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ABSATRACT

Interferometric Synthetic Aperture Radar (INSARx mowerfulgeodetidechniqueor
identifying surface movement8y interferingwith two SAR acquisitiondnSAR can
retrieve widecoverageandfine resolutiondeformationunderall weatheday andhight
working conditionsThe accuracy of deformation retrieved lmynegentional differential
INSAR (DInSAR)is typically limited due tats inadequatenodelingof multiple errors
such as atmospheric delay, orbit errand decorrelation noiseTo mitigate thé
impacts time seriesanalysistechniquesoperaing on a stack of dates have been
developed for accurateeformationretrieval Despite abundantresearchon the
propertiesof primary errorshave been conducteow and to what exterthey can
affect parameter retrievarestill not quantitatively clearn addition,althoughvarious
multi-temporal INSAR (MTInSAR)estimation modelfiave beerproposedthey are
not unified in a general observation franiéhe theoretical relations among these
modelsare notadequately illustratedrurthermoresince the comprehensive MTINSAR
model is rankdeficient, to make thanderdetermined systeamiquely solvabletime
seriesmethodsusually have toemploy prior constrains. However,the underlying
assumptions are sometimgcompatiblein actual scenarios All these issueswill
degrae the accuracy atheretrieveddeformation

Motivated by limitations in the existing MT8AR models, the thesis aims to
develop innovativeerror analysis methodsand parameteestimators.Firstly, we
investigate thecharacteristicof primary errorsthrough simulated experiments. By
manipulatingsimulation parametersye revealtheir spatial and temporal featunes
various scenarios and thergmeseninsights forreasonablyeliminating these errors
Moreover the simulation testsffer us guidanceto validatenew algorithmswith
different objecties

Secondly, starting from theriginal phaseobservatios (i.e., theun-differenced
(UD)), this thesisstrictly derives the function and stochastic models for both INSAR
singledifferenced (SD) and doubtifferenced (DD) models.Compared with
conventional DINSARMTINSAR techniques account for multiple erronsthin a
comprehensive observation model. Based on the generic framéwstudyexploits

the developments of INSAR techniques and relatamngngrepresentative approaches



from a mathematical asped&s SD and DD models are comparableth@ GNSS
observation systenthis thesis employs the extensively developed GNSS estimation
theoryto enhance the understandingr®AR deformation estimation.

Thirdly, usingthe biased estimation theotiis thesis deeply explores the impacts
of systematic errors on tlestimation.The estimation biasintroduced by unmodeled
and baseline errorare quantitatively evaluatethroughrigorously derived formulas
and simulated test3.he results reveal thastimation errors induced by topographic
residual can reacto meters levelwhereashiasesfrom baseline errors can be safely
neglected. This investigation is expected to be useful for optimizing time series models
and also highlights the significance of model selection.

Finally, this thesis proposes a spatially constrained method to recover surface
deformationwithin an underdetermined time series INSAR system. To overcome
shortcomingof general methods (e.g., temporal deformation model or mathematical
constraints)spatial constraint@reintroduced to the INSAR framework. The underlying
rationale isthatspatially closer points share more similar deformation patterns, which
is more reliabldor retrievalof deformatiorthat owns complicated temporal behavior.
The proposd method shows its outperformance for recovering the time series
deformation with respect to the MeBenrose pseudoinverse and StaMPS methods.
Additionally, studies of the deformation detection with real data, i.e., Salt Lake in
QinghaiTibet Plateau and.ongyao ground fissureare presented twalidate the

obtainedresults.

Key Words: time series INSARnathematical modetrror analysisspatial constrainis

deformation retrieval
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CHAPTER 1 INTRODUCTION

1.1 Background

Continuous deformation measurements play a crucial role in enhancing our
understanding of changes on the Earth's surface. The detailed insights into tectonic
processes provided ligonitored deformation not only enable us to mitigate potential
environmental damage but also avert threats to human settlements. Traditional geodetic
tools like leveling and the Global Navigation Satellite System (GNSS) have proven
successful in studyinghé deformation of structures such as bridges and buildings.
However, these tools encounter challenges when attempting to capturscaleye
deformations or surface movements in rural areas that are difficult for humans to access.
In contrast, Interferomat Synthetic Aperture Radar (INSAR), functioning as an active
microwave system, surmounts these limitations. It excels in extractingsaadied
surface deformation, even in areas inaccessible to traditional methods, and provides
high spatial resolution nder all weather conditions. This capability significantly
enhances our detection capabilities, making INSAR a valuable tool for monitoring and
understanding Earth's surface dynamics.

Since the successful introduction of conventional Differential Interferometric
Synthetic Aperture Radar (DINSAR) for generating deformation maps in ( Massonnet
et al. 1993), INSAR techniques have been widely employed in measuring deformation
associated wit earthquakes, volcanoes, glacier changes, and more (Bayer et al., 2017;
Chang & Hanssen, 2016; Elliott et al., 20T®addeset al., 2024 Liu et al., 2013;
Famiglietti et al., 2011; Hussain et al., 2016; Motagh et al., ZRéBderstal., 2023;

Sun etal., 2016 Parkset al., 2023 However, DINSAR faces limitations in achieving
centimeteflevel accuracy due to its inability to account for multiple errors such as
atmospheric delay, orbit error, and decorrelation noiShks. exponential growth of
Synthetic Aperture Radar (SAR) data now enables the production of highly accurate

deformation products. Time series INSAR techniques address error corrections through



the analysis of a stack of SAR acquisitions, significantly enhancing detection accuracy
and reliability.

Developed from the simple framework formed by limitederferograms in
DInSAR, time series techniques extend the observation models to interferogram
networks Persistent scatterer synthetic aperture radar interferoflf8ySAR is a
representativéime seriegechniqueusingonly one image as referen¢ddamet al.,
2004;Ferretti et al., 2000; Ferretti et al., 2001; Hooper et al., 2004; Hooper et a)., 2007
It explores information fronpermanent scattering (PS) points th@tain coherent
during the whole time periodn contrast,anothernotablemethod,SBAS, extracts
informationfrom distributed scatters (DS) which are affected by decorrelation but
containusefulinformation inspecificinterferogramsConsguently, multiple images
are typically usedas referencein SBASbased techniqueerardino et al., 2002;
Mora et al., 2003; Usai, 2003; Zhang et al., 20H)rthermore, to harness the
advantages of both PSINSAR and SBAS, hybrid techniques process both PS and DS
jointly, enhancing the applicability of INSAR in complex scenarios (Lamnati ,2004;
Ferretti et al., 2011; Fornaro et al., 2015).

1.2 Motivation

The application of the INSAR technique is greatly expanded by the availability of
extensive datasetbowever, it simultaneously introduces complexities in retrieving
deformation.The motivatiorfor this thesisstemsfrom several keyaspects.

1. Characterization of Primary Errors: The recovered deformation often encounters
contamination from multiple error sources, such as atmospheric delay due to varying
observing conditions and topographic residuals introduced by geometric viewing.
Consequently, a comprehensive understanding eSethprimary errors through
simulation tests becomes imperative. Manipulating simulation parameters allows for
the visualization and distinct recognition of spatial and temporal features associated

with dominant errorsn diverse scenarios. Simulation also plays a crucial role in



validating proposed algorithms, necessitating a detailed exploration of simulation
models and parameters.

2. Parameter Estimation Challenges: Separating deformation from phase
components presents a parameter estimation problem involving observation selection
and phase contribution parameterization. Despite the existence of multiple estimation
models in various methodologi€Battahi & Amelung, 2013Hooper et al., 20Q7
Kampes & Adam, 2003%°epe et al., 20} 1a lack of unification in a general observation
frame and inadequate illustration of theoretical relationships among these models
persist. Key guestionicluding the evolution from DINSAR to time series methods,
the interrelation between singheaster (SM) and muhlmnaster (MM) frameworks, and

the respective advantages of representative algorithms, demand thorough clarification
from a theoretical perspéot. A comprehensive theoretical understanding is essential
to ensure the rationality of the INSAR estimation framework.

3. Systematic Errors Investigation: Inevitable baseline errors influence estimation
through thedesign matrix ofthe observation model while unmodeled deformation
errors, resulting from the discrepancy between the predefined model and the actual state,
weaken the model strength and bias deformation estimation. These errors, jointly
regarded as systematic errors, haveengone investigation through synthetic tests.
However, the quantitative impact of systematic errors on parameter retrieval and the
subsequet degradation of deformation time series accuracy remain unclear. Given the
importance of estimation accuracy and reliability, a rigorous derivation of bias and
guantitative evaluation of these impacts are necessary.

4. Addressing Underdetermined Models: The time series INSAR framework
represents a typical underdetermined model. While many InSAR techniques impose
temporal constraints on displacement series to achieve a unique solution, the
assumption of linear deformation velocity in PSINSAR or cubic teadipunovement
models in SBAS may not align with realistic deformation. This misalignment
introduces biases in estimation, resulting in excessive temporal smoothing or incorrect
deformation solutions. Existing studieseapting to filter out unmodeled deformation

3



may not perform optimally in complex scenarios with weak temporal correlations.
Therefore, there is a need to develop a method with reasonable constraints to obtain a
unique solution from underdetermined InSAR systems, aiming to reduce the

aforementionedmpacts on deformation.

1.3 Research objectives

Given the motivatios this thesisrigorously explores the InSARframeworkthrough
mathematicanalysis with the goal of developng a reliable solution to retrieve
deformation sequenseThe objectivesaresummarizeas follows

Motivated by a comprehensive understanding of the INSAR framework, this thesis
embarks on a meticulous mathematical analysis with the objective of crafting a reliable
solution for retrieving deformation sequences. The overarching objectives are
succinctlyoutlined as follows:

1. The thesis employs extensive simulations to elucidate the spatial and temporal
characteristics of INSAR primary errors, encompassing orbit errors, atmospheric delay,
topographic residuals, and decorrelation errors. Manipulating simulation parameters
acrosgliverse scenarios visually reveals their temporal and spatial patterns. Simulated
deformation in various scenarios contributes to generating comprehensive phase data,
aiding not only error comprehension and elimination but also providing a crucias mean
to validate algorithms with diverse objectives.

