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Abstract: In recent years, phase linking (PL) methods in radar time-series interferometry (TSI) have
proven to be powerful tools in geodesy and remote sensing, enabling the precise monitoring of
surface displacement and deformation. While these methods are typically designed to operate on a
complete network of interferograms, generating such networks is often challenging in practice. For
instance, in non-urban or vegetated regions, decorrelation effects lead to significant noise in long-term
interferograms, which can degrade the time-series results if included. Additionally, practical issues
such as gaps in satellite data, poor acquisitions, or systematic errors during interferogram generation
can result in incomplete networks. Furthermore, pre-existing interferogram networks, such as those
provided by systems like COMET-LiCSAR, often prioritize short temporal baselines due to the vast
volume of data generated by satellites like Sentinel-1. As a result, complete interferogram networks
may not always be available. Given these challenges, it is critical to understand the applicability of PL
methods on these incomplete networks. This study evaluated the performance of two PL methods,
eigenvalue decomposition (EVD) and eigendecomposition-based maximum-likelihood estimator
of interferometric phase (EMI), under various network configurations including short temporal
baselines, randomly sparsified networks, and networks where low-coherence interferograms have
been removed. Using two sets of simulated data, the impact of different network structures on the
accuracy and quality of the results was assessed. These patterns were then applied to real data
for further comparison and analysis. The findings demonstrate that while both methods can be
effectively used on short temporal baselines, their performance is highly sensitive to network sparsity
and the noise introduced by low-coherence interferograms, requiring careful parameter tuning to
achieve optimal results across different study areas.

Keywords: INSAR; interferometry; phase linking; remote sensing; interferogram network; Sentinel-1;
SBAS; graph theory

1. Introduction

With the launch of the ERS-1 satellite in 1991, a new era for interferometric synthetic
aperture radar (InNSAR) began. This successful mission provided the remote sensing com-
munity with an extensive dataset and offered the opportunity for continuous and precise
monitoring of the displacement and deformation of the Earth’s surface. However, interfero-
grams often show low coherence in non-urban areas, especially in studies that involve long
temporal baselines. Additionally, to accurately analyze deformation rates and minimize
the impact of atmospheric effects, relying on just one interferogram is not enough [1]. Due
to this, since the late 1990s, several different methods have been introduced to analyze
time-series stacks of interferograms [1-8]. While these methods often have a common
framework, the differences in the details and the way they are distinctly implemented have
an important impact on the final accuracy level of the resulting measurements. For a set of
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N SLC images captured at different times over the same area, one would be able to create a
network of N(N — 1)/2 interferograms. However, depending on the processing approach
used for TSI analysis, this network configuration may vary.

The earliest time-series methods in INSAR primarily focused on surface points with
dominant scattering properties, which are most prevalent in urban environments. These spe-
cific points are capable of maintaining coherence in interferograms, even over long temporal
baselines, making them highly reliable for time-series analysis. Due to this stability, they are
referred to as persistent scatterers [7], or permanent scatterers [1,4] (PS), and the associated TSI
methods that utilize these points are collectively known as persistent scatterer interferometry
(PSI). PS points are characterized by a high signal-to-noise ratio (SNR), which allows PSI
methods to bypass the need for any form of averaging or multilooking that might otherwise
be required to enhance the data quality. This efficiency makes using a network of N(N — 1)/2
interferograms unnecessary and highly redundant [5]. Instead, time-series processing can
be carried out by utilizing N — 1 interferograms. This is achieved by selecting one arbitrary
epoch as the master image, while the remaining epochs are used as slaves, thereby creating a
single-master interferogram network (Figure 1a). This approach simplifies the processing and
ensures that the data maintain its precision, accuracy, and spatial resolution, which is essential
for reliable deformation monitoring in urban areas.
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Figure 1. Visualization of different interferogram networks: (a) single-master network, (b) multi-
master network, and (c) fully-connected network. The x-axis represents the acquisition date, while
the y-axis represents the perpendicular baseline in meters.

While PSI methods can potentially provide highly accurate estimates, their effective-
ness is limited in non-urban areas due to the scarcity of PS pixels, resulting in sparse
measurement points. This sparsity presents challenges during the unwrapping process
and in reducing the atmospheric effects. To overcome these limitations and extend the
capability of deformation analysis to non-urban areas, the next generation of TSI methods
relaxed the requirement of selecting only highly reflective points. Instead, they allowed the
inclusion of points that could maintain an acceptable level of coherence in short-temporal
interferograms. Unlike PS points, which typically correspond to a single highly reflective
scatterer within a pixel, these new points, known as distributed scatterers (DS), represent
groups of neighboring pixels that exhibit similar statistical behavior. Although these points
are affected by signal decorrelation, if averaged, they can achieve a sufficient SNR, making
them suitable for time-series analysis [5,9,10]. Methods that utilize DS points are gener-



Remote Sens. 2024, 16, 3954

30f18

ally referred to as distributed scatterer interferometry (DSI). The averaging techniques
applied to DS pixels can involve multilooking, as seen in small baseline subset (SBAS)
methods [3], or adaptive approaches that consider the statistical behavior of neighboring
pixels [5,11-13]. Unlike PS, the interferogram network for DS pixels is not redundant
because the averaging process disrupts the consistency among interferometric pairs. In
practical terms, if n, m and q are three arbitrary epochs from the available data stack,
Equation (1), known as phase triangularity [5,8], always holds true for PS pixels but does
not apply to DS pixels [5,8,14,15]. As a result, these methods will have to deal with a
multi-master interferogram network (Figure 1b).

