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Abstract 

Spaceborne interferometric synthetic aperture radar (InSAR) has proven to be a 

powerful tool for mapping ground deformation with large coverage and high spatial 

resolution. By exploiting the phase difference from two temporally and/or spatially 

separated SAR images of the same area, InSAR technology provides ground 

displacement information with centimeter to millimeter level accuracy. In addition to 

the deformation measurement, the interferometric phases contain multiple error 

sources, including topographic residuals, atmospheric delays, and decorrelation noise, 

etc. There is no doubt that reliable phase measurements are the basis of accurate 

deformation retrieval. However, conventional differential InSAR (DInSAR) cannot 

effectively handle the error separation.  

To overcome the limitations of conventional DInSAR, InSAR technique has evolved 

to leverage a stack of SAR images to improve the quality of deformation estimation. 

The developed technique is referred to as multitemporal InSAR (MTInSAR). After 

approximately 20 years of development, three categories of MTInSAR techniques are 

currently in existence. The first category of methods relies on exploiting single-master 

interferograms from the scatterers that have strong phase stabilities over a long period 

(i.e., persistent scatterers (PSs)). The second category of methods attempts to extract 

deformation information from the scatterers with moderate phase stabilities (i.e., 

distributed scatterers (DSs)), which usually appear in interferograms with short 

baselines. The third category is a hybrid of the first and the second approaches that 

makes use of all interferograms to enhance the phase quality of DSs, and then uses the 

combination of PSs and DSs to retrieve deformation informtation. Benefiting from the 

multitemporal analysis, the current MTInSAR techniques could mitigate the 

unexpected error sources in some degree. However, as various signals with different 

spatiotemporal characteristics are mixed into the interferometric phases, it is still 

challenging for current MTInSAR approaches to accurately isolate the deformation 

signal from the confounding measurements. Consequently, the derived displacements 

contain large uncertainties, which further reduce the applicability of InSAR technique 

in deformation mapping. 
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We first propose an arc-based method to remove the decorrelation noise in 

multitemporal interferogram stack. The proposed method reconstructs interval phase 

maps based on the analysis of complex coherence information. The main feature of 

the method is the iterative weight update that counteracts the violation from phase 

ambiguity and coherence estimation deviation. In addition, linear formation makes the 

implementation suitable with small subset of interferograms, providing an efficient 

solution for processing big SAR data in future. 

Secondly, considering that the topographic error has a fixed spatial pattern and its 

phase contribution is baseline-dependent, we propose a non-parametric method to 

estimate the topographic error by using independent component analysis (ICA) 

decomposition. The ICA-based estimation does not need a priori information about 

the deformation during topographic error separation. Experiments from both 

simulated and real datasets show that the method can provide a robust estimation 

despite the phase observations are affected by atmospheric delays and/or the number 

of interferograms used is limited. 

Complementary to that, further progress is made to correct height-dependent 

tropospheric delays in MTInSAR analysis. The method simultaneously estimates 

stratified tropospheric delays with the parameters of deformation rate and topographic 

error based on their distinct spatiotemporal characteristics. The spatial variability of 

the tropospheric delays is addressed through localized estimation in windows which 

are derived by quadtree segmentation according to height gradient. 

The applicability of the three methods described in the thesis is examined using both 

simulated and real experiments. We integrate the three methods in MTInSAR 

framework and apply them to retrieve the slope movement before the collapse at 

Freeway No. 3 in northern Taiwan. The deformation results confirm the effectiveness 

of the error source correction and reveal that the downslope movements are correlated 

with local precipitation. 
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Chapter 1. Introduction 

1.1. Background 

Ground surface deformation is an important kind of measurement that aids in 

understanding the mechanisms and dynamic processes of geophysical phenomena. By 

providing surface change information, deformation measurements have been widely 

used to explore the details of natural geological processes and human-induced events. 

These processes usually involve spatial dimensions on scale of hundreds to thousands 

of meters, therefore, require a reliable and cost-effective technique to provide surface 

movement information with high spatial resolution and large coverage. 

Interferometric synthetic aperture radar (SAR)(InSAR) has the ability to provide the 

ground displacement information over hundreds of kilometers with meter-level spatial 

resolution. As an active remote sensing technique, InSAR works based on 

electromagnetic pulse emission and recording of the pulses that are scattered back 

from ground objects. By exploiting the phase difference from two temporally and/or 

spatially separated SAR images of the same area, InSAR allows the extraction of the 

line-of-sight (LOS) displacement with centimeter to millimeter level accuracy. Since 

the launch of the first spaceborne SAR satellite in 1978 by the National Aeronautics 

and Space Administration (NASA), there have been various SAR satellites in 

operation or in preparation for launch (Table 1.1). The large amount of SAR data has 

greatly contributed to the development of InSAR technique and has promoted InSAR 

to be a powerful geodetic tool to investigate the deformation events related to 

earthquakes (Biggs et al., 2009; Fialko et al., 2001; Massonnet et al., 1993; Zebker 

and Rosen, 1994), volcanism (Beauducel et al., 2000; Lu and Dzurisin, 2014; Remy 

et al., 2003), glacier movement (Gourmelen et al., 2011; Gray, 2011; Mohr et al., 1998; 

Vasile et al., 2008), landslides (Bovenga et al., 2012; Singleton et al., 2014; Sun et al., 

2015; Zhao et al., 2012), and land subsidence (Amelung et al., 1999; Schmidt and 

Bürgmann, 2003; Zhang et al., 2012), etc. 
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Table 1.1 SAR satellite specifications 

Satellite name Satellite Operator 

Revisit 

Cycle 

(days) 

Band/ 

Wavelength 

(cm) 

Operation/ 

Expectation 

Time 

Seasat NASA 17 L/23.5 1978 

ERS-1 
European Space 

Agency (ESA) 

3, 35, 

168 
C/5.66 1991-2000 

JERS-1 

Japan Aerospace 

Exploration Agency 

(JAXA) 

44 L/23.5 1992-1998 

ERS-2 ESA 3, 35 C/5.66 1995-2011 

Radarsat-1 
Canadian Space 

Agency (CSA) 
24 C/5.66 1995-2013 

Envisat ESA 30, 35 C/5.66 2002-2012 

ALOS JAXA 46 L/23.5 2006-2011 

Radarsat-2 CSA 24 C/5.66 2007-present 

TerraSAR-X 
German Aerospace 

Center (DLR) 
11 X/3.1 2007-present 

COSMO-

SkyMed 

constellation 

Italian Space Agency 

(ASI) 
24 X/3.1 2007-present 

TanDEM-X DLR 11 X/3.1 2010-present 

Sentinel-1A ESA 12 C/5.66 2014-present 

ALOS-2 JAXA 14 L/23.5 2014-present 

Sentinel-1B ESA 12 C/5.66 2016-present 

Gaofen-3 

China National Space 

Administration 

(CNSA) 

29 C/5.66 2016-present 

PAZ Hisdesat 11 X/3.1 2018-present 

ALOS-4 JAXA 14 L/23.5 2020 

TanDEM-L  DLR 16 L/23.5 2024 

NISAR 

NASA/Indian Space 

Research Organization 

(ISRO) 

12 
L/23.5, 

S/12 
2021 

Phase difference measurements between two SAR acquisitions contain information 

contributed from elevation reference surface, topography, displacement, atmospheric 

delays, and decorrelation noise, etc. In conventional differential InSAR (DInSAR) 

processing (Massonnet and Feigl, 1998), it is assumed that the phase difference is 

dominated by the deformation signal, which can be obtained after removing the phase 

components caused by the elevation reference surface and topography. However, in 

many cases the impacts from other phase components cannot be ignored. For example, 
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small displacements can be obscured by atmospheric artefacts (Ding et al., 2008; 

Zebker et al., 1997), decorrelation noise (Zebker and Villasenor, 1992) and 

topographic errors (Du et al., 2017). The unexpected phase components are known as 

error sources in InSAR measurements. The precision and accuracy of deformation 

retrieval in InSAR processing largely depend on the effectiveness of error source 

correction.  

To overcome the limitations of conventional DInSAR, the InSAR community has 

developed time series analysis to address the error source correction by leveraging a 

stack of SAR images of the same area, which is referred to as multitemporal InSAR 

(MTInSAR). After approximately 20 years of development, the MTInSAR 

approaches are mainly classified into three categories; i.e., the persistent scatterer 

interferometry (PSI) approach (Adam et al., 2005; Costantini et al., 2014; Ferretti et 

al., 2001; Hooper et al., 2007; Hooper et al., 2004; Kampes, 2006), the small baseline 

subset (SBAS) approach (Berardino et al., 2002; Lanari et al., 2004; Mora et al., 2003; 

Samsonov et al., 2011; Schmidt and Bürgmann, 2003; Zhang et al., 2012), and a 

hybrid of PSI and SBAS (Cao et al., 2016; Ferretti et al., 2011; Fornaro et al., 2015; 

Samiei-Esfahany et al., 2016). The PSI method exploits phase information from point-

like persistent scatterers (PSs) that maintain stable phase behavior over a long period 

and usually correspond to man-made objects and large rock outcrops. This method 

uses 𝑁  single-look SAR images to form 𝑁 − 1 single-master (SM) interferograms 

and selects the isolated PSs to derive displacement time series. Because of the scarcity 

of PSs in rural areas, the effectiveness of PSI is limited to urban or peri-urban 

environments (Gernhardt and Bamler, 2012; Ma and Lin, 2016). Alternatively, the 

SBAS method extracts phase information from distributed scatterers (DSs) that have 

moderate correlations in interferograms with short spatial and temporal baselines. The 

DSs are referred to as the targets that contain a sum of random scatterers of which the 

signal-to-noise ratio (SNR) can be improved after spatial multilooking at the loss of 

spatial resolution. Due to the use of short baselines and multilooked pixels, SBAS is 

suitable in environments with abundant DSs, which correspond to rural areas with a 

bare surface. The third type of method integrates PSI and SBAS to extract phase 

information from the combination of PSs and DSs (Hooper, 2008). The latest 
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development in this method uses a full combination of interferograms (i.e., N(𝑁 −

1)/2) to enhance the phase quality of DSs, followed by joint processing with PSs 

under the SM interferogram framework (Ferretti et al., 2011; Guarnieri and Tebaldini, 

2008). By taking advantage of spatial and temporal modeling, MTInSAR methods 

reduce the impact of error sources and improve the precision and accuracy of 

deformation retrieval. 

1.2. Motivation 

Despite the fast development of MTInSAR theory and algorithm, accurate error 

source separation cannot be guaranteed in all cases. The motivation of the study arises 

from the following aspects. 

The first one regards the spatial and temporal decorrelation that hinders phase 

information exploitation in rural areas. Although several methods have been proposed 

to deal with this issue by spatial multilooking and temporal phase inversion (Berardino 

et al., 2002; Schmidt and Bürgmann, 2003) (which is also referred to as phase linking 

(PL) (Guarnieri and Tebaldini, 2008) or phase triangulation (PT) (Ferretti et al., 2011)), 

their performance relies on the quality of the coherence estimation. Moreover, the 

inconsistent phase precision after temporal phase inversion is not considered in the 

process, which may lead to large uncertainties in the final deformation measurements. 

It is therefore necessary to develop a unified method that can robustly estimate the 

interval phase regardless of coherence estimation error and inconsistency of phase 

precision.   

The second aspect is related to topographic residuals that result from compensation 

with an inaccurate external digital elevation model (DEM). Current MTInSAR 

techniques correct the DEM error by modeling the phase residuals through a linear 

relationship with spatial baselines. However, atmospheric artefacts and improper 

deformation model make the linear estimation deviate from real values, leading to 

inaccurate DEM error separation. It is vital to develop a robust method to remove the 

topographic residuals from the time-series InSAR phases. 
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The third aspect corresponds to tropospheric delays (TDs) that can impose notable 

errors on deformation measurements. Although independent atmospheric 

observations have been used to correct TDs, their sparse spatial or temporal resolution 

requires interpolation and may introduce uncertainty into the corrected interferogram. 

The performance of conventional phase-based correction method is weakened by the 

confounding signals (e.g., deformation, TDs, and topographic errors, etc.) and spatial 

variability of the troposphere. As a consequence, inaccurate correction of TDs 

degrades the deformation estimation in current MTInSAR process. 

1.3. Aims and objectives 

The aim of this study is to develop a framework for robustly estimating and correcting 

the error sources in InSAR observations, thereby improving the precision and 

accuracy of the derived deformation measurements. The objectives of this work are 

summarized as follows. 

We develop an arc-based phase reconstruction method to remove the decorrelation 

noise that allows for direct estimation of unwrapped interval phases. The method is 

resistant to deviations in coherence estimations and inconsistency of phase precision 

after temporal inversion. The linear form of the method makes the implementation 

flexible for small subset of interferograms, thereby reducing the computational burden 

for large amount of SAR data. 

We develop a non-parametric method that can estimate DEM error without a priori 

deformation model. The developed method is insensitive to atmospheric 

contamination and limitations of baseline configuration. 

We develop a quadtree aided joint model for correcting stratified TDs in MTInSAR 

framework. This model is capable of isolating TDs from wrapped phases in the 

presence of deformation and topographic error signals. The spatial heterogeneity of 

TDs is also accounted for by quadtree segmentation according to the topography 

gradient. 

We integrate the abovementioned methods to correct the error sources step-by-step in 

MTInSAR framework. We apply the integrated methods to identify the slope 
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movement before the collapse at Freeway No. 3 in northern Taiwan. The temporal 

behavior of slope displacement is found to correlate with local precipitation, which 

triggered the final landslide failure. 

1.4. Outline 

The rest of the thesis proceeds as follows. In Chapter 2, we derive the mathematic 

model of phase reconstruction for removing decorrelation noise. We present an 

iterative weight update scheme to counteract the effect of coherence estimation error 

and show that the proposed method outperforms the state-of-the-art phase estimation 

methods, especially when multiple decorrelation mechanisms exist. Chapter 3 begins 

with a brief description of independent component analysis (ICA), which is the basis 

of non-parametric estimation in MTInSAR. Then we present the detailed description 

of non-parametric DEM error estimation followed by the performance comparison 

with the state-of-the-art methods. Chapter 4 introduces the quadtree aided joint model 

for correcting stratified TDs in multitemporal interferograms. We show how the joint 

model can aid the estimation in the local area, where deformation and topographic 

error co-exist with the height-dependent TDs. Experiments from simulated and real 

datasets are carried out to demonstrate the effectiveness of the algorithm for correcting 

TDs in the case of signal confounding and troposphere heterogeneity. In Chapter 5, 

we integrate the above three methods in MTInSAR framework and apply them to 

extract the time-series displacements prior to the slope failure at Freeway No. 3 in 

Northern Taiwan. We show that the temporal behavior of slope deformation is related 

to local precipitation and discuss the mechanism and factors that triggered the final 

landslide failure. In Chapter 6, we provide a summary of the contributions and give 

some suggestions for future research.  
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Chapter 2. Arc-based phase reconstruction in 

MTInSAR 

In this chapter, we present an arc-based approach that allows reconstructing 

unwrapped interval phase time-series based on iteratively reweighted least squares 

(IRLS) in temporal and spatial domains. The main features of the method are the phase 

optimization and unwrapping can be jointly conducted by spatial and temporal IRLS 

and coherence matrix bias has negligible effects on the estimation procedure. In 

addition, the linear formation makes the implementation suitable with small subset of 

interferograms, providing a solution for the future big SAR data. We demonstrate the 

effectiveness of the proposed method using simulated and real data with different 

decorrelation mechanisms where comparison with the state-of-art phase estimation 

methods are conducted. Substantial improvement can be achieved in terms of the root 

mean square error (RMSE) in simulations and increased point density in real data. 

2.1. Introduction 

InSAR nowadays represents a powerful tool for mapping ground deformation and 

topography with high spatial resolution over a wide coverage of the Earth’s surface. 

It is no doubt that reliable interferometric measurements are the fundamental of 

accurate estimation of the geophysical parameters. The interferometric measurements 

between two SAR acquisitions comprise phase components related to parameters that 

can contribute to the change of the physical path between SAR satellite and ground 

target, and coherence that indicates the interferometric quality. Promoted by the next 

generation of SAR missions with better orbital control and shorter revisit cycle, the 

main challenges that currently limit InSAR capability lie in decorrelation noise 

reduction, phase unwrapping and deformation isolation from confounding signals. 

To tackle the decorrelation phenomenon, the MTInSAR technique has been developed 

featured by leveraging an extensive archive of the SAR data stack. PSI (Ferretti et al., 

2001; Hooper et al., 2004; Kampes, 2006), as the a remarkable breakthrough in this 

filed, was initially introduced to exploit the phase of stable point targets (i.e., PSs) 

over the entire observation period. The basic strategy of PSI is to form SM 
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interferograms and estimate geophysical parameters (i.e., deformation rate and 

topographic error) from point-wise PSs that are less affected by temporal or spatial 

decorrelation. This method is effective in urban areas with abundant man-made 

structures while is compromised in rural areas due to the lack of PSs. To overcome 

this limitation, the PSI has been evolved to extract the phase information from DSs in 

addition to PSs. The DSs are referred to as the pixels whose coherence varies with 

spatiotemporal baselines. These pixels usually comprise a coherent sum of 

independent small scatterers with statistically homogeneous behavior. Based on the 

central limit theorem (CLE), the mechanism of DSs can be modeled by a complex 

circular Gaussian (CCG) radar return, of which coherence values tend to decline with 

the rise of temporal and spatial separation between SAR acquisitions. Some work 

based on exploiting DSs has been conducted to minimize the decorrelation effect by 

generating the multiple-master (MM) interferograms from properly selected pairs, e.g., 

SBAS method (Berardino et al., 2002; Lanari et al., 2004; Zhang et al., 2012). The 

selected interferograms suffer less decorrelation noise and are further spatially 

multilooked (i.e., complex averaged) to enhance the SNR at the loss of spatial 

resolution. After spatial unwrapping, the SBAS method retrieves the deformation time 

series by least squares (LS) with the constraint of minimum norm (Berardino et al., 

2002; Lanari et al., 2004).  

More recently, research has been forwarded to extract the phase information of DSs 

by incorporating all interferometric combinations. The method typically assumes the 

radar return and the geophysical signal is consistent within a cluster of pixels. Jointly 

processing these pixels would improve the SNR and extend the spatial coverage of 

InSAR deformation mapping (Ferretti et al., 2011). The method usually commences 

identifying statistically homogeneous pixels (SHPs) by statistical similarity test based 

on the amplitude information (Ferretti et al., 2011; Jiang et al., 2015; Wang et al., 

2012). Then, PL (also called phase triangulation analysis (PTA) (Ferretti et al., 2011; 

Guarnieri and Tebaldini, 2008)) procedure is adopted to estimate the wrapped SM 

phase time series based on the temporal consistency. Up to now, various PL 

algorithms have been realized, including maximum likelihood estimator (MLE) 

(Ansari et al., 2017; Ferretti et al., 2011; Guarnieri and Tebaldini, 2008), eigenvalue 
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decomposition (EVD) (Cao et al., 2016; Fornaro et al., 2015), integer least squares 

(ILS) (Samiei-Esfahany et al., 2016) and the integration of MLE and EVD (Ansari et 

al., 2018). Despite their diverse weighting strategies for the involved interferograms, 

their performances deteriorate in the presence of error in coherence estimation. 

Regarding the qualities of the estimated phases, although the PL methods reduce the 

decorrelation noise, the qualities after PL do not keep at the same level due to the 

diversity of the good-of-fit measurements (Even and Schulz, 2018; Ferretti et al., 2011; 

Samiei-Esfahany et al., 2016). The quality inconsistency of estimated phases may 

propagate into the unwrapped phases, increasing uncertainties of the estimated 

geophysical parameters. 

With respect to the aforementioned works, we present an arc-based approach that 

allows us to reconstruct the unwrapped interval phase chain from the pixels with 

variable phase noise. The method employs two successive iterative weighted least 

squares (WLS) to firstly estimate interval phase chain at arcs (i.e., point pairs) and 

then derive unwrapped phase maps according to the estimated phase variance. The 

role of iterative WLS lies in twofold, i.e., suppression of the effects of coherence 

estimation bias and phase ambiguities in the arc processing procedure and ensuring 

the estimation unbiased by considering the in consistent phase quality in the spatial 

integration procedure. Improving the quality of unwrapped phase chains estimated 

from pixels with variable phase noise by iterative WLS is therefore the main feature 

of the method.  