2. Leveraging geodetic estimation theory, the thesis initiates from the un
differenced (UD) observation, specifically the phase of a single image, and
systematically derives generic singléferenced (SD) and doubMiifferenced (DD)
models in INSAR. The ewvotion from DINSAR to time series techniques is rigorously
clarified within the general observation framework, with comprehensive discussions on
the relationships between singtester (SM) and muhinaster (MM) models. The
derivation of the generic stbastic model commences with the analysis of original

complex observations, investigating the comprehensive var@na@iance matrix of



correlated interferograms. This theoretical exploration from a unified perspective offers
clear insights for optimizing INSAR estimation models.

3. The thesis rigorously quantifies the influence of systematic errors,
encompassing unmodeled error and baseline error, on the estimation process. Bias
formulas are systematically derived from basic observation models. Proposed strategies
aim to mitigate bia induced by systematic error, with simulated experiments validating
the efficacy of theoretical derivations. The thesis furnishes practical guidelines for users
of the time series framework, addressing concerns about the impact of data/model
uncertainies on the accuracy of retrieved deformation sequences.

4. By analyzing the underdetermined observation model of INSAR, the thesis
introduces a spatially constrained method to retrieve nonlinear surface deformation
without introducing estimation errors associated with the temporal deformation model.
The rationale psits that spatially closer points share more similar deformation patterns
for most motion events. This method sidesteps estimation errors commonly induced by
prevalent temporal constraints in most time series techniques, thereby providing more
reliable deformation results. The efficiency of the proposed method is validated through
both simulated tests and real datasets.

This thesis endeavors eptimize the establishment of time series INSAR models,
offering a rational and robust strategy for deformation retrieval. The overarching goal

is to contribute to the fields of disaster monitoring and urban development.

1.4 Outline

The structure of the thesis is outlined as follo@kapter 1 introduces the research
background and objectives. Chaptalustratesthe fundamentaprinciples of INSAR
technique including the imagingrinciple of SAR andinterferometric proces#lso,
main errorcharacteristicare describethroughsimulation experimentsn Chapter3,
theestablishment adgeneridlnSAR mathematical modahcluding both function and
stochastic mode]ss presentediheoretical analyses BfiInSAR and typical time s&rs

techniquesare detailed,focusing onmodel configuration and estimation strategies.



Chapter4 presens the quantitativéenfluence of system errsepn parameter estimation
offering strictly derived bias formlas intended foroptimal selection of modeling
strategiesand development of deformatioatrieval Chapters introducesa spatially
constrained method tderive surface movementsyith the mitigation ofestimation
erroisimposed bythe assumption demporal deformation modelChapter6 presents
case studie®f deformation detectionn Salt Lakein QinghaiTibet Plateauand
Longyaoground fissureFinally, Chapter7 provides aconcise summary of the entire

thesis anafferssuggestionsor future research



CHAPTER 2 INSAR AND PHASE SIMULATION

This chapterprovides ahoroughreview ofbasic principle of INSAR techniquesas
well assimulations of primary phase componer@sction 2.IoutlinesSAR imaging
and the interferometric proceds Section 2.2a concise overview is presented on the
workflow of DINSAR and time seriesechnique Section 2.3depictstemporal and
spatial characteristiad primary errors and deformation phase via simulatibimslly,

asummary okey points is provided iSection 2.4.

2.1 InSAR principles

2.1.1 SAR imaging

Radaroperates asrmaactive microwave systenemitting pulses to the groundand
recordng thereturn of thebackscattered signal The transmission time determines the
positions of different scatters. By digitalizingthesesignds in the sensog raw image

is created withlluminations of the ground Each pixel in an imageorresponds ta
rectangularcell in the groundknown as a resolution cell.lhe basic radar imaging

principle is illustrated in Fig. 2.1.

Resolution cell

Fig. 2.1 Basicradarimagingprinciple 0 and0 represents range and azimuth resolution,

respectivelyl is sidelooking angleOis radar length) represents range distance.
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Theresolutiors in range and azimuthare given byHanssen2001)

” of
U —
C

P

0 1Y Y cg

oll

wheredis light velocity,t is, _ is wavelengthObviously,smallerpulse duratiort
generateshigher rangeresolutionwhile the azimuth resolution is restricted bye
physical lengthof the antennaexpressed b¥D. As eachtarget is illuminated by
multiple pulses because of tlsensomovement, the acquired informatiefocused
by signal processing methadkhis process effectivelgnlarges the length of antenna
generang synthetic aperture radar (SARyages with significantly enhancedzimuth
resolution.Shown in the Fig 2.2, the antenna receives signals footo & , and

thereforefor a pointd, we have

0 1Y %'Y C®
The equivalenimaging areas 0, yielding
_©
TS 8
o 1Y o C®
C

The azimuth resolutionhanges fronOto'Qj ¢. It is important to note that this refers
to the theoretical azimuth resolution in stripmap mode. By adjusting the radar beam to
continuously track the target as the spacecraft moves, a longer synthetic aperture can

be generated

e ————————yy

Fig. 2.2 SAR working principle
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For a SAR image, the focused signal isstoredin a format calledsinglelook
complex (SLC)datg in which everypixel is represented bg complex value) as

(Hanssen2001)

0 2A QIi0 bAoTy c®
where Qs imaginary unit, & Ois amplitude, where ‘Odescribesthe reflection
intensity [ isthe fractional part of thebsolutgphaseThe intensity and phases of SLC
is indicated in Fig. 2.3 (a&nd (b).2 ADand) [ Drepresent the real and imaginary
operator, respectiveljf.he relatios betweerD, 6 and| are

20 BATTO &

Yy i0 dOETI Ry

6 2&A ) Iio N

- AOAGAL ¢
2 AD

A resolutioncell containghesuperposition of scattersignalsfrom the corresponding

areaon theground andits intensityis influencedby the physical characteristics of the

ground surfaceg(g.,slope, roughness) and electropropertiegElachi 1988)

Fig. 2.3(a) SLC intensity (b) SLC phasg(c) interferometricphase

2.1.2 Interferometric phase

The interferometric SAR (INSAR) technique is to extraseful informationfrom
differencedphasebetween two SLCat different tims. The interfering process is the
complex conjugate multiplication @ivo complex values oforegisteredSLC, which

is

§ 00° o00Agly ¢Pp

- D
%o AOACg—A—LF 77 [ ¢® ¢



where8 denotes the conjugabaultiplicationandsuperscript stands for imagelices
7 Orepresents the wrapping operator, which means the phase isfih . In the
context of radar signgdropagation,he interferometric phaggpically comprises four
componentsdistancerelated phase, patielated phasescatteer-related phaseand

sensoirelatedphase

S
B
BJ_
S o
/ R2
90 ﬁ\\ 1{l
~
N
i [N |
N 1P
N
S o // h

ST T T T T

Fig. 2.4 The geometric principle of SARB and3 represent acquisitionSAR1 and SAR2,
respectively0 is ground scatter, 0 is the point on the referen@dlipsoid 0 and0 have same
distances t@ . H is SAR height—and— are looking angles is baseline betwee® and3 ,|

is orientation angléQis height of0 referenced to the ellipsoitt, and’Y are ranges frord to 3

and3 , respectivelyd- and® are parallel and perpendicular baselines dhptojected oriy .

The distancerelated component isletermined bythe geometric difference
betweentwo imagesFig. 2.4 illustrates thgeometric principle of SAR image, from

whichthe phaséwis expressed as

T
%0 — Y Y —3Y ¢p o

wherezY is the rangedifference Based on thdarfield assumption {ebker and
Goldstein 1986, 3-Y can bewrittenas

Y O60EH+ | PT
Substituton of Eq. (2.14) into Eq. (2.13) gives

1 R
%0 —O0OE+ | ¢ L
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From Fig. 2.43Yis related with spatiabaseline and the heighbove the reference
surface After theexparsionat the reference surface whé& 11, the phasés written

as

™ A .
%o —0 OE+ | Al | — — P o

According to the geomaetrrelation
N 0 YAT-O P X

The partial derivative isalculated as

O voep = P ® v
— HQ YOEH
0
~ T Yo @
Then hedistancerelatedphase can be finally expressed as
%  s0El | 2AIS . &
YOEH

Thefirst termof the above equatids flat phas&%. introduced by the reference surface

(e.g., earth ellipsoidwhich is
.[II B . 1]
%0 —O0OE+ | —6 & p

Thesecondermis topographyphaseo , which is
“6AT S | | ™ 06 -
YOET YOES & ¢

The distanceelated phase also contains possible deform&iduaring the time span

%0

between two imagesvhich is
T b
%o —Q C& o

Thepathrelated phase mainly refersttee atmospheric delasaused bylifferent
observing conditionswhich is denoted a$t . The scattezrrelated phaséo is
introducedby the change of physical or electrical characteristics of semttdihe
sensoirelated phas&o. mainly denoteshe thermal noisand processing errgr&hich
areusuallytreatedas white noises.

Therefore, hetotal interferometric phases given by
%0 %o %o %o %o %o %o Cé “ C& 1
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where %o is flat phase%o is topography phasé is deformation phaséo is

atmospheric delay%o is scatteing noise, %o is white noiseand¢ representshe
ambiguity integerOn the onéhand, b produce topography height, the above equation
is reformulated as

Q T%!Y(,?E_‘%o %o %o %o %o %o GE cq v

wherethe flat phaséo can be corrected by Eq. (2.21) and the integer ambiguity is

always removed by spatial unwrapping meth@isthe other hand; inSAR technique
is used to recover deformatiadhe model iseformulatedchs

Q T% %0 %o %o %o %o %o Cé “ C] 0]

2.2 InSAR techniques

2.2.1 DInSAR

Conventionalifferential INSAR DINnSAR) techniqueutilizesrepeatpassacquisitions
to recover deformatiorthrough the following processing steps: coregistration and
resampling, generation of interferograms, subtraction of flat and topography phase,
phase unwrappindiltering, and geocodingseeFig. 2.5. Due to dfferent methodgo
remove topographghase, DINSAR isategorizednto two-pass threepass and four
passmethod. Two-passmethod computes the topography phasegan external
DEM (Massonnet et gl1993, which is

%o 1, °_ Q c& X

_YOES

whereQ is introduced by DEM, which directly determines the accuracy of estimated

topographyAlso, for areas where DEM cannot be acquired,-pass method is not
applicable anymore.

