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Atmospheric artifacts superimposed on interferometric synthetic aper-

ture radar (InSAR) measurements have the potential to greatly impede the

accurate estimation of deformation signals. The research presented in this dis-

sertation demonstrates a novel InSAR time series algorithm, called HiRAPS

algorithm, for effectively estimating high resolution atmospheric phase screens

(APS) from differential InSAR measurements. The HiRAPS algorithm makes

use of short time span differential interferograms between consecutive acqui-

sitions to estimate DEM errors and finds scatterers used to create the APS

by exhaustively searching all neighboring pixels for phase stability. In order

to determine the phase on the identified scatterers, differences in differential

interferometric phase are computed for all possible pairs of neighboring pix-

els located significantly less than the radius of an atmospheric bubble from

each other. The HiRAPS algorithm detects a high density of scatterers, and
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the improved scatterer density allows one to estimate high spatial frequency

atmospheric signals not recovered from existing InSAR time series techniques.

The HiRAPS algorithm was tested with simulated and actual data,

which contain phase contributions from linear and nonlinear deformation, to-

pographic height errors, and atmospheric artifacts. Simulated differential in-

terferograms were generated to have the same spatial and temporal baselines

as the actual differential interferograms formed from RADARSAT-1 data over

Phoenix, Arizona. The APS superimposed on simulated differential interfero-

grams were then estimated and compared to simulated APS. The root mean

square error (RMSE) between the estimated and simulated APS was 0.26 radi-

ans when utilizing the HiRAPS algorithm, compared to an RMSE value of 0.39

radians using an implementation of the permanent scatterer (PS) algorithm.

The HiRAPS algorithm also showed its applicability for estimating high

spatial frequency atmospheric signals for actual data. Sixty-six SAR images,

starting from October 5, 2002 and spanning 5 years, were processed for this

research. The APS pixel density obtained using the HiRAPS algorithm was

253 pixels per square kilometer, compared to 14 pixels per square kilometer

utilizing the PS algorithm. The APS superimposed on the differential inter-

ferograms were estimated with both the proposed and PS algorithms. High

resolution APS were estimated with the HiRAPS algorithm, whereas only low

resolution APS were obtained with the PS algorithm. After estimating and

removing the APS, the phase stability of the APS-free differential interfero-

grams was examined by identifying the permanent scatterers (PS). The final
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density of identified PS obtained with the HiRAPS algorithm was 453 PS per

square kilometer, whereas the density of detected PS using the PS algorithm

was 381 PS per square kilometer.
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Chapter 1

Introduction

Atmospheric artifacts in interferometric synthetic aperture radar (In-

SAR) measurements are a large error source in precisely estimating earth sur-

face deformation. This research considers the development of an InSAR time

series algorithm to estimate and remove high resolution atmospheric phase

screens (APS) from InSAR measurements.

1.1 Background

Synthetic aperture radar (SAR) is a type of radar system that uses

microwave signals to provide high resolution two dimensional imagery. To

achieve this, an aperture much larger than its true physical dimensions is

synthesized by making use of modern digital signal processing methods. Also,

since SAR emits its own microwave energy, it is capable of acquiring data at

night and penetrating cloud cover. Moreover, SAR is a coherent system, so

the processed image contains both the reflected intensity and the propagation

phase.

InSAR is a satellite remote sensing technique that combines the phase

information of two SAR images acquired at different times and from different
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vantage points [25, 47, 60]. By using the phase information, relative distances

on the order of a fraction of a wavelength can be measured. The InSAR

phase is composed of phase contributions due to surface topography, surface

deformation, decorrelation, and atmosphere. Decorrelation is the loss of phase

coherence due to changes in the reflected signals. The atmospheric phase

component in InSAR measurements is the difference in delays of the signal

propagation at two SAR acquisitions due to the different atmospheric content.

A differential interferogram is generated by removing the topographic signals

from the InSAR measurement by using digital elevation model (DEM). The

remaining phase of a differential interferogram is a combination of phases due

to DEM error, deformation, atmospheric artifacts, and decorrelation.

While each InSAR measurement can provide useful information for an-

alyzing a single deformation event such as an earthquake, volcanic eruption,

or landslide, surface deformation monitoring has been getting more attention

recently due to its far-reaching applications. Deformation changes over time

can be tracked by applying InSAR time series techniques to a stack of inter-

ferograms covering the same geographic area on different acquisition dates.

In order to overcome the uncertainty in deformation estimation caused

by the atmospheric artifacts and to examine the temporal development of sur-

face deformation, various InSAR time series techniques have been developed,

including the small baseline subset (SBAS) [6, 39, 51] and the permanent scat-

terer (PS) [12, 14, 19, 20] techniques. The SBAS time series technique wisely

chooses input interferograms by imposing limits on the maximum allowable
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perpendicular baseline and the time lapse between a pair of images. The ef-

fects of geometric and temporal decorrelation are reduced by these limits. All

interferograms are multi-looked to improve the phase coherence by reducing

speckle noise. For each interferogram, the topographic height components are

removed using DEM information. The resulting differential interferogram is

spatially filtered and its phase is obtained for the pixels where the correlation

coefficient is above a selected threshold using a phase unwrapping method.

The SBAS technique inverts topography-removed differential phase to obtain

deformation time series by using singular value decomposition (SVD). The PS

technique utilizes the so-called phase-wise stable pixels in time. Such pixels

are called “permanent scatterers” (PS) and are detected by examining the

stability of the interferometric phases. The stability of phase is determined

by comparing the observed phase of a pixel in a stack of interferograms to a

modeled phase. If the observed phase is close to the modeled phase then such

a pixel is identified as a PS. However, to properly detect PS pixels, phase con-

tributions as a result of atmosphere in each interferogram must be removed.

Atmospheric phase components are estimated for each interferogram through

an initial selection of possible PS pixels called “permanent scatterer candi-

dates” (PSC). Those pixels whose amplitude remains stable through the stack

of SAR images are identified as PSC. Phase differences formed between neigh-

boring PSC are used for the estimation of the atmospheric phase component

over the network of PSC. After estimating and subtracting the atmospheric

phase component from each interferogram, the phase stability of each pixel is
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examined, independent of amplitude stability. This process allows for the iden-

tification of more PS. A detailed description of the SBAS and PS techniques

is included in Chapter 2.

1.2 Motivation

The atmospheric artifacts superimposed on each differential interfer-

ogram can degrade the accuracy of the estimated deformation phenomena

[46, 47]. Large amplitude, high spatial frequency atmospheric bubbles can

obscure deformation signals and can be easily misinterpreted as deformation

features. For example, large-amplitude, high resolution atmospheric artifacts

often appear in Phoenix monsoon season interferograms (Figure 1.1). The

atmospheric artifacts on the interferograms vary over a small spatial scale

(kilometer scale) and disguise the subsidence phenomena. The size and pat-

tern of the subsidence feature in the marked box is similar to an atmospheric

bubble making it difficult to discern between the two features, at least in a

single interferogram. The estimation and removal of atmospheric artifacts is

required to do a precise analysis on surface deformation.

The existing InSAR time series techniques estimate atmospheric phase

screen (APS) but tend to remove only the low resolution atmospheric com-

ponent. A typical product of these techniques is an APS representing the at-

mospheric content of a differential interferogram (Figure 1.2). Unfortunately,

only the low resolution components of the atmospheric artifacts could be es-

timated, allowing the higher resolution components to continue to distort the
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Figure 1.1: The atmospheric bubbles on a Phoenix differential interferogram
during the monsoon season. The size and the pattern of the surface dis-
placement feature in the rectangular box have similar characteristics as an
atmospheric bubble.
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InSAR phase. A new method to estimate the large amplitude, high resolution

atmospheric artifacts is therefore required for accurate estimation of terrain

motion.

1.3 Objective and Approach

There are two objectives for this research. First, I propose a high resolu-

tion APS estimation algorithm, HiRAPS. Second, I demonstrate the capability

of the HiRAPS algorithm in estimating high resolution APS superimposed on

differential interferograms.

The viability of estimating high resolution APS using the HiRAPS algo-

rithm is accomplished as follows. First, the HiRAPS algorithm is proposed by

modifying some of the key concepts of the PS and SBAS techniques in order to

estimate the high resolution atmospheric phase contributions. The HiRAPS

algorithm makes use of short time span differential interferograms between

consecutive acquisitions to estimate DEM errors. Differences in differential

interferometric phase are computed for all possible pairs of neighboring pixels

located significantly less than the radius of an atmospheric bubble from each

other. Since a pair of neighboring pixels are in close proximity, the difference

in the differential interferometric phase between the pixel pair tends to cancel

out most of the spatially correlated components including the phase noise due

to baseline errors, the deformation signals over short time spans, and atmo-

spheric phase. However, the DEM error component, which is spatially random,

remains. Estimates of the difference in DEM error between neighboring pixel
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Figure 1.2: The comparison of a differential interfrogram and APS estimated
by SBAS technique. (a) A differential interferogram heavily affected by at-
mosphere. (b) The corresponding atmospheric phase screen (APS) estimated
by the SBAS technique. The SBAS technique only resolves the low spatial
frequency atmospheric effects.
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pairs are obtained for all phase-wise stable pairs, which are chosen as per-

sistent scatterer candidates (PSC). The DEM error estimates are integrated

across the PSC locations and are subtracted from the total differential inter-

ferometric phase difference for each PSC pair. The resulting residual phase

differences are integrated over the sparse network of the pixels and inverted

through an SVD method to obtain the residual maps on each SAR date.The

residual maps are then low-pass filtered in space and high-pass filtered in time

to obtain the atmospheric phase values on the sparse grid of PSC. Atmospheric

phase values that are known on a dense grid are interpolated to obtain a high

resolution estimate of the atmospheric phase screen (APS) corresponding to

each differential interferogram.

Second, the validity of the HiRAPS algorithm is tested with a set of

simulated and actual SAR data. The HiRAPS algorithm works best for a

stack of very short time period interferograms with a wide variation in spatial

baselines. For this reason, SAR data from the RADARSAT-1 satellite with

a 24 day repeat cycle is used for this research. The validity of the HiRAPS

algorithm is first tested with simulated data, which follows the characteris-

tics of the short time period interferograms generated using RADARSAT-1

SAR data over Phoenix, AZ. These characteristics include small time inter-

vals between the two SAR image pairs, a large distribution of spatial base-

lines, and the presence of atmospheric bubbles. The outcomes of this test are

the estimated APS and a time series of surface deformation. The validity of

the HiRAPS algorithm to estimate and remove high resolution atmosphere is
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demonstrated by comparing those outcomes with the known simulated values.

The HiRAPS algorithm is also tested for the estimation of the high resolu-

tion atmosphere using short time span interferograms generated from actual

Phoenix RADARSAT-1 SAR data over a selected study area within Phoenix.

This study area is chosen since the deformation pattern is known to a certain

extent by previous research [9, 10].

The PS time series technique is applied to the same simulated and

actual Phoenix RADARSAT-1 SAR data. The results of the PS technique

are compared to the ones from the HiRAPS algorithm. The estimated APS

from the two techniques are compared and analyzed. The high resolution at-

mospheric phase components are expected to be estimated from the HiRAPS

algorithm. The PS are identified from APS-free differential interferograms,

and the density of detected PS is used as a measure for the APS estimation

capability. The deformation time series from both techniques are also gener-

ated from the APS-free differential interferograms.

1.4 Contributions

The research objectives were successfully achieved through three unique

contributions. First, the HiRAPS algorithm to estimate high resolution atmo-

spheric signals in differential InSAR measurements was developed and im-

plemented. This work is the first instance where an attempt was made to

algorithmically estimate high resolution APS.

Second, the PS and SBAS InSAR time series algorithms were realized
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by developing and implementing software. These InSAR time series techniques

are extensively used for understanding the dynamics of surface deformation.

The results from the PS technique were compared to results from the HiRAPS

algorithm to verify the latter’s capability to estimate the high resolution at-

mospheric signals.

Third, the HiRAPS and PS software were implemented with a parallel

computing environment. The InSAR time series algorithm works with a large

stack of differential interferograms and is a time consuming process. The

processing time was dramatically decreased using MPI programming and the

Texas Advanced Computing Center (TACC) computing resources.

1.5 Outline

In order to provide a technical background on the subject, the dis-

cussion of InSAR and advanced InSAR time series techniques is included in

Chapter 2. Existing InSAR time series techniques are explained and compared

in this chapter. Chapter 3 is dedicated to the discussion of the HiRAPS al-

gorithm. After a technical description is presented, the applicability of the

HiRAPS algorithm is demonstrated with simulated data. The PS technique is

also applied to the same simulated data, and the results are compared to those

from the HiRAPS algorithm. Chapter 4 presents the test with actual Phoenix

RADARSAT-1 SAR data. The comparative analysis of the HiRAPS algo-

rithm and the PS technique is also included in this chapter. Finally, Chapter

5 summarizes the conclusions of this research and presents recommendations
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for future work.
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Chapter 2

Fundamentals of SAR Interferometry and

InSAR Time Series Techniques

Chapter 1 discussed the problem to be addressed, namely, the estima-

tion of high resolution APS from InSAR measurements. In this chapter, the

fundamentals of existing InSAR time series techniques are presented. For the

ease of understanding the time series technique, the fundamentals of InSAR

are briefly introduced. Chapter 3 and 4 will provide a detailed discussion

of the HiRAPS algorithm with results using simulated and actual Phoenix

RADARSAT-1 SAR data, respectively.

This chapter begins with a literature review of radar interferometry and

InSAR time series techniques followed by the radar interferometry geometry

and fundamentals. Differential radar interferometry, i.e., the production of

interferograms with the reference surface and topographic height contribution

removed, is then discussed. Finally, the fundamentals of PS and SBAS time

series techniques are presented.
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2.1 Literature Review

InSAR is a satellite remote sensing technique that combines the phase

of two SAR images acquired at different times with different look angles [25,

47, 60]. The InSAR technique has become a very practical space-geodetic tool

due to its high spatial resolution, competitive accuracy, and vast coverage area.

InSAR has been used extensively in past decades for various remote sensing

applications such as mapping volcanoes [8, 44], earthquakes [45, 48, 53–55], ice

sheets and glaciers [28, 36, 58, 59] and landslides [24, 52] as well as subsidence

[3, 10, 21, 26, 33] associated with underground pumping.

The accuracy of the InSAR measurement is limited by various error

sources. The major error sources are orbit errors, atmospheric artifacts, and

various types of decorrelation. An InSAR error source is classified as a type

of decorrelation if the correlation length is smaller than the correlation cal-

culation window [30]. The decorrelation is then categorized based on a spe-

cific cause: temporal decorrelation, spatial decorrelation, thermal or system

noise, processing induced decorrelation, volume decorrelation, and Doppler

centroid decorrelation [30]. InSAR measurement accuracy is especially com-

promised by temporal and spatial decorrelation [69] as well as atmospheric

artifacts [31, 46, 57, 67, 68]. Temporal decorrelation is caused by a change in

the scatterer’s position within a resolution cell over time. For example, InSAR

phases of a heavily vegetated area can be significantly decorrelated with a long

time interval between the SAR image pair. Spatial decorrelation is induced

by the reflectivity change of a transmitted radar signal due to the different
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satellite-target vantage points at different SAR acquisition times. The num-

ber of available InSAR pairs (interferograms) is limited by the perpendicular

baseline, which directly affects the spatial decorrelation. Even in areas not

affected by decorrelation, atmospheric artifacts (mostly from the wet tropo-

sphere in the lower atmosphere) can seriously degrade the accuracy of InSAR

measurements [31, 46, 57, 67, 68]. The atmospheric heterogeneity is composed

of ionospheric and tropospheric components. The effect of ionospheric lay-

ers lower than the SAR satellite altitude is assumed to be much smaller than

that from the troposphere, especially in SAR images formed from C-band (5.3

GHz) microwave signals. The ionospheric effect on the radar signal is usually

considered to be uniform within one SAR image and hence the residual effect

can be neglected. However, tropospheric variations can lead to a significant

deterioration of InSAR accuracy. Specifically, the wet component is much

more difficult to estimate due to the large variations in water vapor content

over time and space, whereas the dry component is easy to model [61].