Pm,q = W[(Pm,n + (Pn,q} (1)

where @ q is the interferometric phase between epochs m and q while W is the wrapping
operator, indicating that the results are wrapped within the range (—, 7). Since TSI analysis
depends on a series of single-master consistent phase values, they must be extracted from
the multi-master interferogram stack [8]. DSI methods approach this in two main ways. The
first group of methods selects a subset of interferogram pairs with short temporal and/or
spatial baselines. The SNR level of the subsets are then enhanced through multilooking, and
finally, the single-master phase values are extracted from the unwrapped time-series phases
of the available stack. This approach is mainly employed by SBAS methods [3]. The second
approach involves creating a full stack of interferograms and extracting the single-master
phases from the wrapped interferogram pairs after performing some form of averaging
on the DS points. This approach is known as phase linking, as the estimated phases result
from linking or jointly processing all available interferometric phases [2,5,6,8,16-19].

While PL methods require the creation of a fully-connected network of interferograms
(Figure 1c), which can impose a significant computational burden, especially for studies
conducted over long intervals, they have been proven to be highly effective in deriving
consistent phases from interferometric stacks and significantly reducing the decorrelation
noise [18]. Additionally, in [20], it was demonstrated that PL methods are capable of
mitigating the phase bias aka fading signal. These signals are not present on PS points
since they are the result of averaging on DS pixels, and they appear to have their strongest
effects on short-term multilooked interferograms. Although the contribution of the phase
bias is relatively small in a single interferogram compared to other sources such as defor-
mation and elevation, their cumulative effect in methods that rely solely on short-term
interferograms, like SBAS, can introduce biases in the estimated deformation [15,20]. In
contrast, PL. methods, which utilize all possible interferometric combinations and include
long-term interferograms in their estimation process, are much less susceptible to these
biases, making them highly reliable for time-series analysis [2,15,21]. Another significant
advantage of PL methods is that they estimate the single-master phase series before the
unwrapping stage, which greatly improves the quality of unwrapping, reduces the risk of
unwrapping errors, and results in a more reliable time-series estimation [8]. PL methods
are expected to produce a denser map than PSI methods due to the inclusion of DS points in
the time-series analysis, and in contrast to SBAS methods, they are better at handling phase
inconsistencies, leading to a higher SNR and more reliable single-master phase results from
DS points.

Theoretically, PL methods based on maximum likelihood (ML) estimation are expected
to produce results that are closest to the Cramér—Rao lower bound (CRLB), representing the
lowest possible variance for an unbiased estimator [10]. This level of precision, however,
depends on certain critical conditions being met. Firstly, a fully-connected network of
interferograms, covering all possible combinations of temporal baselines, is required.
Secondly, in the context of ML estimation, the method assumes an unbiased estimation
of the coherence matrix, representing the correlation between different interferometric
pairs [8,18].

In practice, meeting these conditions can be quite challenging, particularly in non-
urban and vegetated areas. In these regions, high decorrelation leads to a sharp decrease
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in coherence, even with small increases in the time interval between acquisitions. As a
result, long-term interferograms for such areas often contain significant noise and exhibit
coherence levels close to zero. Including these noisy interferograms in the network can be
counterproductive, as it degrades the quality of the final results rather than enhancing them.
Specifically, the noise in linked phases can lead to poor performance during the unwrapping
stage, which is critical for accurate phase estimation and deformation monitoring. Another
factor to consider is the potential challenges during interferogram generation such as poor
SAR data acquisitions, faults in the orbital parameters, issues with coregistration, or gaps in
monitoring that lead to data unavailability for certain regions during specific time periods.
Additionally, systematic errors in the interferogram generation process can also prevent
the successful creation of interferograms, further complicating the analysis.

Furthermore, the existence of systems like COMET-LiCSAR [22] or ARIA [23], which
provide pre-generated interferograms for various parts of the Earth, offers significant
benefits for large-scale monitoring and analysis. However, given the enormous amount of
data generated due to the short revisit times of satellites like Sentinel-1, these systems often
focus on creating interferograms with short temporal baselines. This practical approach
means that a full stack of interferograms for every region might not be available, leading
to an incomplete interferogram network. Consequently, it is important to understand
how effectively PL methods can be applied to these pre-existing, incomplete networks,
and to what extent the lack of data or the incompleteness of the interferogram network
might impact the accuracy and reliability of the results. In this paper, we investigated
the impact of the lack of interferograms in the interferogram network on the performance
of PL methods across different land covers. For this analysis, we focused on two widely
recognized PL methods, EVD [6,24,25] and EMI [2,26], which are favored for their high
processing speed.

The rest of this paper is organized as follows. Section 2 provides a brief overview
and explanation of the functioning of PL methods. In Section 3, we describe the various
interferogram network configurations that will be examined to assess their effect on the
results. Sections 4 and 5 detail the application of these network configurations to simulated
and real data, respectively. Finally, in Section 6, we present the conclusions drawn from
the study.

