gridding and clustering approaches can be used to derive a representative deformation
time series. Since benchmarks are typically assumed to be fixed to objects with a stable foundation, a pre-
selection of InSAR points can be made based the height of the scatterers, to isolate scatterers originating from
objects.

3.3. RESULTS

The methods described to reduce the size of InSAR datasets in space are applied to a Sentinel-1 dataset of
the northern part of The Netherlands, acquired between November 2015 and October 2018, see Fig. 3.1. The
figure shows the linear deformation rates of the original set of scatterers, a sub-set, a reduction to bench-
mark locations, a K-means clustering, a regular grid and a quadtree decomposition. The preferable method
depends on the application. For instance, for an integration with other techniques, data reduction towards
benchmarks used by other techniques is most useful.

3.4. CONCLUSIONS

Different data reduction techniques can be applied to generate a spatially reduced dataset, such as a the use of
aregular grid, a quadtree decomposition, clustering techniques such as K-means, and a reduction to existing
benchmark locations. The most suitable approach is dependent on the application foreseen. The approach
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Figure 3.1: Examples of spatial data reduction techniques, based on a Sentinel-1 dataset of the northern part of The Netherlands, ac-
quired between November 2015 and October 2018. Examples show the result of sub-sampling (every 10th point), reduction to NAP
benchmark locations in the area (unweighted mean of points within 500 meters of benchmark), K-means data reduction to 750 points
(unweighted mean of points within cluster), a 5 km grid (unweighted mean of points) and a quadtree decomposition based on point
density (minimal 100 points per grid cell, value based on unweighted mean).
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based on benchmark locations is especially relevant regarding the integration with other geodetic techniques,
such as levelling and Global Navigation Satellite Systems (GNSS). The reduced datasets are not only easier to
analyze and visualize, but also enable the generation and application of the associated covariance matrix.
The derivation of the full covariance matrix for reduced datasets is discussed in Chapter 4.

Apart from these advantages, it is important to consider that all data reduction approaches alter the orig-
inal data, rely on assumptions of representativity, introduce artefacts by the applied methods, and effectively
act as a low-pass filter. In other words, applying data reduction comes at a cost, the loss of potentially useful
information.



STOCHASTIC MODEL FOR INSAR

4.1. BACKGROUND

Describing the precision of geodetic data in the form of the observations’ second statistical moments or a
noise covariance matrix, and using the inverse of the covariance matrix as a weight matrix in the estimation
is common practice in geodesy and geophysical or geomechanical modeling. In particular for optimization
problems that are based on the minimization of quadratic forms of errors (i.e., least squares estimation and
L2-norm minimization), exploitation of the inverse of the covariance matrix as a weight matrix provides es-
timators with desired optimality aspects such as the minimum variance, and in case of Gaussian data, the
maximum likelihood property. As a consequence, the correct description of observation noise, including its
spatial and temporal correlation, is indispensable for stochastic modeling and construction of the covariance
matrix of the observations.

The main objective of the stochastic modelling in this study is to describe the precision of InSAR data
using a mathematical formulation. The main focus is on the second central moment of the noise, i.e., the
covariance matrix. Note that InSAR datasets have a spatial as well as a temporal dimension, as they include
deformation time series for a large set of persistent scatterers. The final goal is to propose an analytical formu-
lation and a step-wise procedure to estimate the variances of all spatio-temporal deformation measurements
and covariances among them, both for the original as well as for a derived dataset after data reduction, see
Chap. 3.

Note that when we talk about stochastic modeling, we should acknowledge the difference between the so-
called measurement noise and idealization noise components. Specifically, in deformation modeling, when
identifying a deformation signal of interest (i.e., the unknown model parameters), any other deformation
caused by other sources should be considered noise and their statistical properties should be described and
included in the noise covariance matrix. In other words, in the context of deformation modeling, the term
“noise” does not only comprise the uncertainty of the measurements itself (e.g., thermal noise, scattering
noise, and atmospheric signal in InSAR) but it also absorbs all signal (or deformation) components in In-
SAR observations that are not identified as the signal of interest. Based on this definition, we encounter two
different kinds of noise components. One is the random error of the measurements themselves, called mea-
surement noise, while the other covers any other kind of deformation signal rather than the signal of interest.
The latter is referred to as idealization noise (Baarda, 1976, Ketelaar, 2009, Samiei-Esfahany and Bahr, 2015).

We should note that the main objective of this study is to provide a stochastic model for the InSAR mea-
surement noise only. In other words, the signal of interest here is defined as the total deformation (e.g., the
summation of shallow and deep deformation signals), and consequently there is no idealization noise in the
data. Although we acknowledge that the effect of the idealization noise components should be addressed
functionally or stochastically in any geomechanical/geophysical modeling, the parametrization and model-
ing of these noise components for InSAR timeseries has not been investigated and discussed in this study.

While there are various studies in literature regarding noise characteristics in InNSAR measurements (Agram
and Simons, 2015, Hanssen, 2001), the effect of timeseries processing on the spatio-temporal variability of
the noise components has been overlooked in the available InSAR stochastic models. Note that InSAR de-
formation estimates are affected by InSAR processing settings, in particular during the the spatio-temporal

13
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Figure 4.1: PSI velocity map of the Groningen area based on the RadarSAT-2 dataset acquired between September 2009 and November
2016. The black box shows the presumed signal-free area.

atmospheric filtering. In other words, the filtering of the atmospheric component inevitably alters the spatio-
temporal noise structure of InSAR deformation estimates. As the filtering step and its setting may vary from
case to case, it is difficult to derive a generic stochastic model for InSAR deformation timeseries.

In general, there are two ways of thinking regarding how to derive a spatio-temporal noise model for final
InSAR timeseries. One is to derive or assume a noise structure for raw InSAR timeseries (before atmospheric
filtering) followed by the design of an efficient error propagation scheme through all the processing steps. The
other approach is to estimate the noise components directly from final InSAR timeseries over a presumably
“signal-free” area. An example of the first approach and its difficulties has been demonstrated in (Samiei-
Esfahany and Béhr, 2015). The challenges of this approach are i) that a reliable and generic initial noise
structure is not always available, and ii) that the error prorogation through all the spatial and temporal steps
of InSAR processing is too complex. Due to the limitations and complexities of the first approach, we have
applied the second approach in this study. That is, we use InSAR data from a presumably stable area (signal-
free area), and we subtract all the potential residual signals in order to isolate the effect of measurement noise
components.

It should be noted that when we subtract a linear trend (i.e. the rate and the intercept) from data be-
fore variogram analysis, we in fact remove the effect of the master noise and master atmosphere from the
InSAR observations. Moreover, if the spatial mean over the stable area is estimated and subtracted from the
data before variogram analysis, the consequence is that the effect of the reference noise will be also removed.
Therefore, we conclude that the proposed stochastic model describes the noise variability of undifferenced
observations, and should be propagated further to derive the covariance matrix of double-difference obser-
vations, which is the common format of using InSAR data in geophysical and geomechanical modeling (see
Chapter 6 for more information on undifferenced and double-differenced data).

4.2. STOCHASTIC MODELING: RADARSAT2 DATA

In order to evaluate the spatio-temporal variability of measurement noise, we analyzed an InSAR dataset
over an presumably signal-free area close to the Groningen region. A RadarSAT2 dataset containing 97 radar
images acquired between September 2009 and November 2016 was used for the study.
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Figure 4.2: Soil map of the northern Netherlands and the selected presumably signal-free area.

Fig. 4.1 shows the selected study area (box of ~17x17 km) for the analysis. The assumption that it is
unaffected by deep source subsidence is based on the absence of gas fields in the area. Also the velocity map
of Fig. 4.1 shows that the PS points in the selected area have indeed low velocity. Another constraint was the
absence of organic soils in the selected area. As we see in Fig. 4.2, the selected polygon covers limited peat
areas and so the shallow deformation mechanisms are assumed to be minimal in the selected area.

In order to further reduce any residual signal in the dataset, a model containing a constant velocity and a
sinusoidal signal with an annual period has been estimated and subtracted from each PS time series. Here,
the main assumption is that if any residual signal (e.g. due to shallow deformation mechanisms or soil com-
paction) has remained in the data, it will follow a constant velocity plus a sinusoidal model. Thus, by cor-
recting for these signals the residuals are assumed to contain only the effect of measurement noise in the
data.

From the time series of the corrected observations in the selected area, the spatio-temporal empirical
variograms are computed using robust algorithms (Cressie and Hawkins, 1980, Genton, 1998) in order to
reduce the sensitivity to outliers. The empirical variograms are averaged per spatial and temporal bins. The
results are visualized in Fig. 4.3.

Visual analysis of this figure shows the presence of both temporally and spatially correlated noise com-
ponents in the InSAR dataset. We can recognize three different types of behavior in the spatio-temporal
variograms: i) a nugget effect (~ 10mm?), ii) a spatially 2nd order stationary correlated signal, and iii) a tem-
porally correlated signal. To combine these three effects in a generic model, we can consider different kinds
of spatio-temporal models. We tried four different models as follows:

1. Model with a nugget and a joint spatio-temporal exponential variogram function, with stationary be-
havior in both time and space:

2, 2 AL —h
YAt h) =0o5+05,(1—e R efs) (4.1)
where At and h are the time difference between acquisitions and distance between PS points, respec-

tively, U% is the nugget, 02, is the variance of the joint spatio-temporal function, and R, and R; are the
temporal and spatial range of the function.

2. Model with nugget and a joint spatio-temporal exponential variogram function, with non-stationary
behavior in the time domain: n
y(At, h) = 03+ 0%, AtP (1 —eTs) (4.2)

where p; is the power of the non-stationary temporal behavior.

