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Abstract 

Interferometric synthetic aperture radar (InSAR) is a powerful technique to monitor 

ground deformation phenomena, such as landslides, ground subsidence, seismological 

activities, and volcano dynamics. In this dissertation, two major problems of the current 

advanced InSAR techniques are described and corresponding approaches are proposed to 

solve them. 

Among various multitemporal InSAR techniques, persistent (or permanent) 

scatterer InSAR (PSInSAR) has been widely used in a variety of cases due to its high 

accuracy and resistance to temporal and spatial decorrelations. One major drawback of the 

PSInSAR technique is the low spatial density of PSs, especially over non-urban areas 

without man-made structures. A Phase-Decomposition-based PSInSAR (PD-PSInSAR) 

method is developed in this dissertation to improve the coherence and spatial density of 

measurement points by processing the distributed scatterer (DS) dominated by two or more 

scattering mechanisms. PD-PSInSAR performs eigendecomposition on the coherence 

matrix in order to estimate the phases corresponding to the different scattering mechanisms, 

and then implements these estimated phases in conventional PSInSAR process. An 

important procedure in DS interferometry is the phase triangulation (PT). In this study, the 

mathematical framework for PT algorithms is proposed. This dissertation introduces two 

modified PT algorithms and analyzes the mathematical relations between five different PT 

methods. The analysis shows that these five PT methods share very similar mathematical 

forms with different weight values. The proposed mathematical framework supports 
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improved understanding and advanced estimation methods for the use of PT algorithms in 

DS interferometry. 

Another major drawback of traditional InSAR is that only the deformation along 

the line-of-sight (LOS) direction can be detected. In order to estimate the deformation in 

the along-track direction, a time-domain along-track SAR interferometry (TAI) technique 

is proposed. Compared with existing multiple-aperture SAR interferometry (MAI) 

methods, the proposed technique utilizes the full aperture to generate single-look complex 

images, and results in higher SNR and along-track resolution.  

In the last part of the dissertation, a case study of Slumgullion landslide is 

performed to demonstrate the potentials and challenges of airborne InSAR as well as the 

possible solutions to improve the precision of the derived deformation measurements.  
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Chapter 1                                                                     
Introduction 

Ground deformation measurements are important for both monitoring and to 

improving the understanding of many natural geological phenomena or human-induced 

events, such as earthquakes, volcanism, landslides, and land subsidence. Therefore, ground 

deformation studies can provide critical information for disaster prevention and protection 

of people’s safety and property. Global positioning system (GPS) can acquire continuous 

position measurements of a point with high accuracy, which enables measurements of the 

absolute deformation of the ground. However, GPS measurements have limited spatial 

sampling due to the lacking of permanently installed GPS stations. Synthetic aperture radar 

(SAR) interferometry (InSAR) techniques, on the other hand, are capable of observing 

ground deformation on wide spatial coverage and high resolution. By scanning the same 

area twice, the phase difference caused by the line-of-sight (LOS) deformation in the time 

period between the two acquisitions can be obtained. The phase differences contain 

components related to ellipsoid reference, topography, deformation, atmospheric delay and 

noise. By removing the phase components caused by the ellipsoid and topography, a 

differential interferogram can be acquired and used to estimate the LOS deformation. Since 

the 1990s, InSAR has been shown to be a powerful tool to measure ground deformation 

caused by earthquakes, volcanoes, and land subsidence [1]-[7]. However, the major 

limitation of conventional InSAR is the loss of coherence due to temporal and geometrical 

decorrelation, and atmospheric artifacts [8][9]. In order to overcome these decorrelation 

and atmospheric delay problems, multi-temporal InSAR techniques have been proposed 

since the late 1990s. Furthermore, a large amount of accessible data after the launch of 
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several spaceborne SAR systems in recent years has also promoted the development and 

application of multi-temporal InSAR analysis. Generally, the multi-temporal InSAR 

techniques can be classified into two categories: persistent scatterer InSAR (PSInSAR) and 

small baseline (SBAS) methods. PSInSAR techniques intend to find and process pointwise 

stable scatterers, whose scattering properties remains coherent in geometry and time.  

One major drawback of the PSInSAR technique is the low spatial density of PSs, 

especially over non-urban areas without man-made structures. One promising way to 

improve the measurement point (MP) density is to process distributed scatterers (DS), 

which are abundant in non-urban areas. Unlike PS, the DS pixel normally contains a 

coherent sum of individual small scatterers with similar statistically homogeneous 

behaviors. Therefore, it is possible to get ground deformation information by processing 

these DSs statistically using, for example, the SqueeSAR technique. Most of the current 

DS interferometry approaches only address the use of DS with many independent small 

scatterers sharing the same scattering mechanism. However, there may also be cases where 

DS is dominated by two or more different scattering mechanisms. Exploring such DS with 

multiple scattering mechanisms (DS-MSM) is important to improve the spatial density of 

MPs. Extracting information from DS-MSM is difficult because of the destructive 

interference between different scattering mechanisms. In this work, we propose a phase-

decomposition-based PSInSAR method (PD-PSInSAR) which estimates phases from 

different scattering mechanisms using the coherence matrix. We then implement the 

estimated phases in conventional PSInSAR processing. We applied this method over the 

greater Houston area to estimate land subsidence using ENVISAT ASAR images, which 

verified that our PD-PSInSAR method has the advantage of providing higher MP density 
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with better coherence by mitigating the interference between different scattering 

mechanisms, especially over non-urban areas. 

The essential procedure in DS interferometry is the phase triangulation (PT) 

algorithm, which is to estimate the optimized 1N   phases associated with the deformation 

of DS from the ( 1) / 2N N   phases of the coherence or covariance matrix. In order to 

improve the understanding of the PT algorithms, we discuss the mathematical relationship 

between different published PT methods (i.e., the maximum-likelihood phase estimator, 

least-squares estimator, and eigendecomposition-based phase estimators). Then a 

mathematical framework for PT algorithms is established and two modified PT algorithms 

(i.e., equal-weighted PT and coherence-weighted PT) are proposed under this framework. 

The analysis indicates that the above five PT methods share very similar mathematical 

forms but use different weight values for estimation.  

Another major drawback of traditional InSAR techniques (including most 

PSInSAR methods) is that only the line-of-sight (LOS) deformation can be detected. Two 

major techniques have been proposed to retrieve the along-track deformation in recent 

years: the intensity-based matching methods and multiple-aperture SAR interferometry 

(MAI) [65]-[73]. When comparing with the intensity-based matching methods, the MAI 

technique can achieve significant accuracy improvement in along-track displacement 

estimates. However, the MAI technique has degraded azimuth resolution and signal-noise-

ratio (SNR) due to the implementation of a split-beam procedure. In order to retrieve the 

along-track deformation without degrading azimuth resolution and SNR, we propose a 

time-domain along-track SAR interferometry (TAI) method using full SAR aperture. We 

compared the proposed TAI method with the MAI using ERS-2 data over the Hector Mine 
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earthquake area in California (Mw 7.1), which verified that the proposed TAI techniques 

can achieve higher coherence. 

Compared with spaceborne InSAR, airborne InSAR has the advantages of flexible 

scanning geometry and revisit time, high resolution, and no ionospheric distortion. In order 

to verify the performance of airborne InSAR measurements and to quantify accuracy and 

resolution, a pilot study over the Slumgullion landslide in Colorado is conducted in parallel 

with other surveying techniques, including spaceborne InSAR, Terrestrial Laser Scanning 

(TLS), airborne LiDAR, and GPS survey. This project utilized an airborne SAR system 

known as SlimSAR developed by ARTEMIS, Inc. and intended to verify the performance 

of this system and understand the source of errors. For this project, we have performed data 

processing, analyzing, and error evaluation. From the practical point of view, this project 

is a good InSAR application example of ground deformation estimation and natural hazard 

monitoring. Equation Chapter 1 Section 1 

1.1 Contributions 

From the above introduction of the dissertation, our objective of this dissertation is 

to solve two major problems. The first problem is the low spatial density of PSs for 

PSInSAR techniques over non-urban areas. The second issue is how to estimate 

deformation in the along-track direction with higher SNR and coherence. In order to solve 

these two problems, the following contributions are made in this dissertation:  

1).  A PD-PSInSAR method is developed to improve the coherence and spatial density 

of measurement points. 

2).  A mathematical framework for the PT algorithms in DS interferometry is proposed.  

3).  A TAI algorithm is proposed to estimate along-track deformation.  
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4).  A case study over Slumgullion landslide is conducted using airborne InSAR 

measurements.  

1.2 Organization of the Dissertation 

The outline of this dissertation is shown as follows: 

 Chapter 2 introduces the background theory of InSAR. 

 Chapter 3 introduces the proposed PD-PSInSAR method. 

 Chapter 4 derives the mathematical framework for PT algorithms. 

 Chapter 5 derives the TAI method. 

 Chapter 6 describes the study over Slumgullion landslide using airborne InSAR 

technique. 

 Chapter 7 draws the conclusions and outlines future work.  
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Chapter 2                                                                       
Background 

In this chapter, we review the background theory and information about traditional 

SAR/InSAR techniques as well as multi-temporal InSAR methods that have been 

developed to address decorrelation problems in traditional InSAR. Along-track SAR 

interferometry methods are also reviewed by introducing the multiple-aperture SAR 

interferometry (MAI) method. Equation Section (Next) 

2.1 SAR 

Since the first half of the 20th century, radar systems have been developed to detect 

a target’s location, distance, and velocity. In order to improve the range resolution and 

SNR, pulse compression signal processing has been used in these radar systems. As an 

extension of the mapping radar, Synthetic Aperture Radar (SAR) is typically mounted on 

a moving platform such as an aircraft or spacecraft and uses the Doppler effect induced by 

the relative motion between the radar and the target to provide fine azimuth resolution. 

Using sophisticated signal processing techniques, SAR enables us to image the Earth’s 

surface with high resolution under all-weather, day or night conditions. 

In the range direction, SAR utilizes matched filtering to acquire fine resolution. The 

transmitted signal is normally a chirp (i.e., linear frequency modulated (LFM) signal) with 

form as [81] 

  2( ) rect( )exp ,
t

s t j Kt
T

   (2.1) 

where t  is the time variable, and K  is the LFM rate. The phase of the pulse is given by 

 
2( ) .t Kt    (2.2) 
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The instantaneous frequency is the derivative of phase with respect to time as 

 
1 ( )

( ) .
2

d t
f t Kt

dt




    (2.3) 

It is seen from Eq. (2.3) that the frequency is a linear function of time t  with slope K . 

Therefore, the bandwidth of the transmitted signal is the product of the chirp slope and 

duration as 

 .BW K T   (2.4) 

The received signal of a target is a time-delayed copy of the transmittal signal with form 

as 

   20
0( ) rect( )exp ,r

t t
s t j K t t

T



    (2.5) 

where 0t  is the time delay. It should be noted that the change of amplitude is ignored here 

for simplification. A matched filter is implemented to compress the received signal. The 

matched filter is the time-reversed, complex conjugate of the transmitted signal with form 

as 

   2
( ) rect( )exp .

t
h t j K t

T
     (2.6) 

The compressed output is approximately given by the sinc function as 

   out 0( ) ( ) ( ) sinc ,rs t s t h t T KT t t      (2.7) 

where   is the convolution procedure. The resolution is defined as the spread between the 

two -3dB points of the compressed signal given by  

 
0.866 1 1

.r
K T K T BW

      (2.8) 
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Therefore, it is seen that the range resolution is the reciprocal of the bandwidth. Better 

resolution can be obtained with wider bandwidth.  

To generate the “synthetic” aperture, SAR systems typically have a side-looking 

antenna that scans a swath parallel to the flight track as shown in Figure 2-1. The distance 

the SAR platform travels during the time that a specific target remains in the beam is the 

“synthetic” aperture length. This long “synthetic” aperture enables us to create high-

resolution images with small physical antennas. Various algorithms have been published 

to process the raw received echoes to generate SAR images with high resolution [81]. The 

general concept of azimuth compression or azimuth focusing is matched filtering, which 

involves coherent summation of the received echoes. For a simplified case with zero 

system squint angle, the concept of the “synthetic” aperture can be seen in the following 

analysis from Eq. (2.9) to Eq. (2.16).  

 

 
 

Figure 2-1.  SAR imaging geometry. 
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Figure 2-2 shows the geometry of radar passing over a point reflector, where v  and 

h  are the effective velocity and altitude of the radar, respectively. The coordinates of the 

radar and the target are given as ( ,0, )x h  and 0 0( , ,0)x y , respectively. 0R  is the shortest 

range from radar to target at time 0t . At arbitrary time t , the slant range from radar to target 

is  

    
   

2 2

2 0 02

0 0 0 0

0 0

,
2 2

x x vt vt
R t R x x R R

R R

 
         (2.9) 

where x vt  and 0 0x vt . Therefore, the phase caused by the range ( )R t  is 

  
 

22

0

0

0

4 4
( ) ,
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  (2.10) 

where   is the wavelength. The Doppler frequency can be obtained from Eq. (2.10) as 

 
 2

0

0

2( )
( ) .

2
d

v t tt
f t

R



 


     (2.11) 

Eq. (2.11) indicates that the azimuth signal is a LFM chirp with Doppler frequency rate of 

 

Figure 2-2.  Geometry of radar passing over a point reflector.  
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2

0

2
( ) .R

v
f f t

R
    (2.12) 

The length of the “synthetic aperture” equals the along-track beamwidth of length which 

is 

 0 0 ,az

az

R R
L


     (2.13) 

where azL  is antenna azimuth length and az  is the azimuth beamwidth angle, which can 

be estimated as az azL  . Therefore, the time a target remains in the radar beam can be 

calculated as 

 0 .
az

R
t

v L v


     (2.14) 

The Doppler bandwidth can be estimated from Eq. (2.12) and Eq. (2.14) as 

 
2

.Doppler R

az

v
B f t

L
     (2.15) 

As shown in Eq. (2.11), the SAR azimuth signal is an LFM chirp and can be compressed 

using a matched filter and acquired azimuth resolution as 

 

Figure 2-3.  Geometry of cross-track SAR interferometry in the plane perpendicular to the 

flight direction. 
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 .
2

az
az

Doppler

Lv

B
     (2.16) 

It should be noted that the azimuth resolution is independent of platform altitude and 

improved resolution can be obtained with smaller antenna.  

2.2 SAR Interferometry 

The above analysis indicates the concept of how high resolution can be achieved 

using the matched filter in SAR processing algorithms. In this section, the principle of 

traditional SAR interferometry will be discussed. The Imaging geometry of cross-track 

InSAR is illustrated in Figure 2-3, which shows two acquisitions (denoted as Master and 

Slave) at different times with slightly different imaging geometries. i  and B  denote the 

look angle and spatial baseline, respectively. The spatial baseline is the distance between 

the platform tracks, which can be determined by the sensor orbital positions. The 

perpendicular baseline B  is the component of baseline perpendicular to the LOS. R  and 

R R  denote the ranges from platform to the targets for the Master and Slave images, 

respectively. After the focusing and coregistration processing, the interferometric phase 

can be calculated by multiplying the Master image with the complex conjugate of the Slave 

image.  

The interferometric phase is directly related to the range difference R  between 

the two imaging as 

 
4

.R





    (2.17) 
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The range difference R  is related to the baseline and reference surface and topography. 

Moreover, the interferometric phase   can be decomposed into following terms 

 ,flat topography deformation atmosphere noise            (2.18) 

where flat , topography , deformation , atmosphere , and noise  are the phase components caused by 

reference surface, topography, ground deformation, atmospheric delay, and noise, 

respectively.  

 

 

Figure 2-4.  Two PALSAR images acquired on 5 May, 2007 (a) and 20 June, 2007 (b). 

The areas marked as white rectangular are zoomed in as shown in the bottom.  
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In order to study ground deformation, we need to remove the other unwanted 

components. An example of InSAR processing is given here using two ALOS/PALSAR 

 

Figure 2-5.  Interferometric phase  . 

 

 

 

 

 
 

 

 

 

Figure 2-6.  Interferometric phase after removing flat . 
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images acquired on 5 May and 20 June, 2007 over Kilauea Volcano, Hawai’i, where an 

intrusion and eruption happened on 16 June, 2007. After two single-look-complex (SLC) 

images are focused as shown in Figure 2-4, a coregistration procedure should be 

implemented to get precisely registered images. Then the interferometric phase   can be 

computed by calculating the phase difference between the Master and Slave SLC images 

as shown in Figure 2-5. The fringes shown in Figure 2-5 have parallel patterns over the 

entire area, which is caused by the fact that those fringes area mainly due to the reference 

ellipsoid. In other words, Figure 2-5 shows the typical pattern of flat .  

The next step for InSAR processing is commonly known as flattening, which 

removes the phase component flat  due to the reference surface. flat  can be estimated 

using the orbital information and scanning geometry. Figure 2-6 shows the interferometric 

phase after removing flat . It is seen in Figure 2-6 that the fringe pattern is strongly 

 

 

Figure 2-7.  Interferometric phase after removing flat  and topography . 
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correlated with the topography which is caused by the fact that the dominant phase 

component is due to the topography after removing flat .  

Using a known DEM, the phase component caused by topography can be further 

removed from the interferometric phase as shown in Figure 2-7, which is also referred to 

differential interferogram. For this case, the atmosphere and noise signals are relatively 

small. Therefore, the fringe pattern shown in Figure 2-7 is primarily related to the ground 

deformation. As a result, the uplift and subsidence can be interpolated for this area from 

the interferogram. Implementing an unwrapping procedure, the deformation velocity can 

be estimated from the unwrapped interferogram.  

Since it is not straightforward to estimate atmospheric phase and the atmospheric 

delay was not strong for this case, the above discussion does not remove atmosphere . 

However, for some cases, the decorrelation caused by the atmospheric delay could be a 

problem. As will be shown in the next section, the atmospheric phase component can be 

estimated and removed using multi-temporal InSAR techniques. 

2.3 Multi-temporal InSAR 

For conventional InSAR, the major limitation is the loss of coherence due to 

temporal and geometrical decorrelations, and atmospheric artifacts. Temporal 

decorrelation is caused by the change of the physical properties of the surface (e.g., change 

of relative position of the scatterers in a pixel), which can be caused by natural phenomena 

like vegetation growth and snow melting during the time period between acquisitions. The 

second limitation is the geometrical (or spatial) decorrelation which happens when the 

spatial baseline is not zero. For one SAR pixel, the received signal is the coherent 
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summation of all independent scatterers within the cell. Therefore, the contributions of 

these scatterers are different for different incidence angles when the spatial baseline is not 

zero. This spatial decorrelation deteriorates with increasing perpendicular baseline. As a 

matter of fact, when the perpendicular baseline exceeds a certain length, the correlation 

becomes zero and this baseline distance is known as the critical baselines [10]-[12]. 

Degradation of correlation also occurs due to the atmospheric phase caused by the variable 

delay of the signal through the atmosphere due to water vapor or ionospheric delay [9]. 

This atmospheric phase screen is generally spatially correlated but uncorrelated in time. 

In order to solve the above mentioned decorrelations and atmospheric artifacts, 

multi-temporal InSAR techniques have been discussed in this section. The general 

characteristics of multi-temporal InSAR are that it uses a stack of differential 

interferograms. Based on how the stack of interferograms is utilized, multi-temporal 

InSAR techniques can be classified into two categories: PSInSAR and SBAS methods.  