2. Materials and Methods
2.1. Sample Correlation Matrix

The extraction of single-master phases in most PL algorithms is based on the use of the
complex sample covariance matrix or its normalized form, the complex sample correlation
matrix (SCM) [2]. More precisely, the covariance matrix of an interferometric phase stack is
essential for characterizing the statistical properties of DS pixels Therefore, in the following,
a brief explanation will be given to familiarize the reader with the structure of this matrix
and how different algorithms use it to obtain the single-master linked phases.

Based on the central limit theorem, SAR data vectors are assumed to follow a zero-
mean, multi-dimensional, complex Gaussian probability distribution [27]. Therefore, to
fully characterize the statistical properties of the data, it is essential to understand the
covariance (or correlation) matrix. As demonstrated by [17], let P =[p;, p,, ..., P\] T rep-
resent the vector of observed complex values for N SLC images for a group of neighborhood
pixels represented as (), where p_ is a vector of size k, containing k samples (pixels) in the
Q) for the arbitrary epochm =1, 2, ..., N. The complex sample covariance matrix can be
described as follows: .

c=-) prpH 2
kp;) ()

If the observation vector is normalized, the complex SCM can also be demonstrated as:

1 ~~H
r= ENZ PP 3)
PeQ)
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P
for the expanded version of SCM we have:

~ ~ o~ ~ T
where P = pl,pz,...,pN} andE[

} = 1and E is the expectation operator. Therefore,

1 Yi2 ot YIN-1 YiN 0 bz ... gPina dPin
Y21 1 Y2,N e P21 0 ePan
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In this equation, vy, ,, is the absolute value of the coherence and ¢y, ,, is the wrapped
interferometric phase between two radar images m and n, respectively, and O indicates
elementwise matrix multiplication.

2.2. PL Methods

EVD, also known as CAESAR [6,17,25], offers unique capabilities compared to other
methods. It is particularly effective in DSI for dealing with multiple scattering mechanisms.
EVD can decompose the contributions of different scattering mechanisms, making it a
powerful tool in this context. As provided by Equation (5), this method estimates the
single-master linked phases by extracting the phases of the eigenvector associated with
the largest eigenvalue of the complex sample covariance matrix or SCM, which basically
represents the dominant scattering mechanism of the DS pixels. The key advantages of
EVD in the context of PL methods is its computational efficiency. However, it is considered
to be not as optimal for phase estimation as the ML-based method by [5] or EMI [2,26].

I'v = AmaxV (5)

where v is the eigenvector associated with the largest eigenvalue extracted from SCM.
The EMI method [2], compared to EVD and ML phase estimation by [5,18], offers both
estimation optimality and computational efficiency. As shown in Equation (6), EMI also
estimates the single-master time-series phase through eigenvalue decomposition, using the
eigenvector corresponding to the minimum eigenvalue, and in comparison to the ML-based
method by [5], it can improve the estimation efficiency, particularly when covariance or
coherence estimation errors are present. While ML phase estimation can theoretically excel
in estimation efficiency with high computational complexity and EVD is computationally
efficient but less optimal in phase estimation, EMI combines the strengths of both, achieving
efficiency and accuracy. In our implementation, we used the simplified version of EMI:

(‘rl_l oI)v = AninVv (6)

where IT'| is the estimated coherence matrix from SCM and v is the eigenvector associated
with the smallest eigenvalue extracted from the eigenvalue decomposition of |I'| ! oT.

3. Interferogram Network Configurations

Since in practice it may not be possible to have all the interferograms to implement
PL methods, it might become necessary to use an almost dense or sparse SCM (in very
extreme conditions) instead of a completely dense matrix. Due to this issue, we looked
at the network of interferograms from the perspective of graph theory, in which case
the coherence matrix (IT'1) acts as an undirected graph whereas the phase matrix is a
directed one. In these graphs, SAR acquisition represent the vertices and each edge, if
available, represents the interferogram created by two arbitrary acquisitions (Figure 1).
In order to understand the effect of the sparsity in the SCM (i.e., removing the edges of
the interferograms network graph on the results of PL methods), EMI and EVD were
implemented on the following three scenarios.
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3.1. Banded Matrix Configuration

In this configuration, banded versions of the SCM matrix are used. These banded
matrices are created based on putting a limit on temporal baselines, which is the conven-
tional structure used in most SBAS methods. This approach is identical to the enhanced
short temporal baseline subset (E-5tBAS) method introduced by [20] when used with EVD.
Therefore, the banded matrices are defined by a bandwidth parameter (bw), where only
elements within a certain distance from the diagonal are retained. For example, if bw-3 is
to be used, only the indices where |m — n| < 3 are included (Figure 2a).

Figure 2. Visualization of the coherence matrix structures under different interferogram network
configurations (with corresponding graphs on the top right of each matrix). Row (a) represents the
banded matrix configuration, focusing on short temporal baselines. Row (b) shows the sparse matrix
configuration, and row (c) presents the coherence thresholding configuration. White cells indicate the
lack of interferograms or removed indices in the coherence and/or SCM matrix.