InSAR time series techniques have been developed to estimate deforma-

tion features accurately by overcoming the limitations caused by temporal and

spatial decorrelations and atmospheric artifacts. InSAR time series techniques

also provide a more comprehensive understanding of Earth surface deforma-

tion by providing surface deformation evolution over time. In the time series

technique introduced by Usai [65] and Lundgren et al. [42], a least square

(LS) method was used to retrieve a temporal sequence of surface deforma-

tions from a stack of InSAR measurements. In order to do this, every InSAR
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pair in the stack had to be linked to another pair through an identical SAR

acquisition date. However, this is not always possible with usual SAR data

sets since the number of usable interferograms is limited by the temporal and

spatial decorrelation. For example, ERS-1/2 SAR data are usually divided

into disjointed subsets, which are separated by large spatial baselines and are

not linked through an identical SAR acquisition date.

The SBAS technique was introduced by Bernardino et al. [6] in order

to connect the disjoint subsets in a physically meaningful solution and produce

dense sampling rates on a time sequence of surface deformation. The technique

is based on a minimum-norm criterion of the velocity deformation, which can

be acquired by SVD [6]. The SBAS technique requires phase unwrapping of

the input differential interferograms over the sparse-grid formed by the spa-

tially coherent pixels [51]. Due to this requirement, the technique operates on

reduced resolution images. An extended SBAS technique has been developed

to investigate the temporal evolution of localized terrain deformation with high

spatial resolution given the presence of highly coherent structures instead of

looking for large scale deformations with reduced spatial resolution [39, 50].

The SBAS technique has shown its applicability for field mapping in

areas with known hazards that make remote sensing more desirable. The

deformation pattern related to volcanic activities was successfully monitored

in various areas, including the Campi Flegrei caldera and the Somma-Vesuvius

volcanic complex (Italy) [6], the Mount Etna volcano (Italy) [4, 41], and Long

Valley caldera and Mono Basin (California, US) [4, 63]. Surface deformation
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analysis in areas affected by landslides has also been carried out via the SBAS

technique. The tectonic instability problem in Maratea Valley was investigated

by Bernardino et al. [5, 7] and Lanari et al. [37].

Another way to overcome the restriction caused by spatial and temporal

decorrelations is to utilize coherent pixels which are not affected by these decor-

relations. Such pixels are called persistent scatterers and are fully exploited in

an innovative technique called the Permanent Scatterer (PS) technique. The

approach was first introduced by Ferretti et al. [19, 20] and later enhanced

by Colesanti et al. [12] with the capability to estimate seasonal ground defor-

mation. The technique was further improved to combine the data sets from

adjacent tracks or different passes [13] and with the ability to utilize data sets

even from different platforms [2]. The initial selection of permanent scatterers

is based on the amplitude stability index, which is the ratio of the standard

deviation to amplitude mean of each pixel [19, 20]. Other persistent scatterer

techniques have been developed to enhance the detecting ability of initial per-

sistent scatterers with different amplitude stability methods [1, 43, 66].

The persistent scatterer technique has been applied extensively in mon-

itoring landslides and other terrain instability phenomena. The landslide in-

vestigations performed via the PS technique have proven to be a very useful

complement to the information acquired through ground based observations.

Examples include studies such as the Ancona landslide (central Italy) [14], the

Triesenberg Triesen landslide (Liechtenstein Alps) [7], the Arno river drainage

basin (Italy) [18], and Berkeley Hills landslide (CA, USA) [32]. The deforma-
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tion of volcanoes has also been analyzed in non-urban environments with a

modified persistent scatterer technique by Hooper et al. [34, 35]. This tech-

nique detects PSC by examining the phase characteristics instead of amplitude

stability and is applicable to areas where the conventional PS technique fails

due to the lack of amplitude stable points like man-made structures.

2.2 Interferometric SAR Fundamentals

2.2.1 InSAR Geometry and Fundamentals

There are many papers and books dedicated to the subjects of SAR

imaging and digital processing [16, 17, 22, 23] and the technical background of

InSAR processing [11, 47, 60]. This section provides a brief overview of InSAR

fundamentals to assist readers in understanding InSAR time series techniques.

A typical InSAR geometry is illustrated in Figure 2.1. A SAR satellite

A at a height h above a reference surface (Earth ellipsoid) images a target p(t1)

on the ground at time t1. The target on the ground is located at a topographic

height z and is imaged at a range ρ(t1) and look angle θ. Now assume a second

satellite B images the same target p(t2) at a range ρ(t2) at different time t2.

The position of the second satellite B with respect to satellite A is expressed

as baseline vector
−→
B , and the perpendicular component of the baseline vector

to the line-of-sight (LOS) direction of satellite A is called the perpendicular

baseline B⊥. InSAR considers the difference in the observations acquired at

the different times and viewing geometry.

The difference of the observed ranges between time t1 and t2 is mainly
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due to the following factors: (1) change of satellite looking geometry, (2)

atmospheric heterogeneity, and (3) target movement. The difference in the

viewing geometry of the two satellites with respect to a target of topographic

height z results in the change in observed range. The range is proportional to

the perpendicular baseline and topographic height. When an electromagnetic

wave from a satellite travels through the atmosphere, the propagation time

is delayed and this results in the apparent range to a target being greater

than the true range. The condition of the atmosphere can vary between the

two different observing times and cause a change in observed range. Finally,

the location of a target can change between the two observed times due to

surface movement. The surface movement in the LOS direction ∆ρchange can

be detected by interferometry measurements.

The satellite to target distances are observed in the form of complex

data, and the unwrapped phase of this complex data corresponds to the ob-

served range. After compensating for the phase contribution due to the Earth

ellipsoid (reference surface), the InSAR phase φ can be expressed as

φ(x, ti) = φtopo(x, ti) + φdis(x, ti) + φα(x, ti) + φn(x, ti) (2.1)

where x is the position of a target in the two dimensional SAR image (LOS

range and azimuth), ti is the time interval of ith interferogram, φtopo is the

phase contribution due to the topographic height with respect to the reference

surface, φdis is the phase contribution due to motion of the target between

the two observations, φα is the phase contribution due to the atmospheric

heterogeneity, and φn is the phase contribution due to the decorrelation noise.
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Figure 2.1: Interferometric SAR geometry.
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The phase component due to the topographic height φtopo is propor-

tional to the perpendicular baseline and can be expressed as

φtopo =
4π

λ

B⊥,i(x)z(x)

R(x) sin θ(x)
(2.2)

where λ is the wavelength of microwave signal, B⊥,i is the perpendicular base-

line of the ith interferogram, z is the topographic height with respect to the

Earth ellipsoid, R is the satellite to target distance, and θ is the look angle.

The phase component due to target motion φdis can be separated into

two terms

φdis =
4π

λ
v(x)ti + φNL(x, ti) (2.3)

where v is the linear velocity of terrain motion and φNL is the phase contribu-

tion due to nonlinear terrain motion.

Combining all the phase components of an InSAR measurement, Equa-

tion 2.1 can be reexpressed as

φ(x, ti) =
4π

λ

B⊥,i(x)z(x)

R(x) sin θ(x)
+

4π

λ
v(x)ti+φNL(x, ti)+φα(x, ti)+φn(x, ti) (2.4)

2.2.2 Differential InSAR

In differential InSAR, the goal is to separate phase contributions due to

topography and displacement in order to accurately estimate the displacement

signal. Assuming that the baseline of two SAR measurements is nonzero,

the phase component due to surface deformation, with a relatively smaller

magnitude, is obscured by the phase component due to topographic height.
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In order to monitor surface deformation, it is first necessary to remove the

topographic height from the InSAR measurement.

In general, there are three different methods to form a differential inter-

ferogram: 1) a two-pass method utilizing two SAR images and an independent

digital elevation model (DEM), 2) a three-pass method utilizing three SAR im-

ages, and 3) a four-pass method using four SAR images. The two-pass method

uses a pair of SAR images to form an interferogram containing both topogra-

phy and deformation signals. The topography component is then removed by

using an external DEM; for example, a DEM from the Shuttle Radar Topogra-

phy Mission (SRTM). The DEM must be mapped into SAR radar coordinates

as part of removing the topographic signal from the InSAR measurement. The

three-pass method is based on using three SAR images. One SAR image is

selected as a reference, and then two interferograms are formed with respect

to this reference image. In this method, one interferogram contains the topog-

raphy component only and the other interferogram contains both topography

and displacement components. The topography in the first interferogram is

scaled to have the same baseline as the second interferogram and is then sub-

tracted from the second interferogram. The four-pass method is very similar to

the three-pass method with the exception that different reference geometries

are used for the two generated interferograms; the two interferograms do not

share a reference SAR image. As a consequence, the interferogram containing

only the topography signal must be transformed into the geometry of the other

interferogram.
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Assuming that the phase component due to topography was eliminated

from Equation 2.4, the phase of the differential InSAR measurement can be

written as

φ(x, ti) =
4π

λ

B⊥,i(x)ε(x)

R(x) sin θ(x)
+

4π

λ
v(x)ti+φNL(x, ti)+φα(x, ti)+φn(x, ti) (2.5)

where ε(x) is the topographic height error.

2.3 InSAR Time Series Techniques

InSAR time series techniques use a set of differential interferograms to

measure the evolution of surface deformation features over time. Two main

InSAR time series techniques have been developed: 1) the PS technique and 2)

the SBAS technique. The PS technique utilizes coherent pixels, which are not

affected by spatial and temporal decorrelations, to estimate the atmospheric

signals as well as the temporal evolution of surface motion. The SBAS tech-

nique implements an SVD method to connect the different subsets of small

baseline differential interferograms and hence to generate the time series of

surface deformation. These time series techniques are discussed in detail in

the forthcoming sections.

2.3.1 Permanent Scatterer (PS) Technique

2.3.1.1 PS Technique Fundamentals

In principle, differential InSAR can detect surface deformation with mil-

limeter accuracy. However, the accuracy of differential InSAR measurements

is compromised by temporal and spatial decorrelation as well as atmospheric
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artifacts. Temporal decorrelation is caused by changes in the position of scat-

terers within a resolution cell over time [69]. For example, the differential

InSAR phases of a heavily vegetated area can be significantly decorrelated

by a long time interval between the SAR image pair. Spatial decorrelation

is induced by the reflectivity change of transmitted radar signals due to the

different satellite-target looking directions at different SAR acquisition times

[69]. The perpendicular baseline, which limits the number of available in-

terferograms, directly affects spatial decorrelation. Finally, the atmospheric

heterogeneity superimposed on each SAR image can seriously degrade the ac-

curacy of the deformation phenomena estimate even in coherent areas [46, 47].

In order to utilize all available interferograms and estimate atmospheric

artifacts, only individual pixels not affected by either temporal and spatial

decorrelation should be identified [19, 20]. Man-made structures in urban areas

and exposed hard rocks in rural areas are detected as these pixels. Initial

selection of these temporarily stable pixels or permanent scatterers (PS) can be

made by examining the amplitude dispersion index of returned electromagnetic

signals in a stack of resampled SAR images [20]. The amplitude dispersion

index DA at a pixel location x is defined as

DA(x) =
σA(x)

mA(x)
(2.6)

where σA(x) is the standard deviation of the amplitude and mA(x) is the mean

of the amplitude. The calculated DA is used as a measure of phase stability

[20]. The identified pixels with a DA less than a certain threshold are called
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permanent scatterers candidates (PSC) and are actually a subset of the PS. It

is important that before examining the DA to identify PSC, all SAR images

should be aligned and resampled, i.e., the same pixel location represents the

same target for all SAR images.

The phase on each detected PSC of the ith differential interferogram

can be rewritten from Equation 2.5 as

φ(x, ti) = Cε(x) ·B⊥,i(x) + Cv(x) · ti + w(x, ti) (2.7)

where Cε is a coefficient proportional to topographic height error ε, Cv is a

coefficient proportional to linear deformation velocity v, and w(x, ti) is the

linear phase residual (LPR) consisting of the sum of nonlinear deformation,

atmospheric artifacts, and decorrelation. The objective of the PS technique

is to separate each phase term in Equation 2.7. In order to do this, it is

necessary to unwrap the phase terms on a sparse PSC grid by working in a

multi-interferogram frame.

The phase difference between two neighboring PSCs is examined for

phase unwrapping

∆φ(xm,xs, ti) = φ(xm, ti)− φ(xs, ti)

= ∆Cε ·B⊥,i + ∆Cv · ti + ∆wi
(2.8)

where ∆Cε is a coefficient proportional to the difference of topographic height

error ∆ε between two PSCs xm and xs, ∆Cv is a coefficient proportional to the

difference of linear deformation velocity ∆v, and ∆wi is the differential LPR.

∆φ(xm,xs, ti) can be easily unwrapped if ∆ε and ∆v are precisely estimated
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and the condition

|∆wi| < π (2.9)

is satisfied [19].

The N wrapped differential interferograms are used to estimate ∆ε

and ∆v, where the multi-image phase coherence value γPSC is utilized as a

reliability measure for phase unwrapping [19]:

γPSC =

∣∣∣∣∣ 1

N

N∑
i=1

exp{j∆wi}

∣∣∣∣∣ (2.10)

The estimation of ∆ε and ∆v can be thought of as a spectral analysis

that locates the peak in the periodogram of the complex signal [14]:

exp{j∆φ(xm,xs, ti)} = exp{j(∆Cε ·B⊥,i + ∆Cv · ti + ∆wi)} (2.11)

As a simple procedure for this operation, the values of ∆ε and ∆v are searched

within reasonable ranges (e.g., ∆ε: −30 to 30 m, ∆v: −3 to 3 cm/year) to

produce a maximum γPSC value. It is feasible that a high value of γPSC can

be acquired while satisfying the Equation 2.9 if the variation of residual phase

(σ2
∆w) is small. The variation of residual phase is the sum of three independent

contributions [19]

σ2
∆w = σ2

∆µNL
+ σ2

∆α + σ2
∆n (2.12)

The variation of the residual phase becomes small if the following requirements

are satisfied:

(1) The PSC should show PS behavior (small σ2
∆n);
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(2) The density of PSC should be high enough to maintain small variations

of the differential atmospheric phase term (small σ2
∆α); and

(3) The variation of the differential nonlinear phase term should be small

(small σ2
∆µNL

).

Assuming that the density of identified PSC is high enough (given in Ferretti’s

paper [19] as at least 3 − 4 PSC/km2) and the study area is not affected by

highly nonuniform deformation, then the above conditions are all satisfied and

phase unwrapping can be successfully accomplished [19].