2.3.1 PSInSAR 

PSInSAR techniques use time-coherent pixels, i.e., “Persistent Scatterers”, which 

are resistant to temporal and geometrical decorrelations. By identifying and processing 

point-wise stable PS, PSInSAR can utilize all acquired interferograms including those with 

large spatial and temporal baselines.  

For this dissertation, we mainly focus on the study of PSInSAR techniques. After 

generating the stack of differential interferograms, PS candidates can be detected using an 

amplitude dispersion index as shown in [24]. The simplified model of the differential phase 

value of a pixel from the thi  interferogram can be described as 
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  (2.19) 

where ( , )x y  are the coordinates of the pixel, 
iB  and ( , )x y  are the perpendicular 

baseline and DEM error, iT  and ( , )v x y  are the temporal baseline and linear deformation 

velocity, and ( , ; )atm

i ix y T  and ( , ; )res

i ix y T  are the atmospheric phase and residual phase. 

For a ground deformation study, ( , )v x y  needs to be estimated and numerous PSInSAR 

techniques have been developed in recent years to accomplish this task [13]-[16], [24], 

[31]. In general, all of these techniques are based on the following interferogram stack 

properties. 

1).  The phase caused by DEM error is proportional to the perpendicular baseline and 

uncorrelated in time.  

2).  The phase caused by deformation is proportional to the time interval and 

uncorrelated with spatial baseline.  

3).  The phase component due to atmospheric delay is spatially correlated and 

uncorrelated with time and spatial baseline.  

4).  The residual phase component can be regarded as white noise uncorrelated in time 

and space.  

These four properties enable PSInSAR techniques to remove the unwanted phase 

components and estimate the ground deformation velocity. PSInSAR techniques have been 

widely used in various applications, such as mapping deformation due to volcanic eruption 

and landslides [17]-[20], [31]. The major limitation of the PSInSAR techniques is the low 

spatial density of PSs, especially over vegetated and forested areas without man-made 
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structures. This limitation of PSInSAR is also one of the starting points of this dissertation 

and will be further discussed in the following chapters.  

2.3.2 SBAS 

SBAS techniques, unlike PSInSAR, process the selected interferograms with short 

time intervals and small geometric baselines to calculate an average deformation velocity 

based on singular value decomposition (SVD) [28][29]. The procedure of the SBAS 

technique is shown in Figure 2-8. The general idea of SBAS technique contains the 

following steps [28]: 

1).  Given a stack of coregistered and calibrated SAR images, differential 

interferograms with small baselines can be generated. Using small baselines 

 

 

Figure 2-8.  Flowchart of the SBAS technique.  
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enables the SBAS technique to be resistant to the temporal and spatial 

decorrelations.  

2).  Pixels whose correlation coefficient is above a selected threshold are detected. The 

following SBAS processing is applied only to those pixels.  

3).  Spatially unwrapping the differential interferograms.  

4).  Implementing the Least Square (LS) estimation for the following equations as [28] 

   ˆ, ,cBM c p    (2.20) 

where matrix B  defines the used small baseline combinations, M  is the matrix 

representing the deformation model, c  is the vector containing the DEM error, cp  

is the vector of unknown parameters, and ˆ  is a vector of unwrapped phase values. 

Using LS estimation, the unknown cp  can be obtained, which contains low-pass 

(LP) temporal deformation component and residual topography artifacts.  

5).  The estimated LP temporal deformation component and topography artifacts are 

subtracted modulo-2π from each original wrapped interferograms, resulting in 

residual phases with reduced fringe rate.  

6).  Unwrapping the residual wrapped phases and adding back the estimated LP 

temporal deformation component.  

7).  Implementing the SVD procedure and get the time series of estimated deformation. 

It should be noted that atmospheric phase components are superimposed on the 

deformation trends. 
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8).  Removing the LP temporal deformation component from the SVD results. Then 

implementing a spatial low-pass and temporal high-pass filter to estimate the 

atmospheric phase components. 

9).  Subtracting the estimated atmospheric phase components from the SVD results. 

Finally, the non-linear deformation time series of the pixels can be obtained.  

2.4 MAI 

The above contents show how InSAR (including PSInSAR and SBAS) techniques 

can detect the ground deformation. However, these InSAR techniques are inherently 1D 

measurements, which means only the deformation projected onto the LOS direction can be 

detected. For all historical and planned spaceborne SAR systems, near-polar orbits are 

necessary in order to use the rotation of the Earth to scan the entire planet without steering 

the satellite constantly. Therefore, one target can be scanned from two opposite acquisition 

 

 

Figure 2-9.  Concept of ascending and descending orbits for spaceborne SAR imaging. 
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geometries (ascending and descending orbits) as shown in Figure 2-9. The heading of the 

SAR system is in the North-South direction, which gives a LOS primarily in the West-East 

direction. As a result, the LOS direction measurement is sensitive to the West-East and 

vertical deformation while limited for the South-North direction.  

In order to acquire a 3D deformation map, the deformation component in the along-

track direction is needed. Currently, two techniques have been developed to estimate along-

track motion: one is an intensity-based matching technique, and the second is the multiple-

aperture SAR interferometry (MAI) method [65]-[73]. Since MAI achieves more accurate 

along-track measurement than the intensity-based matching method, we focus on the MAI 

method in this section.  

As shown in Figure 2-10, the principle of MAI is to split the aperture to generate 

both forward- and backward-looking interferograms (marked as f  and b , respectively ) 

 

 

Figure 2-10.  Geometry of MAI imaging. The aperture is split to make forward- and 

backward-looking interferograms.  

 



 

22 

 

using an azimuth common band filter technique [69][70]. Figure 2-11 shows the Doppler 

spectrums of the Master and Slave images. The azimuth common band filtering implements 

a bandpass filter with four different centroids on the Doppler spectrums to generate four 

SLC images [70].  

The phase difference of forward- and backward-looking interferograms produces 

the MAI interferogram as [69][70] 

 
4

,MAI f b nx


  



     (2.21) 

where x  is the along-track displacement, and n  is the normalized squint. 1 n  represents 

the fraction of the full aperture used to generate the forward and backward-looking SLC 

images.  

Since only a 1 n  partion of the full aperture is used to generate two SLC images 

from one SAR raw dataset, the SNR and along-track resolution are reduced by a factor of 

 

 

Figure 2-11.  Doppler spectrum of Master and Slave images. ,DC Mf  and ,DC Sf  are the 

Doppler centroids for Master and Slave images, respectively. DCf  is the 

average Doppler centroid [70].  
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1 n . This is the major problem of the MAI method, and therefore an improved along-

track interferometry method will be introduced in Chapter 5.  



 

24 

 

Chapter 3                                                                                            
A Phase-Decomposition-based PS-InSAR Processing Method 

In this chapter, a Phase-Decomposition-based Persistent Scatterer InSAR (PD-

PSInSAR) method is developed to improve coherence and spatial density of measurement 

points. In order to improve PS network density, distributed scatterers (DS) have been 

utilized in some advanced PSInSAR process, such as SqueeSAR. In addition to the 

conventional DS that consists of independent small scatterers with a uniform scattering 

mechanism, processing the DSs dominated by two or more scattering mechanisms is a 

promising way to improve measurement point density. Estimating phases from DS with 

multiple scattering mechanisms is difficult for many DS algorithms because of the 

interference between the different scattering mechanisms. Recently, a covariance-matrix-

decomposition-based method, named CAESAR, is proposed to extract different scattering 

components from the analysis of the covariance matrix. Instead of using the covariance 

matrix, the PD-PSInSAR approach presented here was developed to perform 

eigendecomposition on the coherence matrix in order to estimate the phases corresponding 

to the different scattering mechanisms and then to implement these estimated phases in the 

conventional PSInSAR process. The major benefit of using the coherence matrix rather 

than the covariance matrix is to compensate for the amplitude unbalances among SAR 

images. The PD-PSInSAR method is implemented to estimate land deformation over the 

greater Houston area using ENVISAT ASAR images. This study shows that the proposed 

method can detect more measurement points and provide better coherence. 
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3.1 Introduction 

Differential interferometric synthetic aperture radar (DInSAR) has already been 

shown to be a useful technique for measuring ground displacement [21], [22]. Among 

various multitemporal DInSAR techniques, persistent (or permanent) scatterer InSAR 

(PSInSAR) has been widely used in a variety of cases due to its high accuracy and 

resistance to temporal and spatial decorrelations [23]-[27]. The basic idea of PSInSAR is 

to find and analyze pointwise time-coherent persistent scatterers with long time span 

differential interferograms. One major drawback of the PSInSAR technique is the low 

spatial density of PSs, especially over non-urban areas without man-made structures. 

Hence, several PSInSAR-related methods have been proposed to improve the number of 

measurement points (MP) by extracting information from distributed scatterers [28]-[35]. 

Unlike dominant persistent scatterers, the distributed scatterer pixel normally contains a 

coherent sum of individual small scatterers. The interference of these small scatterers 

causes variations in the returned signal of the pixel, which gives rise to temporal and 

geometrical decorrelations. Conventional DS usually covers several pixels with similar 

statistically homogeneous behaviors, and it is possible to get enough coherence by 

processing these DSs statistically [33]. By analyzing the interferograms with short time 

intervals and small geometric baselines, small baseline (SBAS) related methods have been 

developed to reduce the decorrelation phenomena, and thus can be applied to DS [28]-[30]. 

Basically, SBAS generates a deformation time series by least-squares (or singular value 

decomposition) after unwrapping multi-looked interferograms. The StaMPS (Stanford 

Method for Persistent Scatterers) method utilizes the spatial and temporal correlations of 

the phase, combined with proper filtering and unwrapping methods, to extract the 
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deformation signal at more MPs [31]. The basic idea of StaMPS is to isolate the phase 

component due to deformation in the PS pixel by removing estimates of the various 

nuisance phase components, which are estimated by spatially and temporally filtering. One 

common merit of the SBAS and StaMPS methods is that the deformation time series can 

be obtained without prior knowledge of the deformation model. Many other efforts have 

been made to improve the spatial density of MPs by jointly processing PSs and DSs [32]-

[35]. PSInSAR and SBAS are combined in [32] to obtain more MPs and a higher signal-

to-noise ratio. SqueeSAR [33] applies a phase triangulation algorithm to get the best 

estimates of 1N   phases associated with the deformation of DS from ( 1) / 2N N   off-

diagonal interferometric phases of a coherence matrix. Then, this optimized phase is used 

to perform conventional PSInSAR processing. The Quasi-PS (QPS) [34] technique uses 

the spatial coherence as a weight in the estimation process to extract information from 

partially coherent targets. The target height and displacement information are estimated by 

maximizing the value of the weighted temporal coherence. The improved PSInSAR 

approach in [35] uses homogenous patches to estimate the local gradient of deformation 

velocity and the local gradients of residual Digital Elevation Model (DEM). Then the 

deformation velocity is obtained by performing an integration process. A major 

disadvantage of this method is that the deformation pattern must be known a priori.  

The above mentioned distributed scatterer interferometry approaches can only 

address cases of DS with many independent small scatterers sharing the same scattering 

mechanism as shown in Figure 3-1 (c). In reality, however, there may exist cases when DS 

is dominated by two or more different scattering mechanisms as shown in Figure 3-1 (d).  
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Exploring such DS with multiple scattering mechanisms (DS-MSM) is important 

if DS-MSM contains small scatterers with different deformation patterns or different 

elevations. Another possibility is partially coherent DS when the scattering characteristics 

of some of the scatterers in DS are changed while others remain the same. Like 

conventional DS, DS-MSM mainly exists in rural areas. But DS-MSM can also occur over 

urban areas, especially in coarse spatial resolution pixels since it is likely that there are 

several targets in one pixel, such as the mixture of man-made structures and vegetation. 

DS-MSM over urban areas can also occur from phase changes due to the baseline span and 

their height difference, and the layover phenomenon [38]. Besides, highly bright PS in 

urban areas can dominate its adjacent pixels beyond the pixel corresponding to its real 

location. As a result, these PSs would cover several pixels and act like a DS. Such multiple 

pixels of PS can also be introduced by an oversampling process. In PSInSAR processing, 

the oversampling is sometimes necessary in order to improve the MP density [36], [37]. 

 

Figure 3-1.  Four classes of pixels. (a) Random distributed scatterer. (b) One dominant 

scatterer. (c) Conventional DS with one scattering mechanism. (d) DS 

consists of many small scatterers with two distinct scattering mechanisms. 
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Oversampling of the pixels can cause pixels adjacent to the PS pixel to share similar 

scattering properties with the PS. Therefore, one single PS pixel can span several adjacent 

pixels after oversampling. Extracting information from DS-MSM is not straightforward 

because of the destructive interference between different scattering mechanisms. 

Especially for images with low spatial resolution, it is likely that DS-MSM can exist in a 

single pixel. Usually, average filtering (multi-look process) is implemented in a DInSAR 

process to improve signal-to-noise ratio (SNR). This average filtering process decreases 

the resolution and deteriorates the interference [28], [29]. Even for high resolution images, 

the interference between different scattering mechanisms could be significant because of 

the layover effect in urban areas.  

Starting from the SAR tomography principle, the CAESAR (Component 

extrAction and sElection SAR) algorithm based on covariance matrix decomposition was 

proposed in [38] to deal with DS-MSM caused by the layover in urban areas. By applying 

eigendecomposition on the sampled covariance matrix, CAESAR can extract different 

scattering mechanisms from DS-MSM. For rural areas, CAESAR estimates the dominant 

scattering mechanism to counteract the temporal and spatial decorrelation effects. Instead 

of a covariance matrix, a coherence matrix is utilized to extract and select different 

scattering components from DS-MSM. The major benefit of using the coherence matrix 

rather than the covariance matrix is to compensate for the possible unbalance of the 

backscattered power among all the images [33]. Since we are more interested in using the 

phase properties of the DS to extract ground deformation over Houston in this study, the 

coherence matrix is considered to be an alternative choice to perform PSInSAR processing. 

We refer to our method as a phase-decomposition-based PSInSAR method (PD-PSInSAR) 
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which estimates phases from different scattering mechanisms using the coherence matrix. 

We then implement these estimated phases in conventional PSInSAR processing using 

StaMPS. As it will be shown, the proposed PD-PSInSAR method can be a complement to 

existing PSInSAR methods, such as CAESAR, to process DS-MSM. 

3.2 Algorithm 

3.2.1  Description of Distributed Scatterer 

DSs usually span several statistically homogeneous pixels and can be characterized 

using the covariance or coherence matrix [33], [39]. The covariance matrix can be defined 

asEquation Section (Next) 
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where 1 2 3[ ]T

Nx x x xx  is the vector containing the original complex observations of 

N  SAR images, H  stands for the conjugate transpose and   represents a homogeneous 

patch containing PN  adjacent pixels with similar scattering properties. 

In order to avoid amplitude disturbances, the coherence matrix is utilized. The 

coherence matrix for a homogenous patch   can be obtained as 
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where 1 2 3[ ]T

Ny y y yy  are the normalized complex observations of N  SAR images, 

such that 
2[| | ] 1iE y  . The connection between x  and y  is 2[| | ]i i iy x E x . As 

demonstrated in [38], the relationship between the coherence matrix T  and the covariance 

matrix C  is given as 
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where  is the Hadamard product and  1 2, , ...,
T

N  σ  is the vector containing the data 

standard deviations, with 2[| | ]i iE x  . 

The absolute values and the phase values of the elements of T  are the estimated 

coherence value   and interferometric phase  , respectively [33]. The coherence matrix 

T  can be rewritten as 
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where   is a N N  matrix with element ,m nj
e


 indicating the interferometric phases 

between the -thm  acquisition and -thn  acquisition. The operator   represents the 

element-wise absolute value of matrix  . In this case, T  represents a N N  matrix with 

elements ,m n . It is easy to see that , ,m n n m   . Both the covariance matrix and coherence 

matrix include all the necessary interferometric phases for the PSInSAR process. It should 

be noted that the ( 1) / 2N N   interferometric phase values are not redundant due to spatial 

filtering. Thus, ( 1) / 2N N   instead of N  interferometric phases are used in the following 

process. 
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3.2.2 Identification of Homogenous Patches 

In order to process the homogeneous patches without averaging coherent PS with 

low-coherent neighboring pixels, statistically homogenous pixels (SHP) should be 

identified from the start. Several statistical techniques have been used to detect SHP, such 

as the Kolmogorov-Smirnov test, Kullback-Leibler divergence test, and Anderson-Darling 

test [40]-[43]. SqueeSAR used a two-sample Kolmogorow-Smirnov test [33] and the 

Anderson-Darling test was implemented in [35]. All these methods are based on evaluating 

the similarity of the amplitude distribution of two image pixels, which is reliable for urban 

areas since the returned signals tend to be strong and stable. However, for non-urban areas 

without man-made structures, these methods could be problematic when the echo 

amplitude of the scatterers vary spatially or temporally. Since our purpose is to utilize the 

phase properties, we applied a likelihood ratio test for equality of coherence matrices to 

examine if two adjacent pixels are SHP. The two pixels will be considered as SHP when 

their corresponding sample coherence matrices have identical distributions. This coherence 

likelihood ratio test has already been successfully used in polarimetric SAR (PolSAR) 

image processing to detect polarimetrically homogeneous pixels [44]-[46]. In this study, 

we extended this method to the PSInSAR process.  

Based on the central limit theorem, we make an assumption that the probability 

density function (p.d.f.) of the normalized SAR data vector y  follows a complex 

multivariate normal distribution with zero-mean and dispersion matrix Σ  [22], [47]. The 

p.d.f. function is 
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where Det( )  denotes the determinant. Therefore, the scattering properties of a target can 

be represented by the dispersion matrix Σ . The N N  coherence matrix T  obtained 

from Eq. (3.2) is the maximum likelihood estimator for Σ . It has been proven in [48] that 

the coherence matrix follows a complex Wishart distribution with PN  degrees of freedom 

 ~ , ,C PW N NT Σ  defined by [46], [48]-[50] 
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where ()  is the gamma function. If two pixels i  and j  follow the same distribution, their 

corresponding coherence matrices would accept the hypothesis i jΣ Σ . A likelihood 

ratio test has been proposed in [44]-[46] to test this hypothesis and the likelihood ratio test 

statistic is obtained as 

 
   Det Det

,

Det

ji

i j

NN

i j

N N

i i j j

i j

L
N N

N N




 
   

T T

T T
  (3.7) 

where iN  and jN  represent the number of data vectors used to compute the coherence 

matrices iΣ  and jΣ , respectively. A simple threshold thL  can be set to verify the 

hypothesis 

 if , we accept .th i jL L Σ Σ   (3.8) 
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Therefore, if the likelihood ratio test statistic of two pixels is larger than the 

threshold 
thL , these two pixels are regarded as SHP. The threshold 

thL  can be set 

empirically or according to a fixed false alarm probability. The relationship between the 

chosen threshold and the false alarm probability has been analyzed in [44]-[46], and the 

threshold can be selected based on the desired false alarm probability.  