To overcome these limitations, thrpass and foupass method introduce
topographic pair from SAR data itself to correct topograglepker et al.1994), which
is computed as o

_YOEH

T 1] L4

%o %o %o %o %o (¢ 1]

12



s

0,
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— Q & w
where%o represents the interferometric phase of topographic pair, which is assumed
to be free from deformation and impacts of other noises%e., %o %0
%0 1. To fulfill this condition, thregpass method has high requirements of the
interferogram quality.

Fourpass is a complementary method that adopts independent pairs for situations
where three images cannot generate adequate interferograms. The topography is given

by

YOEH
T% " %o %o %o %o %o ca)"r[
% T— 6 Q )
% _YOES C& p

wherethe topographic pair is assumed tdbe %o %0 %0 %0 TL

DInSAR canonly retrievecentimetetlevel deformatiorbecause of itggnorance
of multiple errors in the processes, which mainly includes:

(1) Atmospheric delay: atmospheric effeataused by variation of atmosphere
factors, e.g., water vapor, air pressure, emyary fiercely between two images. The
induced effectsnay conceal the true deformation signal.case wherenterferograms
are observed under unsatisfied atmosphere condition, DINSAR cannot fulfills the
accuracyrequirementor deformationdetection.

(2) Decorrelation noiseéemporal decorrelatioarises fromthe physical variation
in scatteers, such aschanges irvegetdion growth or scatteers positions.Typically,
longer timespan results imore significanttemporal decorrelation. Additionally,
spatial decorrelatioms introduced by spatial baselines, leafdto complete loss of
coherence when baselimxceedsts critical value.Serious decorrelation noismn
greatlyhinderthe recovery of deformation, linmig DINSAR application.

(3) Topographic errortwo-pass method uses an external DEM correct
topography phase, but the induced topographic erroités ignored Thoughthree
pass and foupassmethod use SAR image itself to estimdtgpography, the accuracy

is greatlydependentn the interferogram quality.
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Fig. 2.5 DINSAR processing flow

2.2.2 Time series INSAR

To address thémitationsof DINSAR mentioned aboveime series INSARechniqus
aredevelopedasedna stack of interferogramafter the correction of flat phase and
topography phase with external DEMg observatioris formulated as

%o %o %o %o %o %o %o CE" ¢® ¢
where %o and %o represent topographic residual and orbit error, respectivdig.
representative time series technigues are always classified into three categories: single
masterechniquesvith one reference imagmulti-master methodsased omlistributed
scatteers and hybrid method$hesekinds ofapproachemainly differin three aspects:
the selection of scattexs, baseline configuration and estimation algorithims detas

of which will be discusseds follows

(@ PS and DS

One strategyto reduce impacts of decorrelation ndiges to identify the points that
areminimally affected by decorrelatione., permanent scattas (PS)In SAR images,

the phase observation of each pixel is the cumulative result of contributions from all
scatteers within a resolution cell. If a pixél.e., PS)s predominantly influenced by an

object with a strong signal reflectigime decorrelation noise of this pixel can be safely

14



assumed to be zefGrosettaet al., 201% Most PSare artificial objecté urban regions
e.g.,bridges, roads, and damAlso, me rocksand tree trunk in mountain areean
act like PS. The decorrelation nois#%. of PS can be safely neglecteelven for
interferograms witlthe longtemporal angpatial baselire

The otherway to reduce decorrelation noise to process poist with great
variationof scattering centebut use strategies to redubeseeffects Contrary to PS,
DS pointsdo not have a dominated scatteand their phases are the sum from multiple
objects(Guarnieri & Tebaldini2008. In real applications, most surface objects are DS,
which can only keep coherent in specific interferograms, therebyul-master
frameworkis always established for DS to incre#iseavailableinformation.

Fig. 2.6 indicatesthe scattering and phase characteristicD& and PS points
(Hooper, 2008 For PS, helargerscatteer has strongrreflecion while the remaining
signalsareprocessed as cluterAlso, the clutters have small phase variatoaund

the main scatter. For DS, the phasearerandomly distributed between “ i .

A 3

0 S,
g %I A,
4 "

Pi

[ Lo taroiongeds wote ot oidteyont Pretge {3 o e 2t e

-Pi -Pi

0 Acquisition 100 0 Acquisition 100

Fig. 2.6 The scattering and phase characteristics of PS (left column) and DS (right column).

(b) Baseline configuation
PSInSARwas first introduced byrerretti et al(2001), which selectsneimage aghe

referenceo create interferograms with othefhoughthe PSbasedapproachediffer
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in some detailegproceduresthey generally have consistgrbcessindglows. Fig. 2.7

demonstrates the basic flow chart and baseline configuration of PSINSAR.

(a) (b) SM baseline network
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Atmospheric screen

PS selection

v

Time
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Fig. 2.7 The flowchart and baseline configuration of PSInSAR.

SBAS is a representative technique of b&ed methods, whidorms multi
master frameworko extract information from specific interferograms, etlge, small
baseline pairs. The multhaster interferogram networks are developed to reduce
decorrelation noises of DS, which can further be mitigated by +ooking or spatial
filtering. In addition, © obtain the final deformation sequence, the mmlster phase
usually needs to be converted to equivalent singdster phase, which is known as
phase linking Phase filtering and linking are tvaamlditionalsteps of SBAS compared
with PSINSAR.Fig. 28 indicates the flowchart and general baseline configuration of
SBAS.

The baseline configuration of muhhaster techniques directly influences the
accuracy of the estimated deformation sequence. A straightforward criterion for
selecting interferograms involves choosing those with small temporal and spatial
baselines, as sedn traditional SBAS However,this rough criteria cannot always

guarantee the quality, amday alsoproduce disconneetl interferogram setsSeveral
16



alternative methods are proposed to optimizing baseline configurations,ae.g.,

minimum spanning tree (MST) based on the distance function (Refice et al., 2006).

/ Interferograms % (a) (b) MM baseline network
z
L /

B.

Multilooking > DS selection

v v

Phase unwrapping [+ Subtraction of
L flat/topography
phase

Equivalent SM phase

'

Mitigation of o
atmospheric delay yd -

v | S ’ =

Output:
Deformation
Topography
Atmospheric screen

Fig. 2.8 The flowchart and baseline configuration of SBAS.

(c) Parameter estimation
INSAR observation systefis a nonlinearmodel with unknownambiguity integers.
PSInSARassumes linear deformation and searches solutioagnency domain based

onthespectrunperiodogramTheobservation model is reformulated as

.l.u('j T T“ . . 8)-
Ok %0 cw 0

3%o

where3z%o is “@h arc phase observation} and0 are topographic and deformation

parametersiespectively.

A @ X% 3% C® T

Ci|o

The periodogram method searches $otution that maximize the coherence .
Additionally, there are other methods to solve this integer problem tleeginteger
least square@LS) method inSTUN (Kampes& Adam, 20085.

Phaselinking is a crucial stepin SBAS, involving the recovery ofequivalent
singlemaster phase®r DS within the multtmasterframework.Phaselinking can be

performed after unwrapping.@., conventiongBAS) or before thanwrapping €.9.,
17



SqueeSAR). FotonventionalSBAS, theunwrappedhaseobservatiorcan be written

as

% %o . . C® L
wheres ande  are equivalent singlmaster phases. Assumidggenerated from

0 images, the phases are

%o p p E %o’
% @& € E & é Cd @
%0 p E P %o
The above equation can be reformulated as
0w 6w & X

wherewis observation vectoq) is design matrix andis unknown. The estimation is

achieved by LS as

w 006 0w ¢® Y
Singularvalue decomposition (SVD) can be applied in situations involving multiple
subsetsFor phase linking over unwrapped phase, the unwrapping accuracy should be
firstly guaranteed.

Compared with PSINSARSBAS:Is not limited to baseline length and PS. Thus, it
improves the available information and expand the application of INSAR techniques in
rural regions. However, it sacrifices the resolution to acquire highly coherent
interferometric pairsAlso, the increasing available data poses great challenge to
optimizing the baseline configurations.

To integrate advantages of SM and MM techniqugbritl techniques exploit
information by jointly processing PS and DOGne groupof these methodss to
incorporate PS points into the muftiaster system. Another group extends PSINSAR
method by integrating filtered DS phases into sirghester interferogramsAs a
representativapproach of the first group, Lanari et al. (2004) generated two sets of
interferograms for the same area: mldoking and fullresolution interferograms. First,
they estimated lge-scaled deformation, elevation, and atmospheric phase from the
multi-looked pairs based on SBAS. Then, PS were selected irrefdlution

interferograms after the removal of estimated phases from the first step. Finally, the
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deformation was detected by carrying out PSI processing. Not only-deaed
deformation characteristics can be explored, but also local deformation (e.qg., buildings,
rocks, etc.) is indicated by this method.
SqueeSARiIs designed to fully extract information from total interferograms
(Guarnieri & Tebaldini2007 Guarnieri & Tebaldini2008. One of the limitations of
PShSAR is that points are insufficient in nemban areas. SqueeSAR first carries out
the conventional SBAS procedures, and then coverts-mabkter phases to the single
master, which is equivalent to O0Osqueezed i
equivdent SM phases are jointly processed by PSINSAR flow. This method combines
the benefits oboth PSINSAR and SBAS, which increases the point density without

reducing the spatial resolution.