3. Model with nugget and distinct spatial and temporal variogram functions, with a non-stationary be-
havior in the time domain: »
y(At, h) = 03+ 05 AT + 02 (1 - eTs) 4.3)
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Figure 4.3: Empirical spatio-temporal variograms of RadarSAT2 InSAR data over the signal-free area.

where 02 and o2 are the variance of the spatial and the temporal functions, respectively.
s { P p p Y.

4. Model with nugget and distinct spatial and temporal exponential variogram functions, with stationary
behavior in both the space and time domain:

2, 2 %L 2 4
YA, h)y=o5+0;(1—e Bt )+o5(1-efs) (4.4)

where 02 and O'% are the variance of the spatial and the temporal functions, respectively.

We used nonlinear weighted least squares to estimate the parameters of these four models to the em-
perical variograms. The weights are computed based on the number of variogram samples per bin. Table 4.1
shows the norm of the misfit (i.e., residuals) for the estimation of these four models. As the models have differ-
ent numbers of parameters, we used the normalized norm (i.e. the norm divided by redundancy: m—n, where
m and n are number of observations and unknowns, respectively) as the metric to evaluate which model has
a better fit to the empirical variograms. Based on this analysis, generally distinct models (i.e., model 3 and
4) show better results. However, we cannot significantly distinct between model 3 and 4. As we do not have
any physical explanation for the non-stationary signal in model 3, and also as the visual inspection of Fig-
ure 4.3 does not show significant non-stationary signal, we choose model 4 with stationary behavior in the
time domain. Figs. 4.4 and 4.5 visualize the fitted model and Table 4.2 shows the estimated parameters of
model 4.

Based on the obtained variogram model, the final covariance matrix of an InSAR spatio-temporal dataset
can be constructed based on the summation of the three contributions (see Eq. (4.4)):

1. White noise or nugget (Q;)

2. Temporally correlated component of noise (Q;)

3. Spatially correlated component of noise (Qy).

The final covariance matrix is then constructed as Q = Q; + Qs + Q;. The components of the three co-
variance matrices (i.e., cov{ yl.t‘, y]t.z} or the covariance between point i at time #; and point j at time #») are
constructed based on the equations in Table 4.3.

4.3. ERROR PROPAGATION FOR REDUCED DATASETS

Using the model of Eq. (4.4) and Table 4.3, we can construct the full covariance matrix for an InSAR dataset.
However, we should note that, due to large volumes of InSAR datasets (and consequently their large covari-
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Table 4.1: Misfit and norm of the residuals for the four different variogram models, where m = 568 is the number of observations, n is
the number of parameters of each model, e is the misfit vector and W is the weight matrix.

MODEL number of parameters (n) e’ We %
Model 1 4 495 0.88
Model 2 4 286 0.51
Model 3 5 130 0.23
Model 4 5 139 0.25

Table 4.2: Estimated parameters for the spatio-temporal variogram model of Eq. (4.4) for the RadarSAT2 dataset.

0% 0'% R; o? R;

[mm?] [mm?] [years] [mr:12] [krﬁ]

7.93 5.5 0.67 3.9 1.11

Table 4.3: How to compute cov{yl.rl ,yjt.2 }: the covariance between point i at time #; and point j at time #, for three contributing compo-

nents of the final covariance matrix.

Nugget effect Temporal component Spatial component
(Qn] (Q:] (Qs]
i=j, h=0h 0(2) 0? 0’?
_lany)
i=j, h#b 0 U%e Ry 0
hi:
. . _ U
i#£j, =t 0 0 ag2e s
i#), h#b 0 0 0

Spatial Variograms [mrr12] —— xaxis: dist. in [km]

dt=0.065753 y dt=0.19726 y dt=0.32877 y
g ; , 0 coss
2 W’“ 2”""""""""""' 2,' 3
0 0 0

0 2 gtdo4e0fy 8 10 0 2 gidosoiBy 8 10 0 2 gtdo.723Ry 8 10
§WP § g
P 2’ 1 2’ 1
0 0 0

o

2 gidossa®y 8 10 0 2 gftoosedy 8 10 0 2

ONPO0
OO0
}-
OO0
l

o
N
o
o
N

dft1.4938y 8 10 0 2 gft18218y 8 1

o
=
g
o
o
S
&
<
®
-
o

ONPO0
A4

ONPROX0

ONROX0

o
o
o
N
o
o
N

2 gfoa7ofy 8 1 dft2.8ogby 8 1

e
w
.
3
oo
-
o

ONRO0
\ 4
ONPOX0
ONROX0
-‘

o
o
o
N
o
o
N
N
o
[e¢]
-
o

2 434658y 8 1 dk3.7946y 8 1

ONROX0
ONROX0

o

2 4 6 8 10 0 2 4 6 8 10

Figure 4.4: Fitted model to the spatial variogram profiles of RadarSAT2 InSAR data over the presumably signal-free area for different
temporal lags (from 0.06 to 3.8 years). The horizontal axes are labeled by spatial lag in [m], and vertical axes display the variogram values
in [mmz].
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ance matrices), an effective data reduction method is usually applied in practice on the data. Hence, in order
to describe the quality of a reduced dataset, the covariance matrix of InSAR data should be propagated to the
covariance matrix of the reduced dataset. For a data reduction method that can be formulated as a linear
transformation (i.e., averaging in time and space as presented in Samiei-Esfahany and Bihr (2015)), a rigor-
ous error propagation can be applied using the linear error propagation law. However, this approach imposes
some practical limitations: it requires the construction of the huge covariance matrix of the initial dataset be-
fore the reduction, and so it requires high computational power. Also note that it is usually desirable not to
store the full covariance matrix of the reduced dataset, but instead to have a covariance function that makes
it possible to reconstruct the covariance elements afterwards (based on for example different settings of the
applied reduction method). However, it is not possible to introduce a generic and exact covariance function
for the reduced dataset as the number of points and distance among them is different for different averaging
cells. Nevertheless, we may be able to approximate such a covariance model as a function of the number
of points per averaging cell and also the average distance among points inside each cell. Hence, the main
objective here is to derive a simple analytical equation for the elements of the covariance matrix of the re-
duced dataset. Note that we only consider averaging-based reduction methods, i.e. the methods that are
based on (unweighted) averaging either in time, or in space, or in both. For simplicity, we first consider the
error propagation for data reduction only in the space domain, and then we extend the formulation for the
spatio-temporal data reduction.

Data reduction in the space domain

Let’s assume that we have a spatial InSAR deformation dataset at only one epoch ¢;. For data reduction, the
points are clustered in different averaging cells, and the deformation of each cell is computed as the average
of deformation of PSs within the cell. Note that, it is not the subject of this section to address how to define the
number of cells and their shape and geometry. The cell structure can be defined based on different criteria
and methods such as quadtree decomposition or K-means clustering (see Chapter 3 and Samiei-Esfahany
and Bdhr (2015)). Whatever method is used, the final deformation of an averaging cell is computed based on
a simple averaging over the PS points in the associated cell. For an averaging cell with m number of PSs each
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with deformation y;, the deformation vector and its covariance matrix can be written as

2
N g 012 013 ... O1im
2
Y2 012 g 023 ... O2m
y=1| .1 Qy=| . . . o (4.5)
2
Ym Oim O2m O3m ... g

where o2 is the variance and o; j is the covariance between points i and j. The values of 0? and o; j are
computed based on a selected covariance model (for example the model in the third column of Table 4.3).
Note that the fact that all the PS points have equal variance o2 is the inherent property of the covariance
models that we assumed. Now, the deformation of the average in cell z and its variance o2 is computed as
(see the appendix for the proof)

o?+(m-1)3§

17 P
z=— , 0t = —————, 4.6
m;y’ “ m 4.6)

where § is the average of all the off-diagonal elements of Qy:

m m
§= 5 Z Z 4.7)
i=1j=i+

m(m—

Also, the covariance between two different spatial cells z; and z,, with m; and my number of PS in each cell
and no overlaps between the cells, is given as (see the appendix for the proof)

mp mp

Ccov{z1,20} =042, = Z Z cij =¢, (4.8)
mymz ;= j=1

where ¢ is the average of the ¢;; elements that denote the elements of the cross-covariance between the points
of the two cells:
ci1 Ci2 ... Cim

Quy.=| s N (4.9)

Cml Cmy2 -+ Cmymy

Based on equations 4.6 and 4.8, in order to construct the covariance matrix of the reduced dataset, we
require the following ingredients:

1. covariance function of the original dataset,
2. number of PS per each spatial averaging cell,
3. the averaged covariance among the points per cell (i.e., §)

4. the averaged cross-covariance among the points for each pair of cells (i.e., ).

To even further reduce the number of the required ingredients, we tried to approximate the averaged
covariances § and ¢ as a function of the averaged distance among points. Let C(h) be the spatial covariance
model as a function of distance k. Then, the main question is whether it is possible to approximate the
averaged covariances (5 or ¢) by the covariance of the averaged distances (C(h)). Or in other words, for an
averaging cell with m number of points, can we write

1 Z 1 mn

— hi)=C(— 4.10

- ; (hi)=C(— g (4.10)
If so, we only need to store the average distance among points per cell (to compute § elements) and the
average distance among points of pairs of cells (to compute ¢ elements). The latter can be approximated
as the distance between the centers of the averaging cells (assuming spatially homogeneous distribution of
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Figure 4.6: Level of over-estimation of the approximation of Eq. (4.10) for exponential covariance functions. The red curve shows the
inverse of scaling factor B (of Eq. (4.13)) for different cell size (the horizontal axis shows the relative value of R/G). For R/G > 0.5 the Bl
value is close to one and the approximation is valid.