The coherence matrix T  estimated from Eq. (3.2) requires homogenous pixels to 

be known first while the homogenous pixel identification in Eqs. (3.7) and (3.8) needs the 

coherence matrix to be known first. In order to solve this dilemma, we first select two 

windows with different sizes. First, a small window, inside which all the pixels can be 

assumed to be homogeneous, is used to calculate the initial T . For non-urban areas, the 

size of the small window can be selected to be the size of the multi-look window. For urban 

areas, the small window can be set according to the size of the multiple pixel PSs. After 

the initial T  for all the pixels are calculated, a large window centered on an arbitrary pixel 

P  is then used to identify the modified homogeneous pixels. The size of the large window 

should be consistent with the size of the expected DSs. By performing the above hypothesis 

test, all pixels within this large window satisfying Eq. (3.8) will be considered to be 

statistically homogeneous with pixel P . The selected pixels that are not directly connected 

to P  or through other SHP should be discarded. Similar to [33] and [35], a minimum patch 

size of 20 pixels has been used in this study to preserve stable PS. Finally, the homogeneous 

pixels are obtained, with which the modified coherence matrix T  can be calculated. Here, 

the sizes of the small window and the large window are chosen to be 3 pixels × 15 pixels 

(i.e., 60m × 60m) and 5 pixels × 25 pixels (i.e., 100m × 100m) in ground range and azimuth, 

respectively. Again it is assumed that all the pixels in the small window share similar 
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statistical properties, which is generally acceptable for non-urban areas. However, it is 

necessary to pay extra attention to urban areas in order to avoid averaging the coherent PS 

with the adjacent low-coherent pixels. Therefore, in practice, we could implement 

amplitude-distribution-based methods, such as the Anderson-Darling test, over urban areas 

and the proposed likelihood ratio test over non-urban areas. 

3.2.3 Phase Estimation from Eigendecomposition 

Eigendecomposition-based methods have been widely exploited in PolSAR and 

PolInSAR image processing for target classification or detection [51], [52]. Here, we 

implemented the eigendecomposition process to estimate the phase vectors for the DS-

MSM from a coherence matrix. It should be noted that the scattering mechanism in this 

study is not the same as polarimetric scattering mechanism discussed in the PolSAR 

community. PolSAR measures the SAR backscattered signal from a target in different 

combinations of transmit and receive polarizations: HH, HV, VH, and VV. The 

polarimetric scattering mechanism, such as surface scattering and double-bounce scattering, 

presents the characteristics (e.g., geometrical structure and reflectivity properties) of the 

target in different polarization states of the transmitting and receiving antennas. The 

exploited eigendecomposition-based methods in PolSAR aim at extracting the polarimetric 

scattering information by decomposing the target into different polarimetric scattering 

mechanisms, each of which is represented by a different eigenvector [51]. However, in this 

study, we implemented a single polarimetric SAR signal and constructed the 

eigendecomposition to incorporate different interferometric phase information. Each 

eigenvector represents distinct interferometric phase properties of displacement and height 

difference from our identified DS-MSM.  
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The coherence matrix T  obtained from Eq. (3.2) is a positive semi-definite 

Hermitian matrix and can be written in the form 

 1 ,T T = UΛU UΛU   (3.9) 

where  1 2diag , ,... N  Λ  is a N N  diagonal matrix with nonnegative real 

eigenvalues, and  1 2, ,..., NU = u u u  corresponds to orthogonal eigenvectors. The 

eigenvalues are arranged in descending order such as 1 2 ,..., N     . 

Matrix T  can be expanded into a sum of N  scattering matrices, each of which 

represents an independent target, as 
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 T = T u u   (3.10) 

The eigenvalues represent statistical weights for the scattering mechanisms. The 

percentage contribution of different mechanisms, ic , can be calculated as 
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If only one eigenvalue is nonzero, T  represents a pure target (an ideal conventional DS 

with one scattering mechanism) and can be related to a single scattering matrix as 

   1 1 1 1 1 1 1 .
H

H  T = u u u u   (3.12) 

For a pure target, Eq. (3.2) becomes 
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Comparing Eqs. (3.12) and (3.13), we can see that the phase of the obtained 

eigenvector 1u  is identical to the phase of the original data vector y . Therefore, the phase 
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estimated from the eigenvector is correct for ideal conventional DS. Implementing the 

eigendecomposition process would not degrade the phase information of an ideal 

conventional DS with one scattering mechanism. On the other hand, if all the eigenvalues 

are equal, this means N  orthogonal scattering mechanisms with equal amplitudes exist 

and the target is considered to be “random”.  

Assuming that there exist n  ( 0 n N  ) different dominant scattering mechanisms, 

we would get n  larger nonzero eigenvalues  1 2, ,.., n    and N n  smaller eigenvalues 

 1 2, ,..,n n N    . The corresponding n  eigenvectors 1 2, ,.., nu u u  represent n  different 

scattering mechanisms. Consequently, the phase vectors of the DS-MSM can be obtained 

from the phase of the corresponding eigenvectors. The residual N n  eigenvalues and 

eigenvectors represent the decorrelation noise. Therefore, the coherence matrix can be 

decomposed into n  dominant scattering mechanisms and the residual decorrelation noise 

as 

 signal noise

1 1

.
n N

i i i i

i i n

 
  

   T = T T T T   (3.14) 

In reality, the number of dominant scattering mechanisms n  is unknown. However, 

it is possible to estimate n  from analysis of the eigenvalues distribution. We focus on 

studying the primary ( 1T ) and secondary ( 2T ) dominant scattering mechanisms to analyze 

the characteristics of the DS-MSM related to different land cover types. However, it should 

be noted that the secondary dominant scattering mechanisms could be merely noise for 

traditional DS, especially over non-urban areas where decorrelation tends to be severe. 

Therefore, only the primary dominant scattering mechanism (represented by 1u ) is used to 
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estimate land deformation. The phase of 
1u  was substituted for the original SAR 

interferometric phase for the DS. Unlike the phase estimated by the triangulation algorithm 

in SqueeSAR, the estimated PS phase in this study is free from interference from the other 

1n  dominant scattering mechanisms.  

One important note about the eigendecomposition is that the obtained eigenvector 

is ambiguous, which means infinite eigenvectors exist for the same eigenvalue. In other 

words, if u  is the eigenvector of matrix A  with eigenvalue  , we have 

 .Au u   (3.15) 

For a non-zero complex constant   we have  

 ( ) ( ) ( ) ( ).       Α u Αu u u   (3.16) 

Consequently, u  is also the eigenvector of matrix A  with eigenvalue  . Therefore, an 

eigenvector multiplied by a non-zero complex constant is also an eigenvector. This would 

cause a constant offset between the real phase and the estimated phase. In order to solve 

this problem, we set the original interferometric phase of the master image to be zero. Thus, 

the offset can be calculated and removed by setting the estimated phase for the master 

image to be zero as well.  

After the phases for all of the conventional DS and DS-MSM are estimated, we can 

implement the conventional PSInSAR procedure for DS and PS jointly to estimate the land 

deformation rates. The StaMPS [31] method is used because it can be applied to terrains 

with or without man-made structures, and can obtain a deformation time series without 

prior knowledge of the deformation model, which is useful over areas that experience non-

linear deformation. StaMPS has been successfully applied in non-urban areas such as 

Volcán Alcedo [31]. In addition, we will also compare the conventional PSInSAR results 
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using the StaMPS method with the results of SqueeSAR, CAESAR, and our PD-PSInSAR 

methods. The similarity and difference of SqueeSAR, CAESAR and PD-PSInSAR are 

discussed and analyzed in the next chapter. 

3.3 Results 

To evaluate our PD-PSInSAR method, we first perform a simulation study in 

Section 3.3.1. This is followed by a real dataset analysis to estimate land subsidence over 

Houston in Section 3.3.2. 

3.3.1 Simulated Results and Analysis 

For simulation, we use DS with two different scattering mechanisms to demonstrate 

the properties of DS-MSM. Considering 30 SAR images, Figure 3-2 (a) shows simulated 

phases for a randomly distributed scatterer, which is useless due to complete spatial and 

temporal decorrelations. Figure 3-2 (b) and (c) show the simulated phases of two 

elementary scatterers (named DS1 and DS2, corresponding to primary and secondary 

dominant scattering mechanisms, respectively) with increasing phase trend and decreasing 

phase trend, respectively. It should be noted that it is more likely to have two scattering 

mechanisms sharing similar displacement since they are spatially close to each other in 

reality. The reason we used two scattering mechanisms with both increasing and decreasing 

phase trends here is merely to highlight the effect of the interference between different 

scattering mechanisms. The decorrelation of the scatterers are simulated by adding small 

random scatterers, which is the reason the simulated phases of these two scatterers fluctuate 

around the ideal phase trend. The small random scatterers are simulated by a noise signal 

with uniformly distributed amplitude from 0 to 1 and uniformly distributed phase from   
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to  . The amplitudes of DS1 and DS2 are around 120 and 65 times the average amplitude 

of the noise, respectively. This is why the simulated phase of the DS1 is more close to the 

ideal phase trend than DS2. The phases of a DS with two scattering mechanisms are 

simulated by creating a pixel containing many DS1 scatterers and DS2 scatterers.  

In order to demonstrate the phase decomposition properties of PD-PSInSAR, our 

simulation experiments are conducted for two cases. For the first case, the simulated signal 

of a conventional DS with one primary scattering mechanism is obtained by creating a 

 

Figure 3-2.  Simulated phases for different scatterers. (a) Randomly distributed scatterer. 

(b) One elementary scatterer (DS1) with increasing phase trend. (c) One 

elementary scatterer (DS2) with decreasing phase trend. 
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pixel containing 20 DS1 scatterers. For the second case, the simulated phase of a DS-MSM 

with two scattering mechanisms is obtained by creating a pixel formed by 20 DS1 scatterers 

and 20 DS2 scatterers.  

For the first case, the contributions of different scattering mechanisms are shown 

in Figure 3-3 (a). It is noted that one prominent value exists with a contribution percentage 

of more than 25%. This indicates that only one scattering mechanism exists in this pixel, 

which is consistent with the simulated signal. The original simulated phase from this DS, 

the coherently averaged phase, the phases estimated by SqueeSAR, CAESAR, and PD-

PSInSAR are shown in Figure 3-3 (b). The averaged phase reveals the general pattern of 

 

Figure 3-3.  Simulation of a conventional DS with one scattering mechanism formed by 

DS1 scatterers.  
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the increasing phase trend, which demonstrates that the multi-look process of a 

homogeneous patch can reduce noise and improve the quality of the phase. We can see that 

the phases estimated by SqueeSAR, CAESAR, and PD-PSInSAR are similar to the 

averaged phase.  

The comparison among the phases estimated by SqueeSAR, CAESAR, and PD-

PSInSAR with the ideal phase trend is shown in Figure 3-3 (c). It can be seen that all these 

three methods can obtain reasonable phase estimations of the conventional DS. However, 

it should be noted that the phase estimated by CAESAR tends to be nosier than SqueeSAR 

and PD-PDInSAR, which is caused by the amplitude unbalance. Since SqueeSAR and PD-

PSInSAR are based on the coherence matrix, such amplitude unbalance is mitigated. On 

the other hand, consistent offsets between the estimated phase and the ideal phase trend are 

also observed. Since we are interested in the phase change, the consistent offsets will not 

affect the estimation of the deformation rates.  

In addition to scatterer DS1, scatterer DS2 is also added as the secondary scattering 

mechanism in the pixel to simulate the DS-MSM consisting of two scattering mechanisms 

(corresponding to the DS-MSM in Figure 3-1 (d)). Estimated phase of this DS-MSM is 

shown in Figure 3-4. Figure 3-4 (a) shows the contribution percentage ic  of different 

scattering mechanisms. We can see that two scattering mechanisms are prominent. The 

phases of DS1 and DS2 corresponding to the two scattering mechanisms are estimated 

using PD-PSInSAR by extracting the phases of 1u  and 2u . Similarly, the phases 
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corresponding to DS1 and DS2 are also estimated by CAESAR by extracting the phases 

from the covariance matrix.  

Figure 3-4 (b) shows the original simulated phase of DS-MSM and four estimated 

phases. The coherently averaged phase in Figure 3-4 (b) shows distortion due to the 

interference between the two scattering mechanisms. Figure 3-4 (c) shows the comparison 

of the SqueeSAR and DS1 phases obtained from PD-PSInSAR and CAESAR with the 

ideal increasing phase trend. We can see that the estimated phase by SqueeSAR is degraded 

while CAESAR and PD-PSInSAR have a robust and proper estimation. The estimated 

phases for DS2 by CAESAR and PD-PSInSAR are shown in Figure 3-4 (d), which fits the 

ideal phase trend. Therefore, we can see that both CAESAR and PD-PSInSAR can 

 

Figure 3-4.  Simulation of DS-MSM with two scattering mechanisms formed by DS1 

scatterers and DS2 scatterers.  

 



 

43 

 

effectively estimate the phases from DS-MSM with two scattering mechanisms. For DS-

MSM with more than two scattering mechanisms, we expect a similar conclusion.  

The above simulations demonstrate that all SqueeSAR, CAESAR, and PD-

PSInSAR all can effectively process conventional DS with one scattering mechanism. Both 

CAESAR and PD-PSInSAR perform better than SqueeSAR for DS-MSM. The 

performance of CAESAR could be affected by the amplitude unbalance of SAR images, 

while SqueeSAR and PD-PSInSAR are more resistant to disturbance of the amplitudes. 

3.3.2 Real Data Analysis of Land Deformation over Houston 

The Houston Metropolitan area in Texas, USA has experienced significant land 

subsidence due to ground water pumping [54], [55]. The proposed PD-PSInSAR technique 

is implemented to estimate land deformation over Houston using 25 ENVISAT ASAR 

Table 3-1.  Summary of ENVISAT ASAR scenes used in this study 

No. 
Imaging 

Date 

Perpendicular 

Baseline (m) 

Temporal 

Baseline 

(day) 

No. 
Imaging 

Date 

Perpendicular 

Baseline (m) 

Temporal 

Baseline 

(day) 

1 2004/07/06 -570.7 -1365 14 2008/07/15 -31 105 

2 2005/02/01 -288.3 -1155 15 2009/03/17 263.3 350 

3 2005/10/04 -538.9 -910 16 2009/04/21 -278.6 385 

4 2007/01/02 144.2 -455 17 2009/05/26 -66.3 420 

5 2007/06/26 -202.3 -280 18 2009/06/30 -62.7 455 

6 2007/07/31 -283.1 -245 19 2009/11/17 -25.4 595 

7 2007/11/13 32.4 -140 20 2009/12/22 -298.3 630 

8 2007/12/18 -462.8 -105 21 2010/01/26 -13.2 665 

9 2008/01/22 -258.3 -70 22 2010/03/02 -324.5 700 

10 2008/02/26 -440.9 -35 23 2010/04/06 66.7 735 

11 2008/04/01 0 0 24 2010/05/11 9.8 770 

12 2008/05/06 -192.8 35 25 2010/06/15 -10.8 805 

13 2008/06/10 -74.5 70     
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images spanning from July 2004 to June 2010 as summarized in Table 3-1. The SAR image 

acquired on 2008/04/01 is used as the master image, the phase of which is set to zero.  

The average SAR amplitude image and the National Land Cover Database 2006 

(NLCD2006) of the study area are shown in Figure 3-5. The amplitude image is 

compressed in azimuth direction for better visualization. As shown in Figure 3-5 (b), the 

land cover of this area can be divided into 15 categories according to the NLCD2006 data. 

In this study, we regard the 4 developed categories as urban areas and the other 11 

categories as non-urban. Houston’s downtown area is in the right-bottom of the image. 

Two large non-urban areas exist in the left-bottom and upper-right part of the study area. 

The intensity of the developed area represents the cover of the impervious surfaces, which 

can be regarded as man-made structures. Thus, the density of man-made structures 

increases from Open Space to High Intensity as shown in Figure 3-5 (b). In additional to 

PD-PSInSAR, conventional PSInSAR (StaMPS), SqueeSAR, and CAESAR are also 

applied for comparison. The SqueeSAR result is obtained by implementing SqueeSAR-

 

Figure 3-5.  (a) SAR amplitude image of the study area. (b) NLCD 2006 Land Cover data. 

Four Developed categories are regarded as urban areas while the other eleven 

categories are jointly treated as non-urban areas.  
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estimated phase with the triangulation algorithm using StaMPS method. All the parameters 

for PD-PSInSAR, CAESAR, SqueeSAR, and conventional StaMPS PSInSAR procedures 

are identical. The threshold thL  is set to be 0.001 to detect homogeneous pixels in this 

study. After performing eigendecomposition, the contribution of different scattering 

mechanisms can be obtained from Eq. (9) as shown in Figure 3-6. Besides the primary 

contribution 1c  and the secondary contribution 2c , the rest are summarized as 
3

N

i

i

c


  to 

represent higher order contributions. 

Comparing with the land cover map in Figure 3-5 (b), we can see from Figure 3-6 

that the primary contribution value 1c  is higher in urban areas than non-urban areas like 

 

Figure 3-6.  Contributions of different scattering mechanisms. (a) Primary contribution 

value 1c . (b) Secondary contribution value 2c . (c) 
3

N

i

i

c


 . (d) 2 1c c . 
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forests. This is because more stable and coherent man-made targets are likely to exist in 

urban areas. It can be seen from Figure 3-6 (b) that 
2c  tends to be large in urban areas, 

especially for the downtown area in the right-bottom of the image, which is due to the 

layover effect from the high density of man-made structures. Without a dominant scatterer, 

non-urban areas tend to be nosier and have higher order of scattering mechanisms as shown 

in Figure 3-6 (c). It should be noted that large 
2c  in urban areas does not necessarily mean 

that the interference between the primary and secondary dominant scattering mechanisms 

is severe in urban area since 1c  can be much larger than 2c . In Figure 3-6 (d), 2 1c c  is used 

to indicate the interference between the primary and secondary dominant scattering 

mechanisms. Small 2 1c c
 
means that the effect of the secondary scattering mechanism on 

the primary scattering mechanism is small while high 2 1c c
 
indicates that the interference 

between the two scattering mechanisms is significant. Overall, 2 1c c  is higher in non-

urban areas than in urban areas, indicating stronger interference between DS1 and DS2 in 

non-urban areas.  

In order to study the effect of the density of man-made structures, 30000 samples 

are randomly chosen from the High Intensity, Medium Intensity, Low Intensity, Open 

Space, and Non-urban areas, respectively. Histograms of 1c , 2c , 
3

N

i

i

c


 , and 2 1c c  for these 

five different land cover types are generated using the samples and shown in Figure 3-7. It 



 

47 

 

is easy to see from Figure 3-7 (a) that 1c  increases as the density of man-made targets 

increases. The increase of 1c  indicates that more dominant stable scatterers (like PSs) such 

as man-made targets exist. This is consistent with the well-known fact that PSs mainly exist 

in urban areas. Furthermore, we can see from Figure 3-7 (b) that 2c  increases as the man-

made target density increases. This indicates that the secondary dominant scattering 

mechanism tends to be stronger when more man-made targets represent more PSs. 

Interestingly, the histograms of 2c  are less distinguishable between the five land cover 

types when compared to those of 1c . In Figure 3-7 (c) and (d), 
3

N

i

i

c


  and 2 1c c  increase as 

 

Figure 3-7.  Histograms of 1c , 2c , 
3

N

i

i

c


 , and 2 1c c  for five different land cover types. 
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the density of man-made targets decreases. Because of less stable scatterers from a lower 

density of man-made targets, the interference between the primary and secondary 

scattering mechanisms deteriorates. In this study area, the interference becomes weaker in 

urban areas because the primary dominant scattering mechanism tends to be much stronger 

than the secondary dominant scattering mechanism.  

The obtained line-of-sight (LOS) land deformation velocities from conventional 

PSInSAR, SqueeSAR, CAESAR, and PD-PSInSAR are shown in Figure 3-8. The 

background is SRTM DEM. The red x mark denotes the reference point which has 

negligible deformation according to the continuous GPS observations at TMCC station (G. 