2.2. Methodology 

2.2.1. Observation generation 

The proposed method aims at estimating the unwrapped phase chain from all possible 

or selected interferograms. Let us consider a DS pixel in a stack of SAR images. When 

two coregistered SAR images are available over a given area, after SHPs are identified 

by statistical similarity test between a specific pixel 𝑥  and the neighboring pixels 

(Ferretti et al., 2011; Jiang et al., 2015; Wang et al., 2012), the maximum likelihood 

estimation of sample complex coherence for the point 𝑥 is expressed as 
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𝚪𝑚,𝑛 =

∑ 𝑠𝑚(𝑡)𝐿
𝑡=1 𝑠𝑛∗(𝑡)

√∑ |𝑠𝑚(𝑡)|2𝐿
𝑡=1 ∑ |𝑠𝑛(𝑡)|2𝐿

𝑡=1

= 𝛾𝑚,𝑛𝑒𝑖𝜙𝑚,𝑛
 (2.1) 

Where 𝑚 and 𝑛 are the indexes of master and slave SAR images, respectively. 𝑡 is the 

index of identified SHPs; 𝑠𝑚(𝑡) and 𝑠𝑛(𝑡) represent the complex phase values of 

SAR image pair; 𝐿 is the number of identified SHPs; ∗ stands for complex conjugate; 

the coherence magnitude 𝛾𝑚,𝑛 defines the degree of coherence, and 𝜙𝑚,𝑛 represents 

the spatially averaged interferometric phase. The amplitude values in (2.1) are 

normalized to compensate for the disturbance of amplitude among SAR images (Cao 

et al., 2016; Ferretti et al., 2001). We remark that the estimation in (2.1) is biased, 

especially for a small number of SHP and coherence magnitude close to zero (see Fig 

2.1) (Jiang et al., 2015; Touzi et al., 1999). Assuming there are 𝑁 coregistered SAR 

images forming 𝑁(𝑁 − 1)/2 interferometric combinations, the complex coherence 

matrix is extended as  

 

𝚪 =

[
 
 
 

1
𝛾2,1𝑒𝑖𝜙𝑚,𝑛

⋮

𝛾𝑁,1𝑒𝑖𝜙𝑁,1

𝛾1,2𝑒𝑖𝜙1,2

1
⋮

𝛾𝑁,2𝑒𝑖𝜙𝑁,2

⋯
⋯
⋱
⋯

𝛾1,𝑁𝑒𝑖𝜙1,𝑁

𝛾2,𝑁𝑒𝑖𝜙2,𝑁

⋮
1 ]

 
 
 

= 𝚼 ∘ 𝚽 (2.2) 

where 𝚽 is an 𝑁 × 𝑁 matrix that encapsulates the available interferometric phases, 𝚼 

is an 𝑁 × 𝑁  matrix providing corresponding coherence values, ∘ is the Hadamard 

product. The phase and coherence values serve as the basis of following function and 

stochastic models for interval phase chain estimation, respectively. It should be noted 

that, for DS, the 𝑁(𝑁 − 1)/2 combinations in the coherence matrix are not redundant 

due to temporal inconsistency after spatial multilooking operation (Samiei-Esfahany 

et al., 2016). While for point-wise PS, the rank of the coherence matrix equals one, 

and 𝜙𝑚,𝑛  represents the point-wise phase itself. In the following, we will jointly 

process DSs and PSs as coherent points based on their phase and coherence values. 
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Fig 2.1 Coherence estimation bias under different number of SHPs. (a) The 

relationship between estimated coherence and true coherence under different number 

of SHPs. (b) The relationship between the number of SHPs and coherence bias under 

different estimated coherence values. 

2.2.2. Unwrapped phase chain estimation at arcs 

We first take the phase differences at arcs as the observations for phase chain 

estimation. The advantage of arc-based observations is that the probability of phase 

ambiguity after differencing between neighboring points will be largely reduced, 

benefiting a linear formation of the follow-on phase estimation (Wu et al., 2019). The 

differencing network can be constructed by local Delaunay triangulation (Zhang et al., 

2011) or k-nearest neighbor algorithm (Friedman et al., 1977). The high density of the 

network allows a redundant set of differential measurements (not only between the 

nearest ones), which aids a reliable  spatial integration (Costantini et al., 2012). 

For a specific arc, we assume that, 𝚫 𝝓 = (Δ𝜙1,2, Δ𝜙1,3, … , Δ𝜙𝑚,𝑛, … , Δ𝜙𝑁−1,𝑁)𝑇 is 

the vector of wrapped phase difference in 𝑁(𝑁 − 1)/2 interferometric pairs, and 

𝚫𝝋 = (Δ𝜑1, Δ𝜑2, … , Δ𝜑𝑚, … , Δ𝜑𝑁−1)𝑇  is the vector of unknown phase difference 

for 𝑁 − 1 sequential intervals.  The function model for phase chain at arc is expressed 

as, 

 𝑩𝚫𝝋 = 𝚫𝝓 

𝚫�̂� = (𝑩𝑇�̅�𝑩)−1𝑩𝑇�̅�𝚫𝝓 
(2.3) 
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𝑽 =  𝚫𝝓 − 𝑩𝚫�̂� 

𝑣𝑚,𝑛 =  Δ𝜙𝑚,𝑛 − 𝑏𝑚,𝑛𝚫�̂� 

where 𝑩  is the design matrix that connects interferometric pairs and sequential 

intervals through the combination of 0 and 1. 𝚫�̂� represents the estimate of 𝚫𝝋. 𝑽 is 

an (𝑁(𝑁 − 1)/2) × 1 residual vector and 𝑣𝑚,𝑛  represents one element of  𝑽, 𝑏𝑚,𝑛 

indicates one element of 𝑩, �̅� is called the equivalent weight matrix, which adjusts 

the influence of observations to fit the actual accuracy of the corresponding 

observations (Yang et al., 2002). We remark that, in (2.3), the phase difference 

observations with ambiguities will be detected as outliers and suppressed by iterative 

WLS operation. 

2.2.3. Iteratively weight updating 

The purpose of iteratively weight updating is to provide robust estimates that are 

unaffected by outliers or skewed residual distributions. This is performed by making 

use of information from all observations while assigning less or even zero weight to 

those observations with large residuals (Huber and Ronchetti, 2009). The unusual 

observations in this study are attributed to not only the phase ambiguities but also 

phase error due to coherence estimation bias and signal inconsistency in the averaged 

area (Samiei-Esfahany et al., 2016). To mitigate these effects, the equivalent weight 

matrix �̅� is employed which can be expressed as 

 �̅� = 𝑷 ∘ 𝑮 (2.4) 

where 𝑷 is the initial weight matrix, which has a diagonal form and can be determined 

by the coherence matrix and multilooking factor (see Appendix A). 𝑮 is a diagonal 

matrix 𝑑𝑖𝑎𝑔(𝑔1,1, 𝑔2,2, … , 𝑔𝑚,𝑛, … , 𝑔𝑁,𝑁), where the diagonal element represents the 

down-weighting factor for each observation and the expression varies depending on 

different down-weight functions. In this study, we choose the commonly used 

biweight function as (see Fig 2.2) 

 𝑔𝑚,𝑚 = {
[1 − (𝑢𝑚,𝑚 𝑐⁄ )2]2, |𝑢𝑚,𝑚| ≤ 𝑐

0, |𝑢𝑚,𝑚| > 𝑐
 

(2.5) 
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𝑢𝑚,𝑚 =
𝑣𝑚,𝑚

𝑠√1 − ℎ𝑚,𝑚
 

where 𝑢𝑚,𝑚  represents the normalized residual, ℎ𝑚,𝑚  is the hat value giving the 

leverage of observations (Andersen, 2008) which is derived from the diagonal element 

of 𝑩(𝑩𝑇𝑩)−1𝑩𝑇 , 𝑠  is the median absolute deviation (MAD), and 𝑐  is a tuning 

constant which is usually set as 4.685, producing 95% efficiency at normal 

distribution (Huber, 1964).  

 

Fig 2.2 The curve of biweight function, where c is a tuning constant depending on the 

distribution of samples. 

As a summary, the solution of (2.3) can be derived in the following three steps: 

1. Use the initial weight matrix 𝑷 to replace �̅� and derive the initial solution by (2.3). 

2. Based on the LS residuals in (2.3), calculate the down-weight factor matrix by 

(2.5), perform WLS estimation again with the updated weight matrix by (2.4). 

3. Repeat step 2) until |𝚫�̂�𝑏+1 − 𝚫�̂�𝑏| < 𝜂, 𝜂 is a pre-defined threshold. 
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2.2.4. Low-quality arc rejection 

It should be noted that the iterative weight updating scheme has an upper limit (up to 

50%) to resist unusual observations (Huber and Ronchetti, 2009), therefore the arc 

measurements that are corrupted by overwhelming outliers or decorrelation noise 

should be discarded. The low-quality arcs can be detected by equivalent temporal 

coherence (ETC),  

 𝛾�̅� =
|∑ �̅� ∙ 𝑒𝑖(𝚫𝝓−𝑩𝚫�̂�)|

𝑡𝑟( �̅�)
 (2.6) 

where 𝑡𝑟(∙) is the operator for calculating the trace of a matrix. The merit of using the 

weight matrix �̅� in (2.6) is that it suffers less effect from outliers in observations by 

assigning zero weight on them. By setting threshold 𝛾 �̅�
𝑡ℎ𝑟𝑒, suspected arcs with 𝛾�̅� ≤

 𝛾 �̅�
𝑡ℎ𝑟𝑒 are discarded. Generally, the value of 𝛾 �̅�

𝑡ℎ𝑟𝑒 can be set as 0.7-0.9 (Ferretti et al., 

2001; Samiei-Esfahany et al., 2016), and it will be further discussed in the next section. 

Moreover, the observations with undetected phase ambiguities are further removed by 

triplet closure in space, where the closure threshold can be set as 1 rad (Hussain et al., 

2016; Wu et al., 2019). 

2.2.5. Spatial integration 

After calculating the unwrapped interval phase chain at arcs and removing the low-

quality arcs, isolated points should be detected and deleted to avoid local errors of 

spatial integration (Liang et al., 2019a; Zhang et al., 2014). As aforementioned, 

reconstructed phases at pixels with different scattering mechanisms have different 

noise levels. The inconsistency of phase quality at a given arc can be addressed by the 

posteriori covariance matrix (Yang et al., 2002), 

 𝑫𝚫�̂� = (𝑩𝑇�̅�𝑩)−1�̂�0
2 

�̂�0
2 =

𝑽𝑇�̅�𝑽

𝑀′ − (𝑁 − 1)
 

(2.7) 

where 𝑫𝚫�̂� is the posteriori covariance matrix of estimated 𝚫�̂�, 𝑀′ is the number of 

effective observations after outlier removal based on the biweight function. The 
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unwrapped interval phase vector at each pixel then can be derived by performing WLS 

based on the estimated phase chain with the posteriori variances of arcs. Assuming 

the remained network includes 𝐸  points and 𝐹  arcs, the formulation between the 

phase 𝜱𝑚  at points and the phase difference at arcs for each interval epoch is 

expressed as 

 

𝑨𝜱𝑚 = 𝚫𝝋𝑚 

𝜱𝑚 = (𝑨𝑇𝓦𝑚𝑨)−1𝑨𝑇𝓦𝑚𝚫𝝋𝑚 (2.8) 

where 𝑨 is network matrix linking points and arcs, in which the reference point has 

been removed. The network matrix has the form 

 
𝑨 = [

1 0 −1
0 1 ⋯
⋮
0

⋮
0

⋮
1

⋯ 0
−1 0
⋮
0

⋮
−1

] 
(2.9) 

where 1 represents the starting point and -1 corresponds to the ending point along each 

arc. 𝓦 is a  𝐹 × 𝐹 diagonal matrix, of which the element is determined by 

 𝓦𝑚 = 𝑑𝑖𝑎𝑔(
1

𝑑Δ�̂�1
𝑚 + 휀

,
1

𝑑Δ�̂�2
𝑚 + 휀

,… ,
1

𝑑Δ�̂�𝑖
𝑚 + 휀

,… ,
1

𝑑Δ�̂�𝐸
𝑚 + 휀

) 
(2.10) 

where 휀 is a small positive constant to avoid denominator being zero. It should be 

noted that, as the interferometric phase is a relative measurement, the scatter noise of 

the reference point will manifest itself in other points through network differencing 

and integration. To mitigate this error, before spatial integration, we select a high-

coherence point (e.g., PS) as the reference. Then, spatial integration is implemented 

for each interval epoch with respect to the reference point. Since the reference point 

may not be stable, after the spatial integration all points can be calibrated with respect 

to a new reference point which is postulated as stable behavior in time series. 

2.2.6. Algorithm flow 

The algorithm flowchart is shown in Fig 2.3, and the whole procedure is described as 

follows. 
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1. For each pixel, calculate the complex coherence matrix based on identified SHPs. 

2. Construct spatial network and build function model between multiple master 

interferograms and phase differences in sequential intervals at arcs. 

3. At each arc, conduct WLS estimation to obtain the interval phase differences by 

iteratively updating weight matrix. 

4. Calculate the temporal coherence and triplet closure error at arcs and remove the 

arcs with low temporal coherence or large triplet closure error. 

5. Conduct weighted spatial integration based on unwrapped phase difference and 

the associated posteriori phase variance in each interval epoch. 

 

Fig 2.3 Flowchart of the proposed method. 

2.3. Synthetic data test 

To validate the proposed method and assess its performance, a set of experiments are 

conducted based on synthetic datasets in this section. We first test the robustness of 

the proposed estimation on a single arc, then perform the overall evaluation of phase 

reconstruction on simulated interferograms. 

Table 2.1 Sentinel-1 data baseline information. 

No. Date Perpendicular baseline (m) Temporal baseline (day) 

1 20160913 0 0 

2 20160925 -60 12 

3 20161007 -26 24 

4 20161019 54 36 
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5 20161031 36 48 

6 20161112 35 60 

7 20161124 -5 72 

8 20161206 -43 84 

9 20161218 -29 96 

10 20161230 -8 108 

11 20170111 54 120 

12 20170123 36 132 

13 20170204 12 144 

14 20170216 36 156 

15 20170228 65 168 

16 20170312 16 180 

17 20170324 43 192 

18 20170405 -18 204 

19 20170417 -77 216 

20 20170429 24 228 

21 20170511 -36 240 

22 20170523 31 252 

23 20170604 -35 264 

 

Table 2.2 Decorrelation model parameters for different scenarios. 

Case number Exponential decay Seasonal decay 

Case 1 𝛾0 = 0.8, 𝜏0 = 80 𝛾0 = 0.8, 𝜏0 = 80, 𝜏1 = 90, 𝑡0 = 280 

Case 2 𝛾0 = 0.7, 𝜏0 = 70 𝛾0 = 0.7, 𝜏0 = 70, 𝜏1 = 90, 𝑡0 = 280 

Case 3 𝛾0 = 0.6, 𝜏0 = 60 𝛾0 = 0.6, 𝜏0 = 60, 𝜏1 = 90, 𝑡0 = 280 

Case 4 𝛾0 = 0.5, 𝜏0 = 50 𝛾0 = 0.5, 𝜏0 = 50, 𝜏1 = 90, 𝑡0 = 280 

 

Table 2.3 Occupation percentages for different noise scenarios. 

Decorrelation model Case 1 Case 2 Case 3 Case 4 

Exponential decay 70% 10% 10% 10% 

Seasonal decay 70% 10% 10% 10% 

 

2.3.1. Test on a single arc 

Observations at a single arc are generated with different levels of decorrelation noise 

and outlier (i.e., phase ambiguities) contamination. The baselines of interferograms 

generated from 23 SAR acquisitions are retrieved from the real Sentinel-1 dataset 

(Frame 68, Track 11) (Table 2.1) over Guangdong, China. We use C-band Sentinel-1 

dataset in simulation because that the short wavelength and revisit cycle render the 
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dataset sensitive to the temporal decorrelation. For simplicity, we assume a 

deformation signal with a rate of 5 mm/year at the arc. Considering that the proposed 

method aims to recover the unwrapped interval phases instead of deformation signal, 

such an assumption does not lose generality. The decorrelation noise is generated from 

a random vector of complex values that follow zero-mean CCG distribution. In this 

study, two decorrelation models are introduced, i.e., exponential decay and seasonal 

decay. The former one is expressed as, 

 𝛾𝑚,𝑛 = 𝛾0𝑒
−𝐵𝑇

𝑚,𝑛

𝜏0  
(2.11) 

where 𝐵𝑇
𝑚,𝑛

 is the temporal baseline between SAR acquisition 𝑚 and 𝑛, 𝛾0 represents 

the initial coherence value, and 𝜏0 is the time constant of the exponential decay rate. 

The second decorrelation model has a more complex expression as (Samiei Esfahany 

and Hanssen, 2018), 

 𝛾𝑚,𝑛 = 𝛾0𝑒
−𝐵𝑇

𝑚,𝑛

𝜏0 ∙ 𝑒

T∙[cos(
2𝜋
𝑇

(𝐵𝑇
𝑚+𝐵𝑇

𝑚,𝑛−𝑡0))−cos(
2𝜋
𝑇

(𝐵𝑇
𝑚−𝑡0))]

2𝜋𝜏1  (2.12) 

where 𝐵𝑇
𝑚  represents the date of maser observation, 𝜏1  is the time constant of the 

seasonal decay rate, 𝑇 and 𝑡0 are the period and the initial time of seasonal variation, 

respectively. The above two models manifest as two common decorrelation behaviors 

in real cases (Ferretti et al., 2011; Samiei-Esfahany et al., 2016). To investigate the 

robustness of the proposed method in different circumstances, for each decorrelation 

model, we construct four scenarios by varying the model parameters. Table 2.2 lists 

the used model parameters for each decorrelation scenario. Based on the simulated 

decorrelation noise, the coherence matrices are computed from 23 acquisitions with 

400 SHP samples by using (2.11) and (2.12) (Fig 2.4). 

To validate the robustness of estimation to detect outliers (i.e., phase ambiguity), we 

use all interferometric combinations (i.e., 253 interferometric combinations) and 

randomly add phase ambiguities into the original observations. The percentage of 

contaminated observations ranges from 1% to 50% of the total interferograms. For 

each number of observations that suffer phase ambiguities, we repeat 3000 times 
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without replacement and calculate the RMSE between the simulated and the estimated 

phase difference in sequential intervals. Fig 2.5 presents the estimation performance 

of the proposed method under different decorrelation scenarios. It can be seen that, 

when the outlier percentage is small, the estimation precision approximately 

approaches to the lowest achievable standard deviation, which is calculated by 

Cramér-Rao Bound (CRB) (Guarnieri and Tebaldini, 2007) based on the theoretical 

coherence values. Closer inspection to this figure indicates that, with the decrease of 

decorrelation noise level, the breakpoint (i.e., the largest percentage of the outlier that 

the robust estimation can tolerate without producing arbitrary results) increases and 

reaches up to about 10% of the total observations. This means that even a portion of 

the observations suffers phase ambiguities, the method based on iterative weight 

update can still provide stable results and the tolerance percentage depends on the 

decorrelation noise level. Meanwhile, during each estimation, we calculate the ETC 

as an indicator of the posteriori quality of the arc. Comparing the estimated RMSE 

with ETC reveals that, once the estimation is corrupted by overwhelming phase 

ambiguities and/or decorrelation noises, the suspect arcs can be detected by the decline 

of ETC measures. The detection of outliers facilitates the discard of the corrupted arc 

measurements before subsequent spatial integration. It is also observed that when ETC 

is less than 0.85, the estimated phase differences significantly deviate from the 

simulated values. Therefore, to be a conservative treatment, the threshold of ETC is 

set as 0.85 or above. 
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Fig 2.4 Estimated coherence matrices of the synthetic data for exponential and 

seasonal decorrelation decay models. (a) - (d) Exponential decay. (e) - (h) Seasonal 

decay. The decorrelation model parameters: Case 1 is used in (a) and (e), Case 2 in (b) 

and (f), Case 3 in (c) and (g), Case 4 in (d) and (h). 

 

Fig 2.5 RMSE (black line) and ETC (blue line) of phase estimation by the proposed 

method under different decorrelation scenarios. (a) - (d) Exponential decay. (e) - (h) 

Seasonal decay. The decorrelation model parameters: Case 1 is used in (a) and (e), 

Case 2 in (b) and (f), Case 3 in (c) and (g), Case 4 in (d) and (h). When the outlier 

percentage is small (smaller than 10%), the RMSE is close to CRB, indicating the 

efficiency of the phase estimation. 
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Fig 2.6 Average coherence maps in estimated and theoretical values. (a) and (c) 

coherence estimated by 9 × 9 windows under exponential and seasonal decay, 

respectively.  (b) and (d) their theoretical coherence values. 