3.2. Sparse Matrix Configuration

In order to understand the effects of matrix sparsity in short temporal baselines on PL
methods, we investigated the results by randomly removing SCM indices and gradually
increasing the percentage of deleted cells (Figure 2b).

3.3. Coherence Thresholding Configuration

In this configuration, the SCM is filtered by applying a threshold to coherence values
in the network of each individual pixel (Figure 2c). It is noteworthy to mention that in
this scenario, a significant challenge might arise when applying thresholds to the SCM.
This challenge involves maintaining network connectivity after applying a coherence
threshold that might remove all the interferograms related to one epoch. To address this,
we implemented an approach to ensure the robustness of the subsequent analysis. The
initial step for the third scenario involves computing the absolute values of the SCM to
obtain the coherence matrix. The threshold is then applied to filter out coherence values
below a specified level (e.g., coherence < 0.3). While this thresholding procedure effectively
removes the low coherence indices, it can also lead to an undesired graph disconnection in
cases where the coherence values are low. In other words, if the resulting sparse matrix
is interpreted as a graph, excessive thresholding may disconnect the graph, leaving some
vertices (corresponding to SLC indices in the SCM or coherence matrix) isolated without
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any edges. To mitigate this issue, we employed a minimum spanning tree (MST) approach
on the upper triangle indices of the coherence matrix. By considering the inverted values
of the coherence matrix as edge weights (i.e., using 1/ IT'| as costs), we ensured that
the MST captured the optimal connectivity structure. This approach guarantees that the
graph remains connected by identifying the most fundamental set of N — 1 edges (for a
graph with N nodes) that result in the minimum possible cost, thereby preserving the most
coherent combination. Consequently, the indices (interferograms) corresponding to the
edges selected by the MST are retained in the SCM, even after thresholding. This approach
ensures that the connectivity of the graph is maintained, regardless of the threshold applied,
thereby safeguarding the integrity of the PL analysis. An overview of all the structures of
the SCM used in these three configurations can be seen in Figure 2.

4. Simulated Data Analysis
4.1. Simulation Settings

The performance of the EVD and EMI methods under three different interferogram
network configurations was evaluated through the simulation of two different cases of the
complex correlation matrix. Case A utilizes the temporal decorrelation model as described
in [16], which is expressed as:

_ [Stmpn|

I'mn = ('YO - Yoo)e T+ Ve )

In this model, yy= 0.6 and y,= 0.13 represent the short-term decaying and long-term
persistent coherence, respectively. The parameter ty, n represents the temporal baseline
between epochs m and n, while T = 50 days characterizes the temporal decorrelation
constant (which represents the duration of signal correlation). This model effectively
simulates the decaying coherence over time, offering valuable insights into the performance
of PL techniques.

Case B extends the model to incorporate the systematic phase variations (phase bias)
as outlined in [20], and is represented as:

_ [Stmnl _ [Stmn]
Tmn=7yie 1 &Po1fpyse” @ Po2dlmn 4y (1 — (v;4Y5 + Yeo) )Omn
where 6, , = 0 ifm 7 n. ®
A1 ifm=n

This extended temporal decorrelation model captures three key scattering behaviors
that influence coherence over time: persistent coherence and two decorrelating compo-
nents with distinct temporal constants. These components represent different physical
scattering processes in the radar signal. The first scattering behavior is characterized by
short-term coherence decay, modeled by y; = 0.18 and a corresponding temporal constant
of 11 = 11 days. This short-term decay describes signals that lose coherence rapidly. The
phase variation for this component is represented by pg4 = 0.03 radian/day. The second
scattering behavior represents long-term coherence decay, modeled by v, = 0.25 with a
longer temporal constant of T, = 50 days, accounting for slower decorrelation processes.
The phase variation for this component is represented by pg,, = 0.002 radian/day, indicat-
ing much slower phase evolution over time. Additionally, the model includes a persistent
coherence term v, = 0.13, which accounts for a stable, long-term component that remains
coherent regardless of time. Finally, 6 p, is the Kronecker delta, ensuring that the coherence
is properly handled for the same acquisitions (i.e., when m = 1, the coherence equals 1). This
term should not be confused with the temporal baseline dty, n, which represents the time
difference between acquisitions. By separating these components, the model accurately
simulates how coherence decays over time due to different physical processes, while the
phase terms account for systematic phase variations that may lead to phase bias, especially
in short-term interferograms. This helps explain the observed fading signals and short-
lived phase behaviors in the radar data. In both cases, the target rate of displacement and
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corresponding phases are intended to be zero. In Case A, this was true, while in Case B, a
small phase bias was introduced in short-term interferograms to simulate systematic phase
variations, though the overall rate of displacement remained close to zero.

To simulate conditions similar to those found in the DS points, by assuming 100 ac-
quisitions with a 6 day interval between them, the two models were used to generate
100 noisy samples. These samples were then averaged to create an SCM, closely reflecting
the behavior observed in real-world DS points.

By performing the EMI and EVD methods under different network configurations
on these two models, a preliminary evaluation was conducted. This analysis will provide
an initial understanding of the methods’ behavior and offers valuable insights into the
expected performance when these approaches are applied to real-world data.