PS points within the cells). It is possible to show that for linear covariance functions (e.g. in the form of
C(h) = ah+ b), Eq. (4.10) is valid:

1 m 1 m 1 n 1 - -

— Y C(hj)=—> (ahi+b)=—) ahj+— )Y b=ah+b=C(h). (4.11)
mi= mi= mi= mi=

In other words, for a linear covariance function, we can apply the error propagation (for the averaging)
just based on the number of points and the average distance (). For nonlinear functions (e.g.,for Gaus-
sian/exponential covariance functions), we can argue that the approximation of Eq. (4.10) is also valid but
only for the range of distances in which the covariance function has a linear behavior. For the exponential
model (C(h) = g?e”R), for example, we can write:

1 1 JR_ L8 o Gieanpir _ 90 8 iR . —an; S I
—ZC(hi)z—Zoze‘hl/Rz—Zaze (h+dh,)/R:_Z(e hiR o o dhL/R):C(h)x_Ze dhi/R (4 19)
mi=1 mi=1 miz1 m iz miz1

Let the second term in the right hand side of above equation be equal to a scaling factor B (i.e.,
B=1/mY™ e @i'R) Then, we can simplified the above equation as

C(h;) = C(h) x B. (4.13)

Mz

1
m;

I
—

For cases that the B value is close to one, we can effectively use the approximation of Eq. (4.10). In fact, when
the dh; values (deviation of distances from their mean) are much smaller than the correlation range (i.e.,
dh; < R), the components e~?"'R get closer to one and so B is approximately equal to one. To demonstrate
this fact, we run a simulation for an averaging cell containing 40 PS points, and we assumed an exponential
covariance function. The location of PS points are homogeneously simulated in the cell. We also repeated
the simulation for different cell size G (starting from 10 times bigger than the correlation range (G = 10R) to
5 times smaller than R or G = 0.2R). Fig. 4.6 shows the results of the simulation. The red curve in the figure
shows the inverse of scaling factor B for different cell sizes (the horizontal axis shows the relative value of
R/G). The results shows that the approximation is valid for averaging cells that are at least two times bigger
than the correlation range (i.e., R/G > 0.5). For bigger cells, the proposed approximation underestimates the
covariance values. As the covariance values for large distances are anyway less dominant (or insignificant),
we argue that the approximation of Eq. (4.10) can be used effectively for the error propagation of the reduced
datasets. Using this approximation together with equations 4.6 and 4.8, the variance of each spatial averaging
cell and the covariances among the cells can be computed in a simple way as follows.

1. The variance of eagh cell is the function of number of points in the cell (m) and the average distance
among the points h:

2 — -
2 D (4.14)
m m
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T, T . -
Table 4.4: How to compute cov{ZG? ,ZG‘f}: the covariance between the cell G; at the averaging interval T, and the cell G; at the aver-
i J

aging interval T for the three contributing components of the covariance matrix. The temporal and spatial covariance functions are
denoted as C¢(.) and Cgs(.) respectively. It is assumed that there is no overlap between cells or between averaging intervals. Also these
approximations are only valid for separable/distinct spatio-temporal covariance models such as the model of Eq. (4.4). The parameter
m; denotes the number of points in the cell G;, the parameter n), denotes the number of epochs/acquisitions in the averaging interval
Tp, and M = mjnp. Also L;; shows the distance between the centers of the cells G; and G}, ATp4 shows the time difference between
intervals Tp and Ty, h; is the averaged distance among the points of G;, and ATy is the averaged time differences between dates of the
acquisitions in the T) interval.

Nugget Temporal component Spatial component

[Qn] [Q:] [Qs]

o of | np-l 7 I
szGj, sz Tq i M-i— i Ct(ATp) ﬁ"’TCS(hl)
Gi=Gj, T,#T; 0 e 0

Cs(Lij)
Gi # Gj, Tp = Tq 0 0 n_p/
G; # Gj, Tp # Tq 0 0 0

2. The covariance between the averaging cell z; containing m; points and the averaging cell z, containing
my points with the distance /1, between the two cells is computed as

022 = Clh2). (4.15)

Note that, by applying the proposed approximation, the derived covariances are not dependent on the num-
ber of points in the averaging cells in Eq. (4.15). In summary, by using the proposed approximation and having
the covariance function C(h) and the location of the averaging cells, we only require two ingredients to apply
the error propagation: i) the number of points per averaging cell, ii) the average distance among points per
cell (h). These two values can be stored efficiently for each cell during the data reduction algorithm.

Data reduction in both the space and time domain

Using the same rationale of the previous section, it is possible to show that, for the spatio-temporal averaging,
the covariance between the averaging cell G; at the averaging interval T, and the cell G; at the averaging
interval T, for three contributing components of the covariance model of Eq. (4.4) can be computed using
the equations in Table 4.4 (See the appendix for the proof). That is given the three covariance functions (i.e.,
the nugget effect, spatial component C(.), and the temporal component C;(.)), the full covariance matrix for
the reduced dataset can be constructed using the following ingredients:

1. the coordinates of the center of the spatial averaging cells (to compute L;; values in Table 4.4)
2. the time of the center of the averaging intervals (to compute AT, values in Table 4.4)

3. number of points per each spatial averaging cell (i.e., m; in Table 4.4)

4. number of epochs/acquisitions in the averaging temporal intervals (i.e., n, in Table 4.4)

5. averaged distances among the points of each spatial cell (i.e., /z; values in Table 4.4)

6. averaged time differences between dates of the acquisitions in each averaging temporal interval (i.e.,
Ty values in Table 4.4).

On positive semi-definiteness of the approximated covariance matrix

By definition, a covariance matrix must be positive semi-definite. The covariance functions that we used
in this study are plausible covariance functions and so have the property that guarantees the positive semi-
definiteness of the covariance matrices constructed with these functions. However, our proposed approxi-
mation does not necessarily provide a positive semi-definite covariance matrix. Different testing experiments
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Tp T,
Table 4.5: Auto-correlation functions py; = Corr{ZG’f,ZG"’}, corresponding to the covariance function of Eq. (4.4). The indices k and [
i J

. T, T .
are the indices of the cells Zcf] and ZG(_’, respectively.
i J

Nugget effect Temporal component Spatial component
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Figure 4.7: Derived covariance matrices for the simulated scenario 1 (big grid-size).

indeed confirm that sometimes some Eigenvalues of the approximated matrix are negative. In order to con-
strain the approximation to be positive semi-definite, we propose a modification in the proposed approach
as follows:

¢ the diagonal elements of the covariance matrix (i.e. the variances) are first derived based on the pro-
posed approximation (using the first row of Table 4.4). Let’s show the kth element of the covariance

. . . . Ty
matrix by ai corresponding to a spatio-temporal averaging cell ZG; .

e then, the off-diagonal elements o; (i.e., covariances) are computed using the diagonal elements (Ui
and U%) and the corresponding auto-correlation function (pg;): Ox; = 0010k

The auto-correlation functions corresponding to the covariance function of Eq. (4.4) are summarized in Ta-
N T, T, . .
ble 4.5. If k and [ are the indices of the cells ZC’f and ZC'_’, respectively, the Table 4.5 shows the correlation
b i

T, T . . . .
between the two cells: py; = Corr{ZCf’, ZC’_’}. By using these plausible auto-correlation functions, the approx-
572G,

imated matrix is always positive semi-definite.

4.4. APPLICATION ON A SIMULATED EXPERIMENT

To evaluate the performance of the proposed approximation method, we performed a test on two different
simulated scenarios. We used the same covariance function that was estimated from the RadarSAT2 dataset
(Table 4.2). The parameters of the two scenarios are summarized in Table 4.6. For each scenario, three dif-
ferent propagation approach have been applied: i) full error propagation, ii) the proposed approximation
(Table 4.4), and iii) the proposed approximation with the positive semi-definiteness constraint (via the use of
auto-correlation functions). Figs 4.7 and 4.8 show the calculated covariance matrices. Generally, the pattern
and structure of the approximated covariance matrices are similar with the one derived from full propagation.
However, the differences in the values are more significant for the 2nd scenario with small averaging inter-
vals. Also note the negative eigenvalues of the matrices approximated without the positive semi-definiteness
constraint, confirming that we should use the approximation always with the constraint. To get more insight,
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cov matrix AQ [mm2], min(eigValue)=0.054807 cov matrix A1 [mmzj, min(eigValue)=-5.7865 cov matrix A2 [mmz], min(eigValue)=0.01601
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Figure 4.8: Derived covariance matrices for the simulated scenario 2 (small grid-size).
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Figure 4.9: Comparison between diagonal elements of the covariance matrices derived from full propagation versus from positive-
definite approximation (a: big grid-size scenario, b: small grid-size scenario). Note that the number of epochs per averaging interval
is larger in the second scenario (due to a different revisit time, see Table 4.6), resulting in smaller variances.
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Table 4.6: Parameters of the two simulated scenarios.

Scenario  Number of PS Area Spatial grid Period Revisit period Temporal intervals
Big grid 500 50x50 km? 10 km 3 years 70 days 6 months
Small grid 500 5x5 km? 1 km 3 years 11 days 6 months
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variances at different epochs.

Figure 4.11: Extent of the spatial and the temporal averaging intervals for data reduction applied on RadarSAT2 data.

Fig. 4.9 shows the comparison between the diagonal elements of the covariance matrices derived from the
full propagation versus from the positive-definite approximation. Here we also see the underestimation of
the variance values especially for the smaller grid-size scenario. Also in Fig. 4.8, we can see the comparison
between all the elements of the covariance matrices derived from the two methods, and again the under-
estimation for the 2nd scenario is significant. However, we should note a linear dependency and the high
correlation between the approximated values and the ones from the full propagation (the correlation coeffi-
cient is 0.99 and 0.93 for the two scenarios respectively). These high correlation coefficients confirm that the
proposed approximation can construct the covariance matrices with the correct structure. However it usu-
ally underestimates the (co)variance values, especially for small grid intervals. The underestimation is mainly
linear and up to a scaling factor. In real practice, it is recommended to perform a similar simulation study to
estimate the scaling factor and to up-scale the approximated covariance matrices.