2.3.2. Test on interferograms 

The effectiveness of the proposed method is tested and compared with the state-of-art 

phase estimation methods based on synthetic interferograms. In the test, we generate 

two interferogram stacks using the Sentinel-1 baseline that is shown in Table 2.1. For 

simplicity, the signals in interferogram only consist of deformation, atmospheric 

delays, and decorrelation noise. The deformation field is simulated by using peak 

function in MATLAB with a linear rate ranging from -30 to 30 mm/year. The 

atmospheric delays are simulated using a fractal surface with the fractal dimension 

being 2.2. To investigate the phase estimation in different decorrelation models, one 

interferogram stack only contains exponential-decay decorrelation noise while the 

other one contains seasonal-decay decorrelation noise. Within each stack, to be close 

to the real environment, we consider the mixture of multiple decorrelation levels 

(Abdelfattah et al., 2001; Jiang et al., 2014). Table 2.3 lists the occupation percentages 

for different noise scenarios, of which decorrelation parameters are listed in Table 2.2 
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(Ansari et al., 2017; Ansari et al., 2018). Fig 2.6 shows the average coherence maps 

from the two interferogram stacks. Fig 2.7 (a) (b) and Fig 2.8 (a) (b) display the 

simulated SM interferograms without and with decorrelation noise, respectively. 

 

Fig 2.7 Comparison of original and reconstructed SM interferograms in the 

exponential decay scenario. All SM interferograms use the first image as the master 

image. (a) original SM interferograms without decorrelation noise. (b) SM 

interferograms with decorrelation noise. (c) multilooked SM interferograms. (d) 

reconstructed SM interferograms by the proposed method. (e) the phase difference 

between the reconstructed and the original phase. 
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Fig 2.8 Comparison of original and reconstructed SM interferograms in the seasonal 

decay scenario. All SM interferograms use the first image as the master image. (a) 

original SM interferograms without decorrelation noise. (b) SM interferograms with 

decorrelation noise. (c) multilooked SM interferograms. (d) reconstructed SM 

interferograms by the proposed method. (e) the phase difference between the 

reconstructed and the original phase. 

We apply the proposed method to reconstruct the interval phase chains from all 

interferometric combinations. Before implementation, the coherence values and the 

multilooked phases are calculated by spatially averaging over 9 × 9 windows. 

Considering the suboptimality of the current defringing algorithms (Ansari et al., 

2018), we do not remove the spatially variable fringes within averaged windows. Fig 
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2.7 and Fig 2.8 (c) show the SM interferograms after spatial multilooking. After 

performing the proposed estimation, we convert the derived unwrapped interval 

phases to SM interferograms with respect to the first image (Fig 2.7 (d) and Fig 2.8 

(d)). The residuals between the reconstructed and the simulated phase signals are 

shown in Fig 2.7 (e) and Fig 2.8 (e). The accumulative phase residuals between the 

reconstructed and the simulated phases have a mean value of 0.07 rad and a standard 

deviation of 0.35 rad for exponential decay scenario, and a mean value of -0.08 rad 

and a standard deviation of 0.38 rad for seasonal decay scenario. As seen from Fig 2.7 

and Fig 2.8, for both decorrelation decay models, the proposed method provides an 

unbiased estimate. The decorrelated noise is effectively filtered out, yielding 

reconstructed phases with acceptable precision.  

To further quantitively assess the performance of the proposed method, we compare 

the method with the combination of state-of-art phase estimation (i.e., MLE (Ferretti 

et al., 2011; Guarnieri and Tebaldini, 2008) and EVD (Cao et al., 2016; Fornaro et al., 

2015)) and phase unwrapping methods (i.e., minimum cost flow (MCF) (Costantini, 

1998) and LS-fitting (Ghiglia and Romero, 1994)) and a joint filtering and unwrapping 

method based on Markov Random Fields (JMRF) (Abdallah and Abdelfattah, 2016; 

Chen et al., 2013).As reflected in (Ansari et al., 2017; Ansari et al., 2018; Samiei-

Esfahany et al., 2016), the error in the coherence matrix could significantly degrade 

the performance of phase estimation. To assess this impact, we divide the estimation 

processes into two groups.  In the first group, the coherence matrices are estimated 

using the window size of 9 × 9. In the second group, the coherence matrices are 

assigned with the theoretical values. Fig 2.6 shows the comparison of estimated and 

theoretical average coherence maps. It is clear that the window size of coherence 

estimation has an obvious effect on coherence estimation. The 9 × 9 window size can 

lead to the maximum coherence bias of about 0.1 in a single interferogram. After the 

noisy phases are reconstructed and unwrapped by the above methods, the RMSE 

between the recovered and simulated phase is calculated. The CRB for the 

decorrelation scenario of case 1 in Table 2.2 is calculated as well. Fig 2.9 presents the 

comparison results of different estimation methods. We notice that, no matter for MCF 

or LS-fitting phase unwrapping methods, when the coherence matrices change from 
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the estimated to theoretical values, the results of MLE and EVD vary significantly, 

manifesting their strong sensitivities to the quality of coherence estimation. Since both 

MLE and EVD reconstruct SM phase time-series through the inversion and the 

decomposition of the coherence matrix, a small numerical bias of coherence will be 

amplified during matrix conversion, degrading the estimation precision. For JMRF 

algorithm that only works for a single interferogram, although it shows low sensitivity 

to coherence bias, the phase recovery performance is limited by ignoring the relation 

among interferograms. In the case of the proposed method, least difference is observed 

between the results of using estimated and theoretical coherence values. This is 

because the proposed method iteratively adjusts the weight matrix according to the 

posteriori residuals, promoting the balance between the estimated coherence and the 

posteriori residuals. 

From Fig 2.9, we also notice that when using the theoretical coherence values, the 

proposed method still performs better than the MLE+MCF and MLE+LS-fitting. 

Although the MLE method has the best efficiency provided with a known accurate 

coherence matrix, the optimization is restricted within areas having a single 

decorrelation mechanism. Obviously, in practice, it is rare that areas only have one 

decorrelation mechanism. The MCF and LS-fitting algorithm ignore the variation of 

noise level due to the mixture of multiple decorrelation mechanisms, degrading the 

unwrapping performance. It should be noted that the CRB in four scenarios is always 

below other estimation results. This is attributed to the mixture four decorrelation 

mechanisms (i.e., cases 1, 2, 3 and 4) which degrade the overall estimation precision. 

Table 2.4 Comparison of the computation time (in seconds) of different phase 

estimation methods. 

Method Exponential decay scenario (s) Seasonal decay scenario (s) 

MLE+LS-fitting 55.5 56.3 

MLE+MCF 109.2 147.7 

EVD+LS-fitting 13.6 14.1 

EVD+MCF 186.5 1181.2 

JMRF 7513.1 7549.2 

Proposed method 350.9 360.3 
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Fig 2.9 Performance assessment of different phase estimation methods using 

simulated interferograms. (a) exponential decay situation with estimated coherence 

values. (b) exponential decay situation with theoretical coherence values. (c) seasonal 

decay situation with estimated coherence values. (d) seasonal decay situation with 

theoretical coherence values. For comparison, the CRB values of point cluster 1, 

which are calculated based on the parameters of case 1 of exponential and seasonal 

decays, are also plotted in four cases. 

In terms of computational efficiency, it is difficult to compare different methods, as 

the run-time strongly depends on the implementation of different estimators. 

Excluding coherence estimation and phase multilooking, a rough comparison is 

presented in Table 2.4 based on a desktop PC with an Intel i7 CPU and 64 GB memory. 

As can be seen from the table, high computation time might be the main drawback of 

the proposed method. Because the dense network and outlier detector slow the 

computation efficiency. However, considering the unwrapped phase product is 
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obtained and further phase unwrapping procedure is no longer needed, the high 

computation time is acceptable. 

2.4. Real data test 

A stack of 16 ALOS/PALSAR images over Zhouqu, China (Fig 2.10) (Table 2.5) is 

chosen for assessment of the proposed method. Located at the eastern edge of 

Qinghai-Tibet Plateau, Zhouqu is characterized by steep terrain and alpine valleys, 

which render this area vulnerable to landslide-related geohazards. On August 8, 2010, 

a large landslide in Zhouqu caused widespread destruction and nearly 1800 casualties 

(Xin, 2010). The deformation phenomenon in this area have been analyzed by 

conventional PSInSAR (Sun et al., 2016; Sun et al., 2015), it is suitable to validate the 

effectiveness of the method in low-coherence environment. Fig 2.11 presents the 

spatio-temporal distribution of the radar images. As apparent, some interferograms 

have long spatial and temporal baselines, implying severe spatial and temporal 

decorrelation. Fig 2.12 (a) shows four examples of single-looking SM interferograms 

with the first SAR acquisition being the master image. 

Table 2.5 ALOS/PALSAR data baseline information. 

No. Date Perpendicular baseline (m) Temporal baseline (day) 

1 20070128 0 0 

2 20070915 1564 230 

3 20071216 2218 322 

4 20080131 2654 368 

5 20080502 3384 460 

6 20080617 196 506 

7 20080917 -1204 598 

8 20081218 -867 690 

9 20090202 -333 736 

10 20090620 465 874 

11 20090805 -21 920 

12 20090920 578 966 

13 20091221 1224 1058 

14 20100205 1745 1104 

15 20100508 2193 1196 

16 20100623 2102 1242 
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we apply the proposed method to reconstruct SM interferograms from all 

interferometric combinations (Fig 2.11 (a)). The coherence value and multilooked 

phase for each pixel are calculated by adaptively averaging SHPs that are detected by 

the Kolmogorov-Smirnov test (Ferretti et al., 2011). To improve the spatial 

stationarity within multilooking windows, we use AW3D30m digital surface model 

(DSM) (Tadono et al., 2016) to remove the topographic phase contribution before 

coherence estimation. Based on the coherence map we initially select 1220475 

coherent points (including PSs and DSs) for network construction and interval phase 

chain estimation. The arcs with low posteriori ETC are discarded, resulting in 

1192913 points kept for spatial integration. The reconstructed SM interferograms can 

be visually inspected from Fig 2.12 and Fig 2.13. Comparing Fig 2.12 (b) and (c) 

shows that the decorrelation noise is effectively filtered by the proposed method, 

revealing the importance of temporal filtering other than spatial multilooking. Fig 2.13 

shows the comparison of recovered unwrapped interferograms between the proposed 

method and the combination of existing phase estimation (i.e., MLE and EVD) and 

phase unwrapping (i.e., MCF and LS-fitting) methods. It can be noticed that the phase 

jumps are identified from the unwrapped results of both MCF and LS-fitting on the 

lower right of the SAR image. In terms of phase estimation, the proposed method 

shows the best performance in reserving the sliding deformation signal in the middle 

of SAR image. 



29 

 

 

Fig 2.10 Shaded relief map over Zhouqu, China. The blue solid box outlines the 

coverage of the ascending ALOS/PALSAR images (track 660) used in this study. 

The red solid outlines the study area. The insert map shows the location of the study 

area in China. 

The performance of using interferogram subsets is evaluated as well. Fig 2.11 (b), (c), 

(d), and (e) depict the baseline configurations for four subsets of combinations. By 

setting the result of using all interferometric combinations (Fig 2.11 (a)) as a 

benchmark for this analysis, we calculate the accumulative phase differences between 

using the subsets and all combinations. Fig 2.14 shows the histograms of the 

accumulative discrepancies for different subsets used. We can notice that the 

estimations using four kinds of subsets (i.e., Fig 2.11 (b), (c), (d), and (e)) provide 

unbiased estimation with respect to that using all combinations. However, the 

discrepancies are governed by the total number of combinations. As depicted, when 
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the number of lag interferograms for each SAR image reduces from 12 to 3, the phase 

discrepancies rapidly increase, indicating the performance of estimation declines with 

the number of interferometric combinations. Therefore, to preserve high estimation 

precision, a large number of interferometric combinations is necessary for practical 

implementation.  

 

Fig 2.11 Baseline configuration used in real data test. (a) all interferometric 

combinations. (b) - (e) interferometric combinations with short temporal baseline. 

Each SAR image has 12 lag interferograms in (b), 9 lag interferograms in (c), 6 lag 

interferograms in (d), and 3 lag interferograms in (e). (f) SM interferometric 

combinations using the 6th SAR acquisition as the master image. 
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Fig 2.12 Comparison of original and reconstructed SM interferograms for 

ALOS/PALSAR images over Zhouqu, China. All SM interferograms use the first 

image as the master image. (a) The first row represents SM interferograms before 

multilooking. (b) The second row represents SM interferograms after multilooking. 

(c) The third row represents reconstructed SM interferograms by the proposed method 

in wrapped form. Interferogram Ⅰ has a perpendicular baseline of 1564 m and a 

temporal baseline of 230 days. Interferogram Ⅱ has a perpendicular baseline of 3384 

and a temporal baseline of 460 days. Interferogram Ⅲ has a perpendicular baseline of 

-333 m and a temporal baseline of 736 days. Interferogram Ⅳ has a perpendicular 

baseline of 2193 m and a temporal baseline of 1196 days. 
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Fig 2.13 Comparison of recovered unwrapped SM interferograms between the 

proposed method and the combination of existing phase estimation and phase 

unwrapping methods. (a) The first row represents the recovered unwrapped SM 

interferograms by MLE and LS-fitting. (b) The second row represents the recovered 

unwrapped SM interferograms by MLE and MCF. (c) The third row represents the 

recovered unwrapped SM interferograms by EVD and LS-fitting. (d) The fourth row 

represents the recovered unwrapped SM interferograms by EVD and MCF. (e) The 

fifth row represents the recovered unwrapped SM interferograms by the proposed 

method. 
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Fig 2.14 Histograms of the accumulative discrepancies between using subsets and all 

combinations by the proposed method. 

 

Fig 2.15 Comparison of deformation rate maps for the study area by using (a) StaMPS 

PSI processing and (b) the proposed method. 
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Fig 2.16 Difference distribution of deformation rate from StaMPS and the propose 

method processing. 

To further validate the performance of phase estimation, we retrieve the deformation 

field based on the SM interferograms that are constructed from the estimated 

unwrapped interval phases. As the interferograms have no ambiguity, topographic 

residuals and atmospheric delays can be efficiently separated by (Liang et al., 2019a; 

Liang et al., 2019b). For comparison, we apply standard the PSI to process the original 

single-looking interferograms (see the baseline configuration in Fig 2.11 (f)) by using 

StaMPS software (Hooper et al., 2007). Fig 2.15 presents the deformation rate maps 

from StaMPS and the proposed method. It can be seen that the deformation fields from 

the two methods are in good agreement, where the slopes facing the northeast show 

downslope movement with LOS velocity up to 5 cm/year. The difference of the 

deformation rate from the two methods follows a normal distribution with a mean 

value of -0.8 mm/year and a standard deviation of 6.6 mm/year (Fig 2.16). The 

deformation results are also consistent with previous studies about the Zhouqu 
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landslides (Sun et al., 2016; Sun et al., 2015). It is also visible that, through the phase 

estimation procedure, the spatial density of the coherent points significantly increases. 

A total of 1192913 coherent points is identified compared with the 118064 coherent 

points via StaMPS processing. The notable improvement in point density facilitates 

identifying the sliding regions and further interpretation of landslide behavior.  

2.5. Conclusion 

In this chapter we have proposed an arc-based method to reduce the decorrelation 

noise and reconstruct unwrapped interval phase chain, aiming to improve the coverage 

of InSAR deformation map over low-coherence environments. A specific concern is 

given to the interval phase chain recovery from coherent measurements of PS and DS. 

The core of the reconstructing interval phase relies on two successive WLS procedures 

in time and space. The main advantage of the proposed method lies in its robustness 

despite the coherence estimation bias and the inconsistent noise levels due to different 

decorrelation mechanisms. The derived unwrapped phase saves extra computation 

burden for phase unwrapping. In addition, the linear formation makes the 

implementation flexible for a small subset of interferograms. 

We demonstrate the effectiveness of the method from extensive experiments by using 

simulated and real SAR datasets. The simulation experiments show that despite the 

coherence estimation error, the method can achieve stable estimation. The simulation 

also shows that using weighted spatial integration according to the posteriori phase 

variance outperforms the state-of-art methods in the case with different decorrelation 

mechanisms. In the real data application over Zhouqu, the reconstructed phases extend 

the coverage of measurement points compared with PSI processing, facilitating 

landslide identification and further interpretation. 
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Chapter 3. Non-parametric estimation of DEM error in 

MTInSAR 

Isolating phase residuals due to inaccurate external DEM is important in retrieval and 

interpretation of deformation behavior from InSAR observations. MTInSAR, by 

taking DEM error as a parameter, can make the isolation possible. However, due to 

the presence of atmospheric artifacts in observations and improper deformation model 

employed in the observation system, accurate retrieval of DEM error cannot be 

guaranteed in current MTInSAR techniques. Considering that the DEM error has a 

fixed spatial pattern and its contribution to interferometric phase changes with spatial 

baselines, we propose a non-parametric method that can estimate the DEM error in a 

more robust way. To retrieve signals having a fixed spatial pattern from unwrapped 

MTInSAR measurements, ICA is used.  Experiments with synthetic and real datasets 

indicate the proposed method is able to estimate DEM error with no priori information 

about deformation. In addition, the experiments show that the method can provide a 

more robust estimation when the observed phase observations are affected by 

atmospheric delays and/or the number of interferograms used is limited. 

3.1. Introduction 

Topographic phase residuals in interferometric phases are mainly caused by 

inaccurate external DEM. The error in DEM, if not corrected, will cause baseline-

dependent phase fluctuation in interferograms and further distort the displacement 

retrieval (Fattahi and Amelung, 2013; Samsonov, 2010). In the PSI technique, DEM 

error is jointly estimated with deformation velocity from the wrapped phase difference 

between two PSs (i.e., arc) (Ferretti et al., 2001). DEM error can also be calculated 

based on the property of low correlation in space (Ducret et al., 2014; Hooper et al., 

2004). In SBAS processing, DEM error is estimated together with deformation 

parameters from unwrapped phases at coherent points (Berardino et al., 2002; Lanari 

et al., 2004; Pepe et al., 2011). More recently, alternative SBAS methods have been 

developed to estimate DEM error by either parameterizing DEM error with interval 

velocities (Samsonov, 2010) or implementing estimation after phase vector inversion 
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(Fattahi and Amelung, 2013). Although these methods have proven their performance 

in many applications, the estimation based on a single point or arc is still vulnerable 

and cannot guarantee accurate DEM error estimates in all cases. As discussed in 

previous studies (Du et al., 2017; Fattahi and Amelung, 2013; Samsonov, 2010), the 

accuracy of estimated DEM error can be affected by the baseline configuration of 

selected interferograms, interferogram network subsets, atmospheric artefacts and 

discrepancy between modeled and real deformation signal. It is unlikely that the 

current parametric MTInSAR DEM error estimation methods can avoid all these 

effects. 