4.2. Simulation Results

To account for the randomness of noise, 1000 realizations were performed for each
case and configuration. The root mean square error (RMSE) was calculated by comparing
the estimated single-master phase series results to those of the noise-free correlation matrix
generated during the modeling step. For banded matrix configuration, bandwidths of three,
five, and ten were tested and compared against a dense, fully-connected matrix. For the
sparse matrix configuration, the SCM matrix with bw-10 was used as the base. The matrix
was then sparsed randomly by removing 5%, 20%, and 40% of its elements. Results from
these sparse matrices were compared to those of the bw-10 matrix to assess the performance
degradation due to sparsity. As for the final configuration, thresholds of 0.1, 0.2, and 0.3
were applied to the SCM, and the performance of both methods on these modified matrices
was then compared to the results obtained using the fully-connected matrix.

42.1. Case A

For the first network configuration, Figure 3a shows the performance of the EMI
and EVD methods across different bandwidths, highlighting an improvement in RMSE
when using lower bandwidths compared to the fully-connected network. Specifically,
when smaller bandwidths (bw-3, 5, 10) were used, the methods resulted in lower RMSE
values, indicating more precise estimates. In contrast, the fully-connected dense matrix
that included all possible interferogram pairs produced the highest RMSE, representing the
lowest performance. These results suggest that, in the absence of phase bias, focusing on
short-term, high-coherence interferograms improves the estimation accuracy. This finding
aligns with the underlying principles of the SBAS method, which prioritizes interferograms
with shorter temporal baselines to achieve more reliable and accurate results.

For the second network configuration, Figure 3b shows that the RMSE for both methods
increased as the level of sparsity in the interferogram network grew. However, the increase
in RMSE was significantly greater for the EMI compared to the EVD. This issue, as noted
in previous studies such as [8], is likely due to the reliance of ML methods, such as EMI, on
the inversion of the coherence matrix, a process that is sensitive to numerical instabilities
if the estimated coherence matrix is biased. In contrast, while EVD also experienced an
increase in RMSE with higher sparsity, it remained more robust than EMI. This robustness
stems from the fact that EVD does not depend on coherence matrix inversion (as shown
in Equation (5)). Nevertheless, sparsity can still impact the EVD’s performance, as the
removal of matrix entries alters the spectral properties, such as eigenvalues and eigenvectors,
disrupting the overall structure. These disruptions can introduce numerical instability and
reduced accuracy, especially since eigenvalue decomposition is inherently more challenging
for sparse matrices. To further verify the impact of coherence matrix sparsity on the EMI
results, additional tests were conducted using the true coherence matrix and the estimated,
not-sparsed coherence matrix for inversion. The results, presented in Figure 4, confirm that
not only does a biased or sparse coherence matrix negatively affect EMI, but the increased
sparsity further degrades its estimation quality. EVD, in contrast, remained more resilient to
these conditions, demonstrating greater stability in sparse networks.
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Figure 3. RMSE of the estimated single-master phase series results for both the EMI and EVD
methods. Figures (a—c) correspond to Case A of the simulation, while figures (d—f) represent the
results of Case B. Each figure displays two columns: the left column shows the results for EMI, and

the right column shows the results for EVD.
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Figure 4. Comparison of RMSE for EMI and EVD under different coherence matrix configurations.
(a) RMSE of EMI using a sparsed estimated coherence matrix from the banded sparse SCM for inversion.
(b) RMSE of EMI using an estimated coherence matrix from the banded SCM without sparsity. (¢c) RMSE

of EMI using the true but banded coherence matrix from the modeling step. (d) RMSE of EVD.

In the final network configuration, the results in Figure 3c show that applying thresh-
olds, the same as using banded matrices, enhanced the performance of the methods.
Specifically, the RMSE decreased as the threshold increased, indicating that removing
low-coherence indices from the SCM matrix leads to more accurate estimates. EMI, in
particular, showed considerable improvement as these lower-coherence elements were
filtered out, suggesting that the method can benefit from excluding less reliable data.



Remote Sens. 2024, 16, 3954

10 of 18

42.2. CaseB

In the first network configuration for Case B, the RMSE for both the EMI and EVD
methods showed a marked decrease as the bandwidth of the matrices was increased. This
is in contrast to the findings in Case A, where increasing bandwidth had the opposite
effect. This observation aligns with the work of [20], which demonstrated similar results
using the E-StBAS method on real data. The results suggest that excluding longer-term
interferograms, such as in traditional SBAS methods, can lead to more errors due to the
phase bias present in short-term multilooked interferograms. Since this phase bias is short-
lived, using interferograms with longer temporal baselines (i.e., increasing the bandwidth)
actually improves the estimation accuracy. This is evident in Figure 3d, where the RMSE
for both the EMI and EVD methods significantly decreased as the bandwidth increased,
indicating that the inclusion of longer-term data mitigates the impact of phase bias. To
better illustrate the impact of phase bias on single-master phase series estimation and the
resulting rate of displacement, additional figures, Figure 5a,b, are provided.