The linear phase residual on a sparse grid of PSC after the phase un-

wrapping process can be expressed as follows

[w(x, ti)]uw = [φNL(x, ti)]uw + [φα(x, ti)]uw + [φn(x, ti)]uw (2.13)

The atmospheric phase components can be separated from the rest of the phase

terms by applying spatio-temporal filters as each phase term shows different

characteristics of spatial and temporal behavior. The atmospheric artifacts

are usually spatially correlated and temporally random. However, the nonlin-

ear displacements are spatially and temporally correlated to a certain degree.

Consequently, the atmospheric component can be estimated by applying a low

pass filter in space and a high pass filter in time.

As soon as the atmospheric artifacts are estimated on the PSC, they

are interpolated with kriging over the entire image and removed from the dif-

ferential interferograms. Finally, a joint estimation of topography error ε and
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linear deformation velocity v, previously performed on the phase differences

between the PSC pair, can be carried out on atmosphere-free differential inter-

ferograms on a pixel-by-pixel basis to identify all PS. The multi-image phase

coherence value γPS for the pixel-by-pixel estimation is now expressed as

γPS =

∣∣∣∣∣ 1

N

N∑
i=1

exp{jwi}

∣∣∣∣∣ =

∣∣∣∣∣ 1

N

N∑
i=1

exp{j(φi − Cε ·B⊥,i − Cv · ti)}

∣∣∣∣∣ (2.14)

2.3.1.2 PS Technique Processing Procedure

The processing steps for the PS technique are summarized as follows

(refer to Figure 2.2 for a schematic describing the PS processing steps):

(1) Align all SAR images to the geometry of a reference SAR image;

(2) Detect the PSC from the aligned SAR images based on the amplitude

stability dispersion index as described in Equation 2.6;

(3) Generate all differential interferograms with respect to a master SAR

image, which was selected to keep the dispersion of the perpendicular

baselines as low as possible;

(4) Unwrap phase of differential interferogrms on a PSC sparse grid with

the multi-interferogram approach. The phase unwrapping is based on

Equation 2.8 with a reliability measure given by Equation 2.10;

(5) Estimate the atmospheric artifacts through a cascade of temporal and

spatial filters;
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(6) Interpolate the estimated atmospheric phase component over the entire

image to retrieve the APS and generate APS-free differential interfero-

grams;

(7) Detect all possible PS and estimate DEM error and linear deformation

velocity from the APS-free differential interferograms through the pixel-

by-pixel estimation; and

(8) Generate time series of surface deformation.

2.3.2 SBAS technique

While differential interferograms have been used extensively in past

decades for mapping various single episodic surface deformation phenomena, it

is necessary to monitor temporal evolution of surface deformation for a certain

period of time to fully understand the dynamics of surface movement. The

key problem is combining all available differential interferograms to generate

a time series of surface deformation. The number of available differential

interferograms is usually limited by temporal and spatial decorrelation. In

practice, the available interferograms are often divided into small baseline

subsets, which are separated by large baselines [6]; every pair of differential

interferograms within a subset is connected to each other by sharing the same

SAR acquisition dates. A time series of surface deformation can be easily

created for each subset via the LS method [42, 65]. In order to increase the

temporal sampling in a generated time series, it is necessary to link different
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Figure 2.2: Flowchart of the PS technique implemented in this research.
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subsets of interferograms in a physically reasonable way.

The SBAS technique connects the different subsets of differential in-

terferograms based on a minimum norm criterion of the deformation velocity,

which can be achieved through the regular SVD method [6]. The parameter

of the SVD equation is the velocity of deformation rather than deformation

itself (this will be explained in detail in the following section). In order to

preserve the spatially dense deformation maps, the SBAS technique utilizes

small baseline interferograms to minimize the decorrelation effects [6]. An-

other advantage of the SBAS technique is that the influence of topographic

height error can be mitigated by exploiting only interferograms with small

perpendicular baselines. The mathematical rationale for the SBAS technique

is provided in the following section.

2.3.2.1 SBAS Technique Fundamentals

Let us consider N+1 SAR images acquired over the same study area at

time sequence tT = [t0, · · · , tN ] [6]. The vector of the N unknown cumulative

phases with respect to the phase at time t0 is expressed as

φT = [φ(t1), · · · , φ(tN)] (2.15)

and the vector of M known phase values of input differential interferograms is

dφT = [dφ1, · · · , dφM ] (2.16)

If the phase of the ith differential interferogram in Equation 2.16 is

the difference between the phases at two arbitrary times (tA and tB, where
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tB > tA), then

dφi = φ(tB)i − φ(tA)i,∀i = 1, · · · ,M (2.17)

Now, this system of M equations with N unknowns can be expressed

in matrix form [6] as

Aφ = dφ (2.18)

where the column of A corresponding to time tA is −1 and the column of A

corresponding to time tB is 1. For example, if dφ1 = φ(t3) − φ(t1), dφ2 =

φ(t4)− φ(t2), and dφ3 = φ(t3)− φ(t0), then A is represented as follows

A =


−1 0 +1 0 . . .
0 −1 0 +1 . . .
0 0 +1 0 . . .
. . . . . . . . . . . . . . .

 (2.19)

The solution of Equation 2.18 with matrix A is entirely dependent on

the characteristics of the input interferograms; if all the interferograms are

included in a single subset, provided that M ≥ N , the rank of matrix A

becomes N and the system of equations is over determined. The solution can

then be determined in the LS sense as

φ̂ = (ATA)−1ATdφ (2.20)

However, the available interferograms are typically distributed in mul-

tiple subsets. In this case, the rank of matrix A becomes smaller than N

and (ATA) is a singular matrix. For example, if the input interferograms are

divided into L different subsets, the rank of A becomes N − L + 1 and the

system in Equation 2.18 has infinite solutions.
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A way to invert the system in Equation 2.18 is provided by the SVD

method [29, 40, 56, 62]. The M × N matrix A can be decomposed into the

product of three matrices [29]

A = UΛVT (2.21)

The matrix U is an orthogonal M×M matrix whose first N columns are

the eigenvectors of AAT . Similarly, V is an orthogonal N ×M matrix whose

columns are the eigenvectors of ATA. The matrix Λ is an M ×M diagonal

eigenvalue matrix whose entries are the square root of the eigenvalues of the

M ×M matrix AAT . Assuming that M > N , M − N eigenvalues are zero.

Additionally, if the rank of matrix A is N−L+1 due to the L different subsets

of input interferograms, only N − L + 1 eigenvalues are nonzero. Then, the

matrix Λ can be expressed as

Λ =


σ1

. . . 0
σN−L+1

0 0
. . .

 (2.22)

where σi are non-negative and called singular values. The inverse of matrix A

is then expressed as

A−1 = VΛ−1UT (2.23)

and the solution of Equation 2.18 with the SVD method is as follows

φ̂ = VΛ−1UTdφ (2.24)

32



where

Λ−1 =



1
σ1

. . . 0
1

σN−L+1

0 0
. . .

 . (2.25)

This provides a solution with a minimum-norm constraint; hence the

time series of cumulative phases of each subset become as close to zero as

possible. This constraint, however, introduces large discontinuities between

the time series of each subset and produces a physically meaningless output

(refer to the red dashed line in Figure 2.3)[6].

A way to overcome this problem is to use the phase velocity between

adjacent acquisition times, instead of the phase itself, in Equation 2.18 [6].

Consequently, the new parameter vector is written as follows

vT =
[
v1 = φ1

t1−t0 , · · · , vN = φN−φN−1

tN−tN−1

]
(2.26)

Equation 2.18 can then be expressed as

Bv = dφ (2.27)

where the generic (i, k) element of B can be expressed as follows

B(i, k) =

{
tk − tk−1 if tB+1,i ≤ tk ≤ tA,i,∀i = 1, · · · ,M
0 elsewhere.

(2.28)

For example, if the matrix A is expressed as in Equation 2.19, the
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matrix B is represented as follows

B =


0 t2 − t1 t3 − t2 0 . . .
0 0 t3 − t2 t4 − t3 . . .
t1 t2 − t1 t3 − t2 0 . . .
. . . . . . . . . . . . . . .

 (2.29)

The minimum-norm constraint is now applied to the phase velocity v

and the time series of cumulative phases are connected between the different

subsets so as to make the magnitudes of the discontinuities as small as possible

(refer to black solid line in Figure 2.3). In order to obtain the final solution

(φ), an additional integration step is required.

2.3.2.2 SBAS Technique Processing Procedure

The overall SBAS processing procedure can be divided into three steps:

(1) phase unwrapping, (2) implementation of the SVD method, and (3) re-

moval of atmospheric artifacts.

The multi-looked differential interferograms are formed via regular In-

SAR processing tools. Multi-look processing reduces so called speckle noise,

inherent to SAR imaging, by spatial averaging of pixels at a cost of reduced

spatial resolution. The phase unwrapping procedure of input differential in-

terferograms is required before applying the SVD method. The phase unwrap-

ping process is applied to the differential InSAR phase only on coherent pixels

which can be identified by applying a coherence threshold in regular InSAR

processing.

In order to make the phase unwrapping process more effective, an ad-
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ditional refining step is carried out. To do this, the unwrapped differential

phases are detrended by estimating the linear deformation velocity and topo-

graphic error phase components via the LS solution. Assuming that the system

of equations in Equation 2.18 can be parameterized with linear deformation

velocity v̄ and topographic error ε, it can be rewritten as follows

Cp = dφ (2.30)

The M × 2 matrix C is

C =


2π
λ

∆t1
4πB⊥,1

λR1 sin θ1
...

...
2π
λ

∆tM
4πB⊥,M

λRM sin θM

 (2.31)

where ∆ti is the time interval of ith interferogram and the parameter vector

pT = [v̄, ε]. The estimated phase terms associated with the linear deformation

velocity v̄ and topographic error ε can then be subtracted modulo-2π from

the input wrapped differential interferograms, thus producing residual phases

with a low fringe rate. The phase unwrapping process can be reapplied more

effectively to these residual phases due to the reduced fringe rates. Refined

unwrapped phase for differential interferograms can then be acquired by adding

back the subtracted phase terms of linear deformation velocity and topographic

error to the unwrapped residual phases.

After this stage, the time series of the cumulative phases can be achieved

via SVD inversion as described in Section 2.3.2.1. However, this time series also

includes atmospheric artifacts and decorrelation noise as well as the desired
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deformation signal. These unwanted terms must be separated and removed

from the acquired time series.

Even though the decorrelation noise can be diminished on selected co-

herent pixels and through the multi-look operation, the superimposed atmo-

spheric artifacts can still seriously degrade the accuracy of detected deforma-

tion. These atmospheric artifacts can be filtered out by applying a cascade of

temporal and spatial filters similar to the PS technique. The final deforma-

tion time series can then be achieved by subtracting the estimated atmospheric

artifacts.

The processing steps for the SBAS technique are summarized as follows

(refer to Figure 2.4 for a schematic describing the SBAS processing steps):

(1) Unwrap the phase of input multi-looked differential interferograms by

using a regular SAR processing program;

(2) Estimate DEM error and linear deformation velocity through LS method;

(3) Detrend the input wrapped differential interferograms by subtracting the

phase components due to the estimated DEM error and linear deforma-

tion;

(4) Unwrap residual phases;

(5) Generate the refined unwrapped differential interferograms;

(6) Generate the time series of cumulative phases via the SVD method;
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(7) Estimate the atmospheric signals on each SAR acquisition date; and

(8) Generate the time series of surface deformation.

2.4 Summary

This chapter presented the literature review of InSAR and InSAR time

series techniques, SAR interferometry fundamentals, and background of two

major InSAR time series techniques: PS and SBAS method. This chapter has

provided the reader with the background necessary to understand the HiRAPS

algorithm estimating high resolution APS from InSAR measurements.
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Figure 2.4: Flowchart of the SBAS technique implemented in this research.
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Chapter 3

Implementation of HiRAPS Algorithm with

Simulated Data

This chapter provides the description of the proposed processing steps

for the HiRAPS algorithm. The applicability of the HiRAPS algorithm is

tested with a simulated data set. The DEM error, linear deformation velocity,

atmospheric phase components, and deformation time series are estimated

from the simulated data. The PS InSAR time series technique explained in

the previous chapter is also applied to the same simulated data. The results

from both the HiRAPS and PS techniques are analyzed and compared.

3.1 HiRAPS Algorithm

3.1.1 HiRAPS Algorithm Processing Steps

3.1.1.1 Outline of the HiRAPS Algorithm Processing Steps

The processing steps for the HiRAPS algorithm to estimate the high

resolution APS are outlined as follows (refer to Figure 3.1 for a schematic of

the proposed processing steps):

(1) Align and resample all SAR images to the geometry of a reference SAR

image (see Section 3.1.1.2);

40



(2) Generate differential interferograms with small temporal baselines (see

Section 3.1.1.2);

(3) Form the phase difference between close neighboring pixels while estimat-

ing differential DEM error ∆ε and detecting PSC based on the multi-

image phase coherence value as described in Equation 3.3 (see Section

3.1.1.3);

(4) Unwrap the DEM error and the linear phase residual on a dense PSC grid

using a multi-interferogram approach (see Section 3.1.1.3);

(5) Estimate the time series of cumulative phase via SVD inversion (see Sec-

tion 3.1.1.4);

(6) Estimate the linear deformation velocity by straight line fitting and de-

trend the time series of cumulative phases by removing the linear defor-

mation phase (see Section 3.1.1.4);

(7) Estimate the atmospheric phase superimposed on each SAR image on

the detected PSC through a temporal and spatial filtering operation

(see Section 3.1.1.5);

(8) Interpolate the estimated atmospheric phase over the entire image(see

Section 3.1.1.5);

(9) Generate all differential interferograms with respect to a master SAR

image (called PS differential interferograms)(see Section 3.1.1.6);
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(10) Generate the atmospheric phase screens (APS) superimposed on the PS

differential interferograms (see Section 3.1.1.6);

(11) Generate the APS-free PS differential interferograms (see Section 3.1.1.6);

and

(12) Perform PS detection on a pixel-by-pixel basis and generate deformation

time series (see Section 3.1.1.6).

3.1.1.2 Alignment of SAR images and Formation of Differential
Interferograms with Small Temporal Baselines

The HiRAPS algorithm requires that all SAR images be aligned. This

involves co-registering and resampling all input SAR images to a reference im-

age. The co-registration offset is calculated by performing a cross-correlation

between the reference image and the rest of the images. The two dimensional

(range and azimuth) fitting function is calculated based on the estimated co-

registration offsets. The SAR images are resampled to the reference geometry

by using the calculated fitting function. The input interferograms for the

HiRAPS algorithm are generated from the resampled SAR images and are

aligned with the reference SAR image.

The differential interferograms used for the HiRAPS algorithm to es-

timate the atmospheric phase have the smallest temporal baselines possible.

The magnitude of the deformation signal and temporal decorrelation noise in

the differential interferograms is small due to the small temporal baselines.
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This increases the possibility of detecting PSC and thus makes estimation of

the high resolution APS possible. The HiRAPS algorithm works on the full-

resolution interferograms. Full-resolution means that there is no averaging or

multi-looking when forming the differential interferograms. The multi-looking

process makes the spatial resolution of differential interferograms low and es-

timation of the high resolution APS impossible. One of the reasons that the

SBAS technique estimates only the low resolution APS is that the technique

performs atmosphere estimation exclusively on spatially coherent pixels of the

multi-looked interferograms.