4.5. APPLICATION ON RADARSAT?2 DATA

As a demonstration of the proposed method, we applied it on the RadarSAT2 dataset (see Section 4.2). A spa-
tial grid size of 5 km' and a temporal grid of 6 months have been chosen. Fig. 4.11 shows the extent of the
spatial and the temporal averaging intervals. The results of the data reduction are visualized in Fig. 4.12. The
approximated covariance matrix for the reduced dataset has been derived from the proposed approach of the
previous section and visualized in Fig. 4.13. To see more details of the structure of the contributing covari-
ance matrices (i.e., nugget effect, temporally correlated component, and spatially correlated component), we
plot the sparsity pattern of these contributions in Fig. 4.14. By using the proposed approximation, the error
propagation has been computed in few seconds.

INote that the choice of a 5 km grid size is not suggested based on the analysis of Fig. 4.6. To have a valid approximation, it was suggested
to have spatial grid cells smaller than 2R (e.g., for RadarSAT2 data, R =1.1 km) and so the grid size should be smaller than 2.2 km.
However, for the sake of demonstration in this chapter and to avoid large covariance matrices, we choose a 5 km grid. Note that the
induced underestimation does not affect the sparsity pattern of the derived covariance matrices in Fig. 4.14.
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Figure 4.12: Results of data reduction on PS deformation of the Groningen area derived from the RadarSAT2 dataset acquired between

September 2009 and November 2016 (In total: 15 averaging intervals in the time domain). Color scale is in mm?.
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Figure 4.13: The approximated covariance matrix for the reduced RadarSAT2 dataset. Note the logarithmic color-scale in [mm?].
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Figure 4.14: Sparsity pattern of the contributing factors in the approximated covariance matrix for the reduced RadarSAT2 dataset.

Deformation rate (2015-2018) [mm/y]

575r 20
570r 15
565r 10
—. 5601 5
£
= 555+ 0
o
> 550r -5
545+ _10
5401 i ' _15
535r
=
20 230

L L !

180 190 200 210 2
X km]

Figure 4.15: PSI velocity map of the Groningen area based on the Sentinel-1 dataset acquired between November 2015 and October 2018.
The black box shows the selected signal-free area.
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Figure 4.16: Empirical spatio-temporal variograms of Sentinel-1 InSAR data over the signal-free area.

Table 4.7: Estimated parameters for spatio-temporal variogram model for model of Eq. (4.4) for Sentinel-1 dataset. (selected as the
proper model for this study).

U% 0% R, 0? R
mm?] [mm?] [years] [mm?] [km]

9.49 4.53 0.70 4.96 1.09

4.6. STOCHASTIC MODELING: SENTINEL-1 DATA

So far all the results have been obtained based on the noise parameters derived from an assumed stable
area in RadarSAT2 dataset (see Table 4.2). In order to apply the proposed method on Sentinel-1 data, we
should estimate the noise parameters from a Sentinel-1 dataset. In order to evaluate the spatio-temporal
variability of measurement noise, we analysed a Sentinel-1 dataset over the presumably signal-free area close
to Groningen region. The dataset containing 133 radar images acquired between November 2015 and October
2018 was used for the study.

Fig. 4.15 shows the selected study area (box of ~17x17 km) for the analysis. The same procedure as for the
RadarSAT2 data has been applied here (see Section 4.2). The obtained empirical variograms are visualized
in Fig. 4.16. The covariance function of the model in Eq. (4.4) has been fitted to the empirical variograms.
The results are presented in Figs. 4.17 and 4.18, and Table 4.7 reports the estimated parameters of the vari-
ogram model. The estimated parameters are almost similar to the model parameters of RadarSAT2 (compare
Tables 4.2 and 4.7), except the nugget effect that is a bit larger for the Sentinel-1 dataset.

4.7. SPATIO-TEMPORAL ANALYSIS: SENTINEL-1 DATA

As presented in Chapter 2, in order to study the effect of different atmospheric mitigation methods, four sce-
narios have been investigated: i) conventional approach, ii) no atmosphere mitigation, iii) ECMWEF correc-
tion plus conventional approach, and iv) ECMWE correction only. To get more insight to the spatio-temporal
variability of noise components in these four approaches, we estimated empirical variograms over the pre-
sumably stable area (see Section 4.2) for all these scenarios. Fig. 4.19 shows the spatio-temporal variograms.
The results show that the application of ECMWEF correction does not have significant added value in re-
ducing the atmospheric noise variability. Also the comparison between the conventional approach and the
ECMWEF+conventional approach shows that applying ECMWEF slightly increases the noise variability. We can
conclude that, the ECMWF models (with their current progress status) cannot mitigate atmospheric noise in
a reliable and accurate manner, especially in the flat areas like Netherlands in which the main atmospheric
artifacts are induced by turbulent mixing. This confirms the study of Liu (2012) that has concluded that: "con-
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Figure 4.17: Fitted model to the Spatial variogram profiles of Sentinel-1 InSAR data over the signal-free area for different temporal lags
(from 0.06 to 3.8 years). The horizontal axes are labeled by spatial lag in [m], and vertical axes display the variograms in [mm?].
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Figure 4.18: Fitted model to the temporal variogram profiles of of Sentinel-1 InSAR data over the signal-free area for different spatial lags
(from 100 meter to 10 km). The horizontal axes are labeled by temporal lag in [years], and vertical axes display the variograms in [mm?].
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Figure 4.19: Spatio-temporal variograms for different atmospheric mitigation methods.

temporary weather models are useful for correcting the height dependent delay in interferograms over moun-
tainous regions, however ... for correcting delay caused by turbulent mixing, the value of these models is very
limited and we recommend not to use them for APS correction.”

4.8. SUMMARY

In this section, we provide an analytical formulation and a step-wise algorithm to calculate the variances
of all spatio-temporal deformation measurements and covariances among them. The measurement noise
properties of InSAR data over the Groningen area for both RadarSAT2 and Sentinel-1 datasets were investi-
gated through a spatio-temporal variogram analysis over a stable (signal-free) area. The results showed the
presence of three different noise components in the data: i) white noise (nugget effect), ii) spatially corre-
lated noise, and iii) temporally correlated noise. The modeling of the empirical variograms showed that the
temporal and the spatial components can be modeled in a dis-joint manner. For the both RadarSAT2 and
Sentinel-1 datasets, the parameters of the noise components were estimated.

Furthermore, we proposed a simple analytical approximation to propagate the covariance matrix of InSAR
data to the covariance matrix of reduced datasets. Note that we only considered averaging-based reduction
methods, i.e., methods that are based on unweighted averaging, either in time, in space, or in both. The pro-
posed approach has been tested and validated via a simulated study and was demonstrated on RadarSAT2
data. The proposed approximation can construct the covariance matrices with a correct structure. However,
it usually underestimates the (co)variance values, especially for small averaging intervals. The underestima-
tion is mainly linear and can be mitigated by calibrating a scaling factor.
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5.1. INTRODUCTION

Persistent Scatterer Interferometry provides surface deformation measurements with millimetric precision.
The technique is based on time series analysis of consistent satellite radar reflections of the surface. The
information content of a particular deformation measurement is dependent on the origin of the reflective
object, including the its subsurface foundation, see Fig. 5.1. Specular reflections from an object and dihedral

e

Specular

Dihedral

Instable
foundation

Figure 5.1: Sensitivity of PSI measurements for different deformation regimes. A) Dihedral wall-terrain reflections are sensitive to motion
of the terrain layer and deeper layers, whereas, in case of deep foundations, specular reflections from objects are only sensitive to motion
of the foundation layer due to deep processes. B) The effect of deep compaction, measured by both the dihedral and specular reflections.
C) The effect of an instable foundation, only measured by the specular reflections. D) The effect of shallow compaction, only measured
by the dihedral reflections.

wall-terrain reflections have a different sensitivity to the mechanisms driving the deformation. Roughly, three
categories of these causes can be identified:

1. ‘Deep’ causes, e.g., due to oil, gas or salt extraction, ground water pumping, or other types of mining,
2. ‘Shallow’ causes, e.g., peat oxidation, compaction of deposits,

3. Object-related causes, e.g., degradation or thermal expansion of buildings and infrastructure.

As Fig. 5.1 shows, each radar reflection is sensitive to two or more deformation causes. This is summarized
in Table 5.1. The table shows that all reflections are sensitive to the deformation caused by deep processes.
However, for the shallow processes and object-related effects, this differs. The classification made in Table 5.1
is a general indication of sensitivity. Deviations will occur. For instance, a tilt of a building due to foundation
instability will also affect the wall-terrain reflection obtained. For many applications, an estimate of the sur-
face deformation due to one specific cause, e.g., due to gas extraction, is desired. Ideally, the deformation
time series of each detected consistent radar reflection, a so-called Persistent Scatterer, is decomposed in the

31
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Table 5.1: Sensitivity of radar reflections to deformation due to different causes.

Reflection origin Deep  Shallow  Object
Object with deep foundation (pile-supported) X X
Object with shallow foundation X X X
Terrain X X

different deformation regimes. However, this is not feasible based on a single PS and associated deforma-
tion time series. Instead, information of multiple scatterers should be used, possible in combination with
auxiliary data.

Various methodologies have been proposed to separate different deformation regimes:

1. Statistical analysis of PS per spatial grid cell (see Bruna (2020), http://www.bodemdalingskaart.nl).
2. Classification of PS.

(a) Based on separation of even and odd bounces of the radar signal using different radar polarization
bands (Ketelaar, 2009, Perissin, 2006).

(b) Based on auxiliary data, e.g., detailed databases with outlines of buildings and other infrastructure
(Bruna, 2020).

(c) Based on high-low scatterer height separation (Dheenathayalan, 2019).
(d) Based on deformation time series.

i. Machine learning (van de Kerkhof et al., 2018, van De Kerkhof et al., 2020).
ii. Decomposition, e.g., splines (van der Marel, 2020).
iii. Multiple Hypothesis Testing (MHT) (Chang and Hanssen, 2015).