Wang, personal communication, 2014). Deformation time series over the two points 

denoted by A and B are selected for further analysis. The LOS velocity from PD-PSInSAR 

 

Figure 3-8.  Line-of-sight (LOS) velocities obtained using (a) Conventional PSInSAR. (b) 

SqueeSAR. (c) CAESAR. (d) PD-PSInSAR.  
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in Figure 3-8 is estimated using the primary dominant scattering mechanism only. In this 

study, we do not intend to utilize the secondary or higher dominant scattering mechanisms. 

It can be seen that the deformation patterns for conventional PSInSAR, SqueeSAR, 

CAESAR, and PD-PSInSAR are generally similar. Only the upper-left corner of the image 

shows slightly different deformation, which is caused by an unwrapping error. For MPs 

with coherence higher than 0.8, the velocity differences between the four methods are less 

than 1 mm/year. This indicates that PD-PSInSAR can perform as well as the other three 

methods for highly coherent MPs. The northwestern part of Houston shows significant 

subsidence with LOS velocity close to 2 cm/year. The obtained deformation results are 

consistent with previous studies about the Houston subsidence [54]-[57].  

PD-PSInSAR obtained 725,013 MPs while conventional PSInSAR, SqueeSAR, 

and CAESAR detected 371,015, 448,925, and 682,147 MPs, respectively. The average MP 

density obtained by conventional PSInSAR, SqueeSAR, CAESAR, and PD-PSInSAR are 

160 MP/km2, 253 MP/km2, 294 MP/km2, and 312 MP/km2, respectively. The MP densities 

detected from different land cover types are summarized in Table 3-2. Since SqueeSAR 

Table 3-2.  MP density detected by conventional PSInSAR, SqueeSAR, CAESAR, and 

PD-PSInSAR in different land areas 

 
High 

Intensity 

Medium 

Intensity 

Low 

Intensity 

Open 

Space 
Non-urban 

MP density by Conventional PSInSAR 368 310 170 61 10 

MP density by SqueeSAR 483 476 307 118 29 

MP density by CAESAR 511 523 367 162 50 

MP density by PD-PSInSAR 555 555 393 173 53 

Increase from Conventional PSInSAR to 

SqueeSAR 
31.3% 53.6% 80.6% 93.4% 190.0% 

Increase from SqueeSAR to CAESAR 5.8% 9.9% 19.5% 37.3% 72.4% 

Increase from SqueeSAR to PD-

PSInSAR 
14.9% 16.6% 28.0% 46.6% 82.8% 

Increase from CAESAR to PD-

PSInSAR 
8.6% 6.1% 7.1% 6.8 6.0% 

Note: The MP density is rounded to integer and the unit is MP/km2. 
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jointly processes PS and DS, it is expected that more MPs are detected by SqueeSAR than 

conventional PSInSAR both in urban and non-urban areas. In Table 3-2, CAESAR and 

PD-PSInSAR show more significant increase in the MP density when compared to 

SqueeSAR and conventional PSInSAR. This indicates that eigendecomposition-based 

methods perform well to mitigate the interference of the secondary and higher-order 

scattering mechanisms from the primary scatterer. However, since PD-PSInSAR is robust 

to amplitude disturbances, PD-PSInSAR detects slightly more MPs than CAESAR. 

Besides, we can see that the MP density decreases as the density of man-made structures 

decreases for all four methods. This supports the fact that decorrelation increases when less 

man-made structures exist. Furthermore, it can be seen that the percentage increases from 

SqueeSAR to CAESAR or PD-PSInSAR become more distinct as the density of man-made 

structures decreases. This is because the interference between different dominant scattering 

 

Figure 3-9.  Histograms of 2 1c c .  
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mechanisms becomes more significant when less man-made structures exist. Therefore, 

the improved performance of PD-PSInSAR becomes more obvious in non-urban areas. 

Since the results of CAESAR are quite close to PD-PSInSAR, such pattern becomes 

unclear on the MP increase from CAESAR to PD-PSInSAR. 

In order to further demonstrate that it is the interference between different scattering 

mechanisms that causes the increase of detected MPs in PD-PSInSAR, histograms of 2 1c c  

are generated as shown in Figure 3-9. Figure 3-9 (a) shows the histogram using MPs jointly 

detected by Conventional PSInSAR, SqueeSAR, CAESAR, and PD-PSInSAR in common. 

Figure 3-9 (b) shows the histogram using MPs detected by SqueeSAR rather than 

Conventional PSInSAR. Figure 3-9 (c) shows the histogram using MPs only detected by 

CAESAR rather than Conventional PSInSAR or SqueeSAR. Figure 3-9 (d) shows the 

histogram using MPs only detected by PD-PSInSAR rather than Conventional PSInSAR 

or SqueeSAR.  

As shown in Figure 3-9 (a) and (b), most of MPs detected by conventional 

PSInSAR, SqueeSAR, CAESAR, and PD-PSInSAR in common have 2 1c c  smaller than 

0.6 (slightly right-skewed) while most of the extra MPs detected by SqueeSAR show 2 1c c  

around 0.7 (slightly left-skewed). The reason that Figure 3-9 (b) shows larger 2 1c c  value 

is because conventional DS is processed in SqueeSAR. It can be seen from Figure 3-9 (c) 

and (d) that most of the extra MPs detected by CAESAR and PD-PSInSAR have 2 1c c  

larger than 0.7 (significantly left-skewed), which is caused by the existence of DS-MSM. 

As compared with CAESAR, the histogram of 2 1c c  from PD-PSInSAR skews more 

significantly to the right. These histograms demonstrate that the interference of different 
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scattering mechanisms leads to a smaller number of MPs identifiable from conventional 

PSInSAR and SqueeSAR. 

Figure 3-10 shows the coherence of conventional PSInSAR, SqueeSAR, CAESAR, 

and PD-PSInSAR. The coherence value is measured using the x  parameter in StaMPS, 

which is a coherence-like parameter and measures the variation of the phase residuals [31] 

as 

   , , , ,

1

1
ˆexp 1 ,

N
u

x x i x i x i

iN
   



      (3.17) 

where N  is the number of interferograms. x  and i  denote the x -th pixel and the i -th 

interferogram, respectively. 
,x i , 

,x i , and , ,
ˆu

x i  are the initially measured phase, 

spatially correlated phase, and spatially uncorrelated phase due to look angle error, 

 

 

Figure 3-10.  Coherence maps from (a) Conventional PSInSAR, (b) SqueeSAR, (c) 

CAESAR, and (d) PD-PSInSAR, respectively. 
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respectively. Phase ,x i , obtained by implementing the band-pass filter in the frequency 

domain, is mainly caused by the spatially correlated part of LOS deformation, look angle 

error, atmospheric delay between passes, and orbit inaccuracies [31]. After estimating 

, ,
ˆu

x i  using least-squares estimation, the residual phases can be obtained by subtracting 

,x i  and , ,
ˆu

x i  from ,x i . Therefore, x  measures the variation of these residual phases. 

It is also known that x  is a measure of the phase noise level and performs like coherence 

[58]. Again, here, x  of PD-PSInSAR represents the coherence of the primary dominant 

scattering mechanism.  

The means and standard deviations of the coherences ( x ) obtained from 

conventional PSInSAR, SqueeSAR, CAESAR, and PD-PSInSAR are 0.71±0.14, 

0.79±0.12, 0.76±0.14, and 0.84±0.11, respectively. In Figure 3-10 (a) and (b), it can be 

seen that SqueeSAR obtained slightly better coherence than conventional PSInSAR. This 

is because the phase triangulation algorithm in SqueeSAR processing can reduce the noise. 

It is also obvious in Figure 3-10 that PD-PSInSAR can obtain the highest coherence for 

both urban and non-urban areas. This is because PD-PSInSAR mitigates the interference 

of the secondary (and other higher order) scattering mechanisms from the primary 

scattering mechanism. However, we also see that the coherence over non-urban areas is 

not as good as urban areas. Although CAESAR is also intended to mitigate the interference 

between different scattering mechanisms, the coherence is not as good as PD-PSInSAR. It 

may be because of the amplitude fluctuations. Since SqueeSAR is also based on a 

coherence matrix rather than a covariance matrix, the coherence of SqueeSAR is slightly 

better than CAESAR in this study.  
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As mentioned above, the value of the primary contribution 1c  reflects how close a 

pixel is to a pure target. Thus, the larger 1c  is, the better the expected coherence. Figure 

3-11 (a), (b), (c), and (d) show the relationship between the coherence and the primary 

 

Figure 3-11.  Measurement points distribution in the 2-D 1c -Coherence plane and 2 1c c -

Coherence plane. (a)(e) Conventional PSInSAR. (b)(f) SqueeSAR. (c)(g) 

CAESAR. (d)(h) PD-PSInSAR.  
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contribution value 1c . It can be seen that the coherence increases as 1c  increases for 

conventional PSInSAR, SqueeSAR, CAESAR, and PD-PSInSAR. However, PD-

PSInSAR shows the highest coherence among these methods. As described above, the 

value of 2 1c c  indicates the interference between the primary and secondary dominant 

scattering mechanisms. Therefore, a larger 2 1c c  means stronger interference exists, and 

thus worse coherence is expected.  

From Figure 3-11 (e), (f), (g), and (h), it can be seen that the coherence decreases 

as 2 1c c  increases. However, the coherence of PD-PSInSAR decreases much more slowly 

 

Figure 3-12.  Time series of DS A with one scattering mechanism.  
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than conventional PSInSAR, SqueeSAR, and CAESAR. This again demonstrates that the 

interference is mitigated by PD-PSInSAR. 

Finally, we repeat the assessment of improvements by the PD-PSInSAR method 

using two DSs at A and B labeled in Figure 3-8 chosen to be examples of DSs with one 

scattering mechanism and two scattering mechanisms, respectively. As shown in Figure 

3-12 and Figure 3-13, we obtained similar results to the previous simulation study in 

Section 3.3.1. Figure 3-12 shows the results of: (a) Contribution percentage ic  of different 

scattering mechanisms. We can see that only the primary scattering is prominent; (b) 

Coherence matrix; (c) The original real data phase of DS A and three estimated phases; (d) 

Deformation time series obtained from conventional PSInSAR, SqueeSAR, CAESAR, and 

PD-PSInSAR. The dashed lines are their fitted linear trends. Figure 3-13 shows the results 

of: (a) Contribution percentage ic  of different scattering mechanisms. We can see that two 

dominant scattering mechanisms exist; (b) Coherence matrix; (c)(e) The original real data 

phase of DS B and four estimated phases; (d) Deformation time series obtained from 

conventional PSInSAR, SqueeSAR, and CAESAR; (f) Deformation time series obtained 

from conventional PSInSAR, SqueeSAR, and PD-PSInSAR. The dashed lines are their 

fitted linear trends. 

First of all, it can be seen from Figure 3-12 that the coherence is very good for 

conventional DS with one dominant scattering mechanism. In Figure 3-12 (b), the 

coherence matrix shows that the first three SAR images do not have as good coherence as 

the other images, which is caused by the temporal decorrelation because only three images 

exist for the time span from 2004 to 2006. From Figure 3-12 (c), we see that the phases 

estimated by PD-PSInSAR are similar to the averaged phase and the phase estimated from 
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SqueeSAR and CAESAR. The deformation time series in Figure 3-12 (d) confirms that 

conventional PSInSAR, SqueeSAR, CAESAR, and PD-PSInSAR can obtain similar 

results for conventional DS with high coherence. It is noted that CAESAR obtains slightly 

 

Figure 3-13.  Time series of DS B with two scattering mechanisms.  
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different deformation time series than the other three methods. Again, it may be caused by 

the unbalance of the amplitudes of the SAR images.  

Pixel B located around the boundary of two areas with different deformation trends 

is selected as an additional DS-MSM. We can see from Figure 3-13 (a) that DS B contains 

two major scattering mechanisms (i.e., DS B is DS-MSM). From Figure 3-13 (b), we see 

that the coherence for DS B is much worse than DS A. Figure 3-13 (c) and (e) show the 

case of the interference between different scattering mechanisms with distinctly different 

phases for DS1 and DS2. The deformation time series obtained by conventional PSInSAR, 

SqueeSAR, CAESAR, and PD-PSInSAR are shown in Figure 3-13 (d) and (f). The 

estimated linear LOS velocities from conventional PSInSAR and SqueeSAR are -

6.58±1.32 mm/year and -7.78±1.27 mm/year, whereas CAESAR estimated -6.36±1.19 

mm/year on DS1 and -7.39±1.71 mm/year on DS2, respectively. The difference of the 

linear velocities between DS1 and DS2 from CAESAR is within the uncertainties of the 

estimates. This indicates that DS1 and DS2 cannot be distinguished. In Figure 3-13 (f), the 

time series of DS2 from PD-PSInSAR looks much noisier than DS1, suggesting that the 

secondary dominant scatterers have less energy with stronger decorrelation. The estimated 

linear LOS velocities are -6.23±1.05 mm/year for DS1 and -9.23±1.45 mm/year for DS2 

from PD-PSInSAR, respectively. For both CAESAR and PD-PSInSAR, we can see that 

DS2 shows a higher subsidence rate than DS1. In Figure 3-13 (d), due to the interference 

between DS1 and DS2, the time series from conventional PSInSAR and SqueeSAR tend 

to be noisy for the years 2004 - 2006. It can be seen that the time series of DS1 obtained 

by CAESAR is also slightly affected by DS2 for the same period. On the other hand, the 
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time series of DS1 obtained by PD-PSInSAR tends to be smoother, which indicates the 

effect of the DS2 is mitigated. Therefore, we can see that PD-PSInSAR better mitigates the 

interference between DS1 and DS2. 

To further analyze the results of the four PSInSAR techniques, GPS measurements 

over Greater Houston as shown in Figure 3-14 are used [55]. We can see from Figure 3-14 

(b) that the north-western part of Houston area has significant subsidence, which is 

consistent with the results shown in Figure 3-8. The comparison of the four PSInSAR 

results with GPS measurements is shown in Figure 3-15. It is seen that there is an 

inconsistency between the PSInSAR results and GPS measurements. However, it should 

be noted that there is also a high linear correlation between the PSInSAR results and GPS 

measurements. Therefore, the inconsistency should be caused by some “systematic error”, 

 

    
 (a) (b) 

Figure 3-14.  Horizontal (a) and vertical (b) ground deformation velocity vectors in the 

Greater Houston area derived from extensometer and GPS observations 

(2006–2012) [55]. 
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which requires further study. Several factors can cause the inconsistency, such as the 

difference time span of the GPS measurements and SAR campaign. Since PSInSAR can 

only measure the deformation in the LOS direction, horizontal deformation can also result 

in the inconsistency between PSInSAR results and GPS measurements.  

Assuming the GPS measurements are correct, we can remove such “systematic 

error” using the linear regression results in Figure 3-15. Figure 3-16 shows the vertical 

deformation velocities projected from LOS velocities using four PSInSAR techniques. 

3.3.3 Caveats 

Here, we discuss three potential issues with our proposed PD-PSInSAR method. 

The first issue is the temporal effect of soil moisture on our interferometric phases in the 

 

 

Figure 3-15.  Comparison of four PSInSAR techniques with GPS measurements.  
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rural areas. It has been known that soil moisture changes between two radar acquisitions 

can influence SAR interferometric phase and coherence [59]-[63]. The soil moisture 

change can be characterized by non-linear, diurnal and seasonal variations. In this study, 

we calculated average linear velocities over six years, thus the phase term from soil 

moisture is mostly regarded as residual coherence in the PSInSAR procedure. When the 

temporal effect of soil moisture is severe, the corresponding areas cannot be selected as 

MPs due to low coherence.  

The second issue is the number and source of MSM. As introduced previously, DS-

MSM addresses a case of DS containing multiple independent scatterers with different 

scattering mechanisms. For instance, multiple scattering mechanisms can be caused by 

 

 

Figure 3-16.  Vertical deformation velocities of four PSInSAR techniques using GPS 

measurements as reference.  
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phase changes due to the baseline span and their height difference. In addition, DS-MSM 

can be induced by many other factors such as land deformation, different vegetation 

properties, and soil moisture variation. It should be noted that the deformation patterns are 

generally spatially correlated although limited areas may show different deformation 

patterns such as uplift and subsidence. Theoretically speaking, the different physical, 

chemical and geometrical properties of the small scatterers within a few pixels can lead to 

DS-MSM. Without in situ data, however, it is difficult to determine the source of MSM, 

especially with coarse SAR image resolution. Therefore, although it is possible to 

determine the number of MSM from the eigenvalue distribution as shown above, we do 

not intend to investigate the source of MSM. 

The third issue is related to the orthogonality of our DS-MSM eigenvectors. Since 

both the coherence matrix and covariance matrix discussed in this study are positive semi-

definite Hermitian matrices, the eigenvectors estimated from either CAESAR or PD-

PSInSAR are orthogonal. While the scattering mechanism in PolSAR relates to different 

polarimetric SAR signals through the eigendecomposition, our scattering mechanism 

incorporates different interferometric phase information about displacement and elevation 

difference from DS with multiple scattering mechanisms.  When the two scattering 

mechanisms are located at elevation differences larger than the Rayleigh resolution, the 

scattering contributions can be regarded as quasi-orthogonal as demonstrated in [38] and 

[64]. However, for multiple scatterers with elevation differences smaller than the Rayleigh 

resolution, extra caution is needed regarding orthogonality from eigendecomposition-

based methods. 
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In Figure 3-13, the DS-MSM example is carefully chosen in urban areas based on 

a similar analysis of the distribution of the eigenvalues on the simulated DS-MSM in Figure 

3-4. This DS-MSM is considered to contain two dominant scattering mechanisms, which 

can be induced by the elevation difference and deformation difference between scatterers. 

The effect of the elevation difference on the deformation time series is eliminated by 

filtering out the DEM error phase components for DS1 and DS2 independently in the 

standard PSInSAR procedure. The difference of deformation time series between DS1 and 

DS2 is most likely supported by the fact that the selected DS-MSM is located in the 

boundary of two areas with different deformation trends. 

3.4 Conclusion 

The modified PSInSAR method is developed to improve the number and coherence 

of MP by removing the influence of secondary (or higher order) dominant scattering 

mechanisms on the primary one. Instead of the covariance matrix, we used the coherence 

matrix in order to remove the unbalance of the SAR amplitudes. Under the assumption that 

the SAR data vector follows a complex multivariate normal distribution with zero-mean, 

the statistical properties of the scattering mechanism can be represented by the coherence 

matrix. Consequently, a likelihood ratio test of the coherence matrix was used to detect 

SHPs. Then, the phases corresponding to different scattering mechanisms are obtained by 

implementing eigendecomposition on the coherence matrix. Both the simulated results and 

the real data analyses over the Houston area verified the performance of the proposed 

method. It has been demonstrated that our PD-PSInSAR method has the advantage of 

providing higher MP density with better coherence by mitigating the interference between 

different scattering mechanisms, especially over non-urban areas. For future studies, we 
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will focus on determining the source of dominant scattering mechanisms and extracting 

more information from the higher order scattering components of DS-MSM.  
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Chapter 4                                                                    
Mathematical Framework for Phase Triangulation Algorithms 

To improve the spatial density of measurement points for PSInSAR, distributed 

scatterers (DS) should be considered and processed. An important procedure in DS 

interferometry is phase triangulation (PT). This chapter introduces two modified PT 

algorithms (equal-weighted PT and coherence-weighted PT) and analyzes the 

mathematical relations between different published PT methods (the maximum-likelihood 

phase estimator, least-squares estimator, and eigendecomposition-based phase estimators). 