The input interferograms for the HiRAPS algorithm are included in

one joint set. The term joint set indicates that every InSAR pair in the set

has to be linked to another pair through an identical SAR acquisition date.

This condition is required to retrieve the time series of cumulative phases

and hence the atmospheric signals on each SAR acquisition date through the

SVD inversion. The set of interferograms is divided into multiple disjoint

subsets if they are not connected to each other. For the SBAS method, the

minimum norm criteria on velocity phase was applied during SVD inversion to

connect disjoint subsets as discussed in Section 2.3.2.1. However, this process

is physically reasonable only for smoothly varying deformation phenomena in

time. The atmospheric signal has random characteristics in time and there is

no proper way to connect the multiple disjoint subsets with random signals.
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3.1.1.3 PSC Detection and Phase Unwrapping of Differential In-
terferogram on PSC

The phase of the input differential interferograms should be properly

unwrapped so that different phase contributions are separated. The phase

differences between pixels are calculated as inputs to the phase unwrapping

process. These phase differences can be estimated by utilizing phase informa-

tion in a stack of differential interferograms.

The phase differences are calculated between close neighboring pixels

(less than the radius of an atmospheric bubble) in the already aligned dif-

ferential interferograms with small temporal baselines. The phase difference

between neighboring pixels (xm,xs) in a differential interferogram with a tem-

poral baseline of ti is expressed as

∆φ(xm,xs, ti) = φ(xm, ti)− φ(xs, ti)

=
4π

λ

B⊥,i∆ε

R sin θ
+ ∆wi

(3.1)

where λ is the wavelength of the microwave signal, B⊥,i is the perpendicular

baseline of the ith interferogram, ∆ε is the differential DEM error, R is the

satellite to target distance, and θ is the look angle. The linear phase residual

∆wi is composed of phases due to differential deformation ∆φdis, differen-

tial atmospheric artifacts ∆φα, and differential decorrelation noise ∆φn. It is

expressed as

∆wi(xm,xs) = ∆φdis(xm,xs, ti) + ∆φα(xm,xs, ti) + ∆φn(xm,xs, ti) (3.2)

It should be noted that unlike in the PS method, the differential linear de-

formation is now included in the linear phase residual as part of a differential
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deformation term. This inclusion is based on the fact that the magnitudes

of deformation signals in the differential interferograms with small temporal

baselines are small due to their small time intervals, and the deformation sig-

nal is canceled out when forming the phase difference between the neighboring

pixels.

The N wrapped differential interferograms are used to estimate ∆ε,

where the multi-image phase coherence value (γHiRAPS) is utilized as a relia-

bility measure for the estimation of ∆ε and detection of the PSC [19].

γHiRAPS =

∣∣∣∣∣ 1

N

N∑
i=1

exp{j∆wi}

∣∣∣∣∣ =

∣∣∣∣∣ 1

N

N∑
i=1

exp{j(∆φi −
4π

λ

B⊥,i∆ε

R sin θ
)}

∣∣∣∣∣ (3.3)

If γHiRAPS is greater than a certain threshold, the pair of pixels are identified

as PSC. In reality, in order to estimate ∆ε and detect the PSC, the best ∆ε

value maximizing the multi-image phase coherence value γHiRAPS is searched

within a plausible range. For example, differential DEM error ∆ε could be

searched from −30 to 30 m if the accuracy of the DEM value is less than 15

m.

The density of PSC is important in estimating the high resolution APS

since the atmosphere is estimated only on the detected PSC and then interpo-

lated over the entire image later. The PS method uses the amplitude stability

dispersion index to identify the PSC as discussed in Section 2.3.1.1. The iden-

tified PSC in the PS technique, however, are only a subset of PS and usually

are not dense enough to estimate the high resolution APS even in highly urban

areas, where more PSC are found than in rural areas. The HiRAPS algorithm
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does not utilize amplitude information, but rather examines the stability of the

phase itself. In practice, the HiRAPS algorithm searches all neighboring pixels

within a radius significantly smaller than an atmospheric bubble (less than 1

km) to identify PSC. The small search radius is used because spatially coher-

ent signals such as atmospheric effects and surface deformation are differenced

out when forming the phase difference between neighboring pixels within the

radius and do not limit finding the phase-wise stable pixels. There is a high

probability that a high density of PSC can be discovered since the phases of

input interferograms are highly coherent with small temporal baselines and

the search window is less than the radius of an atmospheric bubble.

The DEM error can then be acquired by integrating the estimated

∆ε with respect to a selected reference pixel. This process is called phase

unwrapping of the DEM error. The linear phase residual ∆w on the identified

PSC can be easily unwrapped by using a sparse unwrapping process if the

DEM error is precisely estimated and the condition

|∆wi| < π (3.4)

is satisfied.

Equation 3.4 is satisfied as the three independent values ∆φdis,∆φα

and ∆φn become small on the identified PSC as follows:

(1) The differential deformation ∆φdis is small since the temporal baselines

of input differential interferograms are small;
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(2) The differential atmosphere ∆φα is small since the phase differences are

calculated between nearest neighboring pixels within a radius signifi-

cantly smaller than the atmosphere bubble; and

(3) The differential decorrelation ∆φn is small on the identified PSC.

The phase unwrapping of differential interferograms is done by combin-

ing the unwrapped phases of the DEM error and the linear phase residual. It

should be noted that the phase unwrapping algorithm includes a congruence

operation. The unwrapped phases of the differential interferograms are cor-

rected to the phases of the input wrapped differential interferograms within a

2π range with the congruence operation. This means that even though there

is a slight error in the unwrapped DEM error, unwrapped phases of differential

interferograms have the correct values.

3.1.1.4 SVD Inversion and Linear Deformation Velocity Estimation

After unwrapping the phases of the input differential interferograms on

the identified PSC, the time evolution of cumulative phases with respect to a

reference date (usually the earliest SAR acquisition date) can be acquired via

an SVD inversion (refer to Section 2.3.2.1).

The N estimated cumulative phases with respect to the phase at time

t0 for pixel location x can be expressed as

φ(x)T = [φ(x, t1), · · · , φ(x, tN)] (3.5)
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The estimated cumulative phases are composed of phase contributions

from surface deformation, atmospheric artifacts, and decorrelation noise after

removing the estimated DEM error. In order to retrieve the atmospheric phase

component through a filtering operation, the temporal low-pass (LP) compo-

nent of the deformation signal (a first order function in time) is removed from

the time series of cumulative phases before applying the filtering operation.

This process can be achieved by finding a best fit line (linear deforma-

tion component) for the acquired time series of cumulative phases. Assuming

that the cumulative phases on a pixel location x are fitted with a straight line

with a slope a(x) and an offset b(x), the LS operation can be expressed as

φ = Hx (3.6)

where

H =

 t1 1
...

...
tN 1

 (3.7)

and

x =

[
a(x)
b(x)

]
(3.8)

The LS solution of this equation x̂ is:

x̂ = [HTH ]−1HTφ (3.9)

The linear deformation velocity on a pixel x is the estimated slope â(x).
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3.1.1.5 Estimation of APS and Interpolation over Entire Image

After detrending the time series of cumulative phases with phase due

to linear deformation, the remaining phases consist of nonlinear deformation,

atmospheric artifacts, and decorrelation noise components. The phase due to

atmospheric artifacts can now be estimated via a filtering operation used in

the PS technique (refer to Section 2.3.1.1), which is based on the fact that

the atmospheric phase is highly correlated in space but shows random char-

acteristics in time. Accordingly, the atmospheric artifacts superimposed on

each SAR image can be retrieved by applying a high pass filter in time and

a low pass filter in the two-dimensional image space. The atmosphere esti-

mation is then performed on a dense PSC grid. The estimated atmosphere

is mapped into the overall image using kriging interpolation to generate the

APS. The maximum search radius for the kriging interpolation is chosen to be

less than the selected search distance used when forming the phase difference

between the detected PSCs. However, the actual search radius for the kriging

is adjusted based on the distribution of PSCs by restricting the minimum and

maximum number of pixels for the interpolation.

3.1.1.6 Generation of APS-free PS Differential Interferograms and
PS Detection on a pixel-by-pixel Basis

Once the APS are estimated and removed from differential interfero-

grams, the PS detection can be performed on a pixel-by-pixel basis by jointly

estimating the linear deformation velocity and the DEM error. The distribu-
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tion of temporal and spatial baselines of input differential interferograms for

the PS detection process should be wide enough to effectively estimate both

the linear deformation and the DEM error. These differential interferograms

are formed with respect to a master SAR image and are called PS differen-

tial interferograms. The PS differential interferograms are generated from the

already aligned SAR images. The APS superimposed on the PS differential

interferograms are generated according to the SAR acquisition dates of the PS

differential interferograms by differencing the estimated atmospheric phase on

each SAR image. The APS-free PS differential interferograms are then ob-

tained by subtracting the APS from the PS differential interferograms.

Finally, all possible PS can be detected by examining the phase stability

of APS-free PS differential interferograms on a pixel-by-pixel basis. The multi-

image coherence value γPS in Equation 2.14 is used as a reliability measure to

detect PS by searching the linear deformation velocity and the DEM error.

3.1.2 HiRAPS and PS Comparisons

This section describes the difference between the HiRAPS and PS tech-

niques. The overall processing procedures of the HiRAPS and PS techniques

can be divided into two steps: (1) APS estimation and (2) PS detection on

a pixel-by-pixel basis. The two techniques share the same final PS detection

stage after estimating and removing the APS from the input differential in-

terferograms. However, there are significant differences between the HiRAPS

and PS techniques during the APS estimation stage. The HiRAPS algorithm
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makes use of short time span differential interferograms whose temporal base-

lines are less than or equal to 72 days, whereas the PS algorithm utilizes

differential interferograms with long temporal baselines up to 8 years. The

HiRAPS algorithm utilizes more coherent phases of short time span interfer-

ograms than the PS technique for estimating the APS. In addition to the use

of coherent phase, the HiRAPS algorithm finds the pixels for APS estimation

(PSC) by searching all neighboring pixels for phase stability, unlike the PS al-

gorithm which examine the dispersion of amplitude to detect the APS pixels.

Due to the exhaustive search of the APS pixels from coherent interferograms,

the HiRAPS algorithm can detect a high density of APS pixels while the PS

algorithm detects a low density of APS pixels. Consequently, the HiRAPS al-

gorithm can estimate high resolution APS due to the high density of detected

APS pixels, whereas the PS algorithm can detect only low resolution APS.

However, there is a drawback for the HiRAPS algorithm: the processing

time for the algorithm is very high. For instance, it takes about three months

with the HiRAPS algorithm to process a 13 × 16 km study area with one

CPU under a regular LINUX system, while it takes the PS algorithm about

2 weeks under the same conditions. To overcome this problem, the parallel

computing approach was implemented. For example, the HiRAPS algorithm

can be completed within a day through the use of 200 CPUs of the ‘Lonestar’

supercomputer at the TACC.

The comparison between the HiRAPS and PS algorithms is summarized

in Figure 3.2.
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3.1.3 Implementation with Simulated Data

3.1.3.1 Description of Simulated Data

There are two sets of simulated differential interferograms used for the

HiRAPS algorithm: 1) the simulated differential interferograms with short

time intervals that are used for most of the processing steps through the APS

estimation stage and 2) the PS differential interferograms that are used for

only the PS detection processing on a pixel-by-pixel basis.

The phase of the simulated differential interferograms contains contri-

butions from DEM (topographic height) error, linear and nonlinear deforma-

tion, and atmospheric artifacts. Note that the phase related to decorrelation

noise is not included in the simulated signals.

The image size of the simulated data is 100 range samples by 100 az-

imuth lines. This image size represents the 1.5 km by 1.5 km area. The

simulated DEM error ranges from −15 to 15 m and has spatially random

characteristics as shown in Figure 3.5(a). The DEM error values are chosen

to represent the 10 m relative accuracy of Shuttle Radar Topography Mission

(SRTM) DEM. The simulated linear deformation velocity ranges from 0 to

+5 cm/year as in Figure 3.6(a). The simulated deformation velocity map has

gradually increasing values from the edge to the center of the image and is

spatially coherent. The nonlinear deformation is simulated as a sine function

in time with a peak-to-peak amplitude of 1 cm and a period of 1 year. The

simulated atmospheric signals superimposed on the SAR images are generated

so as to have random characteristics in time and be coherent in space. The
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magnitude of the atmospheric signals changes from 0 to +π radians within

a 1.5 × 1.5 km area, and the atmospheric signals contain a high spatial fre-

quency component. The spatially coherent signals were generated by creating

an isotropic two-dimensional fractal surface with a power law behavior [30].

One of the simulated atmospheric signals on a SAR image is depicted in Figure

3.4.

Finally, the simulated differential interferograms are generated by com-

bining all the simulated phases related to DEM error, linear and nonlinear

deformation, and atmosphere. The perpendicular and temporal baselines of

the simulated differential interferograms with short time intervals are the

same as the differential interferograms generated from the actual Phoenix

RADARSAT-1 data set described in Table A.1. The simulated differential

interferograms with short time intervals have a wide range of perpendicular

baselines (±1000 m) and small temporal baselines (less than 72 days). Also,

the simulated differential interferograms are all connected to each other and

included in one subset. In principle, the smaller the temporal baselines of

differential interferograms, the better the HiRAPS algorithm works. How-

ever, it is necessary in some cases to use interferograms with larger temporal

baselines than desired in order for all input interferograms to be connected to

each other. The temporal baselines of the differential interferograms were less

than or equal to 48 days with the exception of 4 interferograms with a 72 day

temporal baseline, which are included to connect different subsets.

The perpendicular and temporal baselines of the simulated PS differen-
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tial interferograms follow the distribution of the PS differential interferograms

generated from the actual Phoenix RADARSAT-1 data set as shown in Table

A.2. The temporal baselines of the simulated PS differential interferograms

show a wide range of variation from −1632 to 216 days. The perpendicu-

lar baselines of the simulated PS differential interferograms are distributed

regularly within ±800 m. The wide and regular distribution of temporal and

perpendicular baselines of the simulated PS differential interferograms are suit-

able for application of the PS detection process on a pixel-by-pixel basis.

Note that the phase related to decorrelation noise is not included in

the simulated data and thus all pixels become detected as PSC at the PSC

detection stage. To offset this, the same PSC density acquired from imple-

mentation of the HiRAPS algorithm with the actual Phoenix RADARSAT-1

data is used for the simulation. 5% of the pixels are randomly selected as PSC

as depicted in Figure 3.3.

3.1.3.2 Estimation of DEM error and Sparse Phase Unwrapping of
Differential Interferograms

A search window of 15 × 15 pixels, which corresponds to a 0.2 × 0.2

km area, was used when forming differences of phase between identified PSCs.

This window size was selected to be smaller than the radius of an atmospheric

bubble as well as to be big enough to connect the selected PSC for the phase

unwrapping process. The differential DEM error ∆ε was searched within a −30

to 30 m range with a 0.5 m search step. The differential DEM error between
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a pair of PSCs whose γHiRAPS value is at the maximum was selected as its

estimate. The typical values of γHiRAPS was close to 0.99 because decorrelation

noise is not included in the simulated phase. The all calculated phase difference

between the selected PSCs was used for estimating unwrapped phase since the

calculated γHiRAPS were all above the chosen γHiRAPS threshold value of 0.75.