2.3 Phasesimulation

To acquireaccuratedeformation,it is essential to effectively eliminat®ntaminated
errors. Simulation test offers a great way to investigatee temporal and spatial
characteristicef these phase This sectionalso discussethe deformation simulation
in different scenarios to generate overall phases, providingliciated algorithms fo

diverseresearclobjects

2.3.1 Orhit error

The relative orbifi.e., baseline) accuracy issuallymore important than the absolute
orbit accuracyi(e., satellite position). Fig2.9 demonstratethe relationbetween the
true baselingd, estimatedbaselined , and baseline erraer.f ,| and—represent the
angle between thbaselineerror and horizontalthe angle between thmseline and
horizonta] and the incident angle respectively Obviously, the baseline error is
independent ob and| and it is difficult to determine the baseline error according to

the variation of baseline itself.
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Fig. 2.9 The baseline error.

The error vector is described as
N 5 ¢ ke & W
where ¢ & is in horizontal (normal) / perpendicular (radial) coordinafée

relation is
€ Al-6 OET ¢

& OBF AI-Ot am
Therefore, the phase introduced by baseline error is
% tOBER1 & L& 0Bt & A1-0 8
with STD as ) B B
. L 6ErR, Al e 8 «

The precision of orbit error in horizontal and perpendicular directions are

” ” F] ” F' c8 0
” ” F] ” F] C8 T
where,, and ,, represent normal and radial precisiofs.and"Ydenote the

master and slave image, respectively. Assuming that baseline STD in normal and radial
directions aréocmand thelOcm respectively, and the master and slave images have
the same precisions. The basic parameters-arep’, _ v® @ I, then the induced

phase will reach 16rad approximately at most (Ei@0).
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Fig. 2.10The induced phase error. Fig. 2.11The simulated pattern of baseline error.

After the removal offlat and topographyphass, the residua manifestsas
approximately linear fringes in spac€onsidering its spatial characteristics, the
simulation of orbit errors usually useslynomial modg e.g., thdirst-order or second
order polynomia(Hanssen, 2001; Liu, 2014 hich are

% O OO O g v
or
% O OO OO OOW OO W 8 o
where ot is position,® is fitting coefficient.And the simulation result is shown in
Fig.2.11

2.3.2 Tropospheric delay

The tropospherancludes80% mass&nd mostvater vapowof theentireatmospherelt
dominates the atmospheric delay, which aamtribute decimeteflevel. Due to
different spatialvariation of componentghe tropospheric delay is divided into two
parts thestatic parfthe stratified delay, and the wepart(theturbulent delay(Smith

& Weintrauh 1953 Bean & Dutton 1966. The stratified delayis inducedby the
verticalchange of the refractive indeghown inFig. 2.12 the atmosphelis composed
by multiple thin layers along the vertical directiagih "Q is related withelevationand
“Yrepresents thgatellite The large difference of elevation betweeandd will cause
obvious stratified delay, which can usually be modeled by tfedlowing elevation

related function
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where® is the scale factor, and is a constant.

S S

N(h)

Fig. 2.12The stratified layers of atmosphefde stratified delay isfluencedby therefractive

index0 "Q, which variedue tothedifferent elevations of poiab and6.

For the simulated experimentke stratified troposphere delegn be assumed to
be spatially correlation with the topography and temporally uncorrel@edsidering
theseasonal variatioaf thetropospheretheinterannuakine function is used to model
its temporal changggolivet et al., 2014 Fig. 2.13 demonstratethe delay in the time
domain (a total of 16 scenes SLE)g. 2.14 indicatesthat temporatharacteristic of
delays in SLC1 and SLCandthe delay otheinterferogram generated from them. The
spatial pattern of the simulated tropospheric delay is suggesked. ia 16, which is

related to the topography kig. 2.15
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Fig. 2.13 Temporalpattern of stratified delayfig. 2.14 Stratified delay of SLC and

interferogram.
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Fig. 2.15 Hawaii topography. Fig. 2.16 Stratified delay based on Hawaii topography.

Turbulences mainly causedy water vapothat movegandomlywith different
velocities, and hadiffused andnonlinearcharacteristics, which is shown kig. 2.17
(pointA). The turbulent delay iypically distributed widely in space amgichallenging
to beabsorbed by deterministic functioninstead analytical or stochastic methoalse
commonly employed to descrilberbulert delay, with theKolmogorov theory widely
usedfor studying the propagation of electromagnetic waietheturbulen atmosphere
Tartarskisuggestedhat the structure function of turbuterefractive indeXulfills the
dwo-thirdblaw, which is(Li et al., 2007 Hanssen2001;, Tatarski, 1961)

o OimLiLa 8 v
whered is a measure fahe spatial strength afirbulencei is the distance between
two points & anda denotethe inner and outer scales of turbulence, respectiVéel.

&fc6 represents the decreasing rate with thi

S S

Turbulence , -\
N(h) %N

Fig. 2.17The turbulent delayd point is impacted by the turbulence
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In this thesis, we ugihe powerspectrum method to simulate tthuebulentphase.
Assuming the turbulent delay mogeneous all directions, the power function of
the spectrum corresponding to Eg4Q) is

0 Q QM T Y 8
where Qis wave number dycle/km), T is exponent coefficient, QRQ can be
replaced by afto and thereforéQdescribes distance between points. Exponent
f yifo corresponds tqQfo in Eq. .48), and it represents the variation scale. Hassen
proposes that the turbulence variation scale is between 0.5~2kmfwhepfo,
and >2km wheh  vfo (Hanssen, 2001). The simulatitia can be mathematically
expressed as

% ) & &AcH 0  ofw R T
where) & &+4epresents the operator iofverse Fourier transform, af@d ofto is a
complex matrix. Note that the zefiequency component of the complex matrix needs
to betransferredto the center of the spectrutm the simulationthe max turbulent
delay is set to 0.7rad, and the introduced phases withlifo, | vfo are illustrated

in Fig.2.18

5/3

=
8|

[rad]
1

0.5

Latitude
Latitude

-157 -156.5 -156 -157 -156.5 -156
Longitude Longitude

Fig. 2.18The turbulent delay.

2.3.3 Topographic residual

Topographic error is usually an unavoidable noige t thelimited accuracyof the
inducedDEM modelandthe observedangle of SAR sensoAccording to Eq. (2.22),

topographic residuatxhibits a topographycorrelated pattern in the spatial domain.
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This pattern is morevidentin regions withsignificantheightvariations such asurban
regions In addition, topographierrorcan also be analyzed statistically in a geostatic
aspect, which means we can uke power spectrum function in Eqg. (2.49) aad
randomly distributed model to simulate it. Fig. 2.19 indicates the simulated topographic
errors in three scenarids. the power spectrum casbetvariation scale of DEM error
should be smaller than turbulent delbdgncewe usespectrum coefficiedt  vfoin

Eq. (2.49)for simulation. For the stochastic scenario, the normal distribution with 0.5
variance is illustrated. Additionally, the Hawaii topography is used to simulate the

topographyrelated delay.
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Fig. 2.19The simulation of topographic error: (a) power spectriithrandonly distributed (c)

topographyrelated.

2.3.4 Decorrelation noise

The decorrelation noise can generally daegorizednto three groups: (1) system
related errorancludingthermal noise, error introduced by Doppler frequency shift and
incidence angle, etc. (2) processiegpted errors, such as coregistration and multi
looking errors, etc. (3) baselutelated errors, such as temporal and geometrical
decorrelation noises.HE coherencg is used to evaluate the decorrelation magnitude,
which is defined asBorn et al, 1959 Papoulis 199])

- %0 0

%D S %D S

C® p

whered , 0 represent the-th and j-th complex observation ard represents

conjugation of complex values.
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Thecoherence can be easily acquired by the following m@teehssen, 2001
l raT O30 QO ® ¢

The five decorrelation sources are distinguished here.
(1) System decorrelatior ): this decorrelation noise depends on the system

characteristics of the instrument, e.g., antenna, which can be evaluated by SNR ratio as

P
p 3.2

The SNR is determined by SCR parameter of the sensor. For ERS platform where

C® o

3#2 p1 Athe3 . 2 p ¢ Atherebyr @0 ¢

(2) Processing decorrelatiorr (): this decorrelation isaused by themage
processing, e.g., cegistration, resamplingnterpolation etc The image is completely
decorrelated whetecoregistration erroreaches tapixel. Hmssen proposed that 1/8
pixel is an acceptable threshold for coregistration effdanssen, 2001 The
resamplingdecorrelation noisenainly depends on the interpolation kernel function
Both the coregistration and resampling accuesjointly determine the magnitude of
r.

(3) Temporaldecorrelation(r ): this decorrelation is caused by the physical
changesn surfaceproperties e.g.,materials vegetatiorgrowth, lake expansioand
engineering worketc. Assuminghescattereswithin aresolutioncell undergo random

motion, the temporaloherencés computedhs SamieiEsfahany2017)

r A@D%T— , T

where, is the variancéhatcan bedescribed by function of timewhich depends on

the physical characteristics of surfaderom Eq. (3.39), the signal with short
wavelength is more sensitive to the vegetable growth, which explains that SAR data
with long wavelength is commonly used in areas with thick coverage of vegetation.
addition, the larger temporal baseline, the higher decorrelation noises, which can be

described by
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From the abovethe temporalcoherence is zerid temporalbaselingd exceedshe
critical baselined .

(4) Geometriadecorrelatiomoise € ): this decorrelation is caused Wifferent
incident angles of twamages, whiclcaugsthe shiftof frequencyspectrumand will
produce completely decorrelated interferograimemthe frequency shift equals the

bandwidth in the range direction. The geometric decorrelation noise can be defined as
DS, . .

P —M s 0 j
O &
mH s 6

where the criticabaselingd | represents the maximuavailablespectrakhift, which

®

is related to wavelength, incident angle, surface slope,@bwiously the smaller
perpendiculabaseline, théigher coherence value.

(5) Dopplerdecorrelation noiser( ): it is caused by the differeBropplercentroid
frequencies whicttauseghe spectrum shift in the azimuth directiorherefore the
Dopplerdecorrelation caraslobeknownasthegeometriadecorrelation in the azimuth
direction which is expressed as

r 1A @éséiﬁn ® X
whereY'Q is difference of Doppler center between master and slave imagés and

azimuth bandwidth.
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Fig. 2.20Interferograms of Huizhou city: serious decorrelation (left); lyigioherent (right).