The analysis shows that these five PT methods share very similar mathematical forms with 

different weight values in the estimation procedure.Equation Section (Next) 

4.1 Introduction 

As discussed in the previous chapter, the DS should be processed in order to 

improve the MPs. After identifying the SHP, an adaptive filtering procedure can be 

implemented. So, ( 1) / 2N N   (unlike PS with 1N  ) interferometric phases can be 

obtained from N  SAR acquisitions. To deal with 1N   interferometric phases rather than 

( 1) / 2N N  , phase-estimation procedures (named phase triangulation algorithm [33] or 

phase linking [47]) should be implemented to estimate the optimized 1N   phases 

associated with the deformation of DS. Then, the original phases of the DS can be 

substituted with the optimized phases to perform PSInSAR processing jointly with PS. 

SqueeSAR utilizes the PT based on a maximum-likelihood estimator to extract the optimal 

phases from the coherence matrix [33]. CAESAR and PD-PSInSAR are proposed to extract 

different scattering components from DSs with multiple scattering mechanisms. By 
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implementing eigendecomposition on the sampled covariance matrix or coherence matrix, 

the principle phase component can be estimated for a DS or DS-MSM.  

Therefore, the basic procedures for SqueeSAR, CAESAR and PD-PSInSAR are 

similar. The fundamental difference is methodology for extracting the 1N   

interferometric phases from the ( 1) / 2N N   phases of coherence matrix or covariance 

matrix.  

In this study, a mathematical framework for PT algorithms is established. Two 

modified PT algorithms in the context of DS interferometry are introduced. Particularly, 

we analyze the differences and connections between the different published PT methods of 

maximum-likelihood (ML) phase estimator, eigendecomposition-based phase estimators, 

and least-squares (LS) estimator. 

4.2 Algorithms 

4.2.1 Maximum-likelihood Estimator 

In SqueeSAR, the PT using ML estimator is based on the probability density 

function (p.d.f.) of the data conditioned on the interferometric phases. In this section, the 

ML estimator is obtained by analyzing the statistical properties of the coherence matrix 

using a complex Wishart distribution. 

It is shown in the previous chapter that T  follows the complex Wishart distribution 

with PN  degrees of freedom as shown in (3.6). The Σ  of a generic pixel can be expressed 

using “true” coherence values and “true” phase values as 

 ,HΣ   (4.1) 

where 
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1 2[ , ,..., ]N  θ  is the optimal phase that needs to be estimated from the filtered 

( 1) / 2N N   phases. Without loss of generality, one phase value of θ  can be set to zero. 

Therefore, only 1N   phase values need to be estimated. Given T , obtained from Eq. 

(3.2), the maximum-likelihood estimation of Σ  can be obtained by maximizing the 

absolute value of the logarithm of this p.d.f. such as 
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To estimate  , the true coherence   is required. Here, similar to [33], we also 

use T  to estimate  . Therefore, Eq. (4.2) becomes 
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where 1 2 N
T

jj je e e
      . It is easy to see that Eq. (4.3) is identical to the phase-

triangulation algorithm and phase linking in [33] and [47], respectively. For further 

analysis, we rewrite Eq. (4.3) as 
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where 
,m n m n     and 

'

,m n  is the element of matrix 
1

 T T  at row m  and column n  

and  sum   is the summation of all the elements of the matrix  . In practice, a damping 

factor is used in the ML PT in [33] to remove small negative or null eigenvalues of the 

matrix T  before matrix inversion. 

4.2.2 Eigendecomposition-based Phase Estimators 

For eigendecomposition-based phase estimators, such as CAESAR and PD-

PSInSAR, the phases are estimated by extracting the phases of the eigenvector associated 

with the largest eigenvalue from the covariance matrix or coherence matrix. The 

eigendecomposition of the covariance matrix C  can be obtained as 

 
'

1

,
N

H

i i i

i




C = v v   (4.5) 

where the eigenvalues '

i  are arranged in descending order such as ' ' '

1 2 ,..., N     . iv  

is the eigenvector associated with eigenvalue '

i . The connection between SqueeSAR and 

CAESAR has been analyzed in [38] by rewriting the estimation of the eigenvector 1v  in 

the following form 

  
1

1 1 1 1 1arg max subject to 1.H H 
v

v v Cv v v   (4.6) 
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Comparing Eq. (4.3) and Eq. (4.6), we notice that the ML PT in SqueeSAR has a 

similar form with the covariance-matrix eigendecomposition-based phase estimator in 

CAESAR. CAESAR is based on extracting the phase of 1v . In order to perform detailed 

comparison between the ML estimator and the CAESAR phase estimator, it is necessary 

to rewrite Eq. (4.6) in the form of Eq. (4.4) as 
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where ,m nc  and 
'

,m nv  is the element of matrix C  and 
1 1

T

v v  at row m  and column n , 

respectively. From Eq.(3.3), we can see that , ,m n m n m nc    . Therefore, Eq. (4.7) can be 

rewritten as 
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In PD-PSInSAR, the coherence matrix is used in eigendecomposition phase 

estimating instead of the covariance matrix. Therefore, the coherence-matrix 

eigendecomposition-based phase estimator (PD-PSInSAR) can be obtained in a similar 

way as 
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where 
'

,m nu  is the element of matrix 
1 1

T
u u  at row m  and column n . Comparing with Eq. 

(4.9), it is easy to see from Eq. (4.8) that CAESAR can be affected by the unbalance of the 

amplitudes among SAR images due to the term 
m n  . If the unbalance of the amplitudes 

can be ignored, CAESAR and PD-PSInSAR should obtain similar results.  

4.2.3 Two Modified PT Algorithms 

Three methods described in Eq. (4.4), Eq. (4.8), and Eq. (4.9) have very similar 

mathematical forms. The major difference is the weight for the cosine function. In this 

section, two alternative PT algorithms are proposed by using different weight values.  

Starting from the ML estimator in Eq. (4.4), the weight 
'

,m n  can be changed to get 

new PT algorithms. The first straightforward way is to set the weight equal, therefore Eq. 

(4.4) becomes as follows 

 
 

 

equal-weighted , ,

1

arg max cos ,

arg max .

N N

m n m n

m n m

H

 
 

 
  

 

  


θ

θ

θ
  (4.10) 

If the temporal variation of decorrelation is considered, an alternative choice of 

'

,m n  is simply the coherence value ,m n . Therefore, we can get the coherence-weighted PT 

as follows 
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By using a larger weight for interferometric phases with higher temporal coherence, 

the estimated phases 
coherence-weightedθ  should be more robust and resistant to decorrelation. 

4.2.4 Least-squares Phase Estimator 

To reduce the temporal and geometrical decorrelation, the small baseline (SBAS) 

method is proposed to analyze the interferograms with short time interval and small normal 

baselines [28]. In the procedure of SBAS analysis, one of the important considerations is 

the minimum-norm constraint phase estimation. It should be noted that the interferograms 

need to be unwrapped before implementing the LS phase estimator. The relationship 

between the known unwrapped differential interferograms ̂  and the unknown unwrapped 

phase values θ̂  associated with the deformation for a considered pixel is 

 ˆ ˆ,Aθ = θ   (4.12) 

where 

1,21

1,32

1,

ˆˆ1 1 0 0

ˆˆ1 0 1 0 ˆ ˆ, , and .

ˆ0 0 0 1 1 ˆ
N NN






 

   
   

          
   
        

A θ θ  

Matrix A  is an incidence-like matrix that depends on the image pairs used for the 

interferogram generation. θ̂  can be estimated in the LS sense by a minimum-norm 

constraint as 

    
1

LS ˆ

ˆ ˆarg min ,T T T



θ

θ = e e A A A θ   (4.13) 

where ˆ ˆ e θ Aθ . Such an LS estimator can also be performed using SVD decomposition 

[28]. For further analysis, we rewrite Eq. (4.13) as 
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where 
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m n m n    . Applying a Taylor series expansion on the cosine term in Eq. (4.10), 

the equal-weighted PT can be approximated by 
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Therefore, we can see that the equal-weighted PT has the same form as the LS 

estimator in Eq. (4.14) if higher-order terms are neglected. In SBAS procedure, the 

interferograms are selectively chosen for “short baselines,” in which case such connection 

can still be held by setting the terms corresponding to the non-chosen pairs in Eq. (4.10) to 

zero. 

4.3 Discussion 

A possible way to evaluate the phase estimator performance is shown in [33] as 
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where   can be regarded as the temporal coherence of DS. Eq. (4.16) can be rewritten as 
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Substituting Eq. (4.17) to Eq. (4.10), we can see that equal-weighted PT can be obtained 

as  

  equal-weighted arg max .
θ

θ   (4.18) 

It can be seen that the equal-weighted PT estimates θ  by maximizing the parameter  . 

Therefore, this equal-weighted PT would provide the best   value. 

 

Table 4-1.  Summary and comparison of five PT methods 

Estimator Names Estimator Criteria 
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The above five PT algorithms are summarized in Table 4-1 for comparison. Taken 

together, this result suggests that these five phase estimators SqueeSARθ , Eigenθ , equal-weightedθ , 

coherence-weightedθ , and LSθ  share very similar mathematical forms with only different weight 

values. It can be seen that the ML estimator, equal-weighed PT and coherence-weighted 

PT are attempt to find θ  that maximizes the   value with different weights. For the 

eigendecomposition-based phase estimators, it can be seen that not only the phase ,m n  but 

also the weight ( '

,m nv  or '

,m nu ) is variable to get the largest critical values.  

In the principal component analysis (PCA) sense, as shown in 4.5 Appendix, the 

eigenvector with the largest eigenvalue is the “direction” along which the variance is 

maximized. Comparing PD-PSInSARθ  and coherence-weightedθ , it can be seen that the coherence-

weighted PT can be regarded as the “direction” represented by   along which the variance 

of the coherence matrix T  is maximized. The absolute value of   is unitary while the 

absolute value of 1ξ  is arbitrary. Similarly, MLθ  and equal-weightedθ  can be regarded as the 

“direction” represented by   along which the variances of 
1

 T T  and   are 

maximized, respectively.  

Each of the above five PT methods has its own advantages and disadvantages. The 

LS phase estimator requires the phase to be unwrapped in the beginning, which can be 

problematic in areas with low coherence. In theory, The ML estimator SqueeSARθ  can 

maximize the “agreement” of the model with the observed data based on maximizing the 

likelihood function. The equal-weighted PT and the coherence-weighted PT have similar 

cost functions related to the definition of the   value that obtain the 1N   interferometric 
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phases from the ( 1) / 2N N   phases at most. Thus, when evaluating the performances of 

PT methods, the   values of the equal-weighted PT and the coherence-weighted PT tend 

to be larger than those of other PT estimators. The coherence-weighted PT is more robust 

to decorrelation than the equal-weighted PT because of the assignment of larger weight on 

phases with higher temporal coherence. One major merit of eigendecomposition-based 

phase estimators is the ability of processing DS-MSM by mitigating interference between 

different scattering mechanisms and extracting the corresponding phases for different 

scattering components. A potential problem might occur in eigendecomposition-based PT 

when the obtained eigenvectors are orthogonal. However, it could also be problematic 

when the scattering mechanisms are correlated. Since data standard deviations   are 

included in the weight of 
CAESARθ , the covariance-matrix eigendecomposition-based PT 

can be affected by the amplitude unbalances of SAR images. This problem is avoided in 

the implementation of coherence-matrix eigendecomposition-based PT PD-PSInSARθ . 

For multi-temporal InSAR processing, one of the critical factors is computing 

requirements. Although the previous five PT methods share similar mathematical forms, 

their computational requirements are quite different. All SqueeSARθ , equal-weightedθ , and 

coherence-weightedθ  usually require an iterative optimization process while the 

eigendecomposition-based PT and LS phase estimators can be implemented using basic 

eigendecomposition and SVD decomposition, respectively. Many sophisticated and 

efficient algorithms have been proposed to perform the eigendecomposition or SVD 

decomposition [53]. The ML estimator SqueeSARθ  usually implements a damping factor to 

avoid small negative or null eigenvalues, which requires the estimate of the eigenvalues in 
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the beginning [33]. Since the estimations of SqueeSARθ , equal-weightedθ , and coherence-weightedθ  are 

calculated through the maximization of a summation of weighted cosine terms, the non-

linear least-squares estimation can be one of the more efficient ways to implement these 

three PT methods. 

4.4 Conclusion 

Phase triangulation (PT) is a useful tool to transform phase estimates based on 

distributed scatters into comparable stable PS measurements. This chapter provided the 

mathematical framework and analyzed the strengths and limits of five different PT 

algorithms: ML algorithm, eigendecomposition-based phase estimators, LS estimator, 

equal-weighted PT, and coherence-weighted PT. It has been found that the above five 

phase estimators share very similar mathematical forms. The only difference is the weight 

value in the estimation procedure. Overall, it supports improved understanding and 

advanced estimation methods for the use of PT algorithms in distributed scatterer 

interferometry.  

4.5 Appendix 

The basic mathematic meaning of eigendecomposition of the coherence matrix is 

given in this appendix. In the principal component analysis (PCA) sense, the eigenvector 

with the largest eigenvalue is the “direction” along which the variance of T  is maximized. 

Assuming that the vector 1u  represents the variance-maximum “direction,” which 

will be shown to be a generalized eigenvector. The normalized variance of T  along 

direction 1u  is 
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 1 1

1 1

.
H

H
 

u Tu

u u
  (4.19) 

Eq. (4.19) can be rewritten as 

 1 1 1 1.
H H u u u Tu   (4.20) 

Maximizing   requires 1/ 0  u . Taking differential with respect to 
1u  on both sides 

of Eq. (4.20), we obtain 

 1 1 1 1

1

.H H H



 


u u u u T

u
  (4.21) 

Setting 1/ 0  u , Eq. (4.21) becomes 

 1 1.Tu u   (4.22) 

Therefore, it can be noted that 
1u  is the corresponding eigenvector of  .  
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Chapter 5                                                                                         
A Time-domain Along-track SAR Interferometry Method 

A time-domain along-track SAR interferometry method is proposed in this 

chapter to estimate along-track deformation using a pair of SAR images. First, a modified 

time-domain reconstruction algorithm is presented to generate forward- or backward-

looking full resolution SAR SLC images. Then, the along-track interferometry is 

implemented using the full aperture, which provides higher SNR and azimuth resolution, 

compared to the multiple-aperture SAR interferometry (MAI) method. ERS-2 data over 

the 1999 Hector Mine Earthquake is used to verify that the proposed techniques can 

achieve higher coherence over larger spatial extent of deformation. 

5.1 Introduction 

A major drawback of traditional InSAR techniques is that only the deformation 

along the line-of-sight (LOS) direction can be detected. Since most of the current space-

borne SAR systems have near-polar, sun-synchronous orbits, deformation measurements 

in the South-North direction are limited (except for the polar area) for traditional InSAR 

techniques. Equation Section (Next) 

Two major approaches have been proposed to retrieve along-track deformation in 

recent years. Intensity-based matching methods intend to retrieve the azimuth offset using 

the cross-correlation of different SAR images [65]-[68]. The second method is the 

multiple-aperture SAR interferometry (MAI) method [69]-[73]. Using an azimuth common 

band filter, both the forward- and backward-looking SLC images can be obtained from one 

raw SAR image. Therefore, the along-track displacement can be retrieved using an MAI 

interferogram, which is created by the forward- and backward-looking interferograms. 
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Compared to the intensity-based matching methods, the MAI technique can achieve 

significant accuracy improvement in along-track displacement measurements [73]. One 

major limitation of the MAI technique is the degraded azimuth resolution and lower signal-

noise-ratio (SNR) due to the split-beam procedure. In other words, since only part of the 

aperture is used to generate the SLC images, the azimuth integration time decreases.  

In order to retrieve the along-track deformation without degrading azimuth 

resolution and SNR, a time-domain along-track SAR interferometry (TAI) is proposed in 

this study. The proposed TAI method is based on the time-domain backprojection (BP) 

technique, which has been used to generate SAR SLC images [74]-[79]. Compared with 

frequency-domain SAR formation techniques, the time-domain BP-based method requires 

the orbit (or trajectory) data as well as the reconstruction-grid (such as DEM) to be known 

a priori [78], [79]. The proposed TAI technique consists of two main procedures. First, 

based on the traditional time-domain BP algorithm, the phase components of the 

backprojected signal are analyzed in slant-range and along-track directions and a modified 

BP technique is proposed in order to generate the full resolution SAR SLC images with a 

specified squint angle. Then, the along-track interferometry with full resolution is created 

and the along-track deformation obtained from TAI is compared with that from MAI. First 

we start by mathematically analyzing the proposed TAI method to demonstrate its ability 

to estimate the azimuth displacement using full SAR aperture. 
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5.2 Algorithm 

5.2.1 Traditional Time-domain BP Algorithm 

A brief derivation of the traditional time-domain BP algorithm is given in this 

section. The transmit signal of the radar is normally a “chirp” (linear frequency modulated 

signal) with form of 

   2

0 0( ) ( )exp 2 ,T Ts t A t j f t Kt       (5.1) 

where ( )TA t  is the transmit signal amplitude, t  is the fast-time, 0f  is the center frequency, 

K  is the chirp rate, and 
0  is the initial phase. 

Assuming that the two-way propagation time from radar to the target is  , the 

received signal can be expressed by an amplitude-changed, time-delayed copy of the 

transmittal signal as [79] 

   2

0 0( ) ( )exp 2 ( ) ( ) ,R Rs t A t j f t K t           (5.2) 

where ( )RA t  is the received signal amplitude. After demodulation, the received signal 

becomes 

   2

0 0( ) ( )exp 2 ( ) .R Rs t A t j f K t           (5.3) 

In the following analysis, the initial phase 0  is set to zero for simplification. 

Before the BP process, range-compression should be implemented, which can be done in 

the frequency-domain as well as the time-domain. The range-compressed signal can be 

obtained as 

  0( ) ( )exp 2 ,RC RCs t A t j f     (5.4) 
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where ( )RCA t  is the range-compressed signal amplitude. For simplification, the range-

compressed signal is expressed as 

  0( ) exp 2 ,RC i is i A j f     (5.5) 

where i  is the slow-time pulse index and iA  is the amplitude. One major procedure for the 

traditional BP algorithm is to compensate the phase component in Eq. (5.5) using the 

estimated two-way propagation time i  to obtain the phase-compensated signal ( )comp

RCs i  as  

 
 

 

0

0

( ) ( )exp 2 ,

exp 2 ( ) .

comp

RC RC i

i i i

s i s i j f

A j f

 

  



  
  (5.6) 

Parameter i  can be estimated from 2 /i iR c  , where 
iR  is the estimated radar-

target range from the radar position to the physical centre of the scattering cell. In general, 

the target is assumed to be located at the centre of the pixel. Therefore, as shown in Figure 

5-1, 
iR  can be estimated from the SAR scanning geometry using the trajectory information 

 

Figure 5-1.  SAR scanning geometry of one pixel. Point A, B, and C are the position of 

the SAR antenna, physical centre, and actual phase centre of the scattering 

cell, respectively. 
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and specified reconstruction grid. Assuming R  is the real range from the radar to the phase 

centre of the scattering cell ( 2 /i iR c  ), Eq. (5.6) can be rewritten as 

 
 

 

0( ) exp 2 (2 / 2 / ) ,

exp ,

comp

RC i i i

i i

s i A j f R c R c

A jk R

  

  
  (5.7) 

where 4k    and i i iR R R   . A traditional BP process coherently integrates the 

phase-compensated range-compressed radar echoes ( )comp

RCs i  to form the image. For a 

specific pixel, the backprojected signal is 

 

 

( ),

exp .