The DEM error was then acquired by integrating the differential DEM

error starting from a selected reference PSC (range sample: 11, azimuth line:5).

The simulated and estimated DEM error and the difference between the simu-

lated and estimated DEM errors are shown in Figure 3.5. The estimated DEM

error was very similar to the simulated DEM error. The difference between

the simulated and estimated DEM error ranges from −0.26 to 0.39 m. The

RMSE between the estimated and simulated DEM error was 0.16 m, which is

less than half of the DEM error search step (0.25 m).

The simulated DEM error of differential interferograms with a wide

range of perpendicular baselines and small temporal baselines was effectively

estimated by the HiRAPS algorithm. Note that the acquired DEM error map

is an intermediate result estimated only on the selected PSC. A final DEM

error map is acquired after the PS detection process on a pixel-by-pixel basis.

The DEM error for a reference pixel of the simulated data was assumed to be

known, and the estimated DEM error was shifted to have the same DEM error

as the simulated DEM error on the selected reference PSC.

The sparse phase unwrapping process is accomplished based on the

weighted least square phase unwrapping technique over the irregularly sam-

59



10

5

0

-5

-10

-15

(a) (b)

(c)

15

10

5

0

-5

-10

(c)
0.3

0.2

0.1

0

-0.1

-0.2

Figure 3.5: Comparison between the simulated and estimated DEM error. (a)
Simulated DEM error (m), (b) estimated DEM error (m), and (c) difference
between the simulated and estimated DEM error (m). The DEM error was
estimated on PSC by forming the difference between neighboring PSC and
integrating the results.

60



pled PSC [27]. First, the initial estimates of unwrapped phase gradients be-

tween neighboring PSC are calculated by finding a best model fit from a stack

of wrapped differential interferograms as in Equation 3.3. In the HiRAPS

algorithm, the unwrapped phase gradients between close neighboring pixels

are calculated by taking advantage of the estimated DEM error gradients. At

this point, the absolute value of remaining linear phase residual gradients is

assumed to be less than π. Once the unwrapped phase gradients are calcu-

lated, the unwrapped phase on the irregularly sampled PSC are then easily

integrated by minimizing the mean square error between the wrapped and

the unwrapped phase gradients between neighboring pixels [27]. In this case,

the calculated multi-image coherence values (γHiRAPS) are used as weights.

Finally, the congruence operation, which makes the unwrapped phases con-

gruent to the original wrapped phases, is applied to unwrapped phase residual

to reduce the unwrapping error [27].

3.1.3.3 SVD Inversion and Estimation of Linear Deformation Ve-
locity

A time series of cumulative phases was generated via an SVD inversion

after the phase unwrapping step. A simple SVD inversion was applied since

the input differential interferograms are connected to each other as a joint

subset.

The linear deformation velocity was estimated by finding a best fit line

for the time series of cumulative phases. The simulated and estimated linear

61



deformation velocity and the difference between the simulated and estimated

linear deformation velocity are presented in Figure 3.6. The estimated linear

deformation velocity was very similar to the simulated linear velocity with a

difference less than 0.5 mm/year.

3.1.3.4 Estimation of APS

A high pass filter in time and a low pass in 2-D space were applied

after detrending the time series of cumulative phase by removing the linear

deformation phases in order to estimate the atmospheric phase superimposed

on each SAR image. For the high pass filtering operation in time, a simple

temporal smoothing was carried out using a triangular filter with a length of

100 days on each PSC to remove the low pass component. Next, a spatial

moving average filter with a 15× 15 pixel window size was carried out on the

two dimensional image for the low pass filter in space. The 100-day triangular

filter length was chosen after examining the root mean square error (RMSE)

between the estimated and simulated APS. The RMSE σ is expressed as:

σ =

√√√√ 1

NM

NM∑
i=1

(φest(i)− φsim(i))2 (3.10)

where M is the number of identified PSC, N is the number of APS images,

φest(i) is the estimated atmospheric phase, and φsim(i) is the simulated atmo-

spheric phase on the ith pixel. The best choice for the length of the moving

average triangular filter depends on several factors. For example, the frequency

of SAR acquisition dates, magnitude of atmospheric signals, magnitude of the
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nonlinear signals, and the magnitude of the decorrelation noise can affect the

the filter results. A 100-day filter length was the best choice for the simulated

data with the HiRAPS algorithm. However, the best choice of filter length

for actual SAR data could be different. The atmospheric phases estimated

only on the selected PSC were interpolated over the entire image via a kriging

interpolation. A nine pixel maximum search radius was used for the kriging

interpolation.

The APS superimposed on the PS differential interferograms were gen-

erated from the interpolated atmospheric phase superimposed on each SAR

dates. The estimated APS and the difference between the simulated and es-

timated APS are provided in Figure 3.7. The estimated APS exhibited a

similar pattern to the simulated APS. The maximum difference between the

estimated and simulated APS was 0.27 radians, which corresponds to a 1.22

mm surface deformation. To quantitatively assess the estimation of the APS

with the HiRAPS algorithm, the RMSE between the estimated and simulated

APS superimposed on all the PS differential interferograms was found to be

0.26 radians, which corresponds to a 1.17 mm surface deformation. The esti-

mated APS were removed from the PS differential interferograms in order to

apply the final PS detection process.
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3.1.3.5 PS Detection on a Pixel-by-Pixel Basis and Generation of
Deformation Time Series

The PS detection process was carried out on the APS-free PS differen-

tial interferograms by jointly estimating linear deformation velocity and DEM

error on a pixel-by-pixel basis. The linear deformation velocity was searched

from −6 to 6 cm/year and DEM error was searched from −30 to 30 m with

0.2 mm/year and 0.5 m search steps, respectively. The estimated linear de-

formation velocity from a pixel-by-pixel search and the difference between the

simulated and estimated velocities are shown in Figure 3.8. The maximum

difference between the estimated and simulated linear deformation velocity

was 0.40 mm/year, and the estimated velocity pattern was very similar to

the simulated velocity map. The calculated RMSE between the estimated

and simulated linear deformation velocity was 0.17 mm/year. The estimated

DEM error and the difference between the simulated and estimated DEM er-

ror are shown in Figure 3.9. The maximum difference between the estimated

and simulated DEM error was 0.82 m, and the calculated RMSE between

the estimated and simulated DEM error was 0.36 m. The multi-image coher-

ence values (γPS) were calculated to be between 0.65 to 0.78, and the average

value of γPS over all image pixels was 0.73. The nonlinear signal embedded in

the differential interferogram phase prevented obtaining the high value of γPS

(close to 1) since the PS detection process, on a pixel-by-pixel basis, finds the

model fit considering only DEM error and linear deformation velocity. There-

fore, the acquired γPS are highly dependent on the magnitude of the nonlinear
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deformation signal.

Finally, the deformation time series was generated by combining the

phases due to the linear and nonlinear deformation and removing the phase

component related to the estimated DEM error The time series was compared

with simulated values at several locations in Figures 3.10, 3.12, and 3.14. The

estimated deformation time series were generally well matched with the simu-

lated deformation. Additionally, the nonlinear deformation features as well as

the long-term deformation trend were effectively estimated. The difference be-

tween the deformation time series in shown in Figures 3.11, 3.13, and 3.15; the

maximum differences were less than 2.9 mm. The calculated RMSE between

the estimated and simulated deformation time series maps was 1.3 mm.

There are several causes for the difference between the estimated and

simulated deformation time series. First, the error in the estimated APS limits

the estimation of the deformation time series. The calculated RMSE between

the simulated and estimated APS was 0.26 radians, which corresponds to 1.17

mm error in deformation. Temporal and spatial filtering operations were used

to estimate the APS. The simple moving average filtering operation in time

was limited in its ability to accurately separate the random atmosphere signal

from the coherent nonlinear signal. A kaiser filter was tested to estimate the

APS in the frequency domain, yet there was no improvement in the results.

Second, the search step sizes in the PS detection process can cause errors in

the estimated DEM error and linear deformation velocity, leading to errors in

the estimated deformation time series. For example, the search steps for DEM

67



4

3

2

1

0

(a) (b)

(c)

4

3

2

1

0

0

-0.02

-0.04

-0.06

A

B

C

Figure 3.8: Comparison between the simulated and estimated velocity. (a)
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Figure 3.10: Comparison between estimated and simulated deformation time
series at pixel A indicated in Figure 3.8.
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Figure 3.11: Difference between estimated and simulated deformation time
series at pixel A indicated in Figure 3.8.
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Figure 3.12: Comparison between estimated and simulated deformation time
series at pixel B indicated in Figure 3.8.
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Figure 3.13: Difference between estimated and simulated deformation time
series at pixel B indicated in Figure 3.8.
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Figure 3.14: Comparison between estimated and simulated deformation time
series at pixel C indicated in Figure 3.8.
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Figure 3.15: Difference between estimated and simulated deformation time
series at pixel C indicated in Figure 3.8.
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error and velocity were 0.5 m and 0.2 mm/year, respectively. The correspond-

ing maximum errors due to the used search steps were 0.25 m and 0.1 mm/year

(half of the search steps). These errors can produce up to 1 mm of error in

the deformation time series with an 800 m perpendicular baseline for 5 years

as shown in Figure 3.16. Third, the nonlinear deformation signal prevents

the accurate estimation of deformation time series by a pixel-by-pixel search.

As described in Equation 2.14, the phases of APS-free PS differential inter-

ferograms are modeled with DEM error and linear deformation velocity only

during the PS detection on a pixel-by-pixel basis. The remaining nonlinear

deformation signals act like noise in this process. The effect of the nonlinear

deformation signal on estimating deformation time series was examined by

carrying out the PS detection process on simulated differential interferograms

both with and without the nonlinear deformation signal. The PS detection

process was first performed on a pixel-by-pixel basis with a set of simulated

differential interferograms which contained only DEM error and linear defor-

mation signals. The velocity was estimated within 0.11 mm/year (i.e., at the

level of 0.1 mm/yr for the half search step size) and the DEM error was esti-

mated within 0.25 m (i.e., at the level of 0.25 m for the half search step size).

The simulated deformation signal was accurately recovered at pixel location

A with a pixel-by-pixel search. The error in the estimated deformation time

series was less than 0.1 mm as in Figure 3.17. However, when the nonlinear

signal is added to the simulated differential interferograms, the accuracy of

the PS detection process on a pixel-by-pixel basis was dramatically decreased.
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The difference in estimated and simulated velocity was between −0.21 and

0.00 mm/year while the difference in DEM error was between 0.14 and 0.60

m. The deformation time series was generated at the pixel location A, and

the difference between the estimated and simulated deformation time series

reached a maximum of 1.6 mm as in Figure 3.18.

Considering all the error sources in estimating deformation time series,

a 1.3 mm RMSE between the estimated and simulated deformation time series

is reasonable.

3.2 PS Technique

3.2.1 Implementation with Simulated Data

3.2.1.1 Description of Simulated Data

The input differential interferograms used for the PS time series tech-

nique were generated from the simulated data set described in Section 3.1.3.1.

These differential interferograms, called PS differential interferograms, are

formed with respect to a master SAR image. The simulated differential in-

terferograms were generated without decorrelation noise; as a result, all pix-

els become detected as PSC at the PSC detection process. Therefore, the

PSC density derived from the PS algorithm application using actual Phoenix

RADARSAT-1 data was used for the simulated data case. 0.17 % of regularly

spaced pixels were selected as PSC as shown in Figure 3.19.
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Figure 3.16: Error in deformation time series due to the search steps in the PS
detection process on a pixel-by-pixel basis. The search steps for DEM error and
linear deformation velocity were 0.5 m and 0.2 mm, respectively. The error
in the deformation time series was calculated with an 800 m perpendicular
baseline and a 5 year time period to estimate the maximum possible error
depending on the search steps.
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Figure 3.17: Error in estimated deformation time series at pixel location A
indicated in Figure 3.8 when the input differential interferograms contain only
linear deformation and DEM error.
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Figure 3.18: Error in estimated deformation time series at pixel location A
indicated in Figure 3.8 when the input differential interferograms contain only
linear deformation, DEM error, and nonlinear deformation signals without
atmosphere artifacts.

80



L
in

e

0             20             40            60             80            100

0

10

20

30

40

50

60

70

80

90

100

Sample

0             20             40            60             80            100

Figure 3.19: Distribution of PSC selected for the PS method application using
a simulated data set.
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3.2.1.2 Estimation of DEM error and Linear Deformation Velocity
and Phase Unwrapping of Differential Interferograms

The DEM error and linear deformation velocity were jointly estimated

from the PS differential interferograms, which have wide distributions of per-

pendicular and temporal baselines (see Table A.2). The differences in DEM

error and linear deformation velocity values were calculated between the neigh-

boring PSCs within a 45 × 45 window. This window size was chosen to in-

clude all neighboring PSCs when forming the difference and to connect all

detected PSCs for the phase unwrapping process. The DEM error and lin-

ear deformation velocity were unwrapped starting from a selected reference

pixel (sample:11, line:5) and were assumed to be known at that pixel. The

unwrapped DEM error and linear deformation velocity were shifted to match

a known value at the reference pixel. The difference between the estimated

and simulated DEM error ranged from −0.23 to 0.19 m. The difference be-

tween the estimated and simulated linear deformation was between −0.24 to

0.23 mm/year. These differences are smaller than the differences acquired from

the application of the HiRAPS algorithm. However, this is mainly because the

DEM error and linear deformation velocity were calculated only on the selected

0.17 % density of PSC. The linear phase residual was unwrapped with the aid

of the unwrapped DEM error and linear deformation. The unwrapped phases

of differential interferograms were then obtained by combining the unwrapped

phases of DEM error, linear deformation, and linear phase residual.
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3.2.1.3 Estimation of APS

The linear phase residual on a sparse grid of PSC after the phase un-

wrapping process contains the phases due to atmospheric artifacts and nonlin-

ear deformation. The atmospheric artifacts were separated from the nonlinear

deformation signal by applying a temporal high pass filter and a spatial low

pass filter. A 100-day temporal filter length was used as in the HiRAPS al-

gorithm application and a 45 × 45 window was used for the spatial moving

average filter. This window size was chosen to include all neighboring PSCs.