Here, we present and evaluate the Multiple Hypothesis Testing approach. The advantage of this approach is
that it enables the incorporation of the stochastic model of the observations. Hence, the stochastic model
derived in Chapter 4 is used in the analysis.

5.2. BACKGROUND

The objective of testing in geodesy is to detect and adapt inconsistencies between 1) the functional model, 2)
the stochastic model, and 3) the observations, using a certain set of testing parameters (Baarda, 1968, Teunis-
sen, 2000). For conventional geodetic measurement techniques, the majority of these factors is sufficiently
well known, e.g., by using a single instrument to measure a redundant network between well-defined bench-
marks. This enables for instance the detection of measurement errors or the estimation of stochastic model
parameters.

The problem in InSAR time series parameter estimation and testing is that both the functional model
as well as the stochastic model are in principle unknown and different for each scatterer. As discussed in
the introduction, the scatterer is sensitive to the sum of sub-surface and object-related processes, which
ideally should be described by the functional model as much as possible. Regarding the stochastic model,
the scattering noise ('clutter’) introduces a specific stochasticity per individual scatterer, which can vary from
epoch to epoch. Moreover, scatterers may change temporarily (e.g., due to snow cover), or become obscured
by another object blocking the radar reflection (e.g., a parked car). The uncertainty in both the functional
and the stochastic model makes the use of Multiple Hypothesis Testing (MHT) for model selection and/or
the clustering of Persistent Scatterers into different deformation regimes a non-trivial task.

There are different, possibly inter-related, objectives of applying Multiple Hypothesis Testing (MHT) to
Persistent Scatterer time series, .e.g.,



5.3. METHODOLOGY 33

1. to obtain the best (optimal, efficient, realistic) functional representation of the true deformation be-
havior of the point, and thereby to improve the interpretation,

2. to classify scatterers (e.g., showing a temperature related effect or not) to improve further interpreta-
tion,

3. to prevent ‘leakage’ of actual deformation signal in other deterministic parameters, e.g., height esti-
mates or atmospheric signal delays,

4. to prevent ‘leakage’ of actual deformation signal components into the stochastic model, or

5. to detect changes (sudden motion or rate changes) for anomaly detection.

These objectives have in common that an optimal functional representation is searched for. However, the
functional models used should not simply be extended with additional parameters, without a stochastic jus-
tification of this extension. Hence, the additional model parameters should be statistically significant. To test
this, Multiple Hypothesis Testing can be applied.

5.3. METHODOLOGY

The basic concept of Multiple Hypothesis Testing is to confront the null hypothesis Hy with a number of
alternative hypothesis H;. These hypothesis are denoted as

Hy: E{y} = Ax ; Di{yi=Qy) (6.1
Hj: E{y} = Ax+CjV; ; Diy}=Qyy, (5.2)

where E{.} is the expectation operator, y is the vector of m observations, A is the design matrix, and x the
vector of n unknown parameters. The dispersion D of the observations is described by the covariance matrix
Qyy. The alternative hypotheses are provided by an extension of the null hypothesis, described by the matrix
Cj, to estimate the additional parameters V ;. The dimension or degree of freedom of V ; is indicated by g, with
q € [1, m — n]. Acceptance or rejection of Hy is based on the test statistic 13.7 (Teunissen, 2000)

q_3T-1s _5T-1s
Ij_gonyg() gJnygj (53)

Here, &, and & ; are the residuals under the null and a particular alternative hypothesis, respectively, (.)7

indicates the transpose and (.)"! the inverse. Note that the value of the test statistic is always non-negative,
as the residuals under the null hypothesis are always larger or equal to the residuals under the alternative
hypothesis. The test statistic has a y?-distribution with g degrees of freedom

Hy : I™""~x%(q,0),
Hj @ I7~x%(q.2), (5.4)
where A is the non-centrality parameter
A=V} C{Qy,QuaQyyCiV ), (5.5)
with
Qapey = Qyy — AATQy A1 AT (5.6)
A critical value k, is used to determine whether the Hj should be rejected

reject Hy ifl? > kg (5.7)

The critical value is determined from the y?-distribution with g degrees of freedom by choosing a level of
significance a, see Fig. 5.2. The relation between a and k, is denoted by

Mm:ﬁ P(x*1q,0)dy?, (5.8)

a
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Figure 5.2: The concept of hypotheses testing. The null hypothesis Hy is compared to an alternative hypothesis H;. The test statistic
I? in relation to the critical value kq determines whether the null hypothesis is accepted or rejected. The critical value is based on the

chosen level of significance a. The a represents the probability of incorrect rejection of Hy, known as a Type-I error. The opposite error,
incorrect acceptance of Hy, is denoted as a Type-II error. The probability of this error is indicated by . Often, the power of the test
Y =1-pisused, i.e., the probability that Hy is correctly rejected.

where P(.) is the probability density distribution. The a represents the probability of incorrect rejection of
Hj and should be as low as possible. Typical values for a are within the range 0.001-0.05. Such an incorrect
rejection of Hy is known as a Type-I error. The opposite error, incorrect acceptance of Hy is denoted as a
Type-1I error. The probability of a Type-II error is equal to f, as indicated in Fig. 5.2. In geodesy, instead of
often the power of the test y = 1 — 3 is used, i.e., the probability that Hj is correctly rejected. The power of the
test is a function of &, g and A
(e 9)
Y@, g\ = fk P(x*lq, Mdy®. (5.9)

a

A typical applied value of y is 0.8 (Teunissen, 2000). However, when tests of different dimensions are com-
pared, a value of 0.5 should be applied, as will be discussed later.

To reduce the probability of the two types of errors, both a and f should be as small as possible, ideally
zero. However, if a is chosen smaller, § increases, and vice versa, see Fig. 5.2. To define a test that copes with
this paradox, the Neyman-Pearson principle is applied (Neyman and Pearson, 1933). This principle states
that from all tests with the same probability of Type-I errors, the one for which the chance of Type-II errors is
as small as possible should be used. The test statistic I;.’ is a consequence of this principle (Teunissen, 2000).

The special case of g = m — n indicates the most relaxed alternative hypothesis possible, which leaves the
observables completely free (Teunissen, 2006). As a result, the residuals e ; under this alternative hypothesis
are equal to zero, and the test statistic (Eq. (5.3)) reduces to

Td =24 Q;y2 (5.10)

This test checks the overall validity of Hy and is there denoted as the Overall Model Test (OMT). The advan-
tage of this test is that the validity of Hy can be tested without the need to specify any particular alternative
hypothesis (Teunissen, 2006). When Hj is rejected, this indicates that either the functional model used is not
describing the observations sufficiently well, or that the assumed stochastic model applied is too optimistic.
To find a better fitting functional model, alternative hypothesis can be tested, again using the test statistic.
This can be done rather efficient for a large dataset of PS time series, and a range of different alternative mod-
els. To show this, the expression for the test statistic Eq. (5.3) can be re-written as (see Teunissen (2000) for
the derivation)

qa _  sTA-ly 2Tl
Ti = &,Qyy8,-2;Qy¢;
AT ~—1 T A1 -1 -1,~T 14
= 2,Q,,Cj(Cj Q) Q45 Q)yCj) " C; Qy 8, (5.11)

— 5T7r 5
= &Lje,
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Hence, assuming that Qy,, is equal for all PS time series, the matrix L; only needs to be computed once for
each alternative hypothesis, and all test statistics can be computed efficiently for potentially millions of PS in
the dataset based on the residuals under Hy.

The remaining problem is to determine which alternative model is the best. In case the alternative hy-
potheses have different dimensions, their test statistics have a different y?-distribution, and thereby a dif-
ferent critical value kq, for a set of pre-defined testing parameters. To overcome this problem, the concept

of test quotients (de Heus et al., 1994) is used. The test quotient Z? is defined as the ratio between the test
statistic and the corresponding critical value, hence

T4
T9=—_, (5.12)
1= %

Each H; with a test quotient larger than one is more favorable compared to Hy. The H; with the largest test
statistic is rejecting the Hy most significantly, and is therefore adopted. Only in case all H; are smaller or
equal to one, there is no reason to reject Hy after all. Note that the test quotient is a heuristic measure to
overcome the problem of comparing tests with different degrees of freedom. When the degree of freedom is
different, the selection of the most correct model is not guaranteed (Teunissen, 2017, Teunissen et al., 2020,
Tiberius, 1998, Zaminpardaz and Teunissen, 2018).

Although the test quotients enable the comparison of alternative hypothesis, this comparison is still in-
fluenced by the selection of the test parameters a4 and y,. In principle, an equivalent error at different
dimensions should be detected with equal probability. This probability is referred to as the power of the test
y. To minimize the chance of inconsistencies between tests of different dimensions, the B-method of testing
is developed (Baarda, 1968, Teunissen, 2000). The essence of the B-method of testing is to adopt a reference
power of the test yy, and to select a level of significance «; for the one-dimensional test. It is shown by de Heus
et al. (1994), Kampes (2006) that it is essential to set y( to 0.5 to ensure that the most significant alternative
hypothesis among tests of different dimensions is identified. Once these values are set, the corresponding
non-centrality parameter Ao, and subsequently the a, values for any dimension can be calculated using the
relation

Ao =Alag, q,70)- (5.13)

Based on the a4 values obtained for the different degrees of freedom in the library of alternative hypothesis,
the corresponding critical values kg, can be calculated. Based on these critical values, the Test quotients
(Eq. (5.12)) can be computed, and the most significant alternative hypothesis can be identified.

5.3.1. TESTING STRATEGIES
There are different strategies to apply a multiple hypothesis testing theory, as presented in the previous sec-
tion, to Persistent Scatterer deformation time series. Here, we evaluate three alternative approaches:

1. Model extension test approach.

2. Sequential Overall Model Test approach.

3. Minimal Overall Model Test approach.

Each of these methods are described in the next sections.