M
comp

BP RC

i N

M

i i

i N

I s i

A jk R







  





  (5.8) 

Here i  is assumed to vary from N  to M  during the integration along azimuth. 

For zero squint angle, we have N M . The range difference 
iR  is caused by the offset 

between the physical centre and phase centre of a scattering cell. Therefore, we can see 

that the backprojected signal BPI  contains a “residual phase” due to the mismatch of the 

physical centre and phase centre of a scattering cell [79]. A detailed analysis of this 

“residual phase” will be conducted in Section 5.2.2. 

5.2.2 A Modified Time-domain BP Algorithm 

Based on the traditional time-domain BP method, this section first proposes a 

modified time-domain focusing algorithm to generate one full resolution SLC image with 

the desired squint angle from one raw SAR image. Then, the proposed TAI along-track 

interferometry method is introduced in Section 5.2.3. The analysis in the previous section 

is based on the stop-go approximation, which assumes that the antenna remains at the same 
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location during the transmitting and receiving of one pulse. For further analysis, the 

coordinates of point A, B, and C in Figure 5-1 are set to be ( , , )A A Ax y z , ( , y , )B B Bx z , and 

( , y , )C C Cx z , respectively. Assuming the offset vector between point B and C is 

( , , )x y z    ε C B , range iR  and 
iR  can be expressed as [79] 

2 2 2

2 2 2

2 2 2

2

( ) ( ) ( ) ,

,

( ) ( ) ( ) ,

( ) ( ) ( ) 2( ) 2( ) 2( ) ,

2( ) 2( ) 2( ) ,

( )

i A B A B A B

i

A B x A B y A B z

A B A B A B A B x A B y A B z

i A B x A B y A B z

A B x

i

R x x y y z z

R

x x y y z z

x x y y z z x x y y z z

R x x y y z z

x x
R

  

  

  



       

    

        

           

      

 
 

A B

A C A B ε

( ) ( )
,

( )
.

A B y A B z

i

i

y y z z

R

R

   

 
 



A B ε

A B

 

 (5.9) 

Therefore, the range difference iR  can be estimated from Eq. (5.9) as 

 
( )

,i i iR R R
 

     


B A ε
μ ε

B A
  (5.10) 

where 





B A
μ

B A
 is the unit vector from point A to B. Therefore, we can see that the range 

difference iR  can be estimated by the length of the component of vector ε  in the 

instantaneous AB  direction during scanning. Approximation in Eq. (5.10) is expected 

since vector AB  and vector AC  can be regarded as parallel. Since the real-time vector 

AB  is in the slant-range along-track plane, only the partial component of vector ε  in this 

plane can contribute to the range difference in Eq. (5.10). Therefore, we assume the 
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component of vector ε  in the slant-range along-track plane is ε . 

For further analysis, we decompose the offset vector ε  into the slant-range and 

azimuth directions as r a
  ε ε ε . As shown in Figure 5-2, iR  can be obtained as 

 

,

cos sin ,

cos sin ,

i r a

r i a i

r i a i

R

 

   

        

 

 

μ ε μ ε ε μ ε μ

ε ε   (5.11) 

where i  is the angle between vector AB  and the slant-range direction. During scanning, 

vector AB  can be regarded as the instantaneous LOS direction. Consequently, i  can be 

regarded as the instantaneous squint angle. Substituting Eq. (5.11) into Eq. (5.7), we obtain 

 
 

 

( ) exp cos sin ,

exp .

comp

RC i r i a i

i r a i

s i A jk jk

A jk jk

   

  

  

  
  (5.12) 

Since i  is normally very small (< 2°~3° for airborne SAR, < 3x10e-6° for 

spaceborne SAR), we can have cos 1i   and sin i i  . It is interesting to see that the 

 

Figure 5-2.  Decomposition of the offset vector ε  in slant-range and along-track 

direction. 
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phase of the signal ( )comp

RCs i  can be regarded as containing a constant phase component and 

a linear phase component.  

As shown in Appendix 5.5.1, the traditional backprojected signal BPI  only contains 

the phase component of r , which means that the traditional BP-focused SLC images are 

not sensitive to along-track deformation and can only be used to perform traditional SAR 

interferometry in the slant-range direction. Therefore, 
a  needs to be separated from 

( )comp

RCs i  to implement along-track SAR interferometry. The estimation of 
a  from Eq. 

(5.12) can be obtained as how the Persistent Scatterer InSAR (PSInSAR) technique 

estimates the DEM error and target velocity [24]-[26]. Given the phases of ( )comp

RCs i  as 

( )comp

RC i , we can estimate a  by maximizing the “residual phase coherence” as 

    
1

arg max exp ( ) exp sin .
1a

M
comp

a TAI RC a i

i N

j i jk
M N

    


 
   

  
   (5.13) 

The amplitude value of ( )comp

RCs i  can be added as a weight function to signal ( )comp

RC i  in 

order to reduce the noise and improve the robustness of the estimation such as, 

 

   

 

arg max exp ( ) exp sin ,

arg max ( ) exp sin .

a

a

M
comp

a i RC a i

i N

M
comp

RC a i

i N

A j i jk

s i jk





   

 





 
  

 

 
  

 





  (5.14) 

Since a  is the offset between the physical centre and phase centre of a scattering 

cell in azimuth direction, for the maximization in Eq. (5.13) and Eq. (5.14), a  should be 

estimated within the size of a DEM cell in azimuth direction. It should be noted that the 

scattering phase for a target is assumed to be constant in the range-compressed signal 
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( )comp

RCs i  for simplicity in the above analysis. In other words, the target scattering is assumed 

to remain generally constant for different look angles during scanning. Future work is 

needed to study the effect of the scattering phase term on the maximization of Eq. (5.14).  

If 
i  can be regarded as the instantaneous squint angle, we can generate the SLC 

signal for a pixel with any specified squint angle (such as M ) by  

    ( ) exp sin exp sin .
M

comp

TAI RC a i a M

i N

I s i jk jk   


 
    
 
   (5.15) 

Even though the squint angle in Eq. (5.15) can be selected arbitrarily, the specified 

squint angle should not be larger than half of the antenna beam width. In other words, it is 

necessary to make sure the target has been observed under that specified squint angle. It is 

known that the larger squint angle is, the more sensitive the phase component is to the 

along-track deformation. Therefore, half of the antenna beam width ( M ) is used here as 

the specified squint angle in Eq. (5.15). We can also add the range phase component of MR  

to Eq. (5.15) as 

 

    

  
 

exp exp sin ,

exp ,

exp .

TAI M TAI M r a M

TAI M M

TAI M

I jkR I jk R

I jk R R

I jkR

        

    

  

  (5.16) 

From Eq. (5.16), it can be seen that  expTAI MI jkR   is the reconstructed SLC 

signal with backward-looking squint angle M . The forwarding-looking SLC image can 

also be obtained in a similar way by specifying the squint angle in Eq. (5.15) to be M . 

Comparing Eq. (5.14) and Eq. (5.15), the estimation of a  can be regarded as the 
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maximization of 
TAII . If 0a  , it can be seen from Eq. (5.8) and Eq. (5.15) that 

TAI BPI I . Consequently, we have 
TAI BPI I , which indicates the TAI focused SAR 

SLC image will have a larger amplitude than the traditional BP method. Therefore, a  is 

estimated in a way to acquire the “best” time-domain azimuth focusing. Since the proposed 

method is based on the analysis of the time-domain BP focusing technique, it is 

straightforward to use the range-compressed signal to estimate the slope of the linear phase. 

In fact, the maximization in Eq. (5.14) can also be conducted using the deramped signal 

(i.e., ( )comp

RCs i  ), which can be obtained from the spectrum of the focused SLC image. 

Therefore, it is not mandatory to perform the estimation using the range-compressed SLC 

 

Figure 5-3.  Flowchart for the traditional BP methods and two modified BP methods. 
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image as shown in Eq. (5.14). The proposed idea can also be implemented using the 

deramped signal from the focused SLC image. 

Herein, a modified focusing technique has been presented to generate a SLC image 

TAII  with arbitrary squint angle using full aperture, which can be used in the along-track 

interferometry as shown in the next section. Furthermore, the estimation of 
a  can also be 

benefited in the slant-range interferometry. If we specify the arbitrary squint angle to be 

zero in Eq. (5.15), we can get an additional modified BP result as  

  ( )exp sin .
M

modified comp

BP RC a i

i N

I s i jk 


    (5.17) 

By compensating the along-track phase component, the phase of modified

BPI  in Eq. (5.17) only 

contains the slant-range phase component with form  exp .modified modified

BP BP rI I jk   

Comparing Eq. (5.15) and Eq. (5.17), we can see that modified

BP TAI BPI I I  . Therefore, 

since the linear phase component of a  has been removed from ( )comp

RCs i , higher SNR is 

expected in this modified BP than the traditional BP technique. This additional modified 

BP focusing method 
modified

BPI  can be used as a substitute for the traditional BP method in 

slant-range interferometry.  

In summary, a modified focusing technique has been presented in this section to 

generate the SLC image with arbitrary squint angle using full aperture. By specifying the 

squint angle to be different values, we can get two modified BP methods: Eq. (5.15) 

enables us to generate forward- and backward-looking SLCs with arbitrary squint angles, 

which can be used for along-track interferometry; Eq. (5.17) enables us to focus the SLC 

in the slant-range direction as an alternative to the traditional BP method. The flowchart of 
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these two modified BP methods along with the traditional BP method are shown in Figure 

5-3.  

It should be noted that the above analysis indicates that the angle i  can be 

estimated from the trajectory information and the reconstructed grid data. However, since 

i  is a small angle, estimating it from the scanning geometry could be difficult and noisy. 

An alternative way to estimate i  is based on the connection of squint angle and the 

Doppler frequency as [81] 

 sin ,
2

i

d
i

i

f

v


     (5.18) 

where i

df  and iv  are the Doppler frequency and platform velocity, respectively. Therefore, 

angle i  can be estimated from the Doppler frequency by many sophisticated techniques 

[81].  

5.2.3 Time-domain-based Along-track Interferometry 

The above analysis demonstrated a method for generating one full resolution SLC 

image with any specified squint angle using one raw SAR image. In other words, a time-

domain focusing method was proposed, which enables us to create full resolution forward- 

or backward-looking SLC images. Moreover, the above analysis indicates that the essence 

of the proposed method is to estimate the slope of the linear phase component due to a . 

The along-track shift (e.g., change of a ) of two SAR SLC images manifests two linear 

phase components with different slopes. The estimation of the slope of the linear phase 

component is the major difference between MAI and TAI methods. For MAI, the slope is 

estimated by splitting the positive and negative spectral components to generate a phase 
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offset, which is directly related to the phase slope. Due to the spectral splitting, the SNR 

and resolution become degraded. On the other hand, the proposed method in Eq. (5.14) 

performs the slope estimation in a PSInSAR-like detector. Furthermore, the amplitude of 

the range-compressed signal is included as a weight in Eq. (5.14) which results in reducing 

the error. In other words, the estimation of a  is embedded in the time-domain azimuth 

focusing procedure. 

Therefore, two forward- and backward-looking SLC images can be obtained from 

two raw SAR images and along-track interferometry can be conducted a similar way to the 

MAI technique as shown in Figure 5-4. First, we create full resolution forward- and 

backward-looking SLCs from the first raw dataset. Then, we interfere each of them with 

the corresponding forward- and backward-looking SLCs from the second raw dataset. 

Finally, the along-track interferogram can be obtained by the complex conjugate 

multiplication of the forward-looking interferogram with the backward-looking 

interferogram.  

 

 

Figure 5-4.  Comparison of MAI (a) and TAI (b) imaging with M N .  
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Considering an along-track displacement x , the forward- band backward-looking 

interferogram phases are 
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  (5.19) 

Therefore, we can calculate the TAI along-track interferometric phase as 

 
8

sin .f b

TAI TAI TAI M

x
   


      (5.20) 

Since M  is small and 2M l  , Eq. (5.20) can be written as  

 
4

,TAI x
l


     (5.21) 

where l  is the antenna length.  

For MAI, the interferometric phase can be written as [69][70] 

 
2

.f b

MAI MAI MAI x
l


        (5.22) 

Comparing Eq. (5.21) and Eq. (5.22), it is easy to see that the TAI interferometric phase is 

more sensitive to the along-track deformation than MAI due to the larger squint angles of 

the focused forward- and backward-looking SLC images. From Figure 5-4, we can see that 

the squint angles of MAI are generally around a quarter of the antenna beam width while 

the ones for TAI are around half of the antenna beam width. Consequently, the connection 

between the standard deviations of the phases and displacement measurements for MAI 

and TAI can be shown to be 
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  (5.23) 

It is easy to see that TAI can obtain better displacement measurements than MAI. 

Moreover, higher SNR and azimuth resolution in the TAI technique are expected because 

full resolution squint (forward- or backward-looking) SLC images are used. The standard 

deviation of the TAI interferometric phase is obtained in Appendix 5.5.2. As shown in [70], 

the standard deviation of the MAI interferometric phase is 

 
211

,
(1 )

MAI

MAI

MAILN n










  (5.24) 

where MAI  is the total correlation and n  is the normalized squint that presents a fraction 

of the full aperture width. If the aperture is split in half, we have 0.5n  . The MAI  for Eq. 

(5.24) can be obtained as 
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Figure 5-5.  Theoretically estimated standard deviations of the TAI and MAI 

interferometric phases with 32LN  , 0.5n   and 
spatial,temporal 1  . 
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For MAI, it can be seen from Eq. (5.24) and Eq. (5.25) that both the effective 

number of looks 
LN  and SNR are reduced by (1 )n , due to the aperture loss in split-beam 

processing. Given 32LN  , 0.5n   and 
spatial,temporal 1  , the predicted MAI  and TAI  are 

plotted with respect to SNR  in Figure 5-5. The figure indicates that an improvement of the 

along-track interferometry precision is made with TAI based on the assumption that 

spatial,temporal 1  . Further work is required to obtain more accurate precision estimation for 

the TAI method. 

 

 

Figure 5-6.  The comparison of the estimated along-track deformations and the 

corresponding coherence values between MAI (a, c) and TAI (b, d), 

respectively. The black arrow indicates the along-track direction. 
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5.3 Application Results 

The above TAI method is implemented using ERS-2 data on September 15, 1999 

and October 20, 1999 over the Hector Mine earthquake (Mw 7.1) in California, USA. Both 

TAI and the MAI methods are applied for the purpose of comparison with multilook 

window size of 5 x 25 in range and azimuth, respectively. The MAI and TAI estimated 

along-track deformations with coherence larger than 0.7 are shown in Figure 5-6 (a) and 

(b), respectively. Generally, both show similar spatial and intensity patterns of surface 

deformations. However, it can be seen that TAI has better spatial coverage with higher 

coherence, especially around the epicenter of the earthquake (Figure 5-6 (a) - (d)). In this 

case study, the TAI method resulted in about 10 % coherence improvement over MAI in 

the deformed region. In order to further analyze the performances of MAI and TAI, GPS 

measurements over Hector Mine earthquake are used. A detailed analysis of the GPS 

measurements can be seen in [82]. Figure 5-7 shows the comparison of 70 GPS results with 

MAI and TAI results. In general, both MAI and TAI results fit the GPS measurements. 

However, TAI acquire better fitness with R2=0.8 while R2 for MAI is 0.6. This is expected 

 

    
 (a) (b) 

Figure 5-7.  Comparison of GPS measurements with MAI (a) and TAI (b) results.  
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because TAI uses the full aperture to generate the forward- or backward-looking SLC 

images. However, the major drawback of TAI is the heavy computational load because it 

is based on the time-domain focusing. Therefore, the proposed TAI and MAI can be 

complementary in the application of along-track interferometry.  

5.4 Conclusion 

In this study, a time-domain along-track SAR interferometry technique was 

proposed to estimate the along-track deformation from one pair of SAR images. By 

analyzing the “residual phase” of the range-compressed phase-compensated signal, it has 

been found that the “residual phase” contains both constant and linear phase components. 

The along-track phase component can be estimated by maximizing the “residual phase 

coherence”. Then, we introduced a modified BP algorithm which focuses the range-

compressed signal with a specified squint angle. In contrast to the aperture splitting process 

in MAI, the proposed focusing method generates forward- and backward-looking SLC 

images using the full aperture from one raw SAR image. Therefore, higher SNR and along-

track resolution are obtained in the along-track interferometry. The experimental results 

from the Hector Mine Earthquake suggest that the proposed TAI technique can achieve 

higher coherence than the MAI method. Further work will focus on the effect of the orbit 

and DEM errors on the performance of the TAI method. 

5.5 Appendix 

5.5.1 Traditional BP Algorithm 

For simplification, we assume that the system squint angle is zero and M N . 

Therefore, Eq. (5.8) becomes 
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Assuming the response of the target is symmetric with respect to 0i  , which means 

i iA A  and i i   , Eq. (5.26) can be rewritten as 
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where  ' 2 cosi i a iA A k  . In Eq. (5.27), the essence of the BP algorithm is the coherent 

summation. The results of BP algorithm only contains information of range offset r . 

Therefore, the backprojected signal BPI  for a scattering cell has the form of 

  BP BP exp .rI I jk    (5.28) 

It is known that the azimuth-compressed signal for one pixel in the frequency domain has 

the form of 

  Freq Freq 0exp ,I I jkR    (5.29) 

where 0R  is the shortest range from the antenna to the target at time 0i  , in which case

0 0 0 rR R R     . Since 
0R  is known from the geometry, we can add back the phase 

component caused by 
0R  in BPI  as 
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Comparing Eq. (5.30) and Eq. (5.29), it can be seen that the BP algorithm obtains 

the same phase component as the frequency domain focusing methods. Therefore, using 

the backprojected signal BPI , we can perform traditional SAR interferometry in the slant-

range direction. 

5.5.2 Estimation of the TAI Interferometric Phase Standard Deviation 

The precision assessment of the proposed TAI method is discussed in this appendix. 

The backward-looking interferogram can be obtained by the complex conjugate 

multiplication of the two backward-looking SLCs of the Master and Slave scanning. For 

simplicity, we assume the real backward-looking interferometric signal b

TAII  has the form 

of  

 ,
b
TAIjb b

TAI TAII I e    (5.31) 

where b

TAI  is the backward-looking interferometric phase. In order to obtain the 

relationship between the phase standard deviation and SNR, the estimated signal from the 

acquired data is assumed to be 

 .
b
TAIjb b

TAI TAII I e     (5.32) 

For simplicity, we ignore the effect of the amplitude and assume b b

TAI TAII I . 

Therefore, the noise can be estimated as 

 
 

 
 

( )

,

,

1 ,

1 ,

b b
TAI TAI

b b b
TAI TAI TAI

b
TAI

b b

noise TAI TAI

j jb

TAI

j jb

TAI

jb j

TAI

I I I

I e e

I e e

I e e

 

  

 



 

 

 

 

  (5.33) 



 

98 

 

where b b

TAI TAI     is the error of the backward-looking interferometric phase. Assuming 

  follows a normal distribution with zero mean and standard deviation  , the expectation 

of the noise power can be estimated from Eq. (5.33) as 
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Since   follows normal distribution,  cosE   can be estimated as 
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Using Eq. (5.34) and Eq. (5.35), the SNR of the backward-looking interferogram can be 

estimated as 
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  (5.36) 

From Eq. (5.36),   can be written in terms of SNR as  

  12ln 1 / 2 .SNR
     (5.37) 

After the forward- and backward-looking interferograms are obtained, the TAI 

interferometric phase can be calculated from the difference of two interferograms. 