To tackle the aforementioned problems, we propose a non-parametric MTInSAR 

estimator for the retrieval of DEM error. The rationale is rooted in the fact that DEM 

error has a deterministic relationship with the interferometric phase (Agram and 

Simons, 2015). Unlike other phase contributions (e.g., deformation, atmospheric 

artifacts, and noise), DEM error has a fixed spatial pattern that is independent with 

others in space (Ebmeier, 2016). Starting from the unwrapped interferograms, the 

proposed estimator can retrieve an accurate DEM error by three steps. In the first step, 

the multi-temporal unwrapped interferograms are converted to a sequential phase 

vector in the time domain. Secondly, ICA is applied to decompose the sequential 

interferogram stack into a collection of spatial distribution functions and associated 

mixing matrix by maximizing their mutual independence in space. The advantage of 

using ICA is that it makes no assumption about the spatial-temporal composition of 

the geophysical signals in interferograms and no priori information (e.g., deformation 

model and atmospheric delays) is required to constrain the decomposition. Finally, the 

component contributed by the DEM error is identified by maximizing the inner 

correlation between corresponding mixing vector and spatial baselines of sequential 

interferograms. The identified spatial function is converted to the estimated DEM 

error map by using LS. Because the estimation works on a scene basis, the topographic 

error map for all points can be simultaneously derived in an extremely efficient way. 
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3.2. Independent component analysis 

ICA stems from a common assumption that the observed signals can be expressed as 

a linear combination of statistically independent components, which we refer to as 

sources. The relationship between the observed signals and the independent sources 

can be described by (Comon, 1994) 

 𝑿 = 𝑨𝑺 (3.1) 

where 𝑿 is the matrix of observed signals, in which columns correspond to variables 

and rows correspond to different observations in time series. 𝑺 is the matrix of sources, 

where each row represents an independent source. 𝑨 is denoted as the mixing matrix 

in which each row determines the coefficients of the relative contribution of each 

source to the corresponding row of observed variables in 𝑿. As both 𝑨 and 𝑺 in (3.1) 

are unknown, the equation is underdetermined, indicating extra constraints are 

required to solve (3.1) (Skillicorn, 2007). For ICA, the unique solution is derived by 

maximizing the mutual independence of the estimated sources, more specifically, 

maximizing the non-Gaussianity of sources. This assumption is made based on the 

Central Limit Theorem (CLT) that indicates the sum of sufficient independent random 

variables with non-Gaussian distributions tends to follow Gaussian distribution with 

the increase of variable number. Therefore, a variable being more non-Gaussian has a 

higher probability to be an independent source. The non-Gaussianity can be 

quantitatively measured by a number of variables with different properties, such as 

kurtosis and negentropy. Kurtosis is a fourth-order cumulant that describes the 

“tailedness” of the probability distribution. For a Gaussian variable with standard 

normal distribution, its kurtosis value is three (Ebmeier, 2016; Hyvärinen and Oja, 

2000). The kurtosis value is easy to calculate, but it is not a robust measurement due 

to its sensitivity to outliers. Alternatively, negentropy is more robust, it can be 

estimated based on the information-theoretic quantity of entropy that indicates the 

Gaussian variable has the largest entropy. In fact, since the computation of negentropy 

is difficult, a simpler approximation of negentropy is commonly used to assess the 

non-Gaussianity (Hyvärinen, 1998; Hyvärinen and Oja, 2000). As a blind source 

separation technique, ICA is capable of decomposing the mixed signals into several 
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linear and additive components based on the higher statistical moments and cumulants. 

Its potential has already been widely exploited in remote sensing and geoscience fields, 

such as denoising GRACE gravity data (Frappart et al., 2011), unmixing hyperspectral 

satellite images (Nascimento and Dias, 2005), filtering Global Positioning System 

(GPS) observations (Liu et al., 2015), and extraction of radiance from High 

Temperature Events (HTE) time series (Barnie and Oppenheimer, 2015). Specifically, 

ICA has been applied in SAR image processing as well, including polarimetric SAR 

(PolSAR) data classification (Besic et al., 2015), DEM generation (Ballatore, 2011) 

and separation of atmospheric noise from InSAR dataset (Ebmeier, 2016). 

3.3. Non-parametric MTInSAR estimator 

3.3.1. Time-series inversion 

Given 𝑁 + 1 SAR images, 𝑀 interferometric pairs with high coherence are selected. 

After phase correction for Earth curvature and topographic effect, the 𝑀 differential 

interferograms are unwrapped and calibrated with respect to a reference point. To ease 

the following ICA decomposition, we invert the 𝑀 interferograms to 𝑁 interval phase 

chain maps (Ebmeier, 2016). The time-series inversion has the advantage of reducing 

the size of the interferogram stack, improving the efficiency of subsequent ICA 

decomposition. In addition, the inversion can decrease the sensitivity of estimation to 

the interferogram network (Du et al., 2017; Fattahi and Amelung, 2013). A pixel-by-

pixel inversion function is defined as follows. 

 𝜹𝝓 = 𝑩𝝓 (3.2) 

where 𝜹𝝓 = [𝛿𝜙1, … , 𝛿𝜙𝑀]𝑇  is denoted as the known vector of unwrapped phase 

values from 𝑀  differential interferograms, 𝝓 = [𝜙1, … , 𝜙𝑁]𝑇  represents the 

unknown vector of phase values of 𝑁  interval phase chain maps, 𝑩 is the design 

matrix to connect original interferograms and interval phase chain maps. If the 𝑀 

interferograms belong to one interferogram subset, (3.2) can be solved by LS, 

 𝝓 = (𝑩𝑇𝑩)−1𝑩𝑇𝜹𝝓 (3.3) 
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Unfortunately, it is common that the selected interferograms belong to different 

subsets due to decorrelation effects, resulting in an underdetermined linear system. 

Although singular value decomposition (SVD) (Berardino et al., 2002) and iteratively 

reweighted LS (IRLS) (Lauknes et al., 2011) can provide a unique solution based on 

minimum norm of inverted parameters, the constraints’ lack of physical meaning 

might break the linear relation between topographic phase residual and spatial baseline, 

especially when phase measurements are affected by atmospheric artifacts (Du et al., 

2017). Therefore, when there are multiple interferogram subsets, we implement LS in 

each subset independently and combine the inverted interval interferograms back 

together. The procedure is described as: 

1) Identify the subsets of the interferogram network. 

2) In each subset, determine the number of epoch intervals and build up the 

inversion model between the original interferograms and the consecutive 

interval phases from (3.2) and yield the solution by LS. 

3) Repeat 2 for all subsets and combine the solutions into a single matrix. 

Note that, the associated spatial baseline for each consecutive epoch interval is 

calculated accordingly. 

 

Fig 3.1 Schematic of ICA decomposition in MTInSAR. 

3.3.2. Decomposition by ICA 

After temporal inversion, we decompose the interval phase maps into a collection of 

statistically independent components by ICA. Because InSAR measurements are 
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contributed by multiple signals, each unwrapped interval interferogram can be thought 

of as the linear mixture of statistically independent sources, which can be expressed 

as 

 ∅𝑗 = ∅𝑑𝑒𝑓𝑜
𝑗

+ ∅𝑡𝑜𝑝𝑜
𝑗

+ ∅𝑎𝑡𝑚
𝑗

+ ∅𝑜𝑟𝑏
𝑗

+ ∅𝑛𝑜𝑖𝑠𝑒
𝑗

 (3.4) 

where ∅𝑗  is the 𝑗 th unwrapped interval interferogram; ∅𝑑𝑒𝑓𝑜
𝑗

 represents the phase 

component due to ground movement along the LOS direction in the 𝑗th epoch interval; 

∅𝑡𝑜𝑝𝑜
𝑗

 is denoted as phase residual due to topographic error; ∅𝑎𝑡𝑚
𝑗

 refers to as the 

phase component due to variation of atmospheric delays, ∅𝑜𝑟𝑏
𝑗

 is the phase component 

induced by the orbital inaccuracy of the SAR satellite. ∅𝑛𝑜𝑖𝑠𝑒
𝑗

 represents processing 

noise. Phase residual map due to topographic error ∅𝑡𝑜𝑝𝑜
𝑗

 is deterministic (Agram and 

Simons, 2015) and can be modeled as 

 ∅𝑡𝑜𝑝𝑜
𝑗

= 𝑏𝑗𝒉𝜀 ,   𝑗 = 1,2, … ,𝑁 

𝑏𝑗 =
4𝜋

𝜆

𝑏⊥
𝑗

𝑟𝑠𝑖𝑛(𝜃)
 

(3.5) 

where 𝑏⊥
𝑗
 represents the spatial baseline of the 𝑗th interval interferogram, 𝜆 is radar 

wavelength, 𝑟 is slant range between SAR sensor and ground surface, 𝜃 is looking 

angle, and 𝒉𝜀 represents the topographic error map, which is assumed to be stable 

during the entire SAR observation period (Berardino et al., 2002; Fattahi and Amelung, 

2013; Pepe et al., 2011). It can be deduced from (3.5) that, the spatial pattern of the 

topographic error in different time intervals is fixed while the contributed phases are 

baseline-dependent. This feature enables the separation of DEM error from InSAR 

measurements through ICA by maximizing its spatial independence with other signals. 

To achieve that, we treat all selected points in each epoch interval as a column vector 

∅. Considering  𝑁 interval phase maps, the matrix of the mixed signals in (3.1) has 

the form as 𝑿 = [∅1, … , ∅𝑁]𝑇. Meanwhile, we expect the matrix of sources in (3.1) 

has the form as 𝑺 = [𝑆1, 𝑆2, … , 𝑆𝑖, … ]𝑇 , in which each row represents a spatial 

distribution of independent sources. 𝑿 and 𝑺 are linked by mixing matrix 𝑨, as shown 
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in (Fig 3.1). It should be noted that before the ICA decomposition, the dimensionality 

of independent source matrix 𝑺 is unknown. 

In this study, we utilize the FastICA algorithm (Hyvärinen, 1999; Hyvärinen and Oja, 

1997; Hyvärinen and Oja, 2000) to decompose the mixed signal matrix 𝑿 and yield 

the unique solution of the mixing matrix 𝑨 and the source matrix 𝑺. The precursor 

steps of FastICA are centering and whitening so the columns of the matrix of mixed 

signals are transformed into an orthogonal space with reduced noise levels (See 

Appendix B). The centering is achieved by subtracting the mean of each column of 

the mixed signal matrix 𝑿  from the matrix itself. Then the centered matrix is 

multiplied by a whitening matrix, which is obtained by principal component analysis 

(PCA) decomposition. The number of retained principal components is related to the 

dimensionality of independent sources, which is usually unknown in InSAR 

observation without a priori information. Here we use optimal Singular Value Hard 

Thresholding (SVHT) (Gavish and Donoho, 2014) to determine the number. The 

threshold is yielded by 

 𝜏∗ = 2.858 ∙ 𝑑𝑚𝑒𝑑 (3.6) 

where 𝑑𝑚𝑒𝑑 is the median eigenvalue of the covariance matrix of centered data in 

(B.3). The number of retained principal components 𝑘 is determined by the number 

of the eigenvalue that is larger than the threshold 𝜏∗ in the covariance matrix. 

 𝑘 = #(𝑑𝑗 > 𝜏∗),   𝑗 = 1,2, … ,𝑁 (3.7) 

where #(∙) is the number of elements in (∙). 

After the preprocessing steps, the FastICA algorithm employs a fixed-point iteration 

scheme to derive the converged solution of mixing matrix 𝑨 and source matrix 𝑺 by 

maximizing the spatial non-Gaussianity of sources. Each mixing vector, which is a 

row of 𝑨, defines a projection of the independent sources into the mixed signals. Each 

column of 𝑨 defines the relative contributions of the corresponding source into 𝑁 

interval interferograms. Considering 𝑘 independent sources, the relationship between 

the 𝑁 interval interferograms and the independent sources can be expressed as a sum 
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of outer products,  

 
𝑿 = ∑ 𝒂∙𝑖 ⊗ 𝒔𝑖∙

𝑘

𝑖
 (3.8) 

where 𝒔𝑖∙ represents the spatial distribution of the 𝑖th independent source given by the 

𝑖th row of 𝑺, 𝒂∙𝑖 represents the vector of the relative contribution of the corresponding 

source 𝒔𝑖∙ given by the 𝑖th column of 𝑨, ⊗ denotes the outer product. Equation (3.8) 

describes how the spatial source is combined in the total spatiotemporal InSAR dataset. 

 

Fig 3.2 Workflow of DEM error estimation in the proposed method. 

3.3.3. DEM error estimation 

Following (3.7), after the interval interferograms are divided into 𝑘  independent 

components and the associated mixing matrix, the source of DEM error can be 

identified, provided that there is a priori information of the spatial distribution function 

𝒔𝑖∙ . However, since the ICA decomposition is performed in the orthogonal space 

through centering and whitening procedures, the sign and the magnitude of 

independent components are ambiguous after decomposition (Hyvärinen and Oja, 

2000). It is difficult to extract the source of interest directly by inspection of the spatial 
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distribution function. Alternatively, as the coefficient of the column vector 𝒂∙𝑖 

describes the relative contribution of the independent sources to each interferogram in 

interval phases, given the linear relation between the topographic phase residual and 

the spatial baseline in (3.5), the column vector 𝒂∙𝑖 corresponding to the independent 

component of DEM errors can be described as a linear function of the spatial baseline 

of interval interferograms. For the sake of computation efficiency and reliability, we 

propose two steps to determine the independent component of interest. We first 

identify the component of interest by calculating the correlation coefficient between 

the column vector of mixing matrix 𝑨  and the spatial baseline for each divided 

component, i.e., 

 
𝛾𝑖 =

∑ (𝑎𝑗𝑖 − 𝒂∙𝑖̅̅ ̅)(𝑏⊥
𝑗
− 𝑏⊥

∙̅̅ ̅)𝑁
𝑗=1

√∑ (𝑎𝑗𝑖 − 𝒂⋅𝑖̅̅̅̅ )2𝑁
𝑗=1 ∑ (𝑏⊥

𝑗
− 𝑏⊥

∙̅̅ ̅)2𝑁
𝑗=1

, 𝑖 = 1,2, … , 𝑘  

𝒂∙𝑖̅̅ ̅ =
1

𝑁
∑ 𝑎𝑗𝑖

𝑁

𝑗=1
 

𝑏⊥
∙̅̅ ̅ =

1

𝑁
∑ 𝑏⊥

𝑗
𝑁

𝑗=1
 

(3.9) 

The source component of DEM error, which is denoted as the 𝑡th component, is 

expected to have the largest value of absolute correlation coefficient, 

 𝛾𝑡 = max
𝑖

{|𝛾𝑖|} ,      𝑖 = 1,2, … , 𝑘 (3.10) 

When the source of DEM error is initially determined, the phase contribution from the 

DEM error source is expressed as 

 ∅𝑡𝑜𝑝𝑜 = 𝒂∙𝑡 ⊗ 𝒔𝑡∙ (3.11) 

Assuming 𝒉𝜀 is the unknown DEM error map for all selected points in the radar scene, 

combining (3.5), (3.8) and (3.11), we can derive 

 ∅𝑡𝑜𝑝𝑜 = 𝒃 ⊗ 𝒉𝜀 = 𝒃 ⊗ (𝑓𝒔𝑡∙) = (𝒃𝑓) ⊗ 𝒔𝑡∙ 

𝒃 = [𝑏1, … , 𝑏𝑗 , … , 𝑏𝑁] 
(3.12) 
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where 𝑓 is the conversion coefficient between the vector of spatial baseline factor 𝒃 

and the column vector 𝒂∙𝑡 of identified DEM error source. The conversion coefficient 

can be derived from LS 

 𝑓 = (𝒃𝒃𝑇)
−1

𝒃𝒂∙𝑡
𝑇  (3.13) 

In the second step, to guarantee the reliability of identified DEM error source 

component, we employ a 𝐹 test to determine whether the elements of the selected row 

𝒂𝑡∙ of 𝑨 are sufficiently correlated with the spatial baselines and thereby indicate the 

corresponding source is attributed to topographic error. The 𝐹  test is described as 

(Eisenhauer, 2003; Kanji, 2006) 

 
𝐹 =

∑ 𝒃2𝑓2𝑁
𝑗=1

∑ (𝑎𝑗𝑡 − 𝒃𝑓)2𝑁
𝑗=1

(𝑁 − 1) (3.14) 

where the 𝐹 statistic follows the 𝐹-distribution with (1, 𝑁 − 1) degrees of freedom. 

Given the significance level of 𝛼 and degrees of freedom, the critical value of the 𝐹-

distribution 𝐹1,𝑁−1,𝛼 is calculated. If 𝐹 < 𝐹1,𝑁−1,𝛼, it means the column vector of the 

selected components does not significantly fit the linear relation with the spatial 

baselines, leading to a failed estimation of the spatial distribution of the DEM error. 

In that case, the number of retained principal components in (3.7) is reevaluated by 

adding one. If 𝐹 > 𝐹1,𝑁−1,𝛼 , it indicates that the mixing vector of the selected 

component is sufficiently correlated with the spatial baselines regardless of other 

confounding signals (e.g., deformation, atmospheric artifacts, and orbital inaccuracy) 

so the determined component can be further converted to DEM error. Combining 

(3.12) and (3.13), the unknown DEM error map is obtained by 

 𝒉𝜀 = 𝑓𝒔𝑡∙ (3.15) 

As a summary, Fig 3.2 depicts the involved steps of the proposed non-parametric 

DEM error estimation. 
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Fig 3.3 (a) Network plot of selected interferograms. Simulated (b) linear, (c) periodic 

and (d) complex deformation model in time series. 

 

Fig 3.4 A schematic realization of the generation of the synthetic interferogram. (a) 

DEM error. (b) Deformation. (c) Atmospheric delay. (d) Thermal noise. (e) Final 
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synthetic interferogram after phase unwrapping (perpendicular baseline 85 m, 

temporal baseline 280 days). 

3.4. Synthetic data test 

We conduct a set of simulation tests to evaluate the performance of the proposed 

estimator. A total of 23 SAR acquisitions from the C band sensor with a wavelength 

of 5.62 cm are used in the tests, where the baseline information is retrieved from the 

real Envisat/ASAR dataset (Frame 2925, Track 170) over Los Angeles Basin, 

California. From the SAR images, we select 250000 coherent points and generate 63 

interferograms with spatial and temporal baselines shorter than 245 m and 280 days, 

respectively. The interferogram network is shown in Fig 3.3 (a). We assume that the 

phase ramps due to satellite orbital inaccuracy have been removed from 

interferograms, which in real cases can be done by using the method proposed in 

(Zhang et al., 2014). The signals considered in the synthetic interferograms comprise 

deformation, DEM error, atmospheric delays, and noise. The deformation field is 

generated by using the peak function in MATLAB. Three types of deformation 

variations in time series are simulated, i.e., linear (Fig 3.3 (b)), periodic (Fig 3.3 (c)), 

and complex variations (Fig 3.3 (d)). The DEM error map is produced based on the 

fractal surface with a fractal dimension of three and the error values ranging from -30 

m to 30 m. The atmospheric delays are generated with the fractal dimension of 2.2 

with the maximum delay value varying from 0 to 3.5 rad. We also add the random 

noise into the interferograms with a mean value of zero rad and a standard deviation 

of 0.1 rad. As a result, Fig 3.4 shows an example of a synthetic interferogram. 

To assess the effectiveness of the proposed method under different conditions, we 

independently vary one factor while fixing the effects of other parameters. We also 

compare the method with the state-of-art methods of DEM error estimation, i.e., 

original SBAS (Berardino et al., 2002), Fattahi’s (Fattahi and Amelung, 2013) and 

Samsonov’s methods (Samsonov, 2010). The accuracy of the estimated DEM error is 

quantitively described by RMSE between the estimated and the simulated DEM error, 
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𝒉𝑟𝑚𝑠𝑒
𝜀 = √

1

𝑁𝑢𝑚
∑ (𝒉𝑒𝑠𝑡

𝜀 − 𝒉𝑡𝑟𝑢𝑒
𝜀 )2

𝑁𝑢𝑚

𝑖=1
 (3.16) 

where 𝒉𝑒𝑠𝑡
𝜀  and 𝒉𝑡𝑟𝑢𝑒

𝜀  are the estimated and the simulated DEM error map, 

respectively, and 𝑁𝑢𝑚 represents the number of coherent points. 

 

Fig 3.5 Effect of simulated deformation input on DEM error estimation by four 

methods. The first three rows represent the estimated DEM error by four methods 

when simulated deformation models are linear (a-d), periodic (e-h), and complex (i-

l), respectively. The fourth row shows the error histograms between simulated and 

estimated DEM errors. In (p), three histogram curves (i.e., red, green and blue lines) 

have overlapped each other, indicating that the proposed approach is almost immune 

to the bias raised by improper deformation model. 
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3.4.1. Effect of deformation models 

We first identify the effect of different deformation models to the DEM error 

estimation. Three groups of interferograms are generated with different deformation 

variations in time series (i.e., linear, periodic and complex). Atmospheric delays with 

a maximum variation of 1.0 rad are added into the synthetic interferograms. All 

interferograms are spatially unwrapped by minimum cost network flow (MCNF) 

(Costantini, 1998), then the DEM error is estimated by using four methods (i.e., SBAS, 

Samsonov’s, Fattahi’s, and the proposed methods). The results are shown in Fig 3.5. 

It is observed that when the simulated displacement in time series is linear, four 

methods obtain consistent results with the theoretical values. This is because the linear 

displacement can be well described by the cubic polynomial in (Berardino et al., 2002; 

Fattahi and Amelung, 2013) and the phase interval velocities in (Samsonov, 2010). 