For most scenarios, decorrelation noises usually appear as speckles that are
randomly distributed in the spatial domain (RA¢20). For the seismic earthquake field,
the decorrelation noise suggests like a stripe, because large deformation fractures
generally occur near the seismic fault. To mitigate system decorrelation noises, filtering
and Doppler compensation can be appliedfeetioe generation of interferograms. The
processing errors can be reduced by the improvement of coregistration accuracy. The
baselinerelated decorrelation noise can be reduced by optimized baseline
configurations. In addition, for coseismic deformation scenarios that are affected
seriously by temporal decorrelation, we can use SAR data with a shorter revisit period,
e.g., Sential-1 data (12 days, usually within 100m spatial baseline) to obtain satisfied
interferogramsUsually, decorrelation error is included in simulation experimexgs

random noises

2.3.5 Deformation

Deformation is usually correlated both in time and space domains, which needs to be
simulated according to different scenaribsthe time domain, apart from the simple
linear pattern, the deformation usually suggests more complex patterns, e.g.,

exponential, seasonal periodic, coseismic, and combination of coseismic and post
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seismic deformations. L&be deformation of single point, several temporal patterns

can be described as

(1) exponential

Q 0Ag®zo ¢® Y
(2) periodic
Q 6 OEq0 06 06 AT ©0 o @ w
(3) coseismic
Q o0p ° @ P
™np 0 W

(4) coseismic + posteismic

Q 0zAAO0AG cH A
oo R p () R
AAO®AI akd < ¢ CH A

In Eq. (2.58) ~ Eq. (2.61), &, 0 anddcontrols the deformation variation, period and
amplitude A A O @ Adpresents the firgirder term of the first kind Bessel function,
providing a tool for descrbinthe complicated postarthquake deformatiofrig. 2.21

demonstratetheabovementioned foutemporaldeformation trends.
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Fig. 2.21Temporal deformation patterns: @ponential (b) periodic (c) coseismi¢ (d)

coseismic + posseismic

In the spatialdomain Kiyoo Mogi presents the klgi modelto describe magma
pressuresources in a sendlastic spacewhich can be used to simulate volcanic
deformations or abrugteformation with obvioufacturalcharacteristics in space. The
Peaks mode generaed usingMATLAB library, is essentially a probability density
function of bivariate Gaussian distributianit is commonly employedo simulate
surface deformatigrparticularlywith observablesubsidence and uplifiatternssuch
as earthquakes, ground fissures, and landslides. In addition, the spatial deformation
trend can also bsimulated according to theeal topography modelThese three

deformation patterns are demonstrate&im 2.22, where the cale represents spatial
variation.
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Fig. 2.22Spatial deformation pattern: (a) peaks; (b) Mogit¢pographyrelated.



2.3.6 Overall phasesimulation

The main errors of INSAR have been discussed and simulated independently in the
previous sections. The overall phases for simulation experiments should include the
deformation and these interfered errors. Sentirteis taken as the platform to provide
thebasic information of sensor parameters, which arev®A [ and— ¢ @J. Inthe
simulation, 20 interferograms are generated from 21 SLCs with the perpendicular
baseline smaller than 100m and the image sigerismt ¢ 1. IDeformation is simulated

to vary linearly with time and fit the Mogi model in the space. The atmospheric delay
is simulated based on the power spectrum with vfo. Also, the DEM error is added

into the overall phases, together with normaligtributed random noises with a
variance of 0.2rad. Fi.23 clearly indicates the superposition of each contribution,

which generates the final interferograms.
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Fig. 2.23 Interferogram simulation: (a) deformation; (b) addition of orbit error; (c)

addition of atmospheric delay; (d) addition of topographic error; (e) overall phase
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2.4 Summary

This chaptembegins by introducindpasic principles oBAR imagingand INSAR. It

further discusseprocessesind limitations of onventional DINSAR and time series
INSAR. This chapterthen visually reveals temporal and spatial patteofgprimary

errors across diverse scenaridyy manipulating simulation parameterrom the
visualization, wecan easilydiscusstheir possiblemitigation methods. it errors
suggest long wavelength pattein the spatial domain arnthey can be corrected by
polynomial models Stratified delay is typically addressedy topographyrelated
functions, while simulatedturbulert delay presents acomplex spatial patternrhe
decorrelation error describethe quality of interferograms which mainly limits
DInSAR and thereby inspires the development of time series technigu#dsermore
simulated deformation in various scenarios contributes to generating comprehensive
phase data, aiding not only error comprehension but also providing a crucial means to

validate algorithms with diverse objectives
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CHAPTER 3 DEFORMATION ESTIMATION FROM A MATHEMATICAL

PERSPECTIVE

3.1 Introduction

DInSAR generates deformation mapsing a single or two interferogramsvhereas
time series InSARperates on a stack of acquisitiobespitedifferencesin model
configurationand proceses deformationretrieval is essentiallythe estmation of
interesting paramet&érom GaussMarkoff observatiormodel Theobservatiormodels
should be discussed in a unified framewotk fully recognize features and
development®f INSAR techniquesFurthermorethe INSAR system characterized as
anunderdetermined framewonlequires the introduction of extcanstraintd¢o achieve
unigue solutionHowever,from amathematicaktandpoint the rationalitiesof some
constraintamay beincompatible leading to potentiabiasin estimation.Therefore a
thorough exploration dhese assumptisand the identification adpplicablescenarios
of different methodbecome necessar@onsidering that th;nSAR system is a mixed
integer estimation modekhichis similar to the basiestimation framén GNSS there
is an opportunity to recognize INSAR modilderms of both models and estimation
strategiedy the comprehensively developed GNSS data processing methods.
Startingfrom the basic phase observations of INSAR, this chaptestigateshe
establishment of InSARIn-differencel (UD), singledifferencel (SD), and double
differencel (DD) modelsin Section3.2 and Sectiof3.3. Section3.4 elaborate model
configurations oDINSAR models and tweéypesof time series frameworks, i.e., the
SM and MM modelsThedeformation estimations of DINSAR and time series model

aredemonstrated in Sectidh5 and SectioR.6, respectively

3.2 Function model

Starting from the phase of a single imageUD observatiofi  of pointwin “&h SLC
is generallydenoted by
r Y o i - c“e op
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where the subscript and superscdenotepoint andacquisition respectively.Y is
slant range between the satellitepmwint and is atmospheric delayyhich mostly
indicates the turbulent erroiis. is temporal decorrelation noise, is random noisand
¢ is ambiguity integer.The SD observatiorféo [ [ generated fromwo

satellites i.e.,"@h and’Gh acquisitionsis given by

% Y @ - c“€ o]

where 2 z z for each phase contribution. According to SgBometric

imaging principlesuggested in Eq. (2.21) and Eq. (2,22) is writtenas

.l_u . 6
— 0 0 o
Y OB+

whee the terms are corresponding to the three mentioned phase contributions,

respectively’Q denotes the height above thpundandQ represerd deformation.

Thecorrection of thelat phase igypically achieved throughlaear polynomialvhile
topography can beorrectedeither by subtracing an external DEM or by SAR data
itself. Howeveratopographic residuaffectis inevitable due to DEM precision and

the sidelook viewing of SARplatform, which leads to th8D observatioms

5
%o ¢“e 0 o8
Y OB+
wheret is topographic residual, i.e., DEM error, and @ i - denotes

the combination othreeerrors.

Assumingy points in théQt interferogram,0 p SD observation vector is

s

- . “u o
YoEr ¢ o8
where “ %o B0 , W tH | H QMR |, -
E R o O MR . Notice thatthe slant rangés assumed to be

independent from points and satellites, i¥., E 'Y Y. This assumption is

grounded in the consideratitimat the satellitéo-point distance isignificantlygreater
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thanthe Euclidean distance between neighboring points andexiseeds thdistance
between two satellites. In other words, the impacts induced by difference of slant range
can be reasonably neglectédssumingd interferograms are generated bbymages,

0 U SD observations are expressed by the following matrix as
- agLr qaw ® oo o oD
where ~ * Bh ,F F Bhr and the simplified

superscript represents the interferogram, whichz is z fp a 0.% is

O U identity matrix and 3 —— 6 B is 0 p topographic
coefficient vector. @ B LA , . = MBhs Lo
o B he are 0 U p vectors of deformation, ambiguity integers and noises,

respectively. Notice that topographic residuals W are independent from
interferograms. The coefficient matrixdescribes temporal network configuration.
For instance, if the first acquisition is taken as the reference under SM framework, we

have

] h € 0'&
where g plBIp is the 0 p unit column vectar Several networksare

demonstratech Fig. 3.1
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Fig. 3.1 Temporal network: (a) star; (b) minimum distanceréchundant; (d) all

combination.

DD observationis introduced to mitigate spatialyorrelated errors e.g.,

atmospheric delayt is an arc phase generateddifferencing phasesf nearbypoints

which is
Y oVt Vo % % o)
* YOES S
where Y%o %o %0 SJ/T T T and yz z z z
z z z  for DD phase contribution®@ ,¢ andv

Assumingd arcs produced from points, the observation model for theth

interferogram is
o o)

y ,,O—E_LS'W 3‘. ¢ 3= 3 odo
where ¥ %o M8 Mo , 3W Yt Bt is 0 p El
YO BRYQ , 3= ¢ 18 hye , 30 Yo 8 0 are DD

observation and parameter vectors. The simplified superscript, which is
z fp N O represents the arc.isa 0 U matrix that determines the spatial
network configuration. If the first point is taken as reference to forstaa spatial
network, we have

mh & oP T
whereg pMB I of O p size.Several spatial networks are suggested in Fig

3.2.
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Fig. 3.2 Spatial network: (a) star; (b) minimum distance; (c) redundant.