Assuming the forward- and backward-looking interferometric signals have independent 

phases and the same SNR, the standard deviation of the TAI interferometric phase can be 

obtained as 

 
 14ln 1 / 2

,TAI

L

SNR

N


 
   (5.38) 
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where 
LN  is the effective number of looks. It should be noted that the spatial and temporal 

decorrelation is not considered in the derivation.  
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Chapter 6                                                                            
Mapping Surface Deformation over Slumgullion Landslide 

6.1 Introduction 

The Slumgullion Earthflow located in the San Juan Mountains near Lake City, 

Colorado is a long-term slow moving landslide that moves downhill continuously at rates 

as high as about 7 m/year. Figure 6-1 shows an optical image of the landslide area. The 

active portion of the landslide is 3.9 km long and has an average width of 300 m [83]. It is 

estimated that the active part of the landslide has been moving for about 300 years [84]. 

The landslide contains many individual kinematic elements with steady average annual 

speeds vary between 0.5 to 7 m/year [85]-[88]. It is also known that the landslide speed is 

related to subsurface water levels and sensitive to seasonal rainfall changes. The rate of 

 

 

Figure 6-1.  Optical image of the Slumgullion landslide area from Google Earth with five 

labeled GPS stations.  
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motion is highest during the spring snowmelt and significant rainfall [89]. The Slumgullion 

landslide has been utilized in several differential InSAR studies due to the convenience of 

having such a large area consistently moving downhill [88], [90]-[94]. 

In this chapter, we present a case study over the Slumgullion landslide conducted 

in July 2015 using an airborne SAR system known as SlimSAR by ARTEMIS, Inc. The 

purpose of the project is to: (1) verify the performance of this system and understand the 

source of errors; (2) investigate ways to improve the precision of the derived deformation 

measurements; (3) acquire 3D deformation maps over the Slumgullion landslide area.  

Compared with spaceborne InSAR, airborne InSAR has the advantages of 

providing time-transient variability in land surface topography with high-precision and 

high-resolution, and offer researchers greater flexibility in selecting the temporal and 

spatial baselines of the data sets [90]. Moreover, it is expected that airborne InSAR will 

greatly expand the number of academic researchers that will have access to the 

observational data they need to better characterize, quantify, and understand the behavior 

of many natural hazards [90].  

 

 

Figure 6-2.  TLS point cloud coded by the optical image. 
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In additional to the airborne InSAR measurements, several other surveying 

techniques, including spaceborne InSAR, Terrestrial Laser Scanning (TLS), airborne 

LiDAR (Gemini NIR LiDAR system), and GPS surveys were also conducted 

simultaneously with the airborne SAR to provide extra information about the mechanism 

of Slumgullion landslide. The deformation maps estimated from spaceborne InSAR were 

used to validate the airborne InSAR results and generate a 3D deformation map. 

The TLS survey was able to offer detailed structure and land cover information as 

shown in Figure 6-2 (provided by Xinxiang Zhu 2016). The processing of the TLS data is 

not completed and beyond the scope of this dissertation. The airborne LiDAR campaign 

provided high-resolution and high-accuracy (<10 cm vertical error) topographic data with 

a point density around 10 pts/m2 over the study area as shown in Figure 6-3. Differential 

 

 

Figure 6-3.  Airborne LiDAR hillshade DEM on top of Google Earth optical image. 
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GPS surveys offered ground-truth of the landslide motion, which can be compared with 

the InSAR measurements.  

6.2 Details of the SlimSAR System 

The SlimSAR system used to conduct the airborne SAR scanning is a compact, 

multi-capability radar system available in many different configurations. For this study, the 

SlimSAR was installed on a Cessna 206. The specifications of the SlimSAR system for 

this project are shown in Table 6-1.  

The SlimSAR system was configured with three X-band antennas and two L-band 

antennas (Ch0 and Ch1) installed along the wing strut of the airplane as shown in Figure 

6-4. The SlimSAR system can collect the data at either X-band or L-band on two channels 

simultaneously. The L-band antennas each operated in both transmit and receive, providing 

Table 6-1.  Parameters of the SlimSAR system for this study. 

Parameter Name L-band or X-band Values 

Center Frequency 
L 1.3075 GHz 
X 9.51 GHz 

Bandwidth 
L 185 MHz 
X 245 MHz 

Chirp Time 
L 1.555523 μs 
X 7.546243 μs 

PRF 
L 1509.516 
X 1731.014 Hz 

Azimuth Beamwidth 
L 60o 
X 10o 

Near Range L, X 55o 
Far Range L, X 23o 

Altitude (above ground level) L, X ~1066 m 

Antenna Number 
L 2 
X 3 

Antenna Side L, X Right 
Polarization L, X VV 

Chirp Direction L, X Down 
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two channels of radar data at VV polarization. The baseline between the two L-band 

antennas is 1.822 meters. The three X-band antennas consisted of a transmit antenna in the 

center, and receive antennas mounted above and below [90]. This dual-antenna single-pass 

interferometry enables DEM generation. Repeated flights were used to perform differential 

InSAR to estimate the landslide deformation. For this study, data was collected on July 3, 

7, and 10, 2015 and processed using the time-domain backprojection algorithm.  

For the backprojection focusing algorithm, the challenges are the precise 

measurement of the antenna position and motion. The trajectory of the aircraft is measured 

using two separate GPS/IMU systems, one feeding real-time position and attitude 

information to the radar and the other storing raw data for posting processing as shown in 

Figure 6-5. In order to acquire accurate real-time motion of the aircraft, a GPS ground 

station was set up and used as a differential base-station to provide differential corrections.  

 

 

Figure 6-4.  Installation of the antennas in cross-track interferometric configuration on the 

wing strut. The L-band antennas are installed at the very top and bottom while 

the X-band antennas are located in the center positions.  
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6.3 Results and Analysis 

6.3.1 GPS Measurements 

The locations of the five GPS stations are shown in Figure 6-1. The deformation 

measurements from these five GPS stations between July 3 and July 10 are shown in Table 

6-2. The deformation results are estimated using differential GPS carrier phase 

observations (provided by Xinxiang Zhu 2016).  

We can see that the deformation velocities of all the five GPS stations in North, 

East and Vertical direction are all negative. Therefore, the deformation is to the South-

 

Figure 6-5.  The SAR system (at left) with two GPS/IMU systems. The installed 

configuration allowed for X-band and L-band operation with multiple 

channels.  

 

 

 

 

 

 

 

Table 6-2.  Deformation estimates from the five GPS stations along the landslide area. 

GPS 

Station 
Latitude (degree) Longitude (degree) 

Geoid 

Height (m) 

Speed 
(cm/day) 

Velocity (cm/day) 

North East Vertical 

A 37o59'28.62404" -107o15'25.75512" 3147.9490 1.39 -0.80 -1.10 -0.30 

B 37o59'29.78718" -107o15'23.22303" 3157.9968 1.28 -0.87 -0.93 -0.10 

C 37o59'31.08267" -107o15'20.56011" 3164.2861 1.31 -0.87 -0.97 -0.13 

D 37o59'33.99763" -107o15'18.58613" 3173.8342 1.38 -0.93 -0.97 -0.30 

E 37o59'35.51689" -107o15'16.33610" 3189.7563 1.52 -0.97 -1.17 -0.10 
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West-Down, which is consistent with the landslide direction. As will be shown in the 

following section, the GPS results are used as the ground truth to verify the InSAR–

estimated ground deformation. 

6.3.2 Spaceborne InSAR Results 

Four X-band COSMO-SkyMed spotlight images with 1-day interval were used to 

estimate the landslide deformation over the study area. The four images were acquired 

between July 24 and July 26 with both ascending and descending orbits as shown in Table 

6-3. Two SAR amplitude figures for ascending and descending orbits are shown in Figure 

6-6. Implementing the differential InSAR processing with the ascending and descending 

pairs using a DEM derived from airborne LiDAR scanning, the displacement and the 

Table 6-3.  Four COSMO-SkyMed spotlight images used in this study. 

Dates Perpendicular 

Baselines (m) 
Heading Angle 

Incidence 

Angle Master Slave 

20150724 20150725 -752  352o Ascending 53o 

20150725 20150726 911 189o Descending 47o 

 

 

 

 

 

 

 

 

 

    
 (a) (b) 

Figure 6-6.  SAR amplitude images for (a) ascending and (b) descending orbits. 
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coherence results of the spaceborne InSAR can be obtained and are shown in Figure 6-7, 

in which areas with coherence lower than 0.3 are discarded.  

Figure 6-7 (a) shows the deformation map of the ascending track. In the ascending 

track geometry, the landslide deformation is moving toward the platform resulting in 

negative values. For the descending track as shown in Figure 6-7 (c), on the contrary, the 

landslide moves away from the satellite, which causes a positive value of deformation. For 

both ascending and descending interferometry, we can see that the maximum velocity is 

located around the “neck” of the landslide area, which is consistent with previous studies 

[83]-[89]. The coherence values for differential InSAR procedure for both ascending and 

descending pairs are shown in Figure 6-7 (b) and (d). We can see that for the most of the 

landslide area the coherence is relatively high. However, for the non-landslide area, the 

 
 (a) (b) 

 
 (c) (d) 

Figure 6-7.  The deformation maps and coherence values for the ascending (i.e., (a) and 

(b)) and descending (i.e., (c) and (d)) tracks of COSMO-SkyMed spotlight 

scanning. The areas with coherence less than 0.3 are discarded.  
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coherence is generally low, which is caused by the geometrical decorrelation due to 

vegetation. As shown in Table 6-3, the spatial baselines of the two interferometric pairs are 

relatively large (>750 m) and most of the non-landslide areas are covered by trees. 

Furthermore, the short X-band wavelength also makes the COSMO-SkyMed SAR system 

sensitive to volume scattering from vegetation, which can also lead to geometrical 

decorrelation. Due to the fast landslide motion, the vegetation on the landslide area is 

generally very sparse, leading to relatively high coherence over the landslide. An optical 

photo in Figure 6-8 shows the vegetation differences over the landslide and non-landslide 

areas.  

6.3.3 Airborne L-band InSAR Results 

In this project, airborne SAR flights were made on July 3, 7, and 10, 2015. As 

shown in Figure 6-9, there were four flight lines (Flight A, C, D, and E) flown across the 

 

Figure 6-8.  An optical photo around the east boundary of the landslide area taken on July 

3, 2015. The left part of the figure show the landslide area with sparse 

vegetation. The right part shows dense forest area for the non-landslide areas.  
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earthflow, each focusing on a different portion of the slide. In order to acquire full 3D 

surface deformation, one additional flight line (Flight B) was flown along the earthflow, 

capturing the entire area in single image. Each of these flight lines was flown each day with 

data being collected at both X-band and L-band [90]. The heading and look angles for these 

five flight lines are shown in Table 6-4. 

The radar data was processed using the time-domain backprojection algorithm to 

form images which are inherently geo-registered and projected onto a DEM. The 

interferogram generated from two SAR images processed this way has two characteristics. 

First, the phase of the interferogram is directly proportional to the magnitude of the DEM 

error. This phase information can be used to correct the DEM and the SAR imagery is then 

 

Figure 6-9.  A 3D view of the five airborne flight lines over the Slumgullion landslide 

area. 

 

 

 

 

 

 

 

A 

B 

C 

D 

E 

Table 6-4.  Five airborne SAR flight lines used in this study. 

Flights Heading Angle Look Angle 

A 317o 24o-65o 

B 261o 31o-68o 

C 317o 20o-66o 

D 335o 44o-70o 

E 354o 44o-66o 
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re-processed. This process is iterated until the interferogram shows no DEM errors. 

Second, small changes in the terrain height or location that occur in the time between passes 

show up as phase differences in the interferogram. For this project, the end goal is to use 

this information to measure the movement of the landslide.  

The flowchart of airborne InSAR processing is shown in Figure 6-10. Single-pass, 

cross-track interferometry was used to generate accurate DEMs. The method used to 

generate high-quality DEMs was an iterative process. First, the SAR images were formed 

using an initial DEM (which may be of poor quality or resolution). The DEM corrections 

were calculated from the interferogram and imaging geometry. Lastly, the radar data was 

reprocessed using the improved DEM and ground deformation can be estimated using 

differential InSAR. The InSAR-derived DEM is shown in Figure 6-11 along with the 

SRTM DEM and LiDAR DEMs. 

 

 

Figure 6-10.  Flowchart of airborne InSAR processing.  
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It can be seen that the InSAR-derived DEM and LiDAR DEMs are similar and all 

have much better resolution than the SRTM DEM. Once improved DEMs are generated 

and used to form the backprojected SAR imagery, interferograms are then formed between 

pairs of multi-day, multi-pass images to estimate the landslide deformation. 

As shown in Figure 6-11, different DEMs are obtained in this project, which 

enables us to analyze the effect of DEM in the airborne InSAR processing. Without 

 

    
 (a) (b) 

    
 (c) (d) 

Figure 6-11.  Comparison of SRTM DEM (a), LiDAR Top DEM (b), LiDAR Ground DEM 

(c), and InSAR DEM (d). LiDAR Top DEM indicates the digital surface 

model (DSM) and LiDAR ground DEM is the bare-earth DEM. 
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iteration procedure, the single-pass cross-track interferograms using SRTM, LiDAR, and 

InSAR DEMs are shown in Figure 6-12 using data acquired at 07032015_105554 (The 

format of the scanning date is mmddyyyy_hhmmss). It should be noted that the phase 

difference between Ch0 and Ch1 should be a constant value if no DEM error exists. Since 

InSAR DEM is generated using iteration procedure to remove the DEM error, the phase 

difference between Ch0 and Ch1 is a constant value as shown in Figure 6-12 (d). For SRTM 

DEM, as shown in Figure 6-12 (a), we can see significant phase error exist. From Figure 

6-12 (b) and (c) we can see that small phase error caused by the DEM error in LiDAR 

DEM. The phase error in Figure 6-12 (b) and (c) is caused by the fact that laser and 

 

    
 (a) (b) 

    
 (c) (d) 

Figure 6-12.  Single-pass, cross-track interferomgrams using different DEMs without 

iteration procedure. (a) – (d) are generated using SRTM, LiDAR Top, LiDAR 

Ground, and InSAR DEMs, respectively.  
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microwave have different penetrating capabilities. In other words, even though LiDAR 

 

 

Figure 6-13.  Repeat-pass interferograms and coherence values of InSAR pair 

07032015_105554-07072015_104040 using different DEMs without 

iteration procedure.  
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DEMs are more accurate, they do not “fit” the SAR data as InSAR DEM does.  

The single-antenna repeat-pass interferograms using SRTM, LiDAR, and InSAR 

DEMs are also obtained as shown in Figure 6-13. It can be seen that the repeat-pass 

interferograms using different DEMs are very similar. Only the interferogram generated 

with SRTM DEM has slightly different pattern. The reason is that the spatial baselines 

between different flights are very small, only a few meters, and the effect of the DEM is 

insignificant. However, it is still necessary to generate InSAR DEM to optimize the 

interferograms.  

The estimated ground deformation of the L-band InSAR processing is shown in 

Figure 6-14. For the cross flight scanning, Figure 6-14 (a)(b), the deformation map was 

 

 
 (a) (b) 

 
 (c) (d) 

Figure 6-14.  The deformation maps and coherence values for the cross ((a) and (b)) and 

parallel ((c) and (d)) flights of the L-band airborne scanning. The areas with 

coherence less than 0.3 are discarded. 
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mosaicked using three different flight lines. For the parallel flight scanning, Figure 6-14 

(c)(d), the deformation map was generated using one flight line. It should be noted that the 

data collected from parallel flights was divided into two parts to be processed separately 

with reduced computation load. In general, we can see that airborne InSAR can obtain 

reliable surface deformation with good coherence. Again, the neck area of the landslide 

shows the fastest motion. Compared with the spaceborne results in Figure 6-7, we can see 

that the spaceborne InSAR achieves higher coherence inside the earthflow area, due to the 

fact that airborne SAR scanning can be affected by aircraft trajectory turbulence while the 

orbit of the spaceborne platform is much more stable. However, it should also be noted that 

the airborne InSAR has slightly better coherence around the forest areas outside the 

landslide. This is caused by the fact that airborne SAR used L-band wavelength while 

spaceborne COSMO-SkyMed is an X-band system. The longer wavelength enables the 

airborne SAR wave to penetrate the canopy of the trees and reach the ground. Moreover, 

the airborne SlimSAR utilizes a pilot guidance system “DragonFly”, which was used for 

flight planning to ensure that the pilot of the aircraft flies nearly the same track as the 

baseline flight [95]. Therefore, the repeat flights for airborne SAR scanning have minimum 

baselines, which allows the airborne InSAR to be less sensitive to volume scattering. 

Consequently, L-band airborne InSAR can achieve slightly better coherence in the forest 

areas outside the landslide.  
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6.3.4 Comparison of GPS and InSAR Results 

In this section, the results of the airborne and spaceborne interferometry are 

compared with the deformation estimated from the five GPS stations. It is known that the 

motion estimated from GPS measurement is the “true” deformation of the landslide while 

the InSAR-estimated deformation is the motion projected in the LOS direction. Therefore, 

in order to directly compare GPS and InSAR results, it is necessary to project the GPS 

results onto the LOS direction. In this case, we projected the GPS measurements into four 

LOS directions (corresponding to the LOS directions for airborne cross, airborne parallel, 

spaceborne ascending, and spaceborne descending scanning). 

 

 
 (a) (b) 

 
 (c) (d) 

Figure 6-15.  Comparison of the GPS estimated velocities with the airborne as well as the 

spaceborne InSAR results.  
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From the comparison results shown in Figure 6-15, it is seen that all the airborne 

and spaceborne InSAR results fit the GPS estimation very well. As stated earlier, the GPS 

survey and the airborne SAR scanning were conducted between July 3 and July 10, while 

the spaceborne COSMO-SkyMed datasets were acquired between July 24 and July 26. 

From the Figure 6-15, we can see that the spaceborne InSAR estimation is consistent with 

the GPS results, which indicates that the deformation pattern remains similar over the time 

gap between July 10 and July 24. This conclusion is crucial since the results of airborne 

and spaceborne InSAR will be combined to estimate the 3D deformation map in the 

following section.  