Whereas, when the simulation swaps to periodic displacements, the estimations from 

SBAS, Fattahi’s and Samsonov’s methods show differences with the simulated DEM 

error map. The discrepancies become apparent when the simulated displacement 

changes to complex variation. The estimation error in the conventional methods 

occurs mainly stems from the deformation discrepancy between the real and the model 

used. By contrast, the proposed method keeps stable estimation regardless of 

deformation variation It reveals that the proposed method is insensitive to the 

unknown displacement fluctuation in time series. 

3.4.2. Effect of atmospheric artifacts 

We test the effect of atmospheric delays for different deformation variations in the 

DEM error estimation. In each deformation scenario, atmospheric delays with eight 

levels of maximum variation are added into the synthetic interferograms with the same 

level of DEM error and random noise. We conduct the DEM error estimation and 

calculate RMSE between the estimated and simulated values. Fig 3.6 shows the 

comparison of derived RMSE for four methods. As can be seen, in the three 

deformation scenarios, the proposed method has the lowest RMSE regardless of the 

rise of atmospheric delay level. Compared with the conventional methods, the 

proposed method shows the lowest sensitivity to atmospheric contamination. 
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Fig 3.6 Effect of atmospheric delays on DEM error estimation by four methods with 

three deformation inputs. Deformation models are (a) linear, (b) periodic, and (c) 

complex ones, respectively. 

3.4.3. Effect of maximum spatial baseline 

To assess the sensitivity of the maximum spatial baseline to the DEM error estimation, 

we scale the spatial baselines of selected interferograms by varying the scaling factor 

from 0.1 to 2. By using the scaled baselines, we generate 20 groups of interferograms 

with the same level of DEM error, deformation, atmospheric delays, and random noise. 

We apply four methods to retrieve the DEM error map from the unwrapped 
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interferograms and calculate the derived RMSE as the function of maximum spatial 

baseline. From Fig 3.7, it is visible that the RMSE of estimated DEM error decreases 

with the increase of the maximum spatial baselines, indicating that large spatial 

baselines can improve the accuracy of DEM error estimation. Although tendency of 

future satellites with shorter spatial baselines imposes a challenge on the accuracy of 

DEM error estimation, the experiments demonstrate that even the maximum spatial 

baseline is limited within 50 m, the estimation RMSE from the proposed method can 

decrease to 2 m, providing a possible solution for high-accuracy DEM error estimation 

in the future satellite missions. 

3.4.4. Effect of interferogram number and subset 

We finally test the effect of interferogram number and subset on the DEM error 

estimation. As pointed in (Du et al., 2017), more interferograms mean more 

observations, so it can improve the accuracy of DEM error estimation. However, the 

interferogram subsets may cause a biased estimation, especially when the phase 

observations are described by unmodeled displacements and atmospheric delays. To 

assess the impacts, we extend the thresholds of spatial and temporal baselines to 350 

m and 350 days, respectively, and generate 106 interferometric pairs. The same level 

of DEM error, deformation, atmospheric delays, and random noise are converted to 

phases and added into the interferograms. We randomly select interferograms with the 

selection number ranging from 10 to 105. For each selection number, there are various 

combinations, so we repeat the selection 100 times without replacement. The DEM 

error map and the RMSE value are estimated based on the selected interferograms. 

The mean value of RMSE for each selection number represents the overall estimation 

sensitivity to the number of interferograms, while the standard deviation (STD) of 

RMSE reflects the stability of algorithms to interferogram configuration (i.e., subset 

and baseline distribution). The effects of interferogram numbers and subsets are 

illustrated in Fig 3.8, where the mean and STD values of RMSE are plotted as the 

functions of interferogram numbers. As shown in Fig 3.8, when the interferogram 

number is small, the mean and STD values of RMSE significantly decrease with the 

increase of the interferogram number, suggesting the estimation of DEM errors is 
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affected by the number of observations. While the sampling number is large, the 

RMSEs from the four methods flatten out gradually. Particularly, the proposed method 

has the fastest convergence speed among four methods, and it has the lowest mean 

and STD values of RMSE when the deformation has periodic or complex 

characteristics. The test results demonstrate that even in the case of a small 

interferogram number or interferogram subsets, the proposed method is notably 

superior to the other methods. 

 

Fig 3.7 Effects of spatial baseline threshold on DEM error estimation by four methods 

with three deformation inputs. Deformation models are (a) linear, (b) periodic, and (c) 

complex ones, respectively. 
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Fig 3.8 Effect of interferogram number and subset on DEM error estimation by four 

methods with three deformation inputs. The left panels show the variation of average 

RMSE between estimated and simulated DEM error by four methods, and the right 

panels show the STD of RMSE. Deformation models are (a & b) linear, (c & d) 

periodic, and (e & f) complex ones, respectively. 

In short summary, we have evaluated the performance of the proposed method by 

comparing it with the state-of-art methods under various environments. The factors 

we have considered include deformation model, atmospheric contamination, 

maximum of baseline, and interferogram configuration. The experiment results show 

that the new method provides a more robust way to estimate the DEM error when the 

observations suffer the above adverse effects. To explain the phenomena, the 

conventional methods estimate DEM error from a single point in one dimension, 

which is prone to unexpected phase fluctuations due to unmodeled deformation, 

atmospheric delay, and network connectivity. By contrast, the new method extracts 

the DEM error map from the interval interferogram stack in two-dimensional space, 
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which works based on two reasonable assumptions that DEM error is spatially 

independent with other signals and the induced phase residual in interferograms 

baseline-dependent. By considering the spatial independence and dependence on the 

spatial baseline, the proposed estimator is less affected by the signal fluctuation. 

 

Fig 3.9 Shaded-relief map of the study area over Dangxiong, China. The blue solid 

box outlines the study area covered by ascending ALOS/PALSAR images (Track 500, 

Frame 580). The insert map shows the location of the study area in China. 

3.5. Real data test 

We test the method using the real SAR data acquired over Dangxiong, China from 

December 29, 2006, to January 6, 2010 (Fig 3.9). A total of 9 ALOS/PALSAR images 

are used to generate 11 interferograms with the temporal and spatial baselines less 

than 830 days and 550 m, respectively (see Table 3.1). During the interferometric 

process, 1-arc-second ASTER GDEM is used to remove the topographic phase. 
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Accounting for the effects of layover and shadow in mountainous areas, pixels in 

interferograms suffering from geometric distortions are detected and eliminated. 

Table 3.1 Interferometric pair baseline information 

Interferometric pair 

(yyyymmdd) 

Perpendicular baseline 

(m) 
Temporal baseline (day) 

20061229-20090103 406 736 

20071001-20080101 192 92 

20071001-20091006 -538 736 

20071001-20100106 -290 828 

20080101-20100106 -483 736 

20080703-20090218 -462 230 

20080703-20090821 210 414 

20080703-20091006 566 460 

20090103-20090218 395 46 

20090821-20091006 356 46 

20091006-20100106 248 92 

 

Fig 3.10 Wrapped interferograms before correcting DEM error. 

Fig 3.10 shows the interferograms before DEM error correction. Although ASTER 

GDEM has a vertical accuracy of 15 m in mountainous areas (Meyer et al., 2015), the 
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DEM inaccuracy in this area is still apparent, hampering the extraction of the 

deformation field. After the DEM error correction by using the proposed algorithm, 

the corrected interferograms are shown in Fig 3.11. We can see that the phase residuals 

caused by DEM inaccuracy have been effectively removed. The spatial pattern of the 

landslide can be identified from the corrected interferograms (i.e., the areas in red), 

facilitating further landslide interpretation. 

 

Fig 3.11 Wrapped interferograms after correcting DEM error. 

To further demonstrate the stability of the method in the presence of atmospheric 

delays, we apply the proposed method to estimate DEM error from the interferograms 

before and after correcting height-dependent atmospheric delays, respectively, and 

compare the results with the estimation from the conventional methods (i.e., SBAS, 

Fattahi’s method, and Samsonov’s method). To remove the height-dependent 

tropospheric delays, we fit a linear relationship between the unwrapped phase and the 

local elevation (Doin et al., 2009). Fig 3.12 presents the comparison of the estimated 

DEM errors before and after height-dependent atmospheric delays correction. It is 

visible that the proposed method can derive stable results regardless of atmospheric 
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delays, further suggesting that the developed method is insensitive to the atmospheric 

contamination. 

 

Fig 3.12 Comparison of estimated DEM error before and after height-dependent 

atmospheric delays correction by four methods. 

From a point view of computation load, since the new method directly extracts the 

spatial pattern of DEM error, the estimation is efficient for interferogram stacks. More 

impressively, the performance of the proposed estimator is still satisfied when the 

number of available interferograms is small. In the real data case, it only takes 4.9 s 

to obtain the DEM error map from 957982 points in 11 ALOS/PALSAR 

interferograms using MATLAB software with an Intel i7 3.6 GHz CPU. 
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3.6. Conclusion  

In this chapter, we have presented a new DEM error estimation method for MTInSAR 

datasets. This method employs ICA to retrieve independent components of DEM error 

from the interval interferograms and perform estimation in a spatial domain. This 

distinguishes the estimator from the existing methods that derive the parameters of 

interest from pixel-by-pixel or arc-by-arc estimation. Distinct advantages of this 

method are that no a priori information of a deformation model in time series is 

required, and it is largely immune to the atmospheric contamination and limitations in 

baseline configuration. 

Results from extensive tests using both synthetic and real datasets have shown that 

this method works well under various situations and provides a more stable and 

accurate estimation compared with the existing approaches. Accurate separation of 

DEM error provides a solid basis for the subsequent displacement retrieval in 

MTInSAR. 
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Chapter 4. A Joint model for correcting stratified 

tropospheric delays 

Tropospheric delays in differential interferometric InSAR measurements are mainly 

caused by spatial and temporal variation of pressure, temperature, and humidity 

between SAR acquisitions. The delays are one of the primary error sources in InSAR 

observations. Although independent atmospheric measurements have been used to 

correct TDs, their sparse spatial or temporal resolution requires interpolation, leading 

to uncertainties in the corrected interferograms. The performance of the conventional 

phase-based correction method is weakened by the confounding signals (e.g., 

tropospheric delays, deformation, and topographic errors, etc.) and spatial variability 

of the troposphere. In this chapter, we propose a method that can simultaneously 

estimate stratified tropospheric delays with parameters of deformation and 

topographic error based on their distinct spatial-temporal correlation. Spatial 

variability of the relationship between TDs and the topographic height is addressed 

through localized estimation in windows divided by quadtree according to height 

gradient.  

4.1. Introduction 

The InSAR phase represents a superposition of multiple signals including deformation, 

topographic error, satellite orbital inaccuracy, and atmospheric propagation delays. To 

accurately retrieve the deformation field, separating the deformation signal from the 

other phase components is critical, especially the atmospheric propagation delays that 

can impose notable errors in deformation measurements (Béjar-Pizarro et al., 2013; 

Cavalié et al., 2007; Cavalié et al., 2008; Elliott et al., 2008; Walters et al., 2013; 

Walters et al., 2014; Zebker et al., 1997). 

Atmospheric delays are in general divided into ionospheric and tropospheric terms 

(Doin et al., 2009; Hanssen, 2001). Delays in the ionosphere are caused by spatial and 

temporal disturbance of free electron density. The ionospheric effect is mostly 

observed by long-wavelength SAR sensors caused by the dispersive property of the 

atmospheric medium (Chapin et al., 2006; Zhang et al., 2016). In contrast, TDs are 
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characterized as nondispersive effects due to variations in pressure, temperature, and 

humidity. The total TDs are considered as the result of turbulence mixing in the neutral 

atmosphere and stratified delays in the lower part of the troposphere together. The first 

component, turbulence mixing in the neutral atmosphere, varies randomly in space 

and time, while the stratified delays in the lower part of the troposphere are generally 

distributed according to the topography, leading to dependence on elevation. In this 

study, we specifically focus on correcting the stratified component of TDs in 

MTInSAR measurements. 

Different strategies have been developed to estimate and correct TDs in InSAR 

measurements. One group of strategies directly predicts the tropospheric signals from 

external information. These methods include the use of  local or global weather 

models (Doin et al., 2009; Foster et al., 2006; Jolivet et al., 2014; Walters et al., 2014), 

large GPS network data (Li et al., 2006a; Onn and Zebker, 2006; Yu et al., 2017) and 

satellite multispectral imagery (Li et al., 2006b; Li et al., 2006c), such as MODIS 

(Moderate Resolution Imaging Spectroradiometer) and MERIS (Medium Resolution 

Imaging Spectrometer). Combined methods that use satellite spectrometers together 

with GPS data or weather models to produce atmospheric delay maps on SAR 

acquisition dates (Li et al., 2005; Puysségur et al., 2007; Walters et al., 2013) have 

also been developed. However, GPS-based correction is limited by the sparse 

distribution of GPS stations in remote areas. The image-based correction method 

requires calibration and can only work under cloud-free and daylight conditions. 

Spectral observations and weather model measurements have the limitation of lower 

spatial resolution. In addition, spectral observations might not be temporally 

synchronized with SAR acquisitions and therefore need interpolation, leading to 

uncertainties in the estimated tropospheric signals (Bekaert et al., 2015b; Ding et al., 

2008; Lin et al., 2010). 

Another group of methods focuses on mitigating or correcting delays solely based on 

InSAR data itself. Typical methods involve averaging 𝑁 independent interferograms 

(Schmidt et al., 2005) or performing spatio-temporal filters on interferometric phase 

stack (Berardino et al., 2002; Ferretti et al., 2001; Hooper et al., 2004; Schmidt and 
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Bürgmann, 2003). These methods can reduce phase variance induced by atmospheric 

delays, provided that atmospheric delays are temporally uncorrelated and ground 

deformation is stationary in SAR observation periods. Alternatively, the stratified 

component of TDs in interferograms can be empirically estimated from the best-fitting 

linear relation between the phase delay and the topography using (Cavalié et al., 2007; 

Doin et al., 2009; Lin et al., 2010) 

 ∆∅𝑡𝑟𝑜𝑝 = 𝐾 ∙ ∆ℎ + ∅0 (4.1) 

where ∆∅𝑡𝑟𝑜𝑝 and ∆ℎ denote the tropospheric phase delay and elevation difference, 

respectively, 𝐾 represents the delay/elevation ratio, and ∅0 represents the intercept, 

which can be neglected when (4.1) is applied to the whole interferogram. Such linear 

relation correction has been used to reduce topography-dependent phase delays, yet 

its performance is weakened by two limitations. One is the contamination from other 

signals (e.g., deformation, topographic error, etc.) which can bias the estimation of 

delay/elevation ratio 𝐾. Improved methods are available to remove the deformation 

signal by using, for example, a priori  model of ground motion (Cavalié et al., 2008; 

Elliott et al., 2008) or a multiscale approach to select a spatial band insensitive to 

deformation (Lin et al., 2010) before  the  estimation of 𝐾. But these methods are 

prone to overcorrected phase delays when the displacement is correlated with 

topography (Walters et al., 2013) and the band selection requires empirical 

information which is sensitive to outliers. The second limitation stems from the fact 

that a unified delay/elevation ratio cannot be applied for the whole extent of the SAR 

scene due to the spatial variability of tropospheric property. Some efforts have been 

devoted to overcoming this limitation by using either a piecewise linear height 

correction in multiple windows (Béjar-Pizarro et al., 2013) or a spatially variable 

power law approach (Bekaert et al., 2015a). However, the former method ignores the 

bias of intercept ∅0 which needs a common reference in different windows (Bekaert 

et al., 2015a; Bekaert et al., 2015b), while the power-law function is sensitive to the 

trade-off between estimated parameters and deformation or turbulence signals 

(Bekaert et al., 2015b; Doin et al., 2009). 
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Fig 4.1 Schematic of estimation for the tropospheric signal. The black line shows an 

example of a tropospheric delay that varies as a nonlinear function of elevation 

(Bekaert et al., 2015a; Elliott et al., 2008). Such a delay cannot be modeled by the 

conventional linear method (i.e., the dot-dash line), which, however, can be well 

approximated by polylines (i.e., the dot-dash line with triangle). These polylines have 

fixed slopes within certain gradients. 

The primary goal of this work is to develop a new TD correction method that can 

resolve the limitations associated with the abovementioned approaches. By jointly 

estimating spatially varying TDs together with deformation and topographic error 

under the MTInSAR framework, the proposed method can more accurately isolate 

TDs from other signals. Moreover, the proposed method is highly adaptive for a large 

set of interferograms since it is based on an interferogram stack rather than a single 

image pair. Because the relationship with topographic height might vary from place 

to place, the stratified delays should be modeled locally. The criterion for local 

window segmentation has not previously been explored. We propose here a quadtree-

based strategy for window segmentation, which can adaptively determine the window 

size with the predefined allowable height gradient. In each local window, deformation 

and topographic errors are parameterized according to the relationship with temporal 

and spatial baselines, respectively, and tropospheric delays are simultaneously 

modeled following their dependence on topography. We implement our model and 
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parameter estimation under the framework proposed by  Zhang et al. (2011) where 

observations are phase difference at arcs (i.e., coherent point pairs) without the need 

for phase unwrapping, accompanied by a phase ambiguity detector designed to 

remove arcs having phase integers. We demonstrate the performance of the proposed 

method with both simulated and real data sets. 

4.2. Methodology 

4.2.1. Window segmentation 

The starting point of this method is selecting interferometric pairs with short temporal 

and spatial baselines. In each interferogram, phase ramps induced by orbital 

inaccuracy are preliminarily removed by fitting two-dimensional polynomials (Biggs 

et al., 2009; Biggs et al., 2007; Zhang et al., 2014). Considering the spatial variability 

of the troposphere signal, the whole scene of the interferogram is divided into multiple 

windows. Regular use of square windows have been widely employed for this purpose 

(Béjar-Pizarro et al., 2013; Bekaert et al., 2015a; Zhu et al., 2016). However, such a 

strategy defines the same spatial size over the whole image without accounting for the 

elevation variation within each window, possibly resulting in unsuitable windows. For 

example, if the size is too small, there might be some windows that are entirely 

occupied by the turbulent component of atmospheric delays, degrading the reliability 

of estimated delay-elevation ratios (Bekaert et al., 2015b), and increasing the 

computational burden, while if the size is unsuitably large, there might be some 

windows with a large elevation gradient, making it insufficient to model the stratified 

component linearly. Instead, considering that the stratified delay has a strong 

relationship with elevation, which can be modeled linearly within a certain height 

difference (Fig 4.1), we conduct window segmentation according to height gradient 

by the quadtree. Only those windows with a large height gradient are further divided 

into quadrant windows, thus the turbulence will not occupy the entire estimation area 

and the linearity of tropospheric variation is preserved. The procedure of window 

segmentation is described as: 

1) Initialize coarse windows for the whole scene in the radar coordinate system. 

2) Compute the elevation range within each window. 
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3) Identify windows whose elevation ranges exceed threshold 𝑍 and divide the 

selected windows into four quadrants. 

4) Repeat steps 2 and 3 and terminate until the size of the divided window is 

smaller than threshold 𝑆. 

To maintain the spatial consistency, adjacent windows have an overlap of 25% 

window size. The threshold 𝑆 for the smallest window size and 𝑍 for the elevation 

range can be determined from a priori information. Theoretically, since tropospheric 

delays are caused by the air refractivity gradients of the neutral troposphere along the 

vertical direction, the delay variation in space is correlated with the distribution of 

pressure, temperature, humidity and water vapor content across the scene. For the 

smallest window size, considering the complicated variation of the troposphere in 

space, the lower limit of the smallest window size 𝑆 can be set as 2 km, as smaller 

length scale (𝑆<2 km) is relatively insensitive to larger-scale tropospheric signals (Lin 

et al., 2010). For elevation range, a small range may lead to insufficient observations 

in the divided window, while unsuitably large range might introduce a nonlinear 

variation of troposphere. In this study, 1000 m could be a conservative threshold of 

elevation range where the troposphere varies linearly with elevation since previous 

studies have shown that delay/elevation ratio remains stable within 900 to 2000 m 

(Cavalié et al., 2008; Doin et al., 2009). 

4.2.2. Joint estimation in local window 

Once window segmentation is finished, local Delaunay triangulation (Zhang et al., 

2011) is employed to densely construct arcs (i.e., point pairs) from coherent points 

within each window. The relationship between the stratified tropospheric delays and 

elevation in an individual SAR acquisition is taken as linear within a localized area. 