MODEL EXTENSION TEST

The model extension test approach is based on the comparison of a null hypothesis Hy with a library of
alternative hypothesis Hj,V j. This approach follows the Detection, Identification and Adaptation (DIA) pro-
cedure (Chang and Hanssen, 2015, Teunissen, 1990). First, the Overall Model Test (OMT, Eq. 5.10) is used
to assess whether the null hypothesis describes the PS time series sufficiently well. If the Hj is rejected, the
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test quotients of a pre-defined library of alternative hypothesis are computed. The H; with the largest test
quotient, which indicates the largest improvement with respect to Hy, is identified as the most likely H;. This
can be seen by observing the general expression for the test statistic (Eq. (5.3)). The test statistic can also be
interpreted as the difference between the OMT of Hy and H;. Hence, the larger the test statistic, the larger
the difference, and thereby improvement, of the particular H;. By using the test quotient, the difference in
the degree of freedom of the various H; is accounted for.

In case the maximum value of the test quotients of the H; is lower than one, this indicates that the im-
provement by the alternative hypotheses is not significant with respect to Hy, and therefore there is no reason
to reject Hy after all.

The procedure followed results in a strong difference in the role of Hy with the respect to the potentially
numerous H;. Thatis, Hy is accepted when it describes the deformation time series sufficiently well, whereas
in case of rejection, the best fitting alternative is adopted as the most appropriate model. This library of alter-
native models could also contain extensions of each other. Furthermore, the model extension test approach
can only be applied if the alternative hypothesis are an extension of Hy. To circumvent this restriction, and
the imbalance between the position of Hy compared to the alternative hypothesis, the sequential Overall
Model Test approach can be used.

SEQUENTIAL OVERALL MODEL TEST

In the sequential Overall Model Test (OMT) approach the OMT T, Oqj of a library of models is assessed in se-

quential order. The approach is based on the procedure proposed by Lindenbergh and Hanssen (2003), how-
ever is refined by including the B-method of testing, to increase the equality between tests with different
degrees of freedom. The essence of the approach is that in the first iteration, all models with the highest de-
gree of freedom, hence, with the lowest amount of parameters, are evaluated. This can be one or multiple
models. In case the lowest Test quotient Zgj for a particular PS time series is smaller than one, this model is

accepted, hence

accept Hoj iflgj <1 and mjin{zgj}, vj. (5.14)

Only for those PS time series where no model is accepted, a new set of models, with a lower degree of freedom,
is evaluated. This procedure is repeated sequentially, until all models in the library have been evaluated. In
case none of the models results in a Test quotient lower than one, the particular PS remains unclassified. Al-
ternatively, the lowest test quotient in the last iteration, even if the values is larger than one, could be adopted.

The consequence of the Sequential Overall Model Test approach is that a certain model is adopted for a PS
once the fit to the time series is acceptable. This does not mean that the best model in the library is selected.
In case the objective of the testing approach is the selection of the best model, an alternative approach is
needed, the Minimal Overall Model Test approach.

MINIMAL OVERALL MODEL TEST

In the Minimal Overall Model Test (OMT) approach all models in the library are treated equally. Hence, for
each model the Test quotient of the OMT Zgj is calculated, and the model with the lowest test quotient is

adopted. That is
accept Hy, if min{ zgj}, vj. (5.15)
J

By applying the B-method of testing, hence, by adapting the critical value k, used based on a fixed power of
the test vy, the difference in the degree of freedom of the different models is accounted for. This procedure
may suggest large similarity with the Model extension approach, although in this approach there is no spe-
cial role of a null hypothesis and the model with the smallest Test quotient (best fitting model to the data),
instead of the largest test quotient of the alternative hypothesis (largest improvement with respect to the null
hypothesis).
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5.4. RESULTS

The three different approaches described in Section 5.3 are implemented and tested. First, the approaches
are evaluated based on simulated data, see Section 5.4.1. Based on the results, the most suitable approach is
selected. This approach is applied to a real dataset of the Groningen gas extraction region in the Netherlands,
see Section 5.4.2.

5.4.1. SIMULATION

To assess the performance of the testing approaches described, a dataset of 100000 PS is simulated, based
on the acquisition dates of 68 RadarSAT-2 images, covering a time span of almost 5 years. For each PS, a
deformation time series is simulated using a sample of a uniform distribution of linear deformation rates
between +/- 30 mm/y, a seasonal signal with an amplitude between 0 and 20 mm, and uncorrelated normally
distributed measurement noise with a standard deviation of 5 mm.

Based on these simulated data, the three hypothesis testing approaches are applied. Hereby, the B-
method of testing is used, based on a y( of 0.5 and an a; of 1/2m, where m =68 images in this case. The
a; of 1/2m is a heuristic rule proposed in de Heus et al. (1994), and also adopted in Chang and Hanssen
(2015). As a first experiment, a zero-velocity model is assumed as Hy. Hence, only a constant offset' for
each time series is estimated. This model is indicated as the constant model. As alternative hypothesis, the
constant model extended with a linear deformation rate, and extended with a linear rate + periodic function
with a period of 1 year are assessed. The result of the classification of the 100000 PS, using the true simulated
values for the location in the plot, are shown in Fig. 5.3. The figure shows a remarkable effect in the results
for the Model extension method. In case of large deformation rates, in combination with a large periodic
amplitude, the constant+linear model is adopted as the best H; (in green). Based on the simulated ampli-
tudes applied for these points, a classification with the constant+linear+periodic model is expected (in blue).
However, because the degree of freedom is larger for the H; including the periodic signal, the critical value of
this test is larger, resulting in a relative downscaling of the Test quotient of the periodic model compared to
the linear model. This effect becomes relatively larger with increasing linear deformation rates, and is only
partly compensated with an increasing amplitude of the periodic signal. This results in the triangular shape
in the classification shown in the figure.

The Sequential OMT method results are more according to the the expectations. The clusters of the dif-
ferent adopted models are clearly visible. In case the simulated amplitude of the periodic signal exceeds a
certain value, the adopted model changes from the constant+linear to the constant+linear+periodic model.
There is no strict division line visible, because of the normal distributed measurement noise applied. The
figure also shows that in many cases no model is assigned, since none of the test quotients had a value below
one. This is different for the Minimal OMT method. Here, simply the lowest test statistic is selected, result-
ing by definition in a selected model for each PS. The figure indicates as well that less PS are assigned to the
constant+linear cluster compared to the results obtained with the sequential approach. The is due to the
difference in accepting the best model versus an acceptable model in a sequential manner.

As alternative to the constant model as Hy, a similar test is performed taking the constant+linear model
as null hypothesis. The results for the simulated data are shown in Fig. 5.4. The figure shows that the artifact
using the Model extension approach does not occur using this Hy and that the results are as expected. For
the OMT-based methods, the figures are very similar compared to the Hy with the constant model only case,
only the constant class is missing. By comparing the three outcomes, the main difference is in the level of
transition between the constant+linear and the constant+linear+periodic model, with increasing amplitude
of the periodic signal. This is due to the difference between selecting an acceptable model versus the best

INote that a constant offset should always be estimated for PS time series, since the time series is relative in time. Typically, the first
epoch is set to zero. However, this is an arbitrary choice. To avoid an erroneous large influence of the noise in the first epoch, a constant
offset should be included in the model. The use of a constant model only without other parameters should be considered with care.
Since PS time series are also relative in space, a possible 'constant’ behavior of the complete time series is dependent on the reference
applied. Only when this reference is determined sufficiently well, e.g., using collocated GNSS measurements at active or passive radar
reflectors, PS classified as constant can be interpreted correctly. Moreover, the uncertainty in the reference should be considered in the
stochastic model applied.
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Figure 5.3: Alternative hypothesis testing with the constant model as base (H0). A) Model extension method. B) Sequential OMT method.
C) Minimal OMT method.
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Figure 5.5: Examples of the so-called L;-matrix for different models. A) Linear+periodic model. B) Linear+temperature model. C)
Linear+periodic+temperature model.

model, as manifested itself before.

Using the developed framework to test a library of alternative hypothesis, the range of models can easily
be extended. It should be noted that for the Model extension approach, all models should be an extension
of Hy. For the OMT based methods, this restriction does not apply. To show the performance of the ap-
proaches with an increased amount of models, the constant+linear+temperature and the constant+linear+-
periodic+temperature model are added. Because of seasonal variation of the temperature, the temperature-
based model is correlated with the periodic model. However, it still shows a distinguishable signal in time.
This can be seen in Fig. 5.5, where the so-called L;-matrix (see Eq. (5.11)) is shown for the linear+periodic,
linear+temperature, and linear+periodic+temperature model. The results of the classification using the three
different approaches is shown in Fig. 5.6. The same simulated time series are used as in the tests presented
earlier. Hence, no temperature-related signal is simulated, only a linear deformation rate plus a periodic sig-
nal with a frequency of one year. The results show that in case of the Model extension method, only in a
limited amount of cases a model including temperature is selected (3417 of 100000 simulated time series).
However, in case of the OMT-based approaches, this number is much larger. In case of the Minimal OMT
approach, a model including temperature is selected in 34989 of the 100000 cases. Hence, despite applying
the B-method of testing to account for the change in the degree of freedom of the test, the addition of a single
parameter (temperature) in the model influences the classification result significantly. This effect is much
less in case of the Model extension method. The results based on the simulated data show that each of the
three methods have their advantages and disadvantages. The Model extension approach only enables the
use of H; which are an extension of Hy, and the approach does not perform properly in case the constant
model is chosen as the null-hypothesis. The Sequential OMT approach, as presented here, has the disadvan-
tage that many time series remain unclassified. The Minimal OMT approach appears to be most sensitive to
selection of the model with the most parameters, hence over-fitting. In the trade-off for the selection of the
most appropriate approach, also the objective of the testing procedure should be considered. For some of
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Figure 5.7: Linear velocity rates [mm/y] in Groningen, The Netherlands, based on a RadarSAT-2 dataset of 98 images acquired between
September 2009 and November 2016.

the applications mentioned in Section 5.2 the best fitting model is desired, whereas in other cases a certain
model should only be adopted when the improvement is significant. An example of the latter is the detection
of jumps in the time series. Only if the jump is significant, the corresponding model should be selected. With
the objective of a classification of scatterers for further interpretation and integration of the data, the selec-
tion of the best model is desirable. As this is the main objective in this study, the Minimal OMT approach is
adopted here for application to real data of the Groningen area.