The atmospheric artifacts estimated on the selected PSC were then mapped

over the entire image via kriging interpolation. A thirty pixel maximum search

radius was used for kriging interpolation. The estimated APS superimposed

on the same PS differential interferogram are shown in Figure 3.20. It is evi-

dent that the estimated APS is a low resolution version of the simulated APS

in its pattern. The maximum difference is 0.45 radians, which corresponds to

2.0 mm of deformation. The difference was larger than the values acquired

from the application with the HiRAPS algorithm, where the difference was

less than 0.27 radians (see Figure 3.7). The RMSE between the estimated

and simulated APS superimposed on all of the PS differential interferograms

was 0.39 radians, whereas the RMSE obtained from the HiRAPS algorithm

application was 0.26 radians. These values correspond to 1.8 mm and 1.2 mm

of surface deformation, respectively.
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3.2.1.4 PS Detection on a Pixel-by-Pixel Basis and Generation of
Deformation Time Series

A joint estimation of DEM error and linear deformation velocity was

performed on the APS-free PS differential interferograms on a pixel-by-pixel

basis identifying all possible PS. The multi-image phase coherence value γPS

explained in Equation 2.14 was used as a reliability measure to determine the

PS. The search steps to estimate the linear deformation velocity and DEM

error were 0.2 mm/year and 0.5 m, respectively. The estimated linear defor-

mation velocity map and the difference between the estimated and simulated

velocity map are displayed in Figure 3.21. The maximum difference between

the estimated and simulated velocity was 0.61 mm/year, which was larger

than the 0.40 mm/year maximum difference calculated from the HiRAPS al-

gorithm. The calculated RMSE between the estimated and simulated velocity

was 0.17 mm/year for the HiRAPS algorithm and 0.26 mm/year for the PS

algorithm. The estimated DEM error and the difference between the simulated

and estimated DEM error are shown in Figure 3.22. The maximum DEM error

difference between the estimated and simulated values was 0.86 m, which is

slightly larger than the 0.82 m obtained from the HiRAPS algorithm applica-

tion. The calculated RMSE between the estimated and simulated DEM error

were 0.36 m for the HiRAPS algorithm and 0.40 m for the PS algorithm. The

multi-image coherence values γPS were found to be between 0.64 to 0.76, and

the average value of γPS over all image pixels was 0.72. This value is slightly

smaller than 0.73 acquired from the HiRAPS algorithm application.
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Figure 3.21: Comparison between the simulated and estimated velocity. (a)
Simulated linear deformation velocity (cm/year), (b) estimated linear defor-
mation velocity (cm/year) from the PS technique, and (c) difference between
the simulated and estimated velocity (cm/year). The linear deformation ve-
locity was estimated by the PS detection process on a pixel-by-pixel basis from
the APS-free PS differential interferograms.
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Figure 3.22: Comparison between the simulated and estimated DEM error.
(a) Simulated DEM error (m), (b) estimated DEM error (m) from the PS
technique, and (c) difference between the simulated and estimated DEM error
(m). The DEM error was estimated by the PS detection process on a pixel-
by-pixel basis from the APS-free PS differential interferograms
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Figure 3.23: Comparison between estimated and simulated deformation time
series at pixel A indicated in Figure 3.21.

The deformation time series was generated by combining the phases due

to linear and nonlinear deformation signals and was compared to simulated

values at different locations in Figures 3.23, 3.25, and 3.27. The difference

between the deformation time series plots at the selected locations can be

clearly observed in 3.24, 3.26 and 3.28. The RMSE between the estimated

and simulated deformation time series maps was 0.18 cm for the PS algorithm,

which was larger than 0.13 cm, the RMSE for the HiRAPS algorithm. This

result is mainly due to the more accurate estimation of APS with the HiRAPS

algorithm.
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Figure 3.24: Difference between estimated and simulated deformation time
series at pixel A indicated in Figure 3.21.
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Figure 3.25: Comparison between estimated and simulated deformation time
series at pixel B indicated in Figure 3.21.
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Figure 3.26: Difference between estimated and simulated deformation time
series at pixel B indicated in Figure 3.21.
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Figure 3.27: Comparison between estimated and simulated deformation time
series at pixel C indicated in Figure 3.21.
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Figure 3.28: Difference between estimated and simulated deformation time
series at pixel C indicated in Figure 3.21.
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3.3 Comparison between the HiRAPS and PS Time Se-
ries Techniques

The implementation of the HiRAPS and PS time series technique was

carried out using the same simulated data set. This section summarizes and

compares the results obtained from the implementation of both techniques.

APS superimposed on one of the PS differential interferograms were estimated

by the HiRAPS and PS techniques and are displayed in Figure 3.7 and Figure

3.20, respectively. The patterns of the simulated APS were well matched with

the estimated APS via the HiRAPS algorithm. The difference between the

simulated and estimated APS was less than 0.27 radians. In contrast, the APS

estimated by the PS technique is a low resolution version of the simulated APS,

and the difference reached up to 0.45 radians. To quantitatively compare the

APS estimation capability with both techniques, the RMSE between all the

estimated and simulated APS was calculated. The RMSE of APS estimated

with the HiRAPS algorithm was 0.26 radians, while the RMSE of APS from

the PS method was 0.39 radians. The APS was more precisely estimated

through the HiRAPS algorithm when observing the calculated RMSE values.

The PS detection process was carried out on a pixel-by-pixel basis after

removing the estimated APS from both techniques. The final linear deforma-

tion velocity, DEM error, and deformation time series were generated. The

maximum difference between the simulated and estimated linear deformation

velocity via the HiRAPS algorithm was 0.4 mm/year, whereas the maximum

difference from the PS technique reached up to 0.61 mm/year (see Figure 3.8
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and Figure 3.21). The RMSE values between the estimated and simulated

linear deformation velocity were 0.17 mm/year for the HiRAPS algorithm and

0.26 mm/year for the PS algorithm. The differences between simulated and

estimated DEM error via both techniques were similar. The maximum differ-

ence from the HiRAPS algorithm was 0.82 m, and the maximum difference

from the PS method was 0.86 m (see Figure 3.9 and Figure 3.22). The RMSE

values between the estimated and simulated DEM error were 0.36 m for the

HiRAPS algorithm and 0.40 m for the PS algorithm. The multi-image coher-

ence value ranged from 0.66 to 0.78 for the HiRAPS algorithm application and

from 0.64 to 0.76 for the PS method application. Finally, the deformation time

series were generated via both techniques. Generally, the nonlinear deforma-

tion features as well as the long-term deformation trend were well estimated

via both techniques. However, the simulated deformation time series was more

precisely estimated from the HiRAPS algorithm than the PS algorithm. The

RMSE between the estimated and simulated deformation time series maps was

0.13 cm for the HiRAPS algorithm, whereas the RMSE was 0.18 cm for the

PS algorithm.

To conclude, for simulated data, the APS superimposed on the differ-

ential interferograms were more precisely estimated via the HiRAPS algorithm

when compared to the PS method.
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3.4 Summary

In this chapter, the HiRAPS algorithm was tested with simulated data.

The validity of the HiRAPS algorithm was examined by comparing acquired

results with simulated values. The PS time series technique was also applied

to the same simulated data set, and the performance of both techniques was

compared step by step.

The outline of the HiRAPS algorithm was presented and processing

steps and a technical description of the algorithm were discussed. The Hi-

RAPS algorithm was applied to the simulated data set. The DEM error,

linear deformation velocity, APS, and deformation time series were generated

and compared to the simulated values. The PS time series technique was also

applied to the simulated data set and the results were compared to the simu-

lated values and the results from the HiRAPS algorithm. The comparison of

results acquired from both techniques were summarized.

In the next chapter, the HiRAPS algorithm is implemented with actual

Phoenix RADARSAT-1 SAR data. The PS technique is applied to the same

Phoenix RADARSAT-1 data, and the results, including estimated APS, are

compared with the ones from the HiRAPS algorithm. The time series of both

techniques are generated from the APS-free differential interferograms via a

pixel-by-pixel search and compared to each other.
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Chapter 4

Implementation of HiRAPS algorithm with

Phoenix RADARSAT-1 Data

In the previous chapter, the HiRAPS and PS time series techniques

were implemented using a simulated data set. DEM error, linear deformation

velocity, APS, and deformation time series were estimated from simulated dif-

ferential interferograms. Results acquired through both time series techniques

were analyzed and compared.

This chapter describes the implementation of the HiRAPS and PS

techniques on actual Phoenix RADARSAT-1 SAR data. First, the Phoenix

RADARSAT-1 SAR data set and selected study area are described. Then, the

APS superimposed on differential interferograms are estimated through the

HiRAPS algorithm. The PS detection process is applied to the APS-free dif-

ferential interferograms on a pixel-by-pixel basis, and DEM error, linear defor-

mation velocity, and deformation time series are estimated on the detected PS.

The PS time series technique is also implemented on the same RADARSAT-

1 data. The results obtained from the application of the PS technique are

analyzed and compared to the ones from the HiRAPS algorithm.
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4.1 Implementation of the HiRAPS Algorithm

4.1.1 Data Set and Study Area Overview

As Canada’s first commercial earth observing satellite, RADARSAT-

1 was launched at November 4, 1995 into a sun-synchronous orbit with an

altitude of 798 kilometers and an inclination of 98.6 degrees. The RADARSAT-

1 satellite is equipped with a state-of-the-art SAR which can image the Earth,

day or night, in all weather conditions. The orbit of the RADARSAT-1 satellite

repeats every 24 days, meaning it can take an image of the same geographic

region every 24 days. The RADARSAT-1 SAR sensor operates at a single C

band microwave frequency of 5.3 GHz (wavelength of 5.6 cm). The resolution

of RADARSAT-1’s image depends on the operating seven beam modes. The

beam modes range from Fine mode, which covers a 50 × 50 km area with a

resolution of 8 meters, to ScanSAR wide, which covers a 500 × 500 km area

with a resolution of 100 meters. The Standard beam mode covers a 100× 100

km area with a resolution of 25 meters. Along with the several beam modes,

RADARSAT-1 also has the ability to adjust its beam to different incidence

angles. The listing of RADARSAT’s beam modes and resolutions is shown

in Table 4.1. The RADARSAT-1 S1 mode data (standard beam mode with

incidence angle from 20 to 27 degrees) was used for this research.

The validation of the HiRAPS algorithm to estimate high resolution

APS from InSAR measurements is examined by using a Phoenix RADARSAT-

1 SAR data set. This data set is composed of 66 SAR images acquired from

October 5, 2002 to October 27, 2007. The RADARSAT-1 data was selected in-

98



Table 4.1: RADARSAT Beam Modes and Resolutions

Beam Mode Area Coverage (km) Resolution (m)
ScanSAR Wide 500 × 500 100
ScanSAR Narrow 300 × 300 50
Extended Low 170 × 170 35
Wide 150 × 150 30
Standard 100 × 100 25
Extended High 75 × 75 25
Fine 50 × 50 8

stead of ERS-1/2 data due to its smaller repeat cycle; 24 days for RADARSAT-

1 versus 35 days for ERS-1/2. The small repeat cycle of the RADARSAT-1

satellite makes it possible to form differential interferograms with short time

intervals. The HiRAPS algorithm works efficiently by exploiting the benefits

obtained by using interferograms with short time intervals.

All input SAR images were resampled with respect to a reference SAR

geometry. There are two sets of differential interferograms required for the

complete process of the HiRAPS algorithm. The differential interferograms

with short time intervals (temporal baselines) are used up to the APS esti-

mation step, and the PS differential interferograms formed with respect to a

master SAR image are utilized for the PS detection stage on a pixel-by-pixel

basis. 70 differential interferograms with small temporal baselines were gen-

erated from the 66 aligned and resampled SAR images. Those differential

interferograms were generated to make their temporal baselines as small as

possible. In this research, temporal baselines of all differential interferograms
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Figure 4.1: Perpendicular baseline distribution of short time span interfero-
grams. The perpendicular baselines are quite evenly distributed from −1000
to 1000 m.

with short time intervals are less than or equal to 48 days except for four inter-

ferograms with 72 days of temporal baseline, which were inserted to include

all input interferograms in one subset. The differential interferograms with

short time intervals are provided in Table A.1. The distribution of perpendic-

ular baselines in a set of differential interferograms is crucial for the accurate

estimation of topographic height error. The perpendicular baselines in this

research are distributed evenly and broadly enough to accurately estimate to-

pographic height error and have a range of ±1000 m as shown in Figure 4.1.

The PS differential interferograms are described in detail in Section 4.2.1.
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An incoherent average of all resampled input SAR images (known as

a multi-image reflectivity map) is depicted in Figure 4.2. The speckle noise

of individual images are dramatically reduced by averaging. Features clearly

visible are the Phoenix metropolitan area just right of the center of the image,

the White Tank Mountains left of center, the Sierra Estrella Mountains in the

lower image, McDowell Mountains in the upper right corner, Lake Pleasant in

the upper part, and an agricultural area just right of the White Tank Moun-

tains. The study area, highlighted with a red box, is located in the right side

of the agricultural area. The study area is highly urban and residential and

includes Sun City and Peoria to the left and Glendale in the south of center

of the image as seen in Figure 4.3.

One of the Phoenix RADARSAT-1 differential interferograms is pre-

sented in Figure 4.4. This differential interferogram has a four and a half year

time span. There are several features clearly showing surface deformation (ac-

tually subsidence) including those at Sun City West, Sun City/Peoria/Glendale,

and Scottsdale. A subset over the study area extracted from the differential

interferogram is shown in Figure 4.5. There are three and a half cycles of

phase change from the edge to the center of the subsidence bowl over the four

and a half years. This corresponds to about a 2.3 cm/year subsidence rate as

one cycle of phase change corresponds to 2.8 cm of deformation in the radar

LOS direction.
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Figure 4.2: Phoenix, AZ: multi-image reflectivity map (multi-looked, range:4,
azimuth:16). The image is about 96 × 113 km wide. The study area is high-
lighted.
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Figure 4.3: Phoenix, AZ: multi-image reflectivity map over study area (multi-
looked, range:1, azimuth:4). The image is about 13×16 km wide and includes
Sun City, Peoria, and Glendale.
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Figure 4.4: Phoenix, AZ: Four and a half year differential interferogram from
October 5, 2002 to March 25, 2007 (multi-looked, range:4, azimuth:16).
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Figure 4.5: Subset of interferogram over Sun City, Peoria, and Glendale: Four
and a half year interferogram from October 5, 2002 to March 25, 2007 (multi-
looked, range:1, azimuth:4).
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4.1.2 Detection of PSC and Estimation of DEM error

The phase differences of closely neighboring pixels were calculated to

estimate the differential DEM error while detecting PSC. In this proposed

research, the phase difference between each pixel and all other pixels less than

350 m apart was calculated by searching the differential DEM error within a

−30 to +30 m range using a 0.5 m search step. The differential DEM error

between a pair of neighboring pixels was searched for the maximum multi-

image coherence value, γHiRAPS (see Equation 3.3). If the γHiRAPS was greater

than or equal to the chosen threshold, 0.75, the pair of pixels was selected as

PSC.

The exhaustive search between all neighboring pixels carries a heavy

computational burden and requires long processing times as compared to the

PS technique [20] where the search is based only on the preselected PSC.

However, the computational burden can be mitigated with a smaller search

window (significantly less than the radius of atmospheric bubble) and a one-

dimensional search for DEM error only instead of a two-dimensional search

for both DEM error and velocity. Moreover, with the aid of a parallel com-

puting approach (e.g., MPI processing with the ‘Lonestar’ supercomputer at

the TACC), the processing time can be decreased. For this research, the pro-

cessing time was decreased through the use of 200 CPUs in the ‘Lonestar’

supercomputer at the TACC.

The atmospheric phase components are estimated only on the identi-

fied PSC, and are later mapped into the overall image pixels through kriging
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interpolation. Therefore, the density of the identified PSC is essential in es-

timating the high resolution APS. The density of identified PSC using the

HiRAPS algorithm was 253 PSC/km2 with a 0.75 γHiRAPS threshold. The

identified PSC were dense enough to estimate high resolution APS as shown

in Figure 4.6. The PS technique was implemented on the same study area and

the PSC were identified by examining the amplitude stability of input SAR

images (see Section 4.2.2). The density of identified PSC acquired from the

PS technique application was 14 PSC/km2.

DEM error on the identified PSC can then be calculated by integrating

the estimated differential DEM error starting from a selected reference pixel.