 

    
 (a) (b) 

    
 (c) (d) 

Figure 6-16.  3D deformation maps estimated from two airborne and two spaceborne 

InSAR LOS deformation measurements. (a) North. (b) East. (c) Vertical. (d) 

Absolute speed.  
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6.3.5 3D Deformation Map of the Slumgullion Landslide 

As presented in the previous section, both the airborne and spaceborne InSAR 

results fit the GPS measurement very well, which enables us to estimate 3D deformation 

of the landslide area by combining these four different scanning geometries. First, we 

estimate the four deformation maps as shown in Figure 6-7 and Figure 6-14. Then, using 

the trajectory (or orbit) information as well as the scanning geometry, the LOS vectors are 

estimated. Finally, for every pixel, the 3D deformation vector is acquired using least 

squares inversion. The final 3D deformation maps are shown in Figure 6-16 in North, East, 

and Vertical directions. Figure 6-16 (a), (b), and most areas of (c) show that the deformation 

 

    
 (a) (b) 

 
(c) 

Figure 6-17.  Comparison of GPS and InSAR-derived 3D deformation map in North, East, 

and Vertical directions.  
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has negative values in the North, East, and Vertical directions, which is consistent with the 

fact that the landslide moves in the South-West-Down direction. The right-upper corner of 

Figure 6-16 (c) shows slightly positive values, which are caused by low coherence of the 

 

 

Figure 6-18.  The downsampled horizontal velocity field (a) and vertical velocity field (b) 

of a profile along the center of the landslide shown in Figure 6-16 (a). The 

background of (a) is the spaceborne SAR amplitude image.  
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spaceborne InSAR measurements in that area. Moreover, comparing with the horizontal 

motion, the deformation in the vertical direction is much smaller (<0.5 cm/day). Therefore, 

we can see that the landslide deformation mainly occurs along the surface of the 

topography. The absolute speed of the landslide motion is shown in Figure 6-16 (d), from 

which we can see that the “neck” of the landslide has the fastest speed of ~2.1 cm/day. In 

order to compare the InSAR-derived 3D deformation map with the GPS measurements, the 

comparison of GPS and InSAR-derived 3D deformation map in North, East, and Vertical 

directions are shown in Figure 6-17. In general, the InSAR-derived 3D deformation map 

agrees well with the GPS measurements. The comparison in North direction as shown in 

Figure 6-17 (a) indicates slight different between GPS and InSAR results, which could be 

caused by the deformation pattern change in the North direction during the time span 

between airborne InSAR and spaceborne InSAR campaigns.  

In order to further analyze the deformation pattern of the landslide, the horizontal 

deformation is illustrated with color-coded arrows as shown in Figure 6-18 (a). It is easy 

to see that the direction of the landslide motion is along with the “flow” direction of the 

earthflow and the “neck” area has the fastest motion. The profile of 3D deformation along 

the center line shown in Figure 6-16 (a) is plotted with arrows as shown in Figure 6-18 (b). 

Airborne LiDAR DEM is used here. Interestingly, we can see that the direction of the 

landslide is highly related to the profile of the topography, especially for the upper part of 

Figure 6-18 (b). When the slope of the topography becomes steep, the speed of the motion 

increases and the motion direction changes with changes in the profile of the topography.  
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6.3.6 Comparison of Airborne and Spaceborne InSAR Results 

The above section analyzed the 3D deformation estimated from the four airborne 

and spaceborne LOS deformations. It was already shown that both the airborne and 

spaceborne InSAR fit the GPS measurements well. In this section, we try to directly 

evaluate the performance of the airborne InSAR using the spaceborne InSAR results. It 

should be noted that we cannot directly compare the airborne and spaceborne InSAR results 

since they were acquired with different LOS directions. Here, we only compared the results 

of airborne cross flight InSAR with spaceborne ascending track InSAR results since the 

LOS of these two InSAR pairs were similar and the estimated deformation results are 

comparable. Comparison between the airborne and spaceborne InSAR results along the 

center of the landslide is shown in Figure 6-9. The original deformations estimated from 

 

 
(a) 

 
(b) 

Figure 6-19.  Comparison of the airborne and spaceborne InSAR results along the center of 

the landslide.  
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airborne cross-flight and spaceborne ascending track InSAR are shown in Figure 6-9 (a). 

The airborne cross-flight result is projected onto the LOS direction of the spaceborne 

ascending track InSAR and shown in Figure 6-9 (b) along with the original spaceborne 

InSAR results. As shown in Figure 6-19 (a), the original results estimated from spaceborne 

ascending track InSAR and airborne cross flight InSAR have similar patterns. But the 

absolute values are different due to the difference in the LOS directions. Using the previous 

estimated 3D deformation results, we first projected the airborne deformation into the 3D 

deformation direction. Then, we further projected it into the LOS direction of the 

spaceborne ascending scanning geometry. After removing the effect of the LOS directions, 

we can see from Figure 6-19 (b) that the airborne InSAR result agrees with the spaceborne 

InSAR results fairly well. The R2 parameter is 0.81, and the root mean squared error is 0.9 

mm/day. Therefore, we can conclude that the airborne cross flight InSAR results are 

reliable. For the airborne parallel flight, we cannot perform this comparison because the 

LOS for the airborne parallel flight is significantly different from both the ascending and 

descending spaceborne flights.  

6.4 Challenges of Airborne SAR Interferometry and Possible Solutions 

The previous section discussed the reliability of the L-band airborne InSAR results 

as well as the good performance of the spaceborne InSAR, and the 3D deformation map 

around the Slumgullion area. In this section, the challenges and remaining problems for 

obtaining accurate estimates from the airborne SlimSAR system will be discussed.  
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6.4.1 The X-band Airborne SAR Interferometry 

For July 3, July 7 and July 10, there were a total of 7 X-band airborne SAR scans 

conducted over the Slumgullion area. Four amplitude images from the X-band flights are 

selected and shown in Figure 6-20. Generally, the X-band airborne SAR images can 

provide details of the ground surface with high spatial resolution. However, there also exist 

dark/bright stripes in the azimuth direction, especially for the image in Figure 6-20 (d). It 

should be noted that motion compensation was not implemented in the airborne SAR 

focusing procedure in this project because the backprojection algorithm inherently is able 

 

    
 (a) (b) 

    
 (c) (d) 

Figure 6-20.  Four X-band airborne SAR amplitude images acquired at 07032015_103458, 

07032015_105105, 07072015_103640, and 07102015_104445, respectively. 

The format of the scanning date is mmddyyyy_hhmmss.  
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to deal with platform motion given accurate trajectory and DEM are available. The stripes 

error shown in Figure 6-20 is likely caused by aircraft turbulence. Even though the 

GPS/IMU system enables us to correct for the range variations due to non-ideal aircraft 

motion, in turbulent weather, the pointing of the X-band antennas was impacted to the 

extent that some of the X-band imagery was unusable.  

The trajectory information and aircraft attitude corresponding to the images in 

Figure 6-20 (a), (b), and (d) are shown in Figure 6-21. Figure 6-21 (a) shows the trajectories 

 

Figure 6-21.  The position and attitude of the platforms for the three X-band flights 

acquired at 07032015_103458, 07032015_105105, and 07102015_104445.  
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with side views. Figure 6-21 (b), (c), and (d) show the pitch, roll, and yaw angles for the 

three flights. First, from the trajectories of the three flights as shown in Figure 6-21 (a), it 

is seen that the three flights can generally maintain similar flight tracks. However, Figure 

6-21 (b) to (d) indicate that flights 07032015_105105 and 07102015_104445 have larger 

roll and yaw angle turbulence than 07032015_103458, which is also why the dark/bright 

stripe error is more severe in flights 07032015_105105 and 07102015_104445. The 

turbulence in roll and yaw angles is related to variations in antenna pointing, which induced 

gain variations and reduced SNR in the processed image. Therefore, in this study, the 

dark/bright stripe error in the X-band imagery was mainly caused by the turbulent aircraft 

roll and yaw angles. A possible solution would be to compensate the roll and yaw 

turbulence by either including a gimbal for the X-band antennas, or using an electronically 

steered antennas such as that used in the NASA/JPL UAVSAR airborne SAR system [91].  

For X-band airborne SAR scanning, the platform attitude error not only degrades 

the SAR amplitude image but also significantly decreases the performance of SAR 

interferometry. As a matter of fact, for this project, all the X-band airborne interferograms 

were unusable, an example of which is shown in Figure 6-22. As mentioned previously, 

 

    
 (a) (b) 

Figure 6-22.  Interferogram (a) and coherence (b) of X-band InSAR pair acquired at 

07032015_103458 and 07072015_103640.  
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the attitude errors reduce the SNR of the SAR imagery, which results in decorrelation of 

the interferometry. Due to the short wavelength (3.2 cm), X-band interferometry is more 

sensitive to aircraft turbulence. Since the accuracy of the motion measurement system for 

this project was also around a few centimeters, a small residual motion error could cause 

significant phase errors for X-band airborne InSAR.  

In order to improve the accuracy of the motion compensation, a more ideal 

configuration is to mount the GPS/IMU devices rigidly to the antenna or to use multiple 

GPS/IMU devices. Another possible way to improve the performance of the airborne X-

band SAR interferometry is to modify the backprojection algorithm, for example by 

adjusting the weight window to compensate for gain variation and improve the SNR. 

Additionally, a phase correction procedure could be added in the backprojection algorithm 

to improve the accuracy of the phase. 

 

   
 (a) (b) (c) 

Figure 6-23.  Three L-band airborne SAR amplitude images acquired at 

07032015_102238, 07072015_100727, and 07102015_101618, respectively. 
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6.4.2 The L-band Airborne SAR Interferometry 

Compared to the unreliable X-band SAR interferometry shown in the previous 

section, the L-band InSAR results are much more satisfactory and have been verified by 

GPS and spaceborne InSAR results as well as successfully implemented in the 3D 

deformation estimation of Slumgullion landslide. In this section, we selected three L-band 

SAR images to analyze the remaining challenges of L-band airborne SAR interferometry 

 

    
 (a) (b) 

    
 (c) (d) 

    
 (e) (f) 

Figure 6-24.  Interferograms and coherences of three L-band InSAR pairs: (a)(b) 

07032015_102238-07072015_100727; (c)(d) 07032015_102238-

07102015_101618; (e)(f) 07072015_100727-07102015_101618. 
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and show that heavy aircraft turbulence can also degrade the L-band airborne SAR 

performance in the similar way to X-band interferometry. The amplitude images of three 

L-band samples are shown in Figure 6-23 and the three corresponding interferograms and 

coherences of the three InSAR pairs are shown in Figure 6-24.  

From Figure 6-23, we can see that, unlike the X-band results shown in Figure 6-20, 

the L-band SAR scanning provides amplitude images without dark/bright stripe errors, 

which is due to the fact that the longer wavelength L-band is more resistant to aircraft 

 

 

Figure 6-25.  The position and attitude of the platforms for the three L-band flights acquired 

at 07032015_102238, 07072015_100727, and 07102015_101618, 

respectively.  
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motion. Moreover, the L-band antennas have azimuth and elevation beamwidths of 

approximately 60o, while X-band antennas had 8o azimuth beamwidth and a 45o elevation 

beamwidth. Larger beamwidths enable L-band SAR scanning to be less sensitive to attitude 

errors. In other words, the antenna gain variations are smaller when the beamwidths are 

larger. In addition, the transmitted peak powers are 60 W for L-band and 25 W for X-band. 

Low peak power can also cause the SNR of the X-band imagery to be smaller than that of 

L-band.  

Figure 6-24 indicates that the July 3 - July 7 pair resulted in a reliable interferogram 

while the last two pairs (i.e., July 3 - July 10 and July 7 - July 10) led to deteriorated 

interferograms. Consequently, we can conclude that the degraded InSAR performance is 

caused by the July 10 data. The trajectories of the three flights are shown in Figure 6-25. 

Figure 6-25 (a) shows the trajectories with top and side views. Figure 6-25 (b), (c), and (d) 

show the pitch, roll, and yaw angles for the three flights. From Figure 6-25, it is seen that 

the July 10 data has relatively heavier turbulence than July 3 and July 7, especially for the 

 

 

Figure 6-26.  Geometry of roll angle error for Ch0 and Ch1.  
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roll angle. As mentioned in the previous section, roll angle variation can induce antenna 

gain variation and a possible way to reduce the motion error is to adjust the weight window 

and add a phase correction procedure in the backprojection algorithm to compensate the 

gain variation and improve the SNR. Beside the gain variation, roll angle measurement 

error can also cause phase error as shown in Figure 6-26. Due to the offsets between the 

IMU center and antennas, the roll angle error can results in range error, which will cause 

phase error. The phase error increases as the offset increases. Therefore, Ch1 is affected by 

the roll angle error more significantly than Ch0. For the same roll angle error, the phase 

errors for Ch0 and Ch1 are different, which results in the fact that, for single-pass 

interferometry, roll angle error causes the most serious phase error compared with 

transitional, pitch, and yaw angle errors. A comparison of interferograms of Ch0 and Ch1 

are shown in Figure 6-27. It can be seen that Ch0 can acquired better repeat-pass 

interferograms than Ch1 since Ch0 is less sensitive to the roll angle error than Ch1. This 

result also informs us to mount the IMU device closer to the antenna (or use two IMU 

devices separately mounted to two antennas) to reduce the roll angle error.  

 

    
 (a) (b) 

Figure 6-27.  Repeat-pass interferograms of Ch0 (a) and Ch1 (b) for data 

07032015_102238-07102015_101618. 
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It has been shown above that dual-antenna single-pass airborne SAR interferometry 

can generate reliable DEMs through an iterative process. When the iterative process is 

finished, the phase difference between two channels (i.e., Ch0 and Ch1) should be a 

constant value. The phase differences of two channels for the three L-band flights are 

shown in Figure 6-28. We can see that the phase differences for flights 07032015_102238 

and 07072015_100727 generally remain a constant value over the study area, except for 

the lower right corner, which is caused by the steep hillsides of Colorado State Highway 

149. However, the phase difference for flight 07102015_101618 tends to have residuals 

especially in the the lower-left area. The phase difference residuals are caused by motion 

error, especially the roll angle error. In other words, the ranges of the two channels to the 

 

    
 (a) (b) 

 
 (c) 

Figure 6-28.  The phase differences of two channels for the three L-band flights acquired 

at 07032015_102238, 07072015_100727, and 07102015_101618, 

respectively. 
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target change differently when there is a residual roll angle as shown in Figure 6-26. 

Therefore, by analyzing the scanning geometry and the phase difference between the two 

channels, we can estimate the phase error caused by the roll angle error. Then the phase 

correction can be used in repeat pass interferometry to improvement the accuracy of the 

ground deformation estimation.  

Similarly, this procedure can also be implemented in the X-band airborne SAR 

interferometry. Figure 6-29 show the phase differences of two channels for the four X-

band flights. We can see that the phase error caused by the motion residual is more severe 

than the L-band results, which verify the fact that X-band airborne SAR is more sensitive 

to motion errors. Therefore, it maybe possible to acquire reliable X-band SAR 

 

 
 (a) (b) 

 
 (c) (d) 

Figure 6-29.  The phase differences of two channels for the four X-band flights acquired at 

07032015_103458, 07032015_105105, 07072015_103640, and 

07102015_104445, respectively. 

 



 

133 

 

interferometry by using the phase correction estimated from the phase difference residuals 

from the two channels. Further study is needed to investigate this issue. 

6.5 Conclusion 

In this chapter, an airborne InSAR pilot study over the Slumgullion landslide was 

presented and compared to results from other geodetic techniques, including spaceborne 

InSAR, airborne LiDAR, and GPS survey. The airborne InSAR results showed excellent 

agreement with the GPS and spaceborne InSAR results. A 3D deformation map was 

generated, which has demonstrated the relationship between the landslide motion and 

topography. This project not only verified the reliable performance of this airborne 

SlimSAR system but also identified the main source of the error to be the residual motion 

error of the aircraft. Future challenges include obtaining precise aircraft motion 

measurements, which are needed to eliminate the phase error between collections. Several 

possible solutions were discussed to remove the residual motion errors in this chapter. In 

the long run, an improved airborne SAR system can be used to measure surface 

displacement without the limitations of orbital timing or expensive spacecraft operations. 

This opens avenues for differential interferometry to be used in scientific studies and 

commercial applications previously prohibited by cost.  
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Chapter 7                                                                         
Conclusion and Future Work 

In this dissertation, two central research questions are introduced in Chapter1: 1) 

How can we improve the spatial density of PSs for PSInSAR techniques over non-urban 

areas? 2) How can we estimate along-track deformation with higher SNR and coherence? 

Regarding these two questions, the following contributions are made in this 

dissertation. In Chapter 3, a PD-PSInSAR method was developed to improve the coherence 

and spatial density of measurement points by removing the influence of secondary (or 

higher order) dominant scattering mechanisms on the primary one. PD-PSInSAR performs 

eigendecomposition on the coherence matrix in order to estimate the phases corresponding 

to the different scattering mechanisms, and then to implement these estimated phases in 

the conventional PSInSAR process. Instead of the covariance matrix, the coherence matrix 

is used in order to remove the unbalance of the SAR amplitudes. Both the simulated results 

and the real data analysis over Houston verified the performance of the proposed method.  

The mathematical framework for PT algorithms in DS interferometry was 

described in Chapter 4. Base on this framework, two modified PT algorithms (i.e., equal-

weighted PT and coherence-weighted PT) were introduced and the mathematical relations 

between different PT methods (i.e., the maximum-likelihood phase estimator, least-squares 

estimator, and eigendecomposition-based phase estimators) were discussed. This showed 

that these five PT methods share very similar mathematical forms with different weight 

values in the estimation procedure. Overall, it supports improved understanding and 

advanced estimation methods for the use of PT algorithms in DS interferometry. 
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To answer the second question, a time-domain along-track SAR interferometry 

(TAI) technique was proposed in Chapter 5 to estimate the deformation in the along-track 

direction. First, based on a time-domain backprojection reconstruction method, the phase 

components of the backprojected signal were analyzed and a method to estimate the along-

track phase component was proposed, which enables generation of forward- or backward-

looking full resolution SAR SLC images. Then, the along-track interferometry was 

implemented using the full aperture, which provides higher SNR and azimuth resolution, 

compared to the multiple-aperture SAR interferometry (MAI) method. Experimental 

results over the Hector Mine Earthquake suggest that the proposed TAI technique can 

achieve higher coherence than the MAI method.  

In Chapter 6, a pilot study over the Slumgullion landslide was introduced to 

evaluate the performance of airborne InSAR measurement and understand potential source 

of errors. The results show fairly good agreement between the GPS, spaceborne InSAR, 

and airborne InSAR measurements. Based on this a 3D deformation map of the 

Slumgullion landslide was generated. This study also demonstrated that the source of the 

error for the airborne SlimSAR system is residual motion error of the aircraft. Therefore, 

to acquire high InSAR coherence, it is necessary to obtain aircraft motion measurements 

with sufficient precision and modify the focusing method to correct the residual motion 

error. In general, the following ways were considered to remove the residual motion error: 

(1) compensate the roll and yaw turbulence by either including a gimbal for X-band 

antennas, or using electronically steered antennas; (2) mount the GPS/IMU devices directly 

to the antenna or improve the number of GPS/IMU devices; (3) modify the backprojection 

algorithm, such as adjusting the weight window to compensate the gain variation and 
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improve the SNR; (4) a phase correction procedure using trajectory information can be 

added in the backprojection algorithm to improve the accuracy of the phase; (5) analyze 

the scanning geometry and the phase difference between the two channels in single-pass 

dual antennal scanning and estimate the phase error caused by the residual motion error. In 

the long run, an improved airborne SAR system can be a necessary supplement to 

spaceborne InSAR to measure surface displacement without the limitations of orbital 

timing or expensive spacecraft operations.  

Regarding the PD-PSInSAR method, for future study, we will focus on determining 

the source of dominant scattering mechanisms and extracting more information from the 

higher order scattering components of DS-MSM. For the TAI method, further work will 

focus on studying the effect of the orbit and DEM errors on the performance of the TAI 

method. Finally, for the pilot projection over Slumgullion landslide area, more work needs 

to be done to remove the residual motion error. It is necessary to build a model to connect 

the SAR phase error with the residual motion error and propose a reliable way to correct 

the residual motion error.  
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