For 0 interferogramstotal 0 0 DD phases arexpresseas

y &da - qasw M ¢z« 3o oD p
where ¥ Y BhY , M M R M , 3=
3= Bhas ,30 30 MBoe  are 00 p DD parameter vectors

of deformation, ambiguity integer and noise, respectively

The SD model and DD models rank observations in interferogram order, which is
the first interferogram (al/l points/ arcs),
Sometimes the observations need to be ranked in points or arcs order, which is the first
point/arc (all interferograms), é, the | ast
conversion, a permutation matrixneeds to be prmultiplied to observations, which

are ” , ¥ .The is a square matrix af 0 and0 0 sizes in SD and DDnodels,

respectively.

3.3 Stochastic model

A complete stochastic model is composed of both diagonal variances and covariances.
The computation is determined by the error termwhich includes atmospheric delay

=|=, decorrelation noiserand uncorrelated noidge Atmospheric delayn this thesis
mainly denotes lie tropospheric contributiprwhich results from the eéfct of the
heterogeneity of humidity, pressure and temperatlir@ugh it can be roughly
estimated by the external data such as GNSS data, multispectral d4dfinetet al.,

2008; Yu et al., 201Y, the challenges oflow spatial resolution and temporal
desynchronyoften introduceuncertainies in the correction process Fortunately,
tropospheric delaycan sometime®xhibit local correlation in the patial domain,

allowingto absorb it by a reasonable stochastic model. Additionally, the decorrelation
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noise vis induced mainly by the scattering change over time and geometry viewing,
which is correlated between interferograr(i@ebker & Villasenor 1992. The
uncorrelated noisk is always introduced by SAR system and uncorrelated processing
such as coregistratiandinterpolation.

To clearly illustratethe format of the stochastic model, we use an example of
variancecovariance matrix of the UD observations generated from three acquisitions

@i, j, q) and two points (X, y), which is shown in Hg.

VCM i j q

Variance

Temporal
Correlation

Spatial
Correlation

Cross
Correlation

[ ]
[ ]
[ ]
[ ]

Fig. 3.3 VarianceCovariance matrix of UD observation.

The diagonal elemestare the variance determinng the contribution of each
observatioranddescriling the accuracy of the observatgithe variance describes the
overall phasevariance of the singlgoint in SLC, incorporating thermal noise,
miscorrelated noise, and the diagonal elements of the atmospheric Tatayon
diagonalrepresentcovariances which can becategorizedas temporaly-correlated
spatialy-correlated and crossorrelated valuesTemporaly-correlated covariance
refers to the correlation between observatiohsame point buat different times
(images) Spatialy-correlateccovarianceefers to the correlation between observations
in the same image but falifferent points.Crosscorrelagd covariancelescibes the

correlation between different points in different images
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3.3.1 Spatially-correlated

Spatial correlation is mainly determined by the stratified and turbutietays
Consideredis a systematic errahe stratifiedpartcan be corrected bytopography
relatedmodel, whichwill not be discussedere The urbulentcomponenis affected
by factors such asunshine, wind direction, wind speed, frictional resistance, etc.,
exhibiting locallyconsistent pattern ispatial domain. Thereford,can beeffectively
absorbed bya distancerelated covariance functionGenerally the exponential
covariance functionis empirically applied to describe spatial characteristics of

atmospheric delay, which {Blanssen2001)
» k. A@Dag oP ¢

where, is unit varianced , is Euclidean distance between poiatandwthat is in
kilometer] is related with the correlation length.
According to Fig3.3, the stochastic model of atmospheric delay is

o " Tt Tt l"l
e, m om"
[ I\
(W Tt " " TT T N
11 F‘ ¥
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11 h ¥
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For 0 points ini-th image the model is
" ” FI E ” FI I,l
11 - < N}
E e
L [ ” j !
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r e e E " on Ep
h -
| - 1
u’ Fl E ” Fl n U

Assuming that the atmospheric delay is uncorrelated in temporal domain, and each
imagehas the same stochastic model, fe., | E | , then the UD model

is

F at o v

The SD model is
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The DD model is

3.3.2 Cross-correlated

The aosscorrelaed modeldescribes the correlation between different points in
different imagesprimarily referring tothe deformatiorsignal, whichs correlagdboth

in thetemporal and spatial domairTime-series INSAR teafiquesoften assume the
deformation model and treat it as deterministic parameter in function model
Otherwise, Ketelaar proposed an exponential function to describe the random

characteristics of thenmodekddeformation (Ketelaa2009),which is

- (‘xv
!1E ” AQD n_h AQD
V]

op Y

<=

where, s the unit variance dheunmodeledieformaion, & j andoM are thespatial

distance andemporaldistance, respectively, aid and”Y representhe spatialand

temporalcorrelation length.

3.3.3 Temporally-correlated

The tempordy-correlated covariancexplainsthe correlation between the same point
in different images. The signal each resolution is the sum of reflectiomihin the
resolution unit. Assuming these reflectors are randomly distribatz@drding tothe
central baseline theorem, the overall complex observatiolew a zeromean
complex Gaussiadistribution (Madsen1986; Sarabandi992). The derivation of the
variancecovariancs of the time correlation needs begin withthe original complex
observations.

The PDF ofsinglepoint in ith image igDavenpori& Root, 1987

2 Ab i 0
b AUE C“LAQD ) 1V oP w

where
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where'Qs intensity According to the full varianceovariance matrix shown in Fig.3,

the complexstochastianodel ofUD decorrelatiomoiseis wirtten as

o % m r %% m r %% Y
I
11 TN
TR % T r %% T r %%,
11 1
't %% T % T r %% mo "
X ;0% P
L r %% Tt % Tt r % % p,
11 1
It %% i r %% T % mon
11 1
:_J’ T %% m C %% n %

where%s % 0 h% % 0 ,r is complex coherence that candigained
by Eq (2.53).

In Fig. 3.3, observatios arearrangedn imageorder. imagei (all points), image
(all points),and so forthHowever,for temporalcorrelatedelements, it is clear to
describethe stochastianodel in the order of point3hereforethe €mporal correlated
variancecovariance matrix is first established in point order, namebnt 1 (all
images), point 2 (all imagesgnd so on. B multiplying the permutation matrix, it can
betransformedo imagerank Therefore, the complex variancevariance matrix of a

single pointwin U scene images is written as

~ % r %% E %%

't %% E 8 8 o
Lo - ° o8 G

. é é é r % %.’.

U %% E r % % % ¥

where |- is complex stochastic model. For time series INSAR, the real value stochastic

modelis more important. The absolute coherence can be used to describe the
temporal decorrelation noise. The calculationrof can be seen in Section 3.4 (Eq

(3.34)). From E((3.36),% r r ,therefore the estimation of is biased and
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the small0, the larger bias. There are lots of research for the correction of estimation

bias of r (Touzi et al, 1996 Zebker& Chen 2005.

Theprecedinganalysispresentshe stochastic model &fD observationsFor SD
andDD phasedijnear propagatiors not applicabl®ecause¢he nterferometrigprocess
involves the conjugate multiplication of complex observations, rather thiamply
addng and subtreting theinitial phase . Therefore, it is necessary itedependently
analyze thesD stochastic modeThe phase of th8LC follows a uniform distribution
with constantvariance. However, the phase no lonfydfills the uniform distribution

after interferace and he PDFof theinterferometrigphase islerivedas(Just, 1994)

. (
PA% P - Np__ -
P r Al Go %o
e AT % AOAAITOAT B %o "’
. p. o] O
(g o v
U P r Al Cho %o i
where
% A OrC o8] T

whereA OTis theargument calculation for complex value. The expectation, variance

and covariance of interferometric phase are

%%  AOC o8 v
$ %o " %o % %o b A% A%o 0'& Q
# '|. % F%o " ~ %0 %0 D A% F%o A%o A%o 0'& X

h

For pointay assuming a SD vectay %o %o , the temporal correlated matrix is

Lo o8 Y

” h ”
Obviously, obtaining aaccurate analytical solutidor the matrix in Eqg. (3.295 to
(3.27) is challengingTo acquire solution foEq. (3.28), we can employ eithé/onte-
Carlo methodfor a numerical solutioror the nonlinear propagation methofdr an

approximate analytical solutionTaking the latter principle and assumiribe
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expectation of phase is zerthe stochasticmodel of formula 8.28) can be

approximately expressed as (Santisfahany2017)

L. P g s I § s 9 F §

L3 %o SN Wy § s T
%o J§ ¥ S ¥ ¥ S P g S
u ¢iy & s by s U

The covariance between two phases is calculated as

r r r r

v R ~ od TU
cur g 8
If these two interferograms contains the same imagaawe
r ror
» R " o® p
¢r r
The SD model for a single point is
v p I S £ rr rr
. iy s 0y sr i
If h 11 é E é ] (010) q
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In certaintime series techniquesuch a$*SINnSAR decorrelation noiseare assumed

to be independent random noisesulting in the degeneration thie SD modehas

S L T U

11G0 r R r
||f " T E T |:| o G
L) p r |,|
W m —
u GO r ¥

where the covariance values are zero. For time series techniques based on PS points

whered p, thestochastic model will be further simplifieBor U points, we have

i m o
F n E m o® T
moT |y

From the above, the temporal stochastic model should be independent between points,
thereby the DD stochastic model can be directly propagated from SD model, which is
s ta | &a o8 U
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To acquire the overall stochastic model, the temporal stochastic model should be
transformed in the interferogram order, where the premutation matfi% 0 sizewill
be premultiplied. The SD and DD stochastic models are
I 0w ¢
s ta | &a o0& X
While the general stochastic modepigsentegdthe stochastic modeanbe simplified

if extra dataare introduced, e.g., reliable atmospheric material. In this thse,

stochastic modelrdy contains the decorrelation noises and uncorrelated noises.

3.4 Model configurations

The generic INSAR model illustrateRindamental phasgarameterization and
stochasticharacteristicsPrior to solving for theparameter®f interest observations
andmodelconfigurationde fully exploited Firsty, the design matrix in the function
model determines the form of interferogram network, e.g., a start network, a cascading
network, or a redundant network, elotaly, 4 acquisitions can generat# p
independent interferograms at mogthich meansthe redundant observations are
unnecessary without introducing extra information. However, time series InSAR
techniques are commonly classified intelRSed techniques with simpee reference
image(i.e., SM) and DSased techniques with redundant design matrix (i.e., MM).
Thedifferencef these two modelsill be recognizedn this sectionwhich is helpful

for optimizing the observation models.