The estimated DEM error values ranged from −26.3 to 10.8 m. The distri-

bution of the estimated DEM error is shown in Figure 4.7, and most of the

DEM errors are concentrated from −6 to 6 m. Note that the DEM error was

estimated only on the detected PSC. The final DEM error on every identified

PS is acquired at the PS detection stage on a pixel-by-pixel basis.

The linear phase residual, the phase of differential interferograms with-

out the phase from DEM error, was unwrapped with the aid of the estimated

DEM error and the condition of Equation 3.4. The magnitude of linear phase

residual differences between PSC pairs was assumed to be smaller than π. The

phase unwrapping of the input differential interferograms with small temporal

baselines was accomplished by combining the unwrapped phases of the DEM

error and the linear phase residual.
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(a)

(b)

Figure 4.6: Comparison of densities of identified PSC from the PS tech-
nique and the HiRAPS algorithm. (a) Density of PSC from PS technique:
14 PSC/km2, (b) Density of PSC from the HiRAPS algorithm: 253 PSC/km2.
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Figure 4.7: Histogram of estimated DEM error.
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4.1.3 Estimation of Linear Deformation Velocity and Atmospheric
Component

The time series of cumulative phases on each SAR acquisition date was

calculated from the unwrapped phases of input differential interferograms via

an SVD inversion as explained in 2.3.2.1. The time series contains unwanted

atmospheric artifacts and decorrelation noise as well as the desired deformation

signal. As for decorrelation noise, it is evident that the magnitude of decorre-

lation noise is small on the detected PSC. However, the atmospheric artifacts

should be properly estimated because the presence of atmosphere can seriously

compromise the precise estimation of the deformation signal. The estimation

of atmosphere was accomplished as follows: (1) the low pass component of the

deformation signal was removed by applying a LS fitting; for the proposed re-

search, linear deformation was assumed. (2) the atmospheric phase component

was estimated by applying a high pass filter in time and a two-dimensional

low pass filter in space. For the temporal high pass filter, temporal smoothing

was first applied by using a 300 day triangular filter, and then the low pass

component was removed from the original signal. The two-dimensional spatial

low pass filter was then applied by using a moving average over a 250 × 250

m window [19].

The estimated linear deformation velocity through LS fitting is shown

in Figure 4.8. The velocity map clearly shows that there is a distinct subsidence

area surrounding Sun City and Peoria. The maximum rate of the center of

the subsidence area is 2.38 cm/year. The movement of the location of the
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0              3 cm/yr

Figure 4.8: Estimated linear deformation velocity map (multi-looked,range:4,
azimuth:16) shows a maximum subsidence rate of 2.38 cm/year. The sub-
sidence rate was estimated by forming the differences between the identified
PSC and then integrating them.

subsidence area was detected when comparing results from 10 years ago with

the ERS data [9, 10]. At that time, the most significant subsiding area was

near Glendale. The subsidence rate of the area has decreased due to the

stop of underground water pumping. The velocity map was estimated on the

identified PSC. The final velocity map on every identified PS is then acquired

at the PS detection stage on a pixel-by-pixel basis.

The atmospheric signal was estimated on the identified PSC and mapped

into the overall image via kriging interpolation. A 150 m maximum search ra-

dius was used for kriging interpolation. The differential interferograms with

short time intervals and estimated APS are displayed in Figures 4.9, 4.10, and

4.11, respectively. The difference between the differential interferograms and
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the estimated APS are also shown in these figures for comparison.

The perpendicular and temporal baselines of the differential interfero-

gram in Figure 4.9 are very small (B⊥: 131 m, T: 24 days). Therefore, the

magnitude of the deformation signal, which is proportional to the temporal

baseline, is also small. The phase component corresponding to the DEM error,

which is proportional to the perpendicular baseline, is not clearly observable

in the differential interferogram due to the small perpendicular baseline. Con-

sequently, the phase of the differential interferogram is mostly related to the

atmospheric component. The estimated APS matched well to the phase of the

input differential interferogram in its magnitude and pattern. Even the high

spatial frequency component of atmospheric signals was estimated effectively

by the HiRAPS algorithm. The estimated APS also matched well with the

phase of differential interferogram (B⊥: −71 m, T: 24 days) in Figure 4.10.

The temporal baseline of the differential interferogram in Figure 4.11

is 72 days. The deformation feature for this period of time in the differential

interferogram can be visually detected particulary in the center of the subsi-

dence area. The perpendicular baseline of the differential interferogram is 578

m, and the phase due to DEM errors is shown in the differential interfero-

gram as a random speckle pattern. Other than these signals, the atmospheric

component is the most significant part of the phase in the differential interfer-

ogram. The estimated APS matched well with the differential interferogram

without DEM error and deformation features (see Figure 4.11). This can be

clearly seen in the difference plot between the differential interferogram and

112



the estimated APS. The remaining DEM error with a speckle pattern was

scattered randomly over the image, and deformation features were detected

in the center of a large subsidence area located in the left side of the image

(including Sun City and Peoria) and in the center of a small subsidence bowl

located in the lower right portion of the image (near Glendale).

4.1.4 PS detection on a Pixel-by-Pixel Basis and Estimation of
Deformation Time Series

A joint estimation of DEM error and linear deformation velocity was

carried out on APS-free PS differential interferograms on a pixel-by-pixel basis,

identifying all possible PS. The DEM error was searched from −30 to 30 m

with a search step of 0.5 m, and linear deformation velocity was searched

from −3 to 3 cm/year with a search step of 1 mm/year. The pixels with

multi-image phase coherence values γPS greater than 0.7 were detected as PS,

and the DEM error and the linear deformation velocity were estimated on the

PS. The density of identified PS was 453 PS/km2, which is higher than the

381 PS/km2 density acquired by the PS method (refer to Section 4.3). The

estimated linear deformation velocity is displayed in Figure 4.18. There is a

subsidence area with a 2.42 cm/year rate at the center of the subsidence bowl

around the Sun City and Peoria area. The estimated velocity map via the PS

method is also shown in Figure 4.18. The estimated deformation velocities of

both time series techniques were very similar; still, more PS were identified on

the velocity map estimated with the HiRAPS algorithm.

113



(c)
 0                          2π

(a)                                      (b)

Figure 4.9: Comparison between differential interferogram and estimated APS.
(a) Differential interferogram between December 5, 2004 and December 29,
2004 (B⊥: 131 m, T: 24 days), (b) estimated APS from the HiRAPS algorithm,
(c) difference between (a) and (b).
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 0                          2π

Figure 4.10: Comparison between differential interferogram and estimated
APS. (a) Differential interferogram between October 26, 2005 and Septem-
ber 19, 2005 (B⊥: −71 m, T: 24 days), (b) estimated APS from the HiRAPS
algorithm, (c) difference between (a) and (b).
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(c)
 0                          2π

Figure 4.11: Comparison between differential interferogram and estimated
APS. (a) Differential interferogram between April 9, 2004 and June 20, 2004
(B⊥: 578 m, T: 72 days), (b) estimated APS from the HiRAPS algorithm, (c)
difference between (a) and (b).

116



Finally, the deformation time series were generated across the detected

subsidence bowl around Sun City and Peoria and are shown in Figures 4.19,

4.21, 4.23, 4.25, and 4.27. The deformation time series generated through

the PS technique were also displayed together for comparison. The long-term

subsidence pattern of both time series techniques were very similar to each

other. The deformation time series estimated through the HiRAPS algorithm

shows a more smoothly varying pattern in time. A detailed explanation about

the acquired deformation time series is presented in Section 4.3.

4.2 Implementation of the PS technique with Phoenix
RADARSAT-1 Data

4.2.1 Data Set and Study Area Overview

The PS time series technique was applied to the Phoenix RADARSAT-

1 SAR data set as the HiRAPS algorithm. All 60 PS differential interferograms

were formed with respect to a selected master SAR image acquired on March

22, 2007. The temporal baselines of the generated PS interferograms show a

wide range of variation from −1632 to 216 days. The perpendicular baselines

of the PS interferograms range between ±800 m. The temporal and perpendic-

ular baselines of the input PS differential interferograms are provided in Table

A.2. The perpendicular baselines are distributed evenly and broadly enough

to accurately estimate topographic height error as shown in Figure 4.12. Note

that the distribution of temporal baselines is also broad enough to estimate

the linear deformation signal. The study area for the implementation of the
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Figure 4.12: Perpendicular baseline distribution of PS differential interfero-
grams. The perpendicular baselines are quite evenly distributed from −800 to
800 m.

PS technique includes Sun City, Peoria, and Glendale, which corresponds to

the area used in the HiRAPS algorithm application as described in 4.1.1.

4.2.2 Detection of PSC and Estimation of APS

The amplitude stability (dispersion index) of the aligned and resam-

pled 66 SAR images was examined to identify the PSC. The pixels where the

dispersion index was less than or equal to 0.25 were detected as PSC. The

input SAR images need to be radiometrically corrected before examining the
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amplitude stability. For this research, a simple normalization of the ampli-

tude in each SAR image was carried out. Consequently, an average amplitude

value was calculated from the common bright areas in each SAR image, and

the amplitudes of all image pixels were normalized with this average ampli-

tude. The density of PSC detected with the amplitude stability examination

in the PS technique was 14 PSC/km2, whereas the density of PSC identified

with the exhaustive search of phase stability in the HiRAPS algorithm was

253 PSC/km2 (refer to Section 4.1.2 and Figure 4.6). The PSC density iden-

tified with the PS technique was quite high because the study area is mostly

urban; the man-made structures are detected as PSC. However, this is not

high enough to remove kilometer scale atmospheric bubbles.

A joint estimation of differential DEM error and linear deformation

velocity was carried out by searching their estimates within reasonable ranges,

which should maximize the multi-interferogram coherence γPSC described in

Equation 2.10. The differential DEM error was searched within a range of

−30 to 30 m with a 0.5 m step size. The linear deformation velocity was

searched within a range of −3 to 3 cm/year with a 1 mm/year step size. DEM

error and linear deformation velocity with respect to a selected reference pixel

(the upper left corner of image) were then obtained by a simple integration

operation in a LS sense.

The phase unwrapping of the linear phase residual was performed on

a sparse grid of PSC by utilizing the estimated DEM error and linear defor-

mation velocity (refer to Section 2.3.1.1). The unwrapped phases of input PS
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differential interferograms were acquired by combining the unwrapped phases

of the DEM error, the linear deformation, and the linear phase residual. The

unwrapped linear phase residual contains components related to nonlinear de-

formation, atmosphere, and decorrelation noise. The atmospheric phase was

separated from the rest of the phase terms by spatio-temporal filtering as each

phase term shows different characteristics of spatial and temporal behavior.

The temporal smoothing was first applied using a 300-day triangular moving

average filter. Then, the low pass component was removed from the original

signal to extract the high frequency component in time. A two-dimensional

spatial low pass filter was applied using a moving average over a 2 × 2 km

window [19]. The APS was estimated on the identified PSC and then mapped

into the overall image via kriging interpolation. A 1.5 km maximum search

radius was used for kriging interpolation.

Example of estimated APS superimposed on the PS differential inter-

ferograms are shown in Figures 4.13, 4.14, 4.15, 4.16, and 4.17. They were

estimated through the HiRAPS algorithm (top) and the PS technique (bot-

tom). The APS estimated via the HiRAPS algorithm clearly shows the high

spatial frequency components. On the other hand, the APS estimated by the

PS technique looks like a low resolution version of the APS estimated by the

HiRAPS algorithm, and some of the high spatial frequency parts cannot be

observed. The atmospheric bubbles are clearly seen on the APS estimated by

the HiRAPS algorithm (top) in Figure 4.13. However, they are smoothed out

on the APS estimated by the PS method (bottom).
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The selected study site is a highly urbanized area. Therefore, the

density of detected PSC by the PS technique was quite high 14 PSC/km2.

The APS estimated by the PS technique were somewhat accurate due to the

relatively high density of PSC. However, the capabilities of estimating APS

through the HiRAPS algorithm and the PS method would be significantly dif-

ferent in rural areas or natural terrain, where the density of identified PSC by

the PS method is generally low.

4.3 PS detection on a Pixel-by-Pixel Basis and Estima-
tion of Deformation Time Series

The APS-free PS differential interferograms were generated by sub-

tracting the APS estimated by the PS technique from the PS differential in-

terferograms. A joint search of topography error ε and linear deformation

velocity v, which was previously performed on the phase differences between

PSC pairs, was carried out on the APS-free PS differential interferograms on

a pixel-by-pixel basis while identifying all PS. The density of the identified PS

from the pixel-by-pixel search via the PS technique was 381 PS/km2, whereas

the density of PS identified by the HiRAPS algorithm was 453 PS/km2. This

result indicates that the APS superimposed on PS differential interferograms

were more precisely estimated and removed through the HiRAPS algorithm.

This is because the residual atmospheric signals embedded in the differential

interferogram phases are treated as noise during the PS detection process and

impede the detection of the final PS.
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(a)

(b)
0                           2π

Figure 4.13: APS (multi-looked, range:4, azimuth:16) superimposed on the
differential interferogram spanning from August 26, 2005 to March 25, 2007.
(a) APS estimated from the HiRAPS algorithm and (b) APS estimated from
PS algorithm.
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(a)

(b)
0                           2π

Figure 4.14: APS (multi-looked, range:4, azimuth:16) superimposed on the
differential interferogram spanning from August 13, 2003 to March 25, 2007.
(a) APS estimated from the HiRAPS algorithm and (b) APS estimated from
the PS algorithm.
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(a)

(b)
0                           2π

Figure 4.15: APS (multi-looked, range:4, azimuth:16) superimposed on the
differential interferogram spanning from July 20, 2003 to March 25, 2007. (a)
APS estimated from the HiRAPS algorithm and (b) APS estimated from the
PS algorithm.
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(a)

(b)
0                           2π

Figure 4.16: APS (multi-looked, range:4, azimuth:16) superimposed on the
differential interferogram spanning from April 15, 2003 to March 25, 2007. (a)
APS estimated from the HiRAPS algorithm and (b) APS estimated from the
PS algorithm.
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(a)

(b)
0                           2π

Figure 4.17: APS (multi-looked, range:4, azimuth:16) superimposed on the
differential interferogram spanning from March 30, 2006 to March 25, 2007.
(a) APS estimated from the HiRAPS algorithm and (b) APS estimated from
the PS algorithm.
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The linear deformation velocities estimated on a pixel-by-pixel basis

through the HiRAPS algorithm (top) and the PS technique (bottom) are

shown in Figure 4.18. The two linear deformation velocities are very simi-

lar to each other. However, there are more identified PS with the HiRAPS

algorithm.