Time-Series Phase

25|« True Phase Time-Series

Linked Phases of bw-3

20/ = Linked Phases of bw-5

Linked Phases of bw-10

Linked Phases of Full-Connected Network

(@)

Phase (Radians)
=
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o
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Phase (Radians)
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Figure 5. (a) Plot of the estimated single-master phase series values displaying five different series.
The true phase series (blue), which remained nearly zero except for small values in the short-term
indices simulating phase bias, was compared against four other series: resulting from bw-3, 5, 10, and
the fully-connected network. As the bandwidth increased and more long-term interferograms were
included, the estimated phase series results moved progressively closer to the true phase series. (b) The
rate of displacement calculated from all five phase series, showing how even a small phase bias in the
short-term interferograms resulted in a significant overestimation of the rate of displacement.

In the second configuration, similar to Case A, the estimation efficiency for both
methods decreased as the sparsity percentage of the SCM matrix increased. The RMSE was
increased as more elements were removed, with the EMI method being particularly more
sensitive to this sparsity. As observed in Case A, the EVD method demonstrated greater
robustness to sparsity, maintaining a relatively lower RMSE compared to EMI as the SCM
became sparser (Figure 3e).

In the final configuration, a different pattern was seen compared to Case A. Initially,
the RMSE improved when the low-coherence indices were filtered out using thresholds of
0.1 and 0.2, with 0.2 yielding the lowest RMSE for the single-master phase series in both
the EMI and EVD methods (Figure 3f). However, when the threshold was raised to 0.3,
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resulting in the removal of more indices, the RMSE increased significantly. This suggests
that while filtering out low-coherence values can be beneficial in cases with phase bias (as
in Case B), the excessive removal of data, especially of the long-term interferograms, can
lead to over-reliance on short-term data. As observed in the first configuration, this reliance
on short-term data introduces more errors due to the phase bias inherent in such data.
Therefore, it is crucial to strike a balance when applying thresholds: removing enough
low-coherence indices to improve accuracy without discarding so much data that the
estimation becomes overly sensitive to phase bias.

5. Real Data Analysis
5.1. Study Area

We selected a study area in the southwest of Iran, characterized by a diverse range
of land cover types including agricultural, urban, and bare landscapes (Figure 6). The
area was monitored by Sentinel-1A and B satellites, with a total of 62 images acquired on
track 108 between 18 August 2020 and 19 August 2021. All possible interferometric pairs
were processed, resulting in 1891 interferograms generated using the TOPS stack processor
package in the ISCE2 software (v2.6.3) [28]. Multilooking was applied by factors of 5 in the
range and 20 in the azimuth directions, and geocoding was performed onto a 100 m grid
using Shuttle Radar Topography Mission (SRTM) elevation data [29].
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Figure 6. Study area overview. (a) The study site is located in southwest Iran, west of the city of
Ahvaz, with the boundaries of the area marked by the white polygon. The background imagery was
sourced from USGS Landsat 8 Level 2, Collection 2, Tier 1 (LANDSAT/LC08/C02/T1_L2). (b) Land
cover classification map of the study area, derived from Google Earth Engine using The European
Space Agency (ESA) WorldCover 10 m 2020 land cover map product [30].

5.2. Real Data Results
5.2.1. Banded Matrix Configuration Results

For the first network configuration, in order to investigate the effects of using short
temporal interferograms on different land cover types, various bandwidths (bw-3, 5, 15,
30, 45) were tested along with a fully-connected matrix to compare the performance of
the EMI and EVD methods. The rate of displacement was calculated for each land cover
type including built-up areas, cropland, and bare land using 100 adjacent pixels per type.
The choice of 100 pixels was made to minimize the influence of localized anomalies while
effectively capturing the overall displacement trends within these regions. The results were
then analyzed to determine how different bandwidth choices affected the displacement
measurements across these land cover types. It is important to note that the goodness-of-fit
measure by [5] was applied throughout the analysis to ensure that only reliable pixels were
considered, removing those with low temporal coherence from the PL methods’ results.
This measure can be written as:

2 N N A A
Y= N(N -1 Z Z cos <A¢m,n_ $n + d’m) )

m=1n=m+1
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EMI bw-3

where Ad,, , represents the original interferogram phase difference between acquisitions
N AN

m and n, and ¢,,,¢, are the corresponding estimated phases from PL. It is noteworthy
to mention that the given formula is designed for a fully-connected matrix. In order to
calculate this measure for any type of sparsified matrix, we used a slightly modified version:

1 N N A A
Y :M Z Z cos (Aq)m,n_ b+ (bm) (10)

m=1n=m+1
where M represents the number of available interferograms in the network.

As shown in Figure 7a, the rate of displacement revealed that using short temporal
baselines led to overestimated displacement rates in most regions, likely due to phase bias.
This issue gradually improved as the bandwidth increased for both the EMI and EVD
methods. These observations aligned well with the findings of [20], where the E-StBAS
approach was employed, which similarly benefited from higher bandwidths. Figure 7b—g
illustrates the mean rate of displacement calculated from the 100 adjacent pixels for each
land cover type. The rate of displacement across different land cover types revealed that
phase bias had a significant impact on the estimation across all land covers. However, the
extent of this impact varied, depending on the land cover type. The observed pattern of
estimated rates and their improvement with increasing bandwidth closely mirrored the
trends seen in the simulated data in Figure 5b, further confirming the benefits of including
longer temporal baselines in reducing phase bias.
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Figure 7. (a) Series of rate of displacement maps (in mm/year) for both the EMI and EVD results.
The first row shows the rate of displacement for EMI, while the second row presents the results
for EVD. Each column corresponds to a different banded network configuration: bandwidths of 3,
5,15, 30, 45, and the fully-connected network, as indicated in the column titles. (b—d) The mean
rate of displacement for EMI, calculated from the line of sight (LOS) cumulative displacements of
100 adjacent pixels for built-up areas, cropland, and bare land, respectively. (e-g) The same mean rate
of displacement, calculated from cumulative displacements, but for the EVD results.
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5.2.2. Sparse Matrix Configuration Results