The relative phase delays in an interferometric pair can be represented as the 

difference of phase delays between master and slave SAR acquisitions, each being 

described by (4.1) with respect to a reference acquisition. Considering that the 

interferograms are the linear combinations of SAR images, for simplicity, we assume 

that the stratified tropospheric delays in the reference image is zero and use the 

resulting images to generate the delays of interferograms. By doing so, the number of 
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unknown parameters will be reduced. The phase delay at coherent point 𝑝 with respect 

to the reference SAR acquisition is expressed as 

 ∅𝑡𝑟𝑜𝑝,𝑠𝑙𝑐,𝑝
𝑖 = ℎ𝑝 ∙ 𝐾𝑠𝑙𝑐

𝑖 +∅0 (4.2) 

The phase delay difference between coherent point 𝑝 and 𝑞 can be written as 

 ∆∅𝑡𝑟𝑜𝑝,𝑠𝑙𝑐,𝑝,𝑞
𝑖 = (ℎ𝑝 − ℎ𝑞) ∙ 𝐾𝑠𝑙𝑐

𝑖  (4.3) 

where 𝑖 is denoted as the window number, 𝐾𝑠𝑙𝑐
𝑖  is the best-fitting linear coefficient 

within the window, ℎ𝑝 and ℎ𝑞 represent the elevation of point 𝑝 and 𝑞, respectively. 

Since point 𝑝 and 𝑞 have the same reference point in the local window, intercept ∅0 

is canceled out during the differencing operation. If there are 𝐺 arcs constructed in the 

𝑖th local window, the relative phase delays at all arcs in a SAR acquisition can be 

written as 

 ∆Φ𝑡𝑟𝑜𝑝,𝑠𝑙𝑐
𝑖

𝐺 × 1
=

𝑑ℎ𝑖

𝐺 × 1
∙

𝐾𝑠𝑙𝑐
𝑖

1 × 1
 (4.4) 

where 𝑑ℎ𝑖 is the vector of the elevation difference of all arcs in the local window. 

Considering there are 𝑀  interferograms generated from 𝑁  SAR images, phase 

components due to tropospheric delays in the 𝑖th local window can be denoted as 

 

∆Φ𝑡𝑟𝑜𝑝
𝑖

(𝐺 × 𝑀) × 1
=

𝐵𝑡𝑟𝑜𝑝
𝑖

(𝐺 × 𝑀) × (𝑁 − 1)
∙

𝑃𝑡𝑟𝑜𝑝
𝑖

(𝑁 − 1) × 1
 

𝐵𝑡𝑟𝑜𝑝
𝑖

(𝐺 × 𝑀) × (𝑁 − 1)
=

𝑑ℎ𝑖

𝐺 × 1
⊗

𝐹

𝑀 × (𝑁 − 1)
 

(4.5) 

where ∆Φ𝑡𝑟𝑜𝑝
𝑖  represents (𝐺 × 𝑀) × 1 vector including all phase differences induced 

by tropospheric delays in 𝑖th local window, 𝑃𝑡𝑟𝑜𝑝
𝑖  consists of all tropospheric delay 

coefficients with respect to the reference SAR image, ⊗ denotes the Kronecker tensor 

product. 𝐹 is the linear conversion matrix from single SAR image to interferometric 

pair, it has the form as 
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𝐹 = [

1 0 −1
0 1 ⋯
⋮
0

⋮
0

⋮
1

⋯ 0
−1 0
⋮
0

⋮
−1

]

𝑀×(𝑁−1)

 (4.6) 

where 1 and -1 indicate master and slave SAR images, respectively. Note that the 

tropospheric delays in reference SAR image are taken as zero, the corresponding 

column in 𝐹 has been removed. 

As mentioned previously, apart from tropospheric delays, InSAR phases are 

contributed by deformation and topographic error. Such phase contributions may 

influence the estimation of tropospheric delays in interferograms. To account for them, 

in the 𝑗th interferogram for coherent point 𝑝, the deformation rate (𝑣𝑝) and topography 

error (∆ℎ𝑝) can be modeled by 

 
∅𝑑𝑒𝑓𝑜+𝑡𝑜𝑝𝑜,𝑝

𝑖 = [−
4𝜋

𝜆
∙ 𝑇𝑗 −

4𝜋

𝜆
∙

𝐵⊥,𝑗

𝑟 ∙ 𝑠𝑖𝑛𝜃
] ∙ [

𝑣𝑝

∆ℎ𝑝
] 

(4.7) 

where 𝜆 is radar wavelength, 𝑟 is slant range distance from SAR satellite to ground 

coherent point 𝑝 , 𝜃  is local incident angle，𝐵⊥,𝑗  and 𝑇𝑗  represent the spatial and 

temporal baselines, respectively. Note that for simplicity we define the deformation 

model as a linear term. In other cases, nonlinear deformation can be empirically 

modeled by quadratic and cubic polynomials as well as seasonal functions (Berardino 

et al., 2002; Fattahi and Amelung, 2013; Zhang et al., 2011). Considering 𝑀 

interferometric pairs, phase contributions due to deformation and topography error 

can be expressed as 

 Φ𝑑𝑒𝑓𝑜+𝑡𝑜𝑝𝑜,𝑝
𝑖

𝑀 × 1
=

𝛽𝑑𝑒𝑓𝑜+𝑡𝑜𝑝𝑜,𝑝
𝑖

𝑀 × 2
∙
𝑃𝑑𝑒𝑓𝑜+𝑡𝑜𝑝𝑜,𝑝

𝑖

2 × 1
 

(4.8) 

where 𝑃𝑑𝑒𝑓𝑜+𝑡𝑜𝑝𝑜,𝑝
𝑖 = [∆ℎ𝑝 𝑣𝑝]𝑇 , 𝛽𝑑𝑒𝑓𝑜+𝑡𝑜𝑝𝑜,𝑝

𝑖  is a design matrix converting 

deformation rate and topography error to interferometric phases. When there are 𝐺 

arcs constructed from 𝐿  coherent points in the 𝑖 th local window, the phase 

components due to deformation and topographic error are denoted as 
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 ∆Φ𝑑𝑒𝑓𝑜+𝑡𝑜𝑝𝑜
𝑖

(𝐺 × 𝑀) × 1
=

𝐵𝑑𝑒𝑓𝑜+𝑡𝑜𝑝𝑜
𝑖

(𝐺 × 𝑀) × 2(𝐿 − 1)
∙

𝑃𝑑𝑒𝑓𝑜+𝑡𝑜𝑝𝑜
𝑖

2(𝐿 − 1) × 1
 

𝐵𝑑𝑒𝑓𝑜+𝑡𝑜𝑝𝑜
𝑖

(𝐺 × 𝑀) × 2(𝐿 − 1)
=

𝐶𝑖

𝐺 × (𝐿 − 1)
⊗

𝛽𝑑𝑒𝑓𝑜+𝑡𝑜𝑝𝑜
𝑖

𝑀 × 2
 

(4.9) 

where ∆Φ𝑑𝑒𝑓𝑜+𝑡𝑜𝑝𝑜
𝑖  represents (𝐺 × 𝑀) × 1  vector including all phase differences 

induced by deformation and topographic error in 𝑖 th local window.  

𝑃𝑑𝑒𝑓𝑜+𝑡𝑜𝑝𝑜
𝑖  represents the two-dimensional vector of deformation rate and topographic 

error for 𝐿 − 1 coherent points in the 𝑖th local window. Note that the parameters of 

the reference point have been assumed to be known. 𝐶𝑖 is the network matrix relating 

coherent points and arcs in the 𝑖th local window, in which the column associated with 

the reference point has been removed. It has a form as 

 

𝐶𝑖 = [

1 0 −1
0 1 ⋯
⋮
0

⋮
0

⋮
1

⋯ 0
−1 0
⋮
0

⋮
−1

]

𝐺×(𝐿−1)

 

(4.10) 

where 1 indicates the starting point and -1 represents the ending point along an arc. 

The proposed method aims to simultaneously estimate tropospheric delays, 

deformation and topography error, the joint model can be derived by combining (4.5) 

and (4.9), 

 ∆Φ𝑖

(𝐺 × 𝑀) × 1
= 𝐵𝑖 ∙ 𝑃𝑖 +

𝑅𝑖

(𝐺 × 𝑀) × 1
 

𝐵𝑖 = [𝐵𝑑𝑒𝑓𝑜+𝑡𝑜𝑝𝑜
𝑖 𝐵𝑡𝑟𝑜𝑝

𝑖 ] 

𝑃𝑖 = [𝑃𝑑𝑒𝑓𝑜+𝑡𝑜𝑝𝑜
𝑖 𝑃𝑡𝑟𝑜𝑝

𝑖 ]
𝑇
 

(4.11) 

where ∆Φ𝑖  represents (𝐺 × 𝑀) × 1  vector including all observations of phase 

differences in a joint model. 𝑅𝑖  represents the phase residual vector induced by 

decorrelation effects, unmodeled deformation and turbulence signals. The design 

matrix on the right side and the observation vector on the left side contain the 

estimation information of all arcs in a local window. It is difficult to use conventional 



68 

 

LS to solve such a large sparse linear system. Alternatively, we can adopt the sparse 

matrix factorization to derive the solution. One typical method refers to as an iterative 

process with the constraint 𝑚𝑖𝑛‖𝑅𝑖‖
2
 based on the Golub-Kahan bidiagonalization 

(Fong and Saunders, 2011). By solving (4.11), we can obtain tropospheric delay ratio, 

deformation rate and topography error at the same time. 

It should be noted that the observations in (4.11) are calculated from the difference of 

wrapped phases, we assume there are some phase ambiguities in the observations, and 

they should be removed before precise estimation. Therefore we adopt the outlier 

detector proposed in (Zhang et al., 2011) to identify the arcs with phase ambiguities. 

The detector can be expressed as (Zhang et al., 2011; Zhang et al., 2014), 

 max(|rg|) > Γ,   g = 1,⋯ , G (4.12) 

where 𝑟𝑔 represents the vector of phase residual of 𝑔th arc in 𝑅𝑖  and Γ denotes the 

threshold of phase residual after the initial estimation. Once the arcs with phase 

ambiguities are identified and eliminated, isolated points are detected and discarded 

to avoid rank deficiency in the design matrix 𝐵𝑖. Observations ∆Φ𝑖 and design matrix 

𝐵𝑖 in (4.11) also update after removing points and arcs. Then the unknown coefficients 

are obtained by conducting sparse matrix factorization again. Considering 𝐸 points 

and 𝐹 arcs are kept after phase ambiguity detection, the phase differences at arcs after 

removal of tropospheric signals can be derived by 

 ∆Φ̃𝑜
𝑖

(𝐹 × 𝑀) × 1
=

∆Φ̃𝑖

(𝐹 × 𝑀) × 1
−

�̃�𝑡𝑟𝑜𝑝
𝑖

(𝐹 × 𝑀) × (𝑁 − 1)
∙

�̃�𝑡𝑟𝑜𝑝
𝑖

(𝑁 − 1) × 1
 

∆Φ̃𝑜
𝑖

(𝐹 × 𝑀) × 1
= [∆∅̃𝑜,1

𝑖 ∆∅̃𝑜,2
𝑖 ⋯ ∆∅̃𝑜,𝑗

𝑖 ⋯ ∆∅̃𝑜,𝑀
𝑖 ]

𝑇
 

(4.13) 

where ∆Φ̃i, �̃�𝑡𝑟𝑜𝑝
𝑖 , and �̃�𝑡𝑟𝑜𝑝

𝑖  represent the updated terms in (4.13), ∆Φ̃o
i  represents the 

phase difference at all remained arcs after correcting tropospheric delays in the 𝑖th 

local window. 
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4.2.3. Final solution 

After performing the joint estimation in each local window, the stratified tropospheric 

phase delays are removed locally. The phase differences at arcs after the removal of 

tropospheric delays are derived over the whole scene. Some arcs that are located in 

the overlapped areas between adjacent windows might have different phase difference 

values. This is because the spatial variation of troposphere makes the delay/elevation 

ratios vary in different windows. To derive optimized results, we choose to retain the 

arcs in overlaps that have the smallest residuals obtained by (4.11). Once redundant 

arcs are removed, the corrected phases at coherent points are obtained by spatial 

integration with respect to a reference point. For each interferogram, the corrected 

phase differences at arcs and phase values at points can be linked by 

 ∆∅̃𝑜,𝑗
𝑖 = 𝐶 ∙ 𝑋𝑗 (4.14) 

where 𝑋𝑗 represents the 𝑗th corrected interferogram for tropospheric delays, 𝐶 denotes 

the conversion matrix relating coherent points to arcs in the whole scene. Note that 

the column corresponding to the reference point in 𝐶 has been removed. Thus (4.14) 

can be solved by using LS, 

 𝑋𝑗 = (𝐶𝑇𝑊𝐶)−1𝐶𝑇𝑊∆∅̃𝑜,𝑗
𝑖  (4.15) 

4.2.4. Algorithm flowchart 

The algorithm flowchart is shown in Fig 4.2 and the whole procedures of the 

developed method are described as follows. 

1) Prepare input datasets, including DEM of the study area, multi-temporal 

interferogram stack, and associated spatiotemporal baselines. 

2) Divide the whole scene into quadrant windows according to height gradient 

by quadtree. 

3) Within each local window, construct point network and jointly parameterize 

deformation, topographic error and height-dependent tropospheric delays. 

Outliers with phase ambiguities are detected and removed based on the 
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estimated residuals after initially solving the joint model, a second estimation 

is then performed to correct tropospheric delay at arcs. 

4) Combine all arcs from local windows to the whole scene and convert the 

estimated tropospheric delays and the corrected phases from arcs to points. 

 

Fig 4.2 Step-by-step routine for the proposed TDs correction. 

4.3. Synthetic data test 

To evaluate the performance of the proposed method, we conduct a simulation test 

using synthetic data consisting of 14 SAR images based on the topography of Hawaii 

island. The benefit of using a synthetic dataset is that the estimated tropospheric phase 

delays can be compared with the true values that are often unknown in real cases. 

During the test, we select 202530 coherent points in the test area with a spatial size of 
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92.2 km × 87.7 km and an elevation range of 4.2 km. The large coverage and high 

relief allow simulation of spatial variability for tropospheric signals. We assume the 

phase ramps induced by orbital errors have been removed before estimation, so the 

signal components considered in the synthetic interferogram consist of deformation, 

stratified tropospheric delay, topographic error, atmospheric turbulence, and random 

noise. The ground deformation field is constructed by using a Mogi model based on a 

point source in an elastic half-space (Mogi, 1958). We define that the central depth of 

point source is 8.7 km and the maximum deformation rate is 95mm/year along SAR 

LOS direction. To simulate the spatial variability of the stratified troposphere, we use 

an exponential function to express the relationship between phase delay and 

topography (Doin et al., 2009; Walters et al., 2013). Considering the temporal 

fluctuation, the interannual sine function is used to simulate the seasonal variation of 

the troposphere (Doin et al., 2009; Jolivet et al., 2014), therefore for a point with 

elevation  ℎ at a given SAR acquisition, the tropospheric phase delay is simulated as 

 
∅𝑡𝑟𝑜𝑝 =

(∅ℎ − ∅ℎ,𝑚𝑖𝑛) ∙ 𝑅

∅ℎ,𝑚𝑎𝑥 − ∅ℎ,𝑚𝑖𝑛
 

∅ℎ = 𝑒ℎ 

𝑅 = 𝑎 + 𝑏 ∙ sin (
2𝜋

𝑇
∙ 𝑡) 

(4.16) 

where 𝑎 and 𝑏 are the intercept and coefficient of the sine function, respectively, 𝑡 

represents SAR acquisition time, 𝑇 is the period of seasonal variation of troposphere 

Fig 4.3 (a) presents the simulation of the temporal evolution of tropospheric signals at 

SAR acquisitions. We produce topographic errors by using a fractal surface with the 

fractal dimension of 2.8 and define the errors that vary from 0 m to 30 m. The 

atmospheric turbulence in each SAR image is simulated using a fractal surface with 

the fractal dimension being 2.2 (Kampes, 2006). The turbulence has a maximum 

variation of 1 rad and occupies 30% of the whole scene. The random noise is generated 

with a mean value of 0 rad and a standard deviation of 0.1 rad. Finally, we generate 

23 interferograms with spatial and temporal baselines shorter than 200 m and 220 days. 

Fig 4.4 shows a realization of one simulated interferogram. 
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Fig 4.3(a) Temporal evolution of tropospheric signals at SAR acquisitions. (b) 

Relationship between tropospheric delay and elevation in the simulated interferogram. 

 

Fig 4.4 Main components for the construction of synthetic interferograms. (a) The 

topography of the island of Hawai’i. (b) Deformation rate. (c) Topographic error. (d) 

Topography-related tropospheric delays. (e) turbulence mixing. (f) final synthetic 

interferogram. One color-cycle corresponds to 5.6 cm in LOS direction. 
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Fig 4.5 Comparison of corrected results for TDs by conventional linear method (e, i 

and m), joint model with 3 × 3 regular windows (f, j and n), joint model with 32 × 32 

windows (g, k and o), joint model with quadtree windows (h, l and p). (a) simulated 

interferogram without tropospheric delays (b-d) schematics of window segmentation 

in the joint model. (e-h) corrected interferogram for tropospheric delays by four 

methods. (i-l) estimated tropospheric delays. (m-p) Distribution of residuals between 

synthetic and estimated tropospheric delays. 

Based on the synthetic datasets, we implement the quadtree aided joint model. The 

smallest window size and the threshold of elevation range for window segmentation 

are set as 2.7 km and 1000 m, respectively. Then the height-dependent TD parameters 

for SAR acquisitions are estimated together with the deformation rate and the 

topographic error in each divided window. We obtain the estimated tropospheric 

phase delays and phase maps after TD correction. The root mean square (RMS) of 
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simulated tropospheric phase delays is calculated as the magnitude of TDs. We then 

calculate the differences between the estimated and simulated TDs and compare them 

with the results derived from a conventional linear method (see Fig 4.5 and Fig 4.6). 

The comparison results show that although the TD estimation suffers spatial 

heterogeneity and signal confounding, the method can provide a reliable estimate. In 

cases when the simulated TDs are small, the TDs derived by the new method have a 

slightly larger RMSE with respect to the results from the linear method, but still within 

an accepted error range. This is because when turbulence mixing overwhelms the 

height-related TDs across the whole scene, the global linear estimation is more stable. 

(Bekaert et al., 2015b). Regardless of the magnitude of TDs, the quadtree aided joint 

model can effectively correct TDs from multi-temporal interferograms. 

 

Fig 4.6 (a) RMSE between estimated and simulated tropospheric delays in each 

interferogram. Each color corresponds to the result derived by one kind of method. (b) 

root mean square of simulated TDs in each interferogram. 

We also consider the impact of segmentation on joint estimation. Apart from the 

quadtree segmentation, we adopt two window segmentation strategies before 
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proceeding to joint estimation. The SAR scene is divided into two kinds of uniform 

windows; one scenario uses larger dimension windows of 31 km × 29 km (Fig 4.5 (b)) 

and the second uses a smaller window size of 2.9 km × 2.7 km (Fig 4.5. (c)). In each 

divided window, we implement the joint estimation and combine the estimation 

results to the whole scene. The results obtained from the uniform window 

segmentations are compared with the results from the quadtree aided segmentation 

(Fig 4.5 and Fig 4.6). As can be seen, no matter which regular window size is used, 

the quadtree aided joint model outperforms them. In fact, it is challenging for regular 

window segmentation to achieve the balance between tropospheric inhomogeneity in 

space and reliability of local estimation. In contrast, by using two parameters (i.e. 

elevation range and spatial dimension), the quadtree segmentation can achieve an 

optimal trade-off between preserving the spatial stability of troposphere in 

mountainous areas and minimizing turbulent degradation in flat areas.  

 

Fig 4.7 Average RMSE between estimated and simulated tropospheric delays in 23 

interferograms. Each color corresponds to the result derived by one kind of method. 

We further test the turbulent effects on the TD estimation.  We use two major 

parameters to describe turbulent effects in space. One is the maximum magnitude of 

turbulence in phase, which has the value of 1, 2 and 3 rad. The other one is the spatial 

size of the turbulence. We set the size as 30% and 60% of the whole scene. We 
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calculate the average RMSE between the estimated and the simulated TDs from 23 

interferograms and plot the results in Fig 4.7. It is observed that with the increase of 

turbulent magnitude and spatial size, no significant rise of RMSE is detected, implying 

that the proposed method is insensitive to the turbulence effect. This may be because 

the turbulence mixing varies randomly in space and time while the stratified delay 

only correlates with elevation, the use of abundant arc observations improves the 

robustness of linear estimation in local windows. 