5.4.2. GRONINGEN AREA

To illustrate the application of the Minimal OMT approach to real data, a PSI dataset is used based on RadarSAT-
2 data covering Groningen, The Netherlands. The dataset contains 98 images, acquired between September
2009 and November 2016. In total 371891 PS have been detected. The resulting linear deformation rates
are shown in Fig. 5.7. The result of the Minimal OMT approach using the constant, constant+linear and
constant+linear+periodic model is visualized in Fig. 5.8. As indicated in Section 5.4.1, the use of the constant
model as individual hypothesis should be considered with care, due to the uncertainty in the spatial reference
applied. The stochastic model used for all the approaches is based on a variogram model which is estimated
based on a 'constant’ area within the dataset, see Chapter 4. Hence, the stochastic model is assumed to de-
scribe the measurement and residual atmospheric noise in the data reasonably well.

The results show that for most PS the constant+linear+periodic model is selected. Hence, most time se-
ries show a significant periodic effect. The spatial distribution of the classified PS shows that no PS with a
constant behavior are found in the main gas extraction region in Groningen.

As it can be argued that the use of a constant model as a separate hypothesis is not desirable, Fig. 5.9
shows the classification with the constant+linear and constant+linear+periodic models only. The spatial dis-
tribution of both classes is rather homogeneous. This suggests that the occurrence of a periodic signal in the
deformation time series is mainly dependent on local effects. To illustrate the potential to extent the library
of alternative hypotheses, additional models involving the temperature are added. As is shown in Fig. 5.5,
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Figure 5.10: MHT result based on the minimal OMT approach using combinations of a constant, linear, periodic and temperature model.

the model including temperature is correlated with the periodic model, but still shows a significant different
pattern. The resulting classification is shown in Fig. 5.10. Almost half of the PS appear to have a temperature
related signal component in their deformation time series.

5.5. CONCLUSIONS

Multiple Hypothesis Testing (MHT) can be applied to Persistent Scatterer time series with the objective to
classify scatterers, to reduce 'leakage’ to other parameters or the stochastic model, or to detect anomalies in
the time series. Based on the same framework of hypothesis testing, the B-method of testing, and the use of
test quotients, different testing approaches can be applied. In this study three approaches have been imple-
mented and evaluated: the Model extension, the Sequential OMT, and the Minimal OMT approach. Applica-
tion to simulated data shows that each approach has its advantages and disadvantages. The Model extension
approach only enables the use of alternative hypothesis which are an extension of the null hypothesis. The
Sequential OMT approach, in its current implementation, has the disadvantage that many time series remain
unclassified. The Minimal OMT approach appears to be most sensitive to selection of the model with the
most parameters, leading to over-fitting. In the trade-off for the selection of the most appropriate approach,
also the objective of the testing procedure should be considered. For some of the applications mentioned
the best fitting model is desired, whereas in other cases a certain model should only be adopted when the im-
provement is significant. An example of the latter is the detection of jumps in the time series. Only if the jump
is significant, the corresponding model should be selected. With the objective of a classification of scatterers
for further interpretation of the data, the selection of the best model is desirable. As this is the main objective
in this study, the Minimal OMT approach was adopted for application to real data of the Groningen area, The
Netherlands. With the current implementation of the testing framework, the library of alternative hypothesis
can easily be extended and evaluated efficiently for millions of PS time series.

Although the current implementation provides satisfying results, it is recommended to implement and
test a fourth testing strategy: the parameter significance test (Teunissen, 2000, Teunissen et al., 2005). In this
case, the most extended functional model is applied to all PS time series. Subsequently, the significance of
each parameter is tested. For each PS, only the significant parameters are maintained in the final functional
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model.

Next step in the research will be to investigate how the classification results can be used for further inter-
pretation of the PS dataset. One of the objectives hereby is the separation of different deformation regimes.
Whether this can be based on the time series classification results only, or should be based on an integrated
analysis with other (derived) data, needs to be investigated.






STANDARDIZED DATA FORMAT

6.1. INTRODUCTION

InSAR is one of the geodetic techniques providing data for ground motion analysis. A standardized data
format for InSAR data is desirable. Such a standardized data format would aid the development of analysis
software, would increase the interchangeability of the software used, would make the user less dependent on
a particular InSAR data supplier, and would make the exchange of data with other parties easier.

A standardized data format should fulfill a number of requirements. In general, the format should be
easy to use, be supported by standard software packages, usable on long-term, and efficient in storage and
use. It would be an advantage if the data format is self-contained, that is, all information is stored in a single
file. Regarding InSAR data, an additional requirement is that the data format can be used both for the original
InSAR datasets, potentially consisting of millions of points and hundreds of epochs, and for reduced datasets.

Here, a standardized data format for InSAR is presented. The format is based on the earlier developments
within the CUPiDO software package (Van Leijen et al., 2017a,b). The CUPiDO tool set aims at integration of
geodetic data for ground motion analysis. In the current version of CUPiDO, the integration of levelling and
GNSS data is enabled. Here, we present both the concept of a CUPiDO compatible data format for InSAR,
and the integration concept of InSAR in the CUPiDO tool.

6.2. DATA FORMAT CONCEPT

The standardized data format for InSAR data is based on the space-time matrix concept, see Fig. 6.1. Hereby,
the InSAR observations are stored as a matrix of m points and n epochs. In case of InSAR, the matrix will
in general be (almost) full, since for detected coherent scatterers a full time series is obtained. However, the
data format also allows for the inclusion of temporary coherent scatterers. In that case, the matrix will show
some sparsity. This capability of the use of sparse matrices also enables the application of the space-time
matrix for other techniques in the future, for instance levelling, where the distribution of observations will
be more scattered. The space-time matrix concept can be extended to a space-time array, with d data layers.
For example, the three North-East-Up components of GNSS measurements can be stored, or the intensities
of the radar scatterers in case of InSAR observations. The space-time array is accompanied by point related
information. Part of this information is mandatory, such as point ID, coordinates, and in case of InSAR mea-
surements the sensitivity in North-East-Up direction. In additional, optional contextual information can be
added, such as information on soil type, ground water level or building foundation for each individual point.
Similarly, obligatory and optional information regarding the epochs should or can be added. The acquisi-
tion date and time are obligatory fields. In addition, time dependent variables can be added as contextual
information, such as weather related parameters. In all cases holds that the attributes and formatting of the
variables applied should be consistent with the datasets of the different techniques. Hereby, integration of
the data using the CUPiDO tool set, making use of corresponding points and epochs, is possible.

The final part of the dataset is formed by the meta data. The meta data contains general information
about the dataset (satellite mission, track), data types used, and possible information about pre-processing
steps applied to the data. Furthermore, the stochastic model describing the data is provided, see Chapter 4.

All data is stored efficiently in NetCDF format. Both original InSAR datasets, and reduced datasets, which

47
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Figure 6.1: Illustration of the space-time matrix data concept. The observations are stored in an mxnxd data array. This array is accom-
panied by point specific, epoch specific, and contextual information. All data and information is stored in a single NetCDF file. This
includes the Meta-data, describing the specifics of the dataset.
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Figure 6.2: The space-time matrix concept, using the NetCDF file format, enables an efficient extension of the stored data, e.g. by
estimated parameters estimated based on the observations.

are most suitable for integration with other types of observations via the CUPiDO tool, can be stored using
the same setup. For each dataset (satellite mission, ascending or descending orbit, track) a separate NetCDF
file is created.

The size of the space-time array is flexible. This means that additional parameters can be added to the
array, see Fig. 6.2. For example, in case of InSAR, derived parameters can be added, such as linear deforma-
tion rate, height above terrain level, and in case of reduced datasets, the number of points used in the data
reduction. The InSAR data is stored in undifferenced' format. This means that the references of the dataset,
both in time and space, are maintained in the dataset. This could mean that one row and one column in
the space-time matrix contain zeros. Alternative, for example the mean in time and or space could be used
as reference. In any case, the number of rows and columns in the space-time matrix equals the number of
points and epochs involved. Storing the data in undifferenced format enables efficient matrix operations to
derive other representations, such as single- and double-differences, see Fig. 6.3. In addition, the undiffer-
enced format enables easy application of S-transformations, that is, the change of the references, see Fig. 6.4.
These S-transformations can potentially be combined with subset operations on the space-time matrix, both
in space and time.

6.3. INTEGRATION IN CUPIDO

InSAR data in the proposed standardized NetCDF data format enables the integration of INSAR in the CU-
PiDO tool set. The most likely approach is to create a compressed dataset first, since a) this reduces the com-
putational burden, and b) it enables the data reduction to the benchmark locations of the other techniques

INote that in the INSAR community the undifferenced format is often annotated as a double-difference format. However, this is strictly
not correct. In fact, in double-difference format the matrix would contain m — 1 rows and n — 1 columns.
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Figure 6.3: Illustration of the efficient operations possible on the space-time matrix. A) The construction of a single double-difference
based on four observations. B) The construction of the relative displacement between two epochs. C) The construction of the relative
displacement time series between two points.