To assess the impact of sparsity on short temporal baseline networks, three band-
widths (bw-5, 10, 15) were selected for evaluation. For each of these bandwidths, varying
percentages of data (5%, 10%, 15%, 20%, 30%, 40%, and 50%) were randomly removed from
the banded matrices to simulate different levels of sparsity. Histograms were generated for
300 pixels in each land cover type to compare the differences in displacement rates between
the sparse network and the original banded network (without sparsity). By analyzing the
standard deviation and mean values of these rate of displacement differences, the effect
of sparsity on displacement estimation across different land cover types and temporal
baselines was evaluated.

As illustrated in Figures 8 and 9, increasing sparsity negatively affected the accuracy
of the results for both the EMI and EVD methods. The histograms generated for all land
cover types demonstrated that as the percentage of sparsity increased, the accuracy of the
displacement estimates declined. This was evident from the increasing standard deviation
and shifts in the mean values of the histograms. While all land cover types were affected,
built-up areas exhibited the greatest resilience, showing the lowest standard deviation
values as the sparsity increased, indicating they are less sensitive to data loss. Bare land
also showed moderate resilience while cropland was the most affected, with the highest
standard deviation values under increasing sparsity.
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Figure 8. Histograms showing the differences between the rate of displacement for banded configura-
tions (bw-5, 10, 15) and their respective sparsified networks at varying percentages for the EMI method.
(a—c) Represent the differences between bw-5 and its sparsified versions across different land covers:
built-up (a), cropland (b), and bare land (c). (d—f) Show the same structure for bw-10, and (g—i) for bw-15.
Each plot includes the mean and standard deviation values of the histograms to highlight the impact of

Velocity Difference (mm/year)

(i)

increasing sparsity on the rate of displacement estimation for each land cover type.
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Figure 9. Histograms showing the differences between the rate of displacement for banded configu-
rations (bw-5, 10, 15) and their respective sparsified networks at varying percentages for the EVD
method. (a—c) Represent the differences between bw-5 and its sparsified versions across different
land covers: built-up (a), cropland (b), and bare land (c). (d—f) Show the same structure for bw-10,
and (g-i) for bw-15. Each plot includes the mean and standard deviation values of the histograms to
highlight the impact of increasing sparsity on the displacement accuracy for each land cover type.

This trend suggests that built-up areas are more robust against the effects of data
sparsity, while cropland is particularly sensitive to data loss. Additionally, the results
align with the findings from simulated data, where EVD consistently outperforms EMI in
sparse network conditions. EVD demonstrates lower standard deviation and mean values
across different land cover types compared to EMI, indicating better robustness. It is also
evident that higher bandwidths, especially bw-15 (Figures 8g—i and 9g-i), are less affected
by sparsity for both methods. In contrast, lower bandwidths, such as bw-10 and bw-5,
show greater sensitivity to increasing sparsity. This indicates that increasing the bandwidth
can help mitigate the negative effects of sparsity, improving the stability and accuracy of
displacement estimates to some extent.

5.2.3. Coherence Thresholding Configuration Results

In the final scenario, coherence thresholds of 0.4 and 0.5 were applied to evaluate
their impact on the performance of the EMI and EVD methods. These thresholds were
chosen to assess how removing low-coherence interferograms affected the quality of the
results, particularly in terms of noise reduction and accuracy. For clearer visualization, the
analysis focused on a subset of the study area, where one of the 6-day interferograms recon-
structed by the phase linking methods is presented (Figures 10a—c and 11a—c). In addition,
velocity (rate of displacement) maps for this region, generated using various thresholds,
are provided to compare the outcomes (Figures 10d—f and 11d—f). The evaluation also
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included two important quality parameters: the velocity standard deviation (VSTD) and
spatio-temporal consistency (STC) employed by [31], which offer a more comprehensive
assessment of the effects of different thresholds on the overall data quality and consistency
across different land cover types (Table 1).
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Figure 10. (a—c) Reconstructed interferograms of one of the original 6-day interferograms using the
linked phase results from EMI, and (d-f) the corresponding velocity maps derived from the different
interferogram networks. (a,d) Represent the results from the fully-connected network, while (b,e) are
the results by applying a coherence threshold of 0.4, and (c,f) used a threshold of 0.5.
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Figure 11. (a—c) Reconstructed interferograms of one of the original 6-day interferograms using the
linked phase results from EVD, and (d-f) the corresponding velocity maps derived from the different
interferogram networks. (a,d) represent the results from the fully-connected network, while (b,e) are
the results by applying a coherence threshold of 0.4, and (c,f) used a threshold of 0.5.
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Table 1. Quality parameters, VSTD and STC, across different land cover types for the EMI results
under various interferogram network configurations.