 

Fig 4.8 Topographic map of Dangxiong of southern Tibet generated from SRTM 

DEM data. The black solid box outlines the study area covered by ALOS PALSAR 

data (Ascending Track 500). The blue solid rectangles represent the divided quadtree 

windows according to the elevation gradient. 
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Table 4.1 Interferometric pair baseline information 

No. Interferometric pair Perpendicular baseline (m) Temporal baseline (day) 

1 20061229-20070213 1552 46 

2 20070213-20071007 813 230 

3 20071001-20080101 192 92 

4 20071001-20080216 1174 138 

5 20071001-20080703 -1105 276 

6 20080101-20080216 981 46 

7 20080101-20080703 -1297 184 

4.4. Real data test 

4.4.1. ALOS/PALSAR data over Dangxiong 

We test the quadtree aided joint model by using real SAR data over Dangxiong of 

southern Tibet (Fig 4.8), where crustal activities are frequent due to normal faulting 

of the Yangdong-Gulu rift system. GPS records illustrate that the active rift system 

has a left-lateral slip rate of 0.7±1.1 mm/year and an opening rate of  2.0±0.6 mm/year 

(Gan et al., 2007). On October 6, 2008, an Mw 6.3 earthquake struck this area, causing 

large economic losses and casualties. We obtain 6 pre-seismic ALOS/PALSAR 

images (ascending track 500) acquired between December 29, 2006, and July 3, 2008. 

Seven interferograms are generated with the spatial and temporal baselines less than 

1300 m and 330 days, respectively (Table 4.1). 

As the test area has large spatial coverage (67 km × 82 km) and rugged topographic 

relief (3.6 to 6.3 km), the same tropospheric delay/elevation ratio cannot apply across 

the whole regions of the SAR scene. After correction by the linear method, the 

elevation-dependent tropospheric signals still remain in the interferogram (Wang et 

al., 2014). We select 2697662 coherent points from the multilooked interferograms 

with a spatial resolution of roughly 45 m. After correcting phase ramps due to orbital 

inaccuracy (Zhang et al., 2014), the interferogram scene is divided into local windows 

according to height gradient by quadtree. The smallest window size and the threshold 

of elevation range during quadtree segmentation are set as 2.1 km and 1000 m, 

respectively. In each local window, the stratified TDs are estimated with the 

deformation rate and topographic error. Since we focus on estimating and removing 
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stratified TDs, qualitative validation and discussion of the deformation results are 

beyond the scope of this study. Instead, we verify the effectiveness of TD correction 

of the proposed method through a comparison with a conventional linear method and 

Iterative Tropospheric Decomposition (ITD) method (Yu et al., 2018) (also known as 

the Generic Atmospheric Correction Online Service (GACOS) for InSAR). In 

particular, the GACOS method integrates high-resolution numerical weather model 

from the European Center for Medium-Range Weather Forecasts (ECMWF) with 

GPS derived tropospheric delay products (where available). The GACOS has the 

capability of separating stratified and turbulent signals from tropospheric total delays 

and generating the zenith total delay (ZTD) maps for correcting InSAR measurements. 

The combination of ECMWF and GPS ZTDs can preserve the attainable spatial and 

temporal resolutions of the two datasets (For detailed information, please refer to 

http://ceg-research.ncl.ac.uk/v2/gacos/). 

Fig 4.9 presents the wrapped phase maps after correcting tropospheric delays by using 

three methods. It can be observed that the interferometric phases are mainly 

contributed by the stratified TDs, which show correlation with the topography. After 

correcting the TDs, three methods cause a reduction in the global relation between 

topography and phase. However, discrepancies can still be observed in the phases over 

mountainous regions. The linear method leaves topography-related signals in the 

corrected interferometric pair 2008010-20080703 (Fig 4.9 (b)), while the results 

corrected by the GACOS method remain height-dependent patterns in interferometric 

pairs 20071001-20080101 and 20080101-20080703 (Fig 4.9 (c)). By applying the 

proposed method, the corrected interferograms show the largest reduction of height-

dependent signals (Fig 4.9 (d)). 

A statistical analysis of the delay/elevation ratios (Bekaert et al., 2015a) is conducted 

to evaluate the performance of tropospheric correction.  The ratios are calculated from 

the local windows before and after TD correction. Fig 4.10 presents the average 

delay/elevation ratio for each interferogram before and after correction. It can be 

observed that the three methods show effectiveness in mitigating stratified TDs, while 

the proposed method yields the largest reduction in local delay/elevation ratios. 

http://ceg-research.ncl.ac.uk/v2/gacos/
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Fig 4.9 Comparison of corrected interferograms over Dangxiong for ALOS/PALSAR 

data. (a) wrapped interferograms before correcting TDs. (b) wrapped interferograms 

after correcting TDs by the linear method. (c) wrapped interferograms after correcting 

TDs by the GACOS method. (d) wrapped interferograms after correcting TDs by 

quadtree aided joint model. 

In addition, we evaluate the correction performance by multiple iteration processes 

for the linear and the proposed methods. Table 4.2 presents the resulting 

delay/elevation ratios after the first and second corrections by two methods. It can be 

seen that, after the second correction, no improvement is found for the linear method 

while the improvement from the joint mode is insignificant. This is because the 

majority of the elevation-dependent delay has been removed in the first iteration. 

Considering the computational efficiency, one-time correction with the joint model is 

adequate to remove the height-related atmospheric delays. 
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Fig 4.10 Comparison of local delay/elevation ratios before and after correction for 

ALOS/PALSAR data. 

Table 4.2 Average local delay/elevation ratio (rad/km) before and after corrections 

 
20061229- 

20070213 

20070213-

20071001 

20071001-

20080101 

20071001-

20080216 

20071001-

20080703 

20080101-

20080216 

20080101-

20080703 

Before 
correction 

0.54 0.74 1.03 1.21 0.85 0.40 1.87 

After first 

correction by 
linear method 

0.53 0.58 0.42 0.52 0.53 0.39 0.58 

After second 

correction by 
linear method 

0.53 0.58 0.42 0.52 0.53 0.39 0.58 

After first 

correction by 
joint model 

0.48 0.49 0.28 0.42 0.47 0.35 0.47 

After second 

correction by 
joint model 

0.46 0.47 0.25 0.41 0.43 0.33 0.45 

4.4.2. Sentinel-1 Data over Iran-Iraq border 

We further test our method using C-band Sentinel-1 data over the Iran-Iraq border 

where Mw 7.3 earthquake occurred on November 12，2017. We use 19 Sentinel-1 

images acquired between April 9，2017 and November 11, 2017, to generate 28 

interferograms. A total of 358904 coherent points is selected from multilooked 

interferograms with a spatial resolution of around 50 m. The scene is divided into 337 

local windows in which the joint estimation is adopted. 

Fig 4.11 provides a comparison of TD correction from different methods. The 

Sentinel-1 interferograms exhibit complex phase patterns due to the spatial variation 
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of the stratified troposphere and turbulent mixing. The height-dependent TDs are 

observed in the mountainous areas. After correction, three methods show reductions 

of TDs in interferograms. Fig 4.12 presents the comparison of delay/elevation ratios 

before and after TD correction for 28 interferograms. The results indicate that the 

proposed method has the best performance in the removal of the stratified TDs. It is 

worth noting that after correction, the nonzero delay/elevation ratios are attributed to 

the remaining confounding signals. 

 

Fig 4.11 Comparison of corrected interferograms over the Iran-Iraq border for 

Sentinel-1 data. (a) wrapped interferograms before correction TDs. (b) wrapped 

interferograms after correction with the linear method. (c) wrapped interferograms 

after correction with the GACOS method. (d) wrapped interferograms after correction 

with quadtree aided joint model. 
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Fig 4.12 Comparison of local delay/elevation ratios before and after correction for 

Sentinel-1 data. 

4.5. Conclusion  

In this chapter, we have proposed a quadtree aided joint model for correcting stratified 

TDs under the MTInSAR framework. It has the capability of isolating TDs from 

wrapped phases despite the existence of deformation signal and topographic error. 

The key step of separating confounding signals is the joint model which 

simultaneously estimates stratified TDs, deformation, and topographic error, leading 

to a more robust result. Meanwhile, accounting for the spatial variations of the 

troposphere, the joint model is performed within local windows, which are derived by 

quadtree segmentation according to the topography gradient. 

The effectiveness of the proposed method has been verified by investigating simulated 

and real SAR datasets. The simulated experiments demonstrate that the joint 

estimation is robust against the interference of deformation and topographic error. The 

experiments also show the quadtree aided estimation is effective in lieu of the spatial 

variations of troposphere turbulence. 

It is worth remarking that, due to the dense network and phase ambiguity detector 

employed in the joint model (Zhang et al., 2011; Zhang et al., 2014), the estimation of 

integer ambiguity is not necessary and phase unwrapping error can, therefore, be 
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avoided. However, this is a thorny issue for the conventional linear method or external 

prediction product which is implemented based on the unwrapped interferometric 

phase. 

In terms of computation efficiency, as the joint model contains intensive parameters 

and large redundant observations of arcs, the computational memory and processing 

time can be high. Take the ALOS/PALSAR data for example, the whole processing 

files occupy about 17.1 GB memory. The processing time is about 12.9 h on a desktop 

with an Intel i7 CPU and 64 GB memory. For the Sentinel-1 data, the whole 

processing requires 6.7 GB memory and takes about 1.6 hours. The high demand for 

computation memory and processing time could be the main limitations of the 

proposed method.  
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Chapter 5. Accurate deformation estimation in 

MTInSAR: A case study of the Freeway No. 3 landside in 

northern Taiwan 

In Taiwan, landslides pose serious threats to local residents and infrastructures each 

year due to high mountain relief and distinct seasonal precipitation distribution. 

InSAR provides a powerful tool to map terrain motion and characterize the failure 

mechanism of unstable slopes. However, it is challenging for the conventional InSAR 

technique to obtain reliable landslide information in mountainous regions because of 

insufficient coherent measurements and signal confusion caused by vegetation 

coverage and rugged terrain. In this Chapter, we adopt an optimized MTInSAR 

approach to analyze the surface displacement of an artificial side slope along Freeway 

No.3, where a catastrophic landslide failure occurred on April 25, 2010, in northern 

Taiwan. We integrate the algorithms described in Chapters 2, 3 and 4 to correct the 

error sources step-by-step in the MTInSAR framework. We apply the integrated 

MTInSAR method to retrieve the slope movement before the collapse. The results 

reveal the existence of slope movement with a rate of about -30 mm/year prior to the 

landslide failure. Further analysis shows that the temporal behaviors of downslope 

movement are correlated with local precipitation. The study demonstrates the need to 

continuously monitor and verify the stability of artificial slopes to prevent and 

minimize the probability of a similar landslide occurrence in the future. 

5.1. Introduction 

Landslides, as the result of gravitational force and geological instabilities, are one of 

the major types of geological disasters around the world. Taiwan is prone to landslides 

that have a severe impact on the island residents due to its unique geological 

conditions and high annual rainfall. Although landslides mostly occur on natural 

slopes, the threat they pose to  artificial side slopes should not be overlooked (Ochiai 

et al., 2007; Wasowski and Bovenga, 2015). On April 25, 2010, failure of an artificial 

side slope occurred at 3K +035 (approximately 3.1 km) on Freeway No.3 in northern 

Taiwan. No rainfall or earthquake was recorded in the weeks prior to the event. The 
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released slide mass had a volume of nearly 200,000 m3 and an area of 14,000 m2 and 

destroyed the artificial slopes, freeway viaducts, and a bridge overpass in seconds, 

resulting in the burial of three vehicles and four fatalities. 

In an effort to investigate the failure mechanism and possible triggers, a designated 

forensic analysis has been conducted using both in-situ and laboratory tests (Lee et al., 

2013; Liao and Lee, 2011). In this context, it is crucial to perform a pre-disaster 

inventory to identify the temporal precursors and the spatial extent of the landslide 

failure. Conventional geodetic techniques, such as GPS and spirit leveling, can 

provide slope stability information from point measurements; however, their sparse 

spatial distributions reduce their applicability in large-scale areas with rugged terrain. 

InSAR has the ability to monitor ground surface movement with high spatial 

resolution and large spatial coverage. However, InSAR is less effective in low 

coherence environments. Areas covered by dense vegetation are usually excluded 

from the analysis, resulting in limited information in an InSAR deformation map. 

Highly vegetated areas and rugged terrain pose challenges to conventional InSAR 

techniques for quantitative hazard and risk assessment.  

In this study, we use 15 ascending L-band ALOS/PALSAR images recorded from 

2007 to 2010 to retrieve evidence of slope deformation before the slope collapse of 

Freeway No. 3. We integrate the algorithms that have been described in Chapters 2, 3 

and 4 to jointly process the phase information of PSs and DSs and, thereby, improve 

the spatial coverage in low-coherence environments. In addition, we address whether 

the long-term slope movement is correlated with precipitation and/or other factors. 

This study helps to demonstrate the applicability of the InSAR technique for safety 

inspection of geotechnical structures in mountainous areas and road slopes. 

5.2. Study area and dataset 

5.2.1. Geological setting  

The collapsed slope is located at 3K+035 (approximately 3.1 km, 121°41’39.27’’E, 

25°7’12.79’’N) of Freeway No. 3 in northern Taiwan (Fig 5.1). Located in Taiwan’s 

Western Foothills, the slope originally ranged between 12° and 20° with a northwest 
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to southeast aspect at an elevation of 110 m to 162 m.  The escarpment forms a cuesta 

landscape, in which one slope is gentle and follows the dip of the bedding (the sliding 

surface), and the other slope is steep and rugged due to the differential erosion of the 

sandstone and shale. 

The exposed strata are from the Miocene (Tertiary) Taliao Formation, which is 

composed of massive sandstone, interbeds of sandstone and shale, and thick-bedded 

sandstone intercalated with shale. The strike orientations are approximately from 

N20°E/15°SE to N40°E/15°SE, that brittle structure indicates as a conjugate shear 

fractures aligned N66°W/68°NE and N45°W/73°SW. The slope on the right side of 

the southbound lane is a dip slope. The boring core sample from the dip slope shows 

that the slope’s 10 m-thick surface layer is thick-bedded sandstone occasionally 

intercalated with shale and sits atop interbeds of sandstone and shale. In addition, the 

average rock quality designation (RQD) at the boundary of the sandstone and the shale 

is no more than 25%, implying that the rock quality of this section is poor. 

Known as a freeway excavation site, this area has an average excavation depth of 17 

m, as its original ground elevation was 120 m, and designed road elevation is 103 m. 

With the addition of the excavation of side slopes, the site’s total excavation height is 

approximately 35 m, resulting in the exposure of not only thick-bedded sandstone but 

also shale intercalated with sandstone and shale and sandstone interbeds. The 

collapsed slope is located within the freeway excavation site and was originally 

excavated at 30 to 45 degrees: The upper section was a natural slope excavated at 30 

degrees, whereas the lower section was a two-stage 10-m slope excavated at 45 

degrees with failure protection in the form of prestressed rock anchors and precast 

reinforced concrete (RC) grid beams. 

The slope failure of Freeway No. 3 is a typical example of the translational dip-slope 

slide, as the slump moved eastwards along the shale bedding plane in the sandstone 

and shale interbeds (Chen et al., 2015; Lee et al., 2013). Heavily covered in vegetation 

(shown in Fig 5.2), the slide mass mainly consisted of the surface soil layer and the 

broken, weathered thick-bedded sandstone occasionally intercalated with shale. As the 

enormous, coherent mass of loosely consolidated material moved eastward and 
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covered the region, Dapu Bridge was broken, the 200-m-long and 150-m-wide slump 

with an estimated volume of 200,000 m3 interrupted the communication of the six-

lane freeway in both directions and the rock anchor heads slid to the top of the eastern 

side of the hill.  

Influenced by the subtropical-monsoon climate, the study area suffers typhoons in the 

summer and the northeast monsoon in the winter. On average, there are 190 rainy days 

per year, yielding an annual precipitation of more than 2000 mm (Chen et al., 2019; 

Chen et al., 2006). Most of the rainfall occurs in the typhoon season, which is from 

July to September. Due to mountainous terrain with steep slopes and fractured bedrock, 

the rainfall associated with these tropical storms increases the risk of landslides and 

debris flows. 

 

Fig 5.1 Shaded relief map of the study area. The blue solid box represents the study 

area that is covered by the ascending ALOS/PALSAR dataset. The insert map to the 

lower left shows the location of Freeway No.3 in Northern Taiwan. The optical image 

(acquired by DigitalGlobe on December 18, 2016) to the lower right shows the dense 

vegetation coverage. The red triangle indicates the location of the collapsed slope. The 
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black triangles represent the meteorological sites that provide the daily precipitations 

data used in this study. 

 

Fig 5.2 Aerial photos taken from the site after the landslide. (a) Photo from northeast 

direction; (b) Failure plane during the removal of debris; (c) Photo from south 

direction. 

5.2.2. Satellite data 

An archived SAR dataset of L-band ALOS/PALSAR data is used to retrieve the 

ground surface movement before the landslide occurred. Compared with other SAR 

sensors with shorter radar wavelengths, the L-band PALSAR data have better 

performance at resisting coherence loss in vegetated environments. A total of 15 

PALSAR images were acquired from an ascending track during the period from 

January 2007 to March 2010 with a temporal resolution of 46 days. Fig 5.3 illustrates 

the combination of 105 interferometric pairs from 15 SAR images. Considering the 
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narrow region of the collapsed slope, full resolution interferograms are generated with 

a spatial resolution of 10 meters. In addition, a 1-arc-second AW3D30m dataset is 

used to remove the topographic phase contributions. 

 

Fig 5.3 Spatial and temporal baselines of the generated interferograms from 105 

combinations. 

 

Fig 5.4 Flowchart of the MTInSAR processing. 
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5.3. Methodology 

To reduce the decorrelation noise and correct unexpected phase fluctuations in the 

interferometric phases, we integrate the algorithms described in previous chapters and 

apply them to retrieve the spatial and temporal evolution of the landslide. The 

integrated framework mainly consists of four steps, i.e., coherent point selection, 

interval phase chain estimation, DEM error correction and TD mitigation. More 

precisely, the coherent phase observations are extracted from the fusion of the selected 

PS and DS measurements. Then, we use arc-based phase reconstruction to reduce the 

decorrelation noise in the interferometric phases (described in Chapter 2). The derived 

interval phase chain maps are further processed by correcting other error sources. 

Because Chapter 3 has demonstrated that the non-parametric DEM error estimator is 

insensitive to atmospheric contamination and a priori information about deformation, 

we use the estimator to remove the topographic phase residuals from the unwrapped 

interval phases. Then, we employ the quadtree aided joint model (described in Chapter 

4) to correct the height-dependent TDs. The remaining phase components are finally 

converted to time-series displacements. Fig 5.4 displays a flowchart of the whole 

process. 

5.4. Results 

5.4.1. Phase reconstruction and error source correction 

The integrated MTInSAR framework is applied to the 15 ALOS/PALSAR images. 

We initially use ADI to select 6965 PS points and use the mean coherence map to 

select 82855 DS points from 105 single-look interferograms. The phases from the 

selected PS and DS points are combined as coherent observations for the interval 

phase estimation. After removing low-quality arcs and isolated points, we obtain 14 

interval phase maps with a total of 80422 points. We present the original 

interferograms in comparison to the estimated interval phase maps to illustrate the 

effectiveness of the noise reduction. Fig 5.5 displays four examples of single-look 

consecutive interferograms before and after phase interval estimation and error source 

correction. From the first row in Fig 5.5 we can see that the phases in the original 

single-look interferograms are deteriorated from decorrelation noise. Although the L-
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band SAR sensor has comparable performance at maintaining coherence in rural areas, 

the temporal decorrelation due to the unfavorable geology and dense vegetation make 

the interferometric phase noisy and hampers the retrieval of the landslide movement. 

The second and third rows in Fig 5.5 display the consecutive interferograms in 

wrapped and unwrapped form after phase estimation from the combined 

measurements of PSs and DSs. It is clear that the decorrelation noise is effectively 

filtered, yielding more coherent phase maps for deformation retrieval. The interval 

phase maps are further processed by correcting the topographic error and height-

dependent atmospheric delays. The comparison between the third and fourth rows in 

Fig 5.5 illustrates that, apart from the decorrelation noise, the phases in the 

interferograms have contributions from the topographic residuals and height-

dependent phase ramps. By subtracting the estimated DEM error and height-

dependent TDs, the unexpected variations in interval phase maps are largely reduced, 

indicating the effectiveness of error source correction by the proposed algorithms.  