Secondly, DD observation haa superiority over SD phase in reducing spatially
correlated noises such as atmospheric effeEle majority of SM techniques
commonlyadopt DD phasesvhereasSD phases ammorelikely to be chosen by MM
models. The preference for observation is determined by the prior conditions or

procedures applied in different methodsgd theseavill be clarified in this section.
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3.4.1 DInSAR

DINnSAR models involve the creation of single or two interferograms using a limited
number of SAR acquisitions. Depending on the quantity of available data, DINSAR is
categorized into twqpass, thregass, and foupass methodéHanssen, 2001 Two-

pass model operates on a single pair to retrieve deformation, which is

o 7 o F
ace . o Y

Compared with SD model, the observation and parameter vectors ih. Bglggrade

to
.. F
h ) h p P 0% W
For cases where two interferograms are available, the model extends to

-

.2 aE F o8 T

where’ and’ ° representieformation pair and topographic pagspectively. When
the two pairs share a common image, it refers to {pase method. The corresponding

matrixes are

p p T o8 p
p TP
When the interferograms are generated from independent images, it is known as four

pass method with the following observations and design matrix
|_

~ 11
R TR pp T T
||T Xl T Lt p p
v U
The three DINSAR models can be treated as simple degeneration of the generalized SD

08 ¢

configuration and the difference in their models is caused by the number of available
acquisitions. Threpass and foupass models illustrate the basic frame of time serie

techniques.
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3.4.2 Singlemaster

TheSM model takes a singl e O,ardsheretmedthem c qui si

6sl aved i mag ewth ther reaster,rasultng fneir edindependent
interferometric pairgeneratedrom 0 SAR images. The position of the unit column
in design matrix indicates the indices of the reference image, the selection of which
always followscertain principles. Given that the dominated errors are atmospheric
effects and decorrelation noises, the image under satisfied weather coisditiosen
as the master one to avoid the propagation of atmospheric dalditionally, the
image that generates the highest temporal coheremcejth small decorrelation noise,
can be chosen as the reference. The coherenseomputed byHanssen, 20011

p ® s

SRS SJORS
p -~

5 P 5. P v P oq o8 o

where® , "Yand™Q are perpendicular baseline, temporal baseline and Doppler
frequency, respectively. j,"Yand'Q j are critical values of corresponding pais.
further reduce decorrelation, SM approaacb@srate time series analysisP8because
of their stable scattering characteristics even for interferograms with long baselines.
Moreover, DD phases are always taken as basic observations inmeymesentative
methods such as PSInSAR, STUN, etc., which ensures small residual noises for a
reliable estimation.

Actually, theredundant networks (i.e., MM model) are unnecesbacause the
phases of any pairs can be acquired from the other two, yielding

} 7" } o8 1

where7 Jis wrapping operator that subtracts or adds mulgpl@hasesThe relation
in Eg. 3.449) is known as phase consistency or phase triangu(&etyetti et al., 201)1
According to this principle, redundant observations can be expressed by the
combination of 0 p independent observations undke SM framework without
losing effective informationThereforgthe results estimated froldM models and SM

models should be exactly the same in a theoretical view. In other words, SM model can
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produce the optimal result with the fewest observations and simplest Ratherdant
observationsseemunnecessary and increase the computation butdewever, in
practice, MM models are wildly used in time series techniguedicating thatextra

information isindeedintroduced to the observation system by redundant configurations.

3.4.3 Multi -master

MM techniques are proposed to compensate INSAR applisatioronurban or other
areas with low PS densitlike forests covered by dense vegetatibi points,which
remain coherent in specific interferograngs.g., the pairs with small temporal and
perpendicular baselingsare theradditionally selected to extract sufficient information
Therefore, one of the keghallengesfor MM techniques is to optimally form
interferogram network

While it is known that, theestimation fromMM modelsshould be the sames
from SM modelshecause of the phase consistency condition, the estimations provided
by these two models are usually not equivalent. The main reason is that the
interferograms under MM configurations are always maltked, i.e., spatially
averaged, to avoid the effects of decorrelation noise. Therefore, the phase consistent
condition is violated on DS. Unlike the equality in Eg8.44), the phase triangularity
for DS can be expresd inaexpected form. Assuming that mditioked pixels fulfill

azeromean Gaussian distributiotine relation of phases is written @ et al, 2019
} 7" ) ) o8 v

where’  is multi-looked phase vectdr.reflects the errors witbo' TL

DS-based MM models increase the data availability and the input information,
which has potential in subsidence monitoring over rural landscapes. To extract
deformationsequence with physical meaning, MM phases still need tofeertedo
equivalent SM phases, whighknown as phaséking or equivalent SM (ESM) phase
estimation(Guarnieri & Tebaldini2007 Laukens et al.2011; Pepe et al., 2006; Pepe
et al., 2011)Based on the Eq3(45, ESM phase can either be obtained directly from
wrapped phase or unwrapped phase (e.g., SBAS method). Fanyerapping phase
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linking, SM wrapped phases need to be resolved from the mixed integer model, which
IS

QEL” y g o8 ¢
where” yrepresents the SM vector that includés p 0 unknowns and is
converting matrix. The solution of the above system can be achieved by ILS-in real
value domain or other optimization strategies in the comyddéxe domain(Fishey
1995 SamietEsfahany2017). In addition, because of the multioking procedure on
interferograms, the SD observations have been averaged between neighboring points,
which makes DD phases unnecessary in MM models.

Based on the analysis of model configuration, DInS&Rresentshe simplest
degenerated form of the generic mo@#ncerningime series technigues, observation
combinations are determined by the design matrior PSbased methods, SM model
is the simple frame to provide effective informati@n the other handVM models
are compulsory for D®asedapproaches, offeringdditional information for the
observation system. Both models are widely used in time series techraqdetheir

configurations a& compared in Tabl@.1

Table3.1 Comparison on model configurations

Model Observations | Network Condition

DInSAR SD phase single/two interferograms | /

Singlemaster| DD/SD phase | independent interferogram phase consistency

Multi-master | SD phase redundant interferograms | phase consistency (expect

form)

3.5 DInSAR estimation

In the previous section, we explored DINSAR models in a unified manner. To further
indicate its development to time series analysis, the resolution of deformation
parameters should be explored from the estimation aspect. For three DINSAR
approaches, ambiguities are priorly removed by spatial unwrapping methods. Therefore,

the twopass observation model is given by
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Two-pass method directly recovers deformation from the unwrapped phase, which is
u ) ¢“= . Obviously,the topographic residual and other delays are ignored
in two-pass approach. Therefore, precise D&Ml satised observing conditionare
inevitably necessary to generate accudat®rmation results.

Threepass and foupass methods are complementary to areas without external
DEM. Since they use SAR data itself to remove the height, the topographic unknowns
in observation models should be reparametrized. The reconstructed estimation models

for threepas and foupass methods are generally written as

~ 0 |

" vl o E_"E.T ] . .

a4 0z : : 62 I’Ia | 2 S o2 _:::::_Z o8 LlJ
v OB

where | Q8 AQ  is topography vectot.” represents  or® in threepass
and fourpass method, respectively. The topographic”paiis assumed to be free of
deformation, i.e™  hence the topography is acquiredpy = * ©* YOEH

6, then the observation model is written as

“ oy o « 7 W o
C 57 C o8 w

Then deformatio® s retrieved as

5
. - — "7 o “u’ “u o} T
57 S C
Fromthe derivation,d fulfill the condition tha®® " “ needs to be generated from

two images withshort temporal baselineso that deformation can be reasonably
neglectedFrom theEq.(3.50), large baseline ratigd j 6 sneeds to be avoided since
it will amplify the interfering noises “. In other wordsijt is advisable to opt for a
topographic pair with a large spatial baseline andeformation pair with a small
baseline Hanssensuggestedthat whenm @ jo6°s p, @ can be properly

mitigated (Hanssen, 2001)Both threepass and foupass approachelsave same
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requirementsfor two interferometric pairs. Also,of the situations with abundant

acquisitions, foupass issupplemento avoid noise propagation tife master image
Obviously, DINSAR directly recovers deformation withoagbnsideringother

parameters and errors in the observation mddherefore, i accuracgreatly depends

on the observing conditions and unwrapping reliability.

3.6 Time seriesInSAR estimation

Deformationestimationin time series framework generally involved in three aspects:
the resolution of underdetermined system, the estimation of mixed integer, anudiel
errors mitigation.
According to the generic INSAR framework, time series function model can be

rewritten as

« = e ° ¢‘d = =e C'd o« od p
where o represents float parameters composed of topographic unknewansd
deformation unknowns . & is a vector of ambiguity integers. The detailed

expressions for SD and DD models are

« *h= q&& he o w4 - o ¢
and
« Yh= q&¢ he . Sgfig ¥ o o

Obviously, 0 p 0 or 0 p 0 unknowns need to be estimated frénd or
0 0 equations, respectively. The observatians less than unknowns, leading to an
underdetermined system. To achieve a unique solution, prior assumptions are supposed
to be introduced to the system. In this section, the features and rationalities of different

constraints in time series techniques are strictly exploited.

3.6.1 Underdetermined system

The strategies to solve the underdetermined system are classified into three groups:
Firstly, prior information can be introduced. This strategy is applied whenever

parameters is known to follow a deterministic pattérmumberof unknowns can be
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replaced by fewer parameters, or additional observations are introduced for the
estimation. Secoryl, parameters can wemovedfrom the function modeho longer
treaing them as deterministic variables. This approach involves the change of
parameters and reconstruction of model. Tiranathematical constraints can be
applied to unknownsuch aghe minimum norm constrairithese three strategies will

be discussed in detail in the following.