Network Configuration

Fully-Connected
ITI>04
ITI>05

STC VSTD
Built-Up  Cropland Bare Network Configuration  Built-Up  Cropland Bare
0.35 2.50 0.43 Fully-Connected 2.13 2.90 8.44
0.42 1.63 0.42 ITI>04 2.18 2.32 8.44
0.40 0.87 0.39 IT1>05 2.09 2.03 8.37

The application of coherence thresholds led to notable improvements in both methods,
with the EMI results showing significant enhancements. As demonstrated in Figure 10a—c,
the EMI results improved considerably as higher thresholds were applied, resulting in re-
constructed interferograms that became progressively less noisy. This reduction in noise
contributed to better unwrapping and overall smoother outputs. The estimated rate of
displacement maps in Figure 10d—f reinforced this trend, showing that the exclusion of low-
coherence interferograms led to more reliable displacement estimates while also mitigating the
effects of phase bias. The EVD method also showed improvements in both the reconstructed
wrapped interferograms (Figure 11a—c) and the estimated velocity maps (Figure 11d-f), al-
though the EMI results were noticeably smoother, aligning with the patterns observed in the
simulated data.

The use of VSTD and STC allowed for a detailed comparison of how coherence thresh-
olding affected the data quality. As shown in Tables 1 and 2, both the VSTD and STC
values decreased as the coherence threshold increased, reflecting a reduction in noise and
an overall improvement in data quality. This trend was particularly evident in cropland
areas, where the removal of noisy interferograms significantly enhanced the quality of
displacement estimates. While the improvements in bare and built-up land covers were
less pronounced, cropland benefited greatly from the higher thresholds, as removing low-
coherence indices substantially enhanced the reliability of the results. Based on visual
interpretation and quality parameters analysis, EMI generally outperformed EVD, espe-
cially in cropland areas, where it provided higher quality displacement estimates. However,
EMI showed a slight decrease in quality in built-up areas and an even smaller impact in
bare land. This suggests that in highly coherent networks such as those in built-up areas,
the disadvantages of introducing sparsity outweigh the benefits of removing low-coherence
indices. EVD, in contrast, remained more robust, showing little to no difference in per-
formance after the removal of low-coherence interferograms and being less affected by
sparsity than EMI in these land covers. These findings indicate that a constant coherence
threshold may not always be beneficial. In highly coherent areas like built-up land covers,
removing indices can introduce unnecessary sparsity, potentially harming data quality,
even if the effect is small. However, in land covers like cropland, coherence thresholding
can significantly improve results by enhancing the quality of the estimates.

Table 2. Quality parameters, VSTD and STC, across different land cover types for the EVD results

under various interferogram network configurations.

Network Configuration

Fully-Connected
ITI>04
IT1>05

STC VSTD
Built-Up  Cropland Bare Network Configuration  Built-Up  Cropland Bare
0.26 3.24 0.61 Fully-Connected 2.04 3.37 8.35
0.26 2.14 0.48 IT1>04 2.04 2.58 8.34
0.26 1.10 0.44 IT1>05 2.04 2.09 8.35

6. Conclusions

While PL methods like EMI and EVD have been traditionally designed for use on
the full network of interferograms, the results demonstrate that they can be effectively
applied to networks with short temporal baselines. These methods excel at extracting
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coherent signals from the available data stacks, which leads to the creation of higher-quality
reconstructed interferograms. This, in turn, can reduce the occurrence of unwrapping
errors, while also offering the advantage of not having to unwrap all available interfero-
grams. However, the success of these methods remains closely tied to the structure of the
interferogram network on which they are applied.

When short temporal baselines are predominantly used, as explored through the
application of different bandwidths, the results produced by these methods are generally
smoother and exhibit less noise. However, this approach introduces a significant challenge
by increasing the susceptibility of the methods to phase bias. Phase bias can have a
substantial impact on the accuracy of the results, often leading to an overestimation of the
displacement rates, which undermines the reliability of the findings.

Filtering out low-coherence interferograms, which are typically associated with longer
temporal baselines, can significantly enhance the quality of the results, particularly by
reducing noise. Nevertheless, two important considerations must be taken into account.
First, the excessive removal of low-coherence interferograms by applying high threshold
levels can cause the methods to become overly dependent on short temporal data. Although
this process reduces noise, short-term data are more susceptible to phase bias, and an over-
reliance on it can lead to less accurate estimates despite the noise reduction. Second, setting
high thresholds can result in a sparse coherence matrix, especially in highly decorrelating
regions where coherence levels are hard to maintain. The degree of sparsity introduced by
these thresholds can lead to errors when applying PL methods. The extent to which this
sparsity affects the results depends on the specific characteristics of the study area and the
structure of the interferogram network being used.

In conclusion, both the choice of thresholds for the coherence level and the selection
of bandwidths are critical decisions that must be tailored to the specific conditions of the
study area. There is no one-size-fits-all solution; instead, these parameters must be carefully
adjusted based on the unique characteristics of each case to optimize the performance of
the EMI and EVD methods.
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