After performing interval phase estimation and error source correction, we convert the 

remaining phase component into a displacement time series and calculates a 

deformation rate. The average point density reaches approximately 3251 point/km2. 

The high-density deformation measurements over the study area help to better identify 

and analyze the slow-moving landside before the final slope failure. 

5.4.2. Spatial pattern and temporal behavior of slope movement 

Fig 5.6 shows the annual deformation rate map of the investigated slope area during 

the 2007-2010 period. Although the studied slope was covered by dense vegetation 

(Fig 5.2), the results show considerable deformation distributed along the slope that 

subsequently collapsed. The deformation is concentrated on the upper part of slope, 

with the average LOS velocity reaching -30 mm/year over the investigated period. 

Given the ascending ALOS imaging geometry and the slope facing an approximately 

east-southeast direction, the negative LOS displacement i.e., moving away from the 

satellite, indicates downslope movement. The distribution of downslope movement is 

consistent with the region that collapsed afterward, which is enclosed by the solid red 

triangle. Figure 8 shows the time-series LOS displacement maps of the studied slope. 
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It can be observed that there are two sliding acceleration periods, i.e., July 2007 to 

January 2008, and July 2009 to March 2010, which can possibly be ascribed to the 

precursor of the slope failure that occurred on April 25, 2010. Specifically, the larger 

amplitude downslope movement occurs on the upper part of the slope, and the 

amplitude is positively correlated with the slope elevation. We also note that, the area 

on the left side shows positive deformation values. The uplift movement can be 

explained from two aspects. First, the orientation of the left slope is different from that 

of the central slope. Or, alternatively, the uplift is caused by the horizontal movement 

since the InSAR measurements are in LOS direction. 

 

Fig 5.5 Four examples of interval phase estimation and systematic error correction. 

Four consecutive interferograms are displayed. (a) The first row represents the 

original single-looked interferograms; (b) The second row represents the consecutive 
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interferograms after interval phase estimation in wrapped form. (c) The third row 

represents the consecutive interferograms after interval phase estimation in 

unwrapped form. (d) The fourth row represents the consecutive interferograms in 

unwrapped form after interval phase estimation and systematic error correction. 

 

Fig 5.6 Mean LOS deformation velocity map of the artificial side slope over Freeway 

No.3 in 3D perspective. The color image and point of deformation are draped on the 

top of topography. The negative LOS displacement (blue) represents a movement 

away from the satellite, which is consistent with the downslope movement. The red 

solid line outlines the area of landslide. The white circles indicate the location of 

selected points in (Fig 5.8). The black dash line marks the location displacement 

profile shown in Fig 5.9. 
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Fig 5.7 (a) Time-series displacement map of the artificial side slope along Freeway 

No.3. (b) Average amount of cumulative displacement within the enclosed landslide 

region. 

Fig 5.8 shows the time series displacements of four selected points in Figure 5.6. Point 

1 and Point 2, located in the upper section with a relatively steep slope, move 

downwards with mean velocities of -18.6 mm/year and -21.3 mm/year, respectively. 

Point 3, located in the middle section of the slope, has a mean downslope velocity of 

-15.0 mm/year. While Point 4 has an overall mean velocity of -0.1 mm/year, there is 

an apparent seasonal oscillation in the time series, possibly as the result of interaction 

between the slope and the freeway. All the four points show complex temporal 

behaviors such that the movement cannot be simply scaled through time during the 

period of observation, indicating the landslide movement was possibly controlled by 

several factors. Active ground surface deformation identified in the InSAR data can 

be classified into three types according to ground features before the collapse: First, 
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the primitive forest located on the upper slope, where Point 1 (crown of the slope with 

obvious tension cracks) and 2 (center of the sliding block) are located; second, the 

artificial slope, where a hairpin road can be clearly identified in Figure 5.6; third, the 

boundary of the primitive forest and artificial slope, where Point 4 (rock anchoring 

area) is located. 

 

Fig 5.8 Time-series displacements for four points along the artificial side slope. 

5.5. Discussion 

5.5.1. Interpretation of the Freeway No. 3 landslide movement 

To further visualize the spatial and temporal pattern of the landslide, we extracted the 

profile from the average deformation rate map and the cumulative displacements in 

the sliding zone. The profile, which is denoted by the black dashed line in Fig 5.5, has 

a head-to-toe length of approximately 480 m and an elevation change of 

approximately 70 m in the northeast-southwest direction. From Fig 5.9, we can see 

that the downslope movement decreases along the slope and even reverses near the 

road, indicating that the retaining wall of the side slope played a role retraining the 

sliding mass. The area with active movement and the highest LOS velocity is located 

on the upper edge of the side slope, which is between the head scarp at the hilltop and 

Freeway No. 3 at the base of the slope.  
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According to the on-site measurement at several different positions, the average strike 

of the bedding plane is approximately from N10°E to N32°E with a dip angle between 

12°SE to 15°SE. On the other hand, the strike of both slopes to either side of the 

landslide is N33°E, and its bedding plane dip angle is only approximately 10°. This 

finding not only means that the collapse mode involves a detached block slide along 

weak planes wherein the dip direction of a weak plane is nearly parallel to the slope 

surface. It also implies that the failure mechanism was triggered by a translational 

slide (Chen et al., 2015; Lee et al., 2013; Liao and Lee, 2011). 

 

Fig 5.9 Profile of the landslide displacement along the artificial side slope. (a) profile 

of elevation and mean LOS deformation velocity. (b) profile of time-series 

displacement. The location of the profile is indicated in Fig 5.6. 
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The field survey results reveal that the dip slope failure surface was along a shale 

bedding plane within sandstone and shale interbeds (Fig 5.10). To the south, the 

sliding block failed along the upper edge of the first layer of anchor reinforced slope, 

while in the north, the slide began near the base of the first layer of anchor reinforced 

slope. Although exposed slickensides were apparent, no water was extruded from the 

sliding block or from the edge of the sliding zone, and the steel strands from rock 

anchors were found locally within the region. 

 

Fig 5.10 Engineering geological profile of the artificial side slope after failure. The 

location of the profile is indicated in Fig 5.6 (Modified from Fig 3 in (Lee et al., 2013)). 

Upon examination of the broken rock anchor heads that slid to the top of the hill on 

the eastern side of the slope, it was found that some steel strands remaining inside the 

anchor heads were seriously corroded and torn. Because the fractures in these steel 

strands are mostly corroded and tainted, they are considered old fractures. It is 
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therefore inferred that the said steel strands may have broken significant amount of 

time before this incident. The slow downslope movement could be responsible for the 

gradual process of anchorage loss before the slope collapsed. 

5.5.2. Correlation with rainfall 

It has been well-documented that the ground movement of landslide evolves in 

response to variation in precipitation (Handwerger et al., 2013; Sun et al., 2015; Tong 

and Schmidt, 2016). Infiltration of surface water causes an increase in pore-water 

pressure and the driving force of the slope failure, which in turn, decreases the 

effective normal stress and resisting friction along the shear zone (Fell et al., 2008; 

Iverson and Major, 1987). To investigate the temporal correlation between the 

landslide movement and precipitation in this study, we compare precipitation and the 

displacement time series obtained from our InSAR measurements. We use 

precipitation data from five surrounding meteorological stations within 15 km of the 

landslide location and calculate their mean value to use as the estimated rainfall on 

the studied slope. Then, we compute the average amount of incremental displacement 

for each time period from the enclosed landslide region in Fig 5.6. The correlation 

between the incremental displacement from InSAR and the precipitation 

measurements (Fig 5.11) shows that the landslide has intermittent movement in the 

time series that correlates with rainfall. It is observed that the study area generally has 

high rainfall in October and December and the active movement clearly accelerates 

during these periods. Although the correlation is not perfect, a similar temporal pattern 

can be found between precipitation and incremental displacement, especially in the 

period from January 2007 to October 2008. According to the InSAR time-series 

analysis results, the landslide activity of the slope can be divided into four stages. The 

first stage is between January and July 2007 with insignificant downward movement. 

Then, between July 2007 and January 2008, the slope displacement rate obviously 

increased with a displacement of -15 mm. Between January 2008 and July 2008, the 

slope became stabilized again with insignificant displacement. As ALOS did not 

capture any image of Taiwan between October 2008 and July 2009, it is difficult to 

evaluate the slope deformation during this period. Nevertheless, the slope’s overall 
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displacement rate still reached -10 mm between July 2008 and July 2009. Finally, the 

last stage was between July 2009 and March 2010, where the slope’s overall 

displacement rate was -20 mm. Comparing with the previous two stages (January to 

July 2007; and January to July 2007), the overall slope deformation continued in 

October 2009 during the dry season. The underlying mechanism can be summarized 

as follows. The permeable and weathered upper layer of sandstone provides favorable 

condition for the infiltration of rainfall into the lower shear layer, which is relatively 

impermeable and hampers drainage water. The accumulation of water at the 

stratigraphic boundary reduce the resisting friction and causes the corrosion of ground 

anchors. When the force of the sliding rock mass exceeds the supporting force from 

the rock anchors and resisting friction, the slope is inclined to move downwards, 

triggering a major landslide. 

 

Fig 5.11. Comparison of the incremental downslope displacement (blue lines) and the 

average monthly precipitation (gray histogram). 
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5.6. Conclusion 

In this chapter, we analyze the precursor movement of the landslide failure along 

Freeway No. 3 in northern Taiwan from 15 ALOS/PALSAR images. To overcome 

the limitation of decorrelation in the highly vegetated environment, we use a phase 

reconstruction method (described in Chapter 2) to estimate interval phase maps from 

the combined observations of PSs and DSs. The DEM error and height-dependent TDs 

are corrected by using the method proposed in Chapter 3 and Chapter 4, respectively. 

The reduction of phase noise and fluctuation demonstrates the effectiveness of error 

source correction by the proposed algorithms. The displacement analysis results show 

that before the catastrophic landslide failure, variable downslope movement occurred 

along this dip slope. The spatial and temporal variations in deformation are in good 

agreement with previous studies from field and laboratory investigations. The 

temporal behaviors reveal that the time-series movements are correlated with local 

precipitation. One insight from this slope failure analysis is that landslide failures, 

either natural or artificial slopes, have long-term signs of subtle movement that can be 

detected by satellite radar several months prior to the final collapse. Continuous safety 

inspection and monitoring using the InSAR techniques could be considered an 

efficient way to examine the life cycles of such geotechnical structures. 
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Chapter 6. Conclusions and recommendations 

Natural disasters cause great damage to people’s livelihoods and environments every 

year around the world. The concern about disaster raises an urgent need to 

continuously monitor the potential geological hazards and reduce the associated risk 

and vulnerability. InSAR technique has proven to be a powerful tool for mapping 

ground deformation related to natural hazards with large spatial coverage and high 

spatial resolution, but the efficiency is limited by error sources due to temporal and 

spatial decorrelation, atmospheric artefacts, topographic error, etc. MTInSAR 

techniques attempt to improve the reliability of InSAR measurements by using time 

series analysis to reduce the adverse effects from the error sources. However, because 

multiple signals with different spatial and temporal characteristics are mixed into the 

InSAR phases, the current MTInSAR algorithms cannot effectively separate the 

deformation signal from the confounding signals. As a result, the derived deformation 

signals have large uncertainties in space and time, decreasing the capability of InSAR 

to assess natural disasters. 

The objectives of this study are threefold. First, reconstruct the interval phase and 

suppress the temporal and spatial decorrelation. Second, robustly estimate DEM error 

so that the estimation is not affected by improper deformation model, atmospheric 

contamination and baseline configuration. Third, correct height-dependent TDs 

regardless of the confounding signals and troposphere heterogeneity.  

6.1. Contributions 

The main contributions of this work are summarized as follows: 

An arc-based phase reconstruction for decorrelation noise mitigation has been 

proposed in Chapter 2. The proposed method removes the decorrelation noise and 

estimates the interval phase by two successive WLS procedures in space and time, 

respectively. The main benefits of this method lie in its robustness regardless of 

coherence estimation deviation and inconsistent phase precision after temporal 

inversion due to different decorrelation mechanisms. The derived unwrapped phases 
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avoid extra computational burden for phase unwrapping. Meanwhile, the linear 

formation makes the estimation flexible for small subset of interferograms. 

A non-parametric estimation of DEM error has been presented in Chapter 3. This 

method uses ICA to retrieve the spatial component of DEM error from the interval 

phases. This method distinguishes from the state-of-the-art algorithms that derive the 

DEM error by pixel-wise or arc-wise estimation. The main advantages of this method 

are that no a priori deformation model is required, and it is largely immune to 

atmospheric contamination and limitations of the baseline configuration. 

A quadtree aided joint model for TD correction has been presented in Chapter 4. This 

method has the capability of isolating TDs from the wrapped phases despite the 

confounding signals. The key step of TD isolation is to jointly estimate TD signals 

with the parameters of deformation and DEM error based on their characteristics in 

temporal and spatial domains. The spatial heterogeneity of TDs is accounted for by 

dividing quadtree windows according to the topography gradient. 

The integration of the three methods in MTInSAR framework has been presented in 

Chapter 5. We use the integrated methods to retrieve the slope displacements before 

the landslide failure at Freeway No. 3 in northern Taiwan. The displacement results 

show that before the catastrophic landslide failure, variable downslope movement 

occurred along this dip slope. The temporal behaviors reveal that the time-series 

movements are correlated with the local precipitation. 

6.2. Recommendations for future research 

Regarding the advance of MTInSAR techniques, there are still some areas that could 

be improved in the future. Some topics based on this study are listed below.  

Efficient coherent observation selection. High-quality observation is the basis of 

MTInSAR processing. A developing prospect of the coherent observation selection is 

to retrieve the phase measurements from both PSs and DSs, especially in rural or peri-

urban environments. The combination of PSs and DSs has the potential to address the 

trade-off between spatial resolution and signal SNR. It is worth noting that the 

thresholds of PS and DS selection depend on the operator’s experience. As a result, 
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different thresholds may lead to variation of deformation information in space and 

time. Therefore, efficient and reliable coherent point selection needs further 

examination. 

Efficiency improvement in phase unwrapping. A vital issue in MTInSAR processing 

is how to treat the phase ambiguity, which determines the complexity of parameter 

estimation. The state-of-the-art phase unwrapping strategies mainly consist of two 

categories, i.e., two-dimensional spatial unwrapping and spatial unwrapping aided by 

temporal unwrapping. Both kinds of methods constitute a large computational burden 

to search the phase ambiguity solution in spatial and temporal domains. It has been 

known that the triplet closure in space and time can facilitate the identification of 

reliable arcs with no phase ambiguity. However, this assumption could fail in cases of 

large spatial or temporal baselines or in urban areas with high-rise buildings. To 

resolve the problem, appropriate algorithms for spatiotemporal network construction 

need to be developed. Moreover, a robust estimator in triplet closure could facilitate 

the phase ambiguity determination. 

DEM error estimation in large scale. In this work, we have developed a component-

based method to extract the DEM error map. One factor that should not be neglected 

is that the incidence angles and perpendicular baselines at the near and far-range pixels 

are different. The discrepancies could become apparent in interferograms with large 

spatial coverage and small incidence angles, which may lead to a shift in the three-

dimensional positions of coherent points and cause scaling effect between the real and 

the estimated DEM error values. Therefore, in applications with large spatial coverage, 

compensation for the incidence angle and perpendicular baseline should be considered 

in future research.  

Turbulence correction. It is known that apart from the height-dependent TDs, 

atmospheric delays contain turbulent mixing in the neutral atmosphere, which varies 

randomly in space and time. Although a stochastic model has been proposed to 

describe the spatiotemporal distribution of turbulent mixing, it is challenging to use a 

function model to describe the variation of turbulence mixing in space and time. Most 

methods employ a low-pass filtering to mitigate the turbulence effect; however, it is 
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difficult to determine the size of the filtering window. Too small or too large of a 

filtering window could lead to inaccurate deformation estimates. Therefore, how to 

design an efficient method for correcting turbulent mixing deserves further 

investigation. 
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Appendix A 

This appendix is dedicated to the description of the determination of the initial weight 

matrix in Chapter 2. As aforementioned, the initial weight matrix 𝑷 has a diagonal 

form  

 𝑷 = 𝑑𝑖𝑎𝑔(𝑝1,1, 𝑝2,2, … , 𝑝𝑚,𝑛, … , 𝑝𝑁,𝑁) (A1) 

Since the arc observations represent the phase differences from two connected points, 

the diagonal element of 𝑷 can be defined based on the combination of weight factors 

of two coherent points, 

 
𝑝𝑖,𝑗

𝑚,𝑛 =
1

1 𝑝𝑖
𝑚,𝑛⁄ + 1 𝑝𝑗

𝑚,𝑛⁄
 

(A2) 

where 𝑖 and 𝑗 correspond to point indexes. For a single coherent point, the weight 

factor can be determined by the Fisher information index of interferometric phase 

(Samiei-Esfahany et al., 2016), 

 
𝑝𝑖

𝑚,𝑛 =
2𝐿(𝛾𝑖

𝑚,𝑛)2

1 − (𝛾𝑖
𝑚,𝑛)2

 
(A3) 

where 𝑚 and 𝑛 are the indexes of the SAR image. By combining (A2) and (A3), the 

initial matrix for each arc observation can be uniquely determined according to the 

coherence matrix and multilooking factor of the connected coherent points. We 

remark that, for point-wise PS measurement, since its coherence value is always equal 

to one (Ferretti et al., 2011), the initial weight matrix between two PS measurements 

can be defined as the diagonal element of an identity matrix. 

 
𝑷𝑖,𝑗

𝑃𝑆 = 𝑰𝑁(𝑁−1)/2 
(A4) 
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Appendix B 

This appendix is dedicated to a more detailed description of the FastICA algorithm, 

including preprocessing and decomposition, and its application to interval 

interferograms. We refer the reader to the survey of FastICA (Hyvärinen, 1999; 

Hyvärinen and Oja, 1997; Hyvärinen and Oja, 2000) for a deeper understanding. 

Provided that the observation matrix 𝑋 is formed by 𝑁 interval interferograms, the 

centered observation matrix 𝑋𝐶 is calculated by 

 𝑿𝐶 = 𝑿 − �̅� (B1) 

where �̅� is a matrix in which each column equals the mean of the corresponding 

column in 𝑿 so that each column of the centered matrix 𝑋𝐶 has a zero mean value. In 

order to whiten the observation matrix, the centered matrix is used to generate the 

covariance matrix 𝑪𝑋 as 

 
𝑪𝑋 =

1

𝑁
𝑿𝐶𝑿𝐶

𝑇 (B2) 

where 𝑁  is the number of interval interferograms. The covariance matrix is then 

decomposed by maximizing the total variance of the projection based on PCA, 

 
𝑪𝑋 = 𝑬𝐃𝑬𝑇 = ∑ 𝑑𝑗 ∙ 𝒆𝑗 ∙ 𝒆𝑗

𝑇
𝑁

𝑗=1
 (B3) 

where 𝒆 and 𝑬 are eigenvector and eigenvector matrix, 𝑑 and 𝑫 are eigenvalue and 

eigenvalue matrix, respectively. The whitening matrix is calculated by 

 𝑸 = (𝑬𝑫−1/2𝑬𝑇)𝑘 (B4) 

where 𝑘 is the number of retained principal components. In this study, we use SVHT 

(Gavish and Donoho, 2014) to determine the number. The whitened observation 

matrix 𝑍 is derived by 

 𝒁 = 𝑸𝑿𝐶  (B5) 
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Once the observation matrix has been centered and whitened, FastICA algorithm uses 

a fixed-point iteration to derive the source matrix and mixing matrix by maximizing 

spatial non-Gaussian of sources, 

 𝒁 = �̃��̃� (B6) 

where �̃� and �̃� are the mixing matrix and source matrix after centered and whitened 

processes, respectively. The centered observation matrix can also be expressed as a 

combination of source matrix and mixing matrix by using the inverse operation of the 

whitening process,  

 𝑿𝐶 = 𝑸+�̃��̃� = 𝑨�̃� 

𝑨 = 𝑸+�̃� 
(B7) 

where 𝑸+  is the pseudoinverse of whitening matrix 𝑸 . The original observation 

matrix can be expressed as 

 𝑿 = 𝑨�̃� + 𝑨𝑨−1�̅� = 𝑨(�̃� + 𝑨−1�̅�) = 𝑨𝑺 

𝑺 = �̃� + 𝑨−1�̅� 
(B8) 

where 𝑨 and 𝑺 are the mixing matrix and source matrix of the original observation 

matrix, respectively. 
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