Finally, the deformation time series was generated across the subsidence

bowl around Sun City and Peoria through the HiRAPS algorithm and the

PS technique (see Figures 4.19, 4.21, 4.23, 4.25, and 4.27). The differences

between the deformation time series derived from both time series techniques

are also shown in Figures 4.20, 4.22, 4.24, 4.26, and 4.28. The long-term

subsidence patterns obtained via the HiRAPS algorithm and the PS technique

are very similar to each other. However, the deformation time series estimated

through the HiRAPS algorithm showed less apparent noise than the time series

estimated through the PS technique. The deformation time series from the PS

algorithm contains randomly varying components in time. The deformation

time series from the HiRAPS algorithm shows a smoothly varying pattern in

time. This observation is more physically reasonable since the deformation

generally does not contain randomly varying signals over time. The maximum

differences between the deformation time series from both techniques were

less than 0.60 cm. The calculated RMSE between the deformation time series

maps from the HiRAPS algorithm and PS algorithm was 0.27 cm. The main

contribution to this difference is assumed to be a difference in the estimated

APS between the HiRAPS algorithm and the PS technique.
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Figure 4.18: Linear deformation velocity maps (multi-looked, range:4, az-
imuth:16) estimated by the PS detection process on a pixel-by-pixel basis
( γPS threshold = 0.7). (A) Linear deformation velocity map estimated from
the HiRAPS algorithm, and (B) linear deformation velocity map estimated
from the PS technique.
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Figure 4.19: Deformation time series from the HiRAPS and PS techniques at
point A.
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Figure 4.20: Difference in deformation time series between the HiRAPS algo-
rithm and the exising PS technique at point A.
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Figure 4.21: Deformation time series from the HiRAPS and PS techniques at
point B.
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Figure 4.22: Difference in deformation time series between the HiRAPS algo-
rithm and the exising PS technique at point B.
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Figure 4.23: Deformation time series from the HiRAPS and PS techniques at
point C.
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Figure 4.24: Difference in deformation time series between the HiRAPS algo-
rithm and the exising PS technique at point C.
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Figure 4.25: Deformation time series from the HiRAPS and PS techniques at
point D.
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Figure 4.26: Difference in deformation time series between the HiRAPS algo-
rithm and PS technique at point D.
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Figure 4.27: Deformation time series from the HiRAPS and PS techniques at
point E.
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Figure 4.28: Difference in deformation time series between the HiRAPS algo-
rithm and the PS technique at point E.
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4.4 Comparison between the HiRAPS and PS Time Se-
ries Techniques

The HiRAPS and PS time series techniques were implemented to esti-

mate APS superimposed on differential interferograms formed from the Phoenix

RADARSAT-1 SAR data. This section summarizes and compares the results

obtained from the implementation of both techniques. Some of the estimated

APS are displayed in Figures 4.13, 4.14, 4.15, 4.16, and 4.17. The high resolu-

tion APS was more precisely estimated by the HiRAPS algorithm. Addition-

ally, the APS estimated through the PS method appears to be a low resolution

version of the APS estimated through the HiRAPS algorithm.

The PS detection process was carried out on a pixel-by-pixel basis af-

ter removing the APS estimated from both techniques. The densities of the

identified PS through the HiRAPS algorithm was 453 PS/km2, whereas the

PS density from the PS technique was 381 PS/km2. The calculated average of

γPS over the image pixels, of which γPS values are over 0.7, was 0.80 with the

HiRAPS algorithm and 0.76 with the PS algorithm. The number of identified

PS and the acquired average of γPS from the PS detection process verifies that

the APS was more precisely estimated through the HiRAPS algorithm.

The deformation time series were generated on each identified PS through

both time series techniques. The long-term deformation patterns acquired

from both techniques were similar. However, the deformation time series ac-

quired from the HiRAPS algorithm exhibited less apparent noise than the time

series from the PS method.
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The HiRAPS and PS algorithms are based on the linear deformation

model. However, quick deformation events like earthquakes will exhibit non-

linear deformation trends over time. Therefore, the techniques consider the

deformation offsets from the linear model as noise and cannot properly de-

tect those deformation signals. The improvement of the deformation model is

necessary for more accurate estimation of deformation signals.

4.5 Summary

In this chapter, the HiRAPS and PS time series techniques were imple-

mented using actual Phoenix RADARSAT-1 SAR data. The HiRAPS time

series technique was first applied to the actual Phoenix RADARSAT-1 data.

The PS detection process was carried out on a pixel-by-pixel basis after esti-

mating and removing APS superimposed on the PS differential interferograms.

DEM error, linear deformation velocity, and deformation time series were gen-

erated on the identified PS.

The PS time series technique was also implemented on the RADARSAT-

1 data over the same study site as the HiRAPS algorithm. The APS superim-

posed on PS differential interferograms were estimated and compared to those

acquired through the HiRAPS algorithm. The DEM error, linear deformation

velocity, and deformation time series were generated on every identified PS

through a pixel-by-pixel search. The obtained results were compared to those

from the HiRAPS algorithm.

In the next chapter, research results are summarized and future work
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is suggested.
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Chapter 5

Conclusions and Future Work

This research demonstrates that the estimation of high resolution APS

in differential InSAR measurements is possible via the HiRAPS algorithm. The

applicability of the HiRAPS algorithm was verified using both simulated data

and actual Phoenix RADARSAT-1 data. The HiRAPS time series algorithm

was applied to Phoenix RADARSAT-1 data over a highly urban area with a

24 day repeat cycle.

5.1 Summary of Conclusions

5.1.1 Implementation with Simulated Data

The high resolution APS in simulated InSAR measurements were more

precisely estimated via the HiRAPS algorithm than the PS algorithm. The

high frequency pattern of the simulated APS was well matched with the es-

timated APS through the HiRAPS algorithm. However, the APS estimated

by the PS algorithm visually appeared to be a lower resolution version of the

simulated APS. The root mean square error (RMSE) between the simulated

and estimated APS was calculated to quantitatively assess the differences.

The RMSE was 0.26 radians from the HiRAPS algorithm and 0.39 radians
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from the PS algorithm. The velocity and DEM error of simulated data were

also more precisely estimated through the HiRAPS algorithm than the PS

algorithm. The maximum difference between the simulated and estimated de-

formation velocity was 0.39 mm/year with the HiRAPS algorithm and 0.61

mm/year with the PS algorithm. The RMSE values between the estimated

and simulated linear deformation velocity were 0.17 mm/year for the HiRAPS

algorithm and 0.26 mm/year for the PS algorithm. The maximum difference

between the simulated and estimated DEM error was 0.82 m with the HiRAPS

algorithm and 0.86 m with the PS algorithm. The RMSE values between the

estimated and simulated DEM error were 0.36 m for the HiRAPS algorithm

and 0.40 m for the PS algorithm.

The simulated deformation signals were also more accurately estimated

through the HiRAPS algorithm than the PS algorithm. The long-term defor-

mation and seasonal nonlinear deformation patterns of the generated defor-

mation time series using both time series algorithms were very similar to the

simulated deformation time series. However, the maximum difference between

the simulated and estimated deformation time series was 0.29 cm using the

HiRAPS algorithm and 0.53 cm with the PS algorithm. The RMSE between

the estimated and simulated deformation time series maps was 0.13 cm for the

HiRAPS algorithm and 0.18 cm for the PS algorithm.
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5.1.2 Implementation with Phoenix RADARSAT-1 Data

The high resolution APS in the actual InSAR measurements were more

precisely estimated via the HiRAPS algorithm than the PS algorithm. The

HiRAPS algorithm was applied to a Phoenix RADARSAT-1 SAR data set.

The PS time series algorithm was also applied to the data set for comparison.

The estimated APS superimposed on PS differential interferograms through

the HiRAPS algorithm showed high frequency variations. However, the esti-

mated APS via the PS algorithm were low resolution versions of the APS from

the HiRAPS algorithm application.

More phase-wise stable pixels PS were detected from the HiRAPS al-

gorithm than the PS algorithm. The PS detection process was carried out on

a pixel-by-pixel basis after removing the estimated APS. The densities of PS

over a 0.7 γPS threshold identified through the HiRAPS and PS algorithms

were 453 and 381 PS/km2, respectively. The estimated velocities from both

algorithms were very similar to each other. The subsidence rates at the center

of the subsidence bowl located around Sun City and Peoria were estimated to

be 2.42 and 2.43 cm/year from the HiRAPS and PS algorithms, respectively.

The long-term deformation patterns of the generated time series via

both algorithms were similar with the exception that the deformation time

series through the HiRAPS algorithm showed less apparent noise than the

deformation time series from the PS algorithm. The maximum difference

between the generated time series plots of both algorithms was 0.60 cm. The

calculated RMSE between the deformation time series maps from the HiRAPS
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and PS algorithms was 0.27 cm.

5.2 Recommendations for Future Work

5.2.1 Application to Natural Terrain

An extension of the HiRAPS algorithm would be to estimate the episodic-

deformation patterns in natural hazardous terrain like volcanoes or landslides

to test its capability to detect PSC effectively on natural terrain.

The PS algorithm identifies the initial set of PSC by examining their

amplitude dispersion index in a series of resampled SAR images. This method

works best in urban areas where man-made structures, which are usually de-

tected as PSC, are easily found. However, the density of PSC on natural

terrain is generally too low to successfully implement the PS algorithm. The

HiRAPS algorithm is expected to detect enough PSC even in natural terrain

since the HiRAPS algorithm is based on the measurement of phase stability

rather than amplitude dispersion.

5.2.2 Implementation with Short Time Interval Data

Another extension of the HiRAPS algorithm would be the inclusion of

data from other sensors with shorter repeat intervals. The HiRAPS algorithm

was implemented in this research to estimate the high resolution APS using

Phoenix RADARSAT-1 data with a repeat cycle of 24 days. This HiRAPS

algorithm works best for a stack of very short time period interferograms

with a wide variation in perpendicular baselines. In the near future, SAR
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data is expected to be acquired in regular and more frequent intervals. For

example, the TerraSAR-X satellite revisits the same spot on earth every 11

days. Consequently, the HiRAPS algorithm for estimating high resolution

atmospheric signals can be implemented more effectively with TerraSAR-X

satellite data.
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Appendix A

List of SAR Interferograms Used

Table A.1: Phoenix, AZ, RADARSAT-1 Data Set for the
new proposed time series technique, T is Temporal Base-
line and B⊥ is Perpendicular Baseline . Master and slave
SAR acquisition dates are shown in Diff. Int. column.

No. Diff. Int. T(days) B⊥(m)
1 20021005 20021029 24 -314
2 20021029 20021122 24 333
3 20021122 20030109 48 412
4 20030109 20030226 48 -636
5 20030226 20030415 48 503
6 20030415 20030626 72 451
7 20030602 20030720 48 991
8 20030602 20030813 72 639
9 20030626 20030720 24 -505
10 20030720 20030813 24 -353
11 20030813 20030906 24 -205
12 20030906 20030930 24 549
13 20030930 20031024 24 142
14 20031024 20031117 24 368
15 20031117 20031211 24 -889
16 20031211 20040104 24 295
17 20040104 20040128 24 663
18 20040104 20040221 48 -782
19 20040221 20040316 24 129
20 20040316 20040409 24 692
21 20040409 20040620 72 578

Continued on next page
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Table A.1 – continued from previous page
No. Diff. Int. T(days) B⊥(m)
22 20040620 20040807 48 -784
23 20040807 20040831 24 -982
24 20040831 20040924 24 907
25 20040924 20041018 24 321
26 20041018 20041111 24 -556
27 20041111 20041205 24 864
28 20041205 20041229 24 131
29 20041229 20050122 24 -821
30 20050122 20050215 24 642
31 20050215 20050311 24 -568
32 20050311 20050404 24 -611
33 20050311 20050428 48 754
34 20050404 20050522 48 128
35 20050428 20050615 48 424
36 20050522 20050709 48 83
37 20050615 20050802 48 -66
38 20050709 20050826 48 379
39 20050826 20050919 24 -71
40 20050919 20051013 24 391
41 20051013 20051106 24 -891
42 20051013 20051130 48 258
43 20051106 20051224 48 576
44 20051130 20051224 24 -573
45 20051224 20060117 24 -51
46 20060117 20060210 24 785
47 20060117 20060306 48 -330
48 20060210 20060330 48 -319
49 20060306 20060330 24 795
50 20060330 20060423 24 -158
51 20060423 20060517 24 -588
52 20060423 20060610 48 833
53 20060517 20060704 48 -156
54 20060610 20060728 48 -401
55 20060704 20060821 48 22

Continued on next page
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Table A.1 – continued from previous page
No. Diff. Int. T(days) B⊥(m)
56 20060728 20060914 48 -297
57 20060821 20060914 24 856
58 20060914 20061008 24 -461
59 20061008 20061101 24 -353
60 20061008 20061125 48 711
61 20061101 20061219 48 -168
62 20061125 20070112 48 51
63 20061219 20070205 48 767
64 20070112 20070205 24 -517
65 20070205 20070325 48 -64
66 20070325 20070418 24 -393
67 20070418 20070605 48 549
68 20070605 20070629 24 813
69 20070629 20070909 72 -680
70 20070909 20071027 48 174

Table A.2: Phoenix, AZ, RADARSAT-1 Data Set for
the PS technique, T is Temporal Baseline and B⊥ is Per-
pendicular Baseline . Master and slave SAR acquisition
dates are shown in Diff. Int. column.

No. Diff. Int. T(days) B⊥(m)
1 20070325 20021005 -1632 -21
2 20070325 20021029 -1608 -335
3 20070325 20021122 -1584 -2
4 20070325 20030109 -1536 409
5 20070325 20030226 -1488 -226
6 20070325 20030415 -1440 277
7 20070325 20030602 -1392 -771
8 20070325 20030626 -1368 725
9 20070325 20030720 -1344 223

Continued on next page
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Table A.2 – continued from previous page
No. Diff. Int. T(days) B⊥(m)
10 20070325 20030813 -1320 -129
11 20070325 20030906 -1296 -334
12 20070325 20030930 -1272 214
13 20070325 20031024 -1248 356
14 20070325 20031117 -1224 725
15 20070325 20031211 -1200 -163
16 20070325 20040104 -1176 131
17 20070325 20040128 -1152 796
18 20070325 20040221 -1128 -650
19 20070325 20040316 -1104 -521
20 20070325 20040409 -1080 171
21 20070325 20040620 -1008 748
22 20070325 20040807 -960 -34
23 20070325 20040924 -912 -109
24 20070325 20041018 -888 212
25 20070325 20041111 -864 -344
26 20070325 20041205 -840 519
27 20070325 20041229 -816 650
28 20070325 20050122 -792 -170
29 20070325 20050215 -768 472
30 20070325 20050311 -744 -96
31 20070325 20050404 -720 -707
32 20070325 20050428 -696 658
33 20070325 20050522 -672 -579
34 20070325 20050709 -624 -495
35 20070325 20050826 -576 -115
36 20070325 20050919 -552 -186
37 20070325 20051013 -528 204
38 20070325 20051106 -504 -686
39 20070325 20051130 -480 463
40 20070325 20051224 -456 -110
41 20070325 20060117 -432 -161
42 20070325 20060210 -408 623
43 20070325 20060306 -384 -491

Continued on next page
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Table A.2 – continued from previous page
No. Diff. Int. T(days) B⊥(m)
44 20070325 20060330 -360 303
45 20070325 20060423 -336 145
46 20070325 20060517 -312 -443
47 20070325 20060704 -264 -599
48 20070325 20060728 -240 577
49 20070325 20060821 -216 -576
50 20070325 20060914 -192 279
51 20070325 20061008 -168 -181
52 20070325 20061101 -144 -534
53 20070325 20061125 -120 529
54 20070325 20061219 -96 -703
55 20070325 20070112 -72 581
56 20070325 20070205 -48 64
57 20070325 20070418 -24 -393
58 20070325 20070605 72 156
59 20070325 20070909 168 289
60 20070325 20071027 216 464
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