Figure 6.4: Illustration of the application of S-transformations on the space-time matrix. By applying efficient matrix operations, the the
spatial and temporal references can easily be adapted.
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(levelling, GNSS), to optimize the integration potential of the CUPiDO algorithm. Different data compression
techniques can be applied, see Section 3.2. As mentioned, a compression of the data to the benchmark loca-
tions is the most obvious choice for the data integration in CUPiDO. However, a reduction to a (quadtree) grid
and linking of grid cells to benchmark locations is also possible. In the time domain, the InSAR time series can
be compressed to at least the epochs of the levelling and GNSS campaign data, with possible subsampling of
the data in the remaining time gaps.

Each InSAR dataset will be inserted in CUPiDO as a separate NetCDF dataset. Due to the sensitivity vec-
tors provided for each data point, the relation to the leveling (vertical) and GNSS (3D) observations is pro-
vided. Once inserted in CUPiIDO, the corresponding benchmarks and epochs between the different datasets
(between levelling, GNSS, and the various InSAR datasets) can be established. The existing starting points in
the CUPiDO algorithm are maintained (Van Leijen et al., 2017b):

1. The number of from-points and from-epochs is minimized.

2. No cross-double-differences are formed. Hence, the double differences are formed per technique and
directional component. This means that in case of InSAR double-differences are formed per dataset.

Based on the space-time matrix structure of the InSAR data, the double-differences per dataset can easily
be constructed. Here, also the error propagation is applied to the stochastic model supplied (see Chapter 4)
to generate the covariance matrix corresponding to the double-difference InSAR observations generated by
CUPiDO.

6.4. CONCLUSIONS

In this chapter a standard data format is presented for InSAR data. The data format is based on the space-
time matrix concept. This concept enables the storage of InSAR observations, point and epoch related data,
contextual data and meta data in a consistent framework, that can potentially also be applied to observations
by other measurement techniques. The data is stored efficiently per dataset in a single NetCDF file. This
setup enables a straightforward integration of InSAR data in the CUPiDO framework for data integration.



CONCLUSIONS

In the introduction of this report, two main areas of improvement have been defined for the stochastic mod-
elling of InSAR data:

1. Handling large data dimensions: a computationally efficient method is required that results in a full
covariance matrix in which off-diagonal elements are not neglected.

2. Minimization of potential biases in the stochastic model due to choices made on the functional model
(e.g., modeling InSAR time as a linear deformation rate).

This study has resulted in a pragmatic approach to obtain an InSAR stochastic model that can handle
large data dimensions, and reduces the effect of functional modeling. It is achieved by calculation of the
stochastic parameters per InSAR stack, in an area that is assumed not to be affected by surface deformation,
and is sufficiently large to be representative for modeling residual atmospheric effects. To further reduce the
effect of the functional model, spatio-temporal variograms are estimated after removal of a linear rate and a
periodic signal. To compute the covariance matrix in an efficient way, stochastic parameters are estimated
from the spatio-temporal variograms. Propagation of full covariance matrices when using a reduced dataset
in space and time is avoided, using the derived analytical functions to compute the elements of the covariance
matrix as function of the number of deformation estimates over which averaging takes place in space and
time. This way, a computationally efficient approximation of the exact covariance matrix is obtained.

Different data reduction techniques can be applied to generate a spatially reduced dataset, such as a the
use of a regular grid, a quadtree decomposition, clustering techniques such as K-means, and a reduction to
existing benchmark locations. The latter is especially relevant regarding the integration with other geodetic
techniques, such as levelling and Global Navigation Satellite Systems (GNSS). For all techniques holds that
the mean operator should be used to calculate the representative value per grid cell, cluster or benchmark lo-
cation, based on the original scatterers involved, to enable the application of the stochastic model for reduced
datasets presented.

A standardized InSAR data format is proposed, that can be used both for original InSAR datasets of indi-
vidual scatterers, as well as for reduced datasets. The data format is based on the space-time matrix concept,
that enables the storage of InSAR observations in undifferenced format, together with information on points
and epochs. Apart from the minimal required information, such as point coordinates and measurements
dates, contextual information can be added, for improved interpretation. All data, including meta data de-
scribing the dataset and the stochastic model, are stored efficiently in a single NetCDF format.

To reduce potential biases in the stochastic model due to choices in the functional model, two studies
are performed. In the first, the added value of the use of Numerical Weather Models (NWM) to mitigate the
atmospheric signal delay is investigated. The analysis shows that no significant improvement, and even a
slight deterioration, of the variability in the PS deformation time series is obtained when using a NWM. This
is mainly caused by the error induced by the difference in timing between the NWM output generation and
the SAR acquisition. This timing eror has two causes: 1) the standardized output times of generic NWM real-
izations, and 2) the uncertainty in the NWM model parameters (e.g., wind speed and direction), affecting the
distribution of the water vapor predictions. This particularly applies to the turbulent part of the tropospheric
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signal delay. In more mountainous areas compared to the Netherlands, where the stratification effect of the
atmosphere is more dominant, application of NWM has shown to have a more positive effect.

To optimize the fit of the functional models applied to the InSAR time series, three alternative approaches
of Multiple Hypothesis Testing (MHT) have been implemented and evaluated. All approaches are based on
the concepts of the B-method of testing and the use of test quotients, to enable the comparison of tests with
different degrees of freedom. Application shows that different results are obtained for each method. The
choice of the most suitable method is dependent on the question whether the best or an acceptable model is
desired. In case of the clustering of scatterers as input to study different deformation regimes, the Mimimal
OMT approach is selected and demonstrated.

Summarizing, the study ‘Improving the Functional and Stochastic Model of InSAR’ has delivered a prag-
matic method for the computation of a full covariance matrix for (reduced) InSAR datasets, ready to be able
to discriminate the deformation model(s) that best fit the geodetic data, and to integrate geodetic techniques
(leveling, GNSS, InSAR) in the computation of subsidence signals.
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A

DERIVATIONS

Derivation of equation 4.6

For an averaging cell with m number of PSs each with deformation y;, the deformation vector and its covari-

ance matrix is written as ,

N o 012 013 ... Oim
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Now, the deformation of the assumed averaging cell z is computed as
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Based on the linear covariance propagation rule, the variance of z is computed as
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The right hand side of the above equation can be written as
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Note that the average of all the off-diagonal elements of Qy, is:
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So the second component of the right hand side of equation A.4 can be written as
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Inserting equation A.6 in equation A.4, we have:
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Derivation of equation 4.8
The value of two averaging cells z; and z; is written as
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The covariance matrix of vector [z1,z,]” is then (using linear covariance propagation rule):
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where the matrix Qy, ,, is the cross-covariance between the points of the two cells:
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The component o, 5, can then be written as
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Derivation of equations of table 4.4 (for the nugget effect)

For the nugget effect, there is no spatial or temporal correlation and so the values of cov{ZG’”

(A.8)

(A.9)

(A.10)

(A.11)

T, .
ZG7} is zero

when G; # Gj orwhen T), # Ty. For the case of G; = Gj and T, = T, the value Z is computed as the average
among m; number of points in space and n, epochs in time (i.e., in total M = ml np 1ndependent samples).

So, based on the error propagation rule (for independent samples), the variance of ZG, is computed as

2

g

D{ZT”} =20
M
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Derivation of equations of table 4.4 (for the spatially correlated component)
For the spatially correlated component, there is no correlation in the time domain. so the values of cov{Z,
is zero when T, # T,; (provided that there is no overlap between the temporal averaging intervals T}, and Ty).

The value of ZGTf’ is computed as
S R (A.13)

where z;...z,, are the spatially averaged cells for the epochs within the temporally averaged interval T):
0,82, bn,. There is no correlation between z; components, and the variance of each z; component is de-
rived from equation 4.6 as
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Based on the linear error propagation rule, the variance of Z.” is computed as
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Assuming §=C S(I_zi) (based on the approximation 4.10), we can write:
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Furthermore, the covariance between Z and Z can be computed based on equation 4.8 as
T, T, & &
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where ci; are the elements of the cross-covariance between the spatially averaged cells Zg, and Zg; at differ-
ent epochs within the averaging interval T),:
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Note that this matrix is diagonal as there is no correlation in the time domain, and the covariances between
two averaged cells Zg, and Zg; at each epoch is computed based on equation 4.8 as ¢. Now, based on the two
previous equations, we have:
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coviZ;', Z;'} = Y Y = nyé=— (A.19)
S L =y np np

Assuming ¢ = Cs(L;;) where L;; is the distance between the centers of the cells G; and G; (based on the
approximations 4.10 and 4.15), we can write:
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Derivation of equations of table 4.4 (for the temporally correlated component)
For the temporally correlated component, there is no correlation in space domain. so the values of cov{ng’ , Zgj }
is zero when G; # G; (provided that there is no overlap between the spatial averaging cells G; and G;). The

T, .
value of Z.” is computed as
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2

|1 L 1

2=\ m o m - b (A.21)
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where z;...z,, are the temporally averaged values for the PS poits within the spatially averaged cell G;:
p1,P2,...,Pm;- There is no correlation between z; values and the variance of each z; is derived from equa-
tion 4.6 as
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Based on the linear error propagation rule, the variance of ZGf” is computed as
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Assuming § = C;(AT),) (based on the approximation 4.10), we can write:
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Furthermore, the covariance between Zglf’ and ZGT;’ can be computed based on equation 4.8 as
T T 1 mi m;
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where cy; are the elements of the cross-covariance between the temporally averaged epochs Z» and Z74 at
different PS within the spatially averaging cell G;:
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Note that this matrix is diagonal as there is no correlation in the space domain, and the covariances between
two averaged intervals Z’» and Zr, at each PS is computed based on equation 4.8 as ¢. Now, based on the
two previous equations, we have:

T, _T, 1 1 c
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Assuming ¢ = C;(ATy4) where AT), is the time difference between the centers of the averaging intervals T},
and T; (based on the approximations 4.10 and 4.15), we can write:
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