(a) Prior information

Topographic residuals can be safely assumed to be invariant for different
interferograms. Hengéhe extra information is commonly associated with deformation
sequenceMost time series techniques assume that temporal deformation follows a
specific pattern, and deformation unknowns can be replaced by model coefficients.

PSINSAR and STUN introduce linear model for DD deformation parameter, which is
3'Q 0O O Yo o} T
where3'Q isr)-th arc deformation betweefth acquisition and the reference image

The first acquisition is taken as the start time, ek 1, 0 ando represent time
spans between the startitth image and the reference scene, respectigelyis the
n-th linear velocity parameter. Additionally, traditional SBAS method assumes third

order polynomial deformation model, which is

Q 0 0 v v

0 o v

wherev , 0 andU0 are linear velocity, acceleration and thodler deformation
parameters, respectively.
These constraints on deformation paramesersan be unitedly written as

e o B ¢
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whered| is temporal matrix and represents new parametejsando have different
expressions for corresponding deformation models. For linear model i8.&4), they
are

1 <«&h 30 BB o X
where« 0 OB 0 . For thirdorder deformation model in SBAS, the
vectors are

i «<«dth oM o® @
whereo DR .<isadl 0O p matrix wherd 'Q pf8 ) andO"Y
0 "O0('0band Oafe indexes of master and slave images), we kai8Q 0o

0 and zero otherwise. For instance®if [ [ ,% T [ ,then<«is

< 0 A’o 0 ) 0 m o B
e e e
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The prior deformation model is equivalent to introducing a temporal constraint on
deformation sequence. However, therefiten a discrepancy between the practical
surface movement and prior model, which bgike estimatiopespeciallyin scenarios

with complex deformation. Therefore, for techniques ttegttdeformation velocity as
unknowns, their applicable conditions should be clarified, and unmodeled deformation

needs to be further consideredhefinal products.

(b) Reduction of parameters
In StaMPS methodonly topographic erroe is jointly estimated with ambiguity
integers. In this way, deformationns longer treated as deterministic variable and can

bepriorly filtered out from observation$he function model is reconstructed as
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where:: is residual phase. Obviously, a reliable estimation can be achieved only when
2+ includes uncorrelated stochastic noiSmnsequently, the estimation accuracy is
primarily determined by the filtering operator, which follows the principle #gzath
interesting signal has different behavidrs.other words, ithybrid signals cannot be
clearlydistinguished, the resolution of topographic errors will be bidsedhermore,
StaMPS uses local windows for spatial averaging, the window size should be properly

selected to avoid ovexveraging

(c) Mathematical constraint
Another strategy for underdetermined system is introducing mathematical constraints
to parameters. For MM techniques that firstly remove ambiguities with spatially
unwrapping methods, the observation model is
« =0 ° o = e oD 1
Some MM modelsidopt consecutive velocity as deformation parameter [], which is
Q 0O o0 b h8 h
Q 0 0 v o p
Though the deformation unknowns are replaced by velocities, the number of parameters
is not reduced. Alsdhe interferogram combinations may belotgslifferent subsets
Both of cases will contribute the rank deficiency in matixTo determine a unique
solution, singular value decomposition (SViI8)commonlyutilized to generate the
estimation as
o = o C
where= s pseudeanverse of matrix=, which has multiple solutions, and the widely
used one is MoorPenrose inverse.
In fact, SVD is equivalent to applying minimum norm to the whole parameters in

e, which follows the principle

| Ela =, &, o o
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where |'-. is the weight matrix of the constrainf6o explore the essence of this

constraint, Eq.3.63 is equivalently written as

q = e i
gl e o 1
| EAn =g
where pis design matrix of pseuedbservations, which fulfills= . From the

above, it is known that the minimum norm can be treated as the datum constraints
applied on parameters. In other words, the induced gravity center of unknowns is
relative to their initial values, which greatly influences the estimation accuiracy.
addition, this approach does not distinguish deformation and topographic residual,
making the framework mathematically solvable but without practical me#éhingt

al., 2021).

3.6.2 Mixed integer model

Owing to limitations in the signal receiving system, the SAR system acquires only the
principal phase value of the absolute phase mogiuld@ he recovery of absolute phases
is alsoa significant challengéen geodetic fields, e.g., GNS$ InSAR techniques,
dense points in spatial domain are comparable to high frequent samplings in time
domain for GNSS. However, unlike cdénensional ambiguity resolution, the two
dimensional phase unwrapping poses a great challEnglhSAR. Based on the
function model,one extra integer unknown is added per phase obseryvatitnh
meangprior knowledge or assumptions are compuldorgchieve solutionThemost
commonly used assumption is phase continuityquiing that the absolute phase
between nearby pointshould be less thart (ltoh, 1982. Developed from one
dimensional path, the phase continuity condition extends talimmensional domain,
which requires that the phase difference around a closed path equals zero. Then
ambiguity can be detected and corrected wthenassumption is violated.

The resolution o* ambiguity can be operated in spatial or temporal domains.
MM techniques always conduct spatial unwrapping for a single interferogram, e.g., the

MCF, branchcut, etc(Bone 1991 Costantinj 1998 Costantini & Rosen1999
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Goldstein et a).1988 Flynn, 1996. For a stack of pairs, periodogram searching and
weighted integer least squares (WILS) are two representative temporally unwrapping
approaches that are commonly used in SM techniduesal application, both spatial

and temporal unwrapping are always jointly implemented for ambiguity resolution.

(a) Spatial unwrapping

The spatial unwrapping methods treat absolute phases as unknowns, which is denoted
by

(L oH v

where’ is absolute phases that does not distinguish topographic and deformation
contributions in the function model. A common pé&thowing method for the solution

is to start from a point and to add or subtract muligflgohases to make the difference

of absolute phases is less tlamowever, the results can be inconsistent with different
integration path. Several alternative methods are therefore proposed to avoid the
dependence of the selected path, e.g., optimizédsed methods such as LS and

famous MCF, etc. The general model to get the optimized solution can be written as
AJCET Q¥ Y o o @

where" QD is the objective function which can beFLnorm or other statistic constraints.
When the estimation of 5 is achieved, the absolute phases of single points can be

integrated.

(b) Periodogram searching
The periodogram searching is always applied in SM techniques e.g., PSINSAR, StaMPS,
etc. In the frequency domain, parameters are searched from the solution space based on

the periodogram with the following criterigRerretti et al.2000

A CiCA & Uﬂ Q¢ = o X

wheres [ B R is coherence vector. Notice that the accuracy of estimated
parameters is guaranteed by the assumptiorstigat A. It means the atmospheric
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delay and spatially correlated noises should be largely mitigated, which further explains

why DD phases are often taken as observations for SM methods.

(c) Weighted integer least squares
WILS is a famous estimation algorithm in geodetic figldzaeri et al2011;, Kampes

& Hanssen2004 Kampes 2005, which follows principle
| EA =e | g5 o Y

“

where| ¢“& and [, is covariance matrix. Henciie fundamental objectivie to

estimate) 0 integer ambiguities ang realvalued parameters frofh 0 observations.
¢0 additional constraints are introduced to the system in the form of pseudo

observations ., and the integrating function model is written as
L
q =

| re
% = ¢ | CAULI ||f' oD w
where= & and| isagd O 0zero matrix. The pseueabservation and its

covariance matri>{'f. are always given by heuristic values. The final estimation is

) .% =JI| |IF‘ = ='I| q ||¢ 0'& Tt
where= _ , || || .« ' .eande are float and fixed solution of

interesting parameters, respectivedyis fixed estimation of integer unknowns. The
LAMBDA algorithm can be applied to facilitate the solution searclilrepnissen
2009.

According to the above analysigriousestimation strategies are applied to solve
the mixed integer systerandtheir accuracies abviouslyguaranteed by assumptions.
The periodogram searchingpr instancefrequires the residual noise is less than
which means the noises such as atmospheric effects should be largely mitigated. In
WLS, prior informationare added to the estimation systamhe form ofpseude
observationsAdditionally, the minimum norm in SVD algorithm greatly depends on
the initial values and ignores practical meaningdibferent parameters. In all, the
authority of these prior conditions needs to be chetitkedsure the selection pifoper

algorithms for applicable scenaridhe comparison is illustrated in Tatde.
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Table3.2 Comparison on estimation strategies of representative methods

Method Unknown Ambiguity Resolution | Constraints for

Underdetermined system

DInSAR SD phase spatial unwrapping noisesneglect

PSINSAR velocity; periodogram temporal deformation mode

topographic error

STUN velocity; ILS; temporal deformation mode
topographic error spatial unwrapping
StaMPS topographic error periodogram filtering operator

spatial unwrapping

SBAS velocity; spatial unwrapping | temporal deformation mode

topographic error

SBASbased | consecutive velocity| spatial unwrapping | minimum norm

(Fattahi) topographic error

3.6.3 Errors mitigation

Deformationcan beinitially recovered after the estimation of interesting parameters.
However, itsaccuracy and reliabilitgannot be guaranteed because of the erroneous
noises. Time series techniques usually operate an iterative estimation after the
mitigation of these errors based on the residuals, which is computed as

g« =e (A o p
wheref is residual vectofTo distinguish initial estimation and iterated estimatieon,
is used to replace in the previous sections as the initial estimation. Notice that the arc
residual phase should be integrated to point residual for DD parameters. To simplify
the expressions in the following, we ubketo indicate point residuals, which mainly

includes atmospheric delay, unwrapping errors and possible unmodeled deformation.

(a) Filtering
Filtering operators play a crucial role in isolating the relevant componentsiriona
signals. This is achieved by leveraging the concept that atmospheric éﬁmcets

temporally uncorrelated but spatially correlated. These methods effectively distinguish
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atmospheric effects from other signals exhibiting distinct behavitwes procedure is

mathematically expressed as

+ ¢ ga# m G4 o &

4 —g OE # o &
where O and O are temporally higipass and spatially loywass filtering
operators, respectivelyy plBfp of 0 p size.
Deformation models are often assumed in some algorithms such as PSINSAR, STUN
and SBAS etc. However, the prior model cannot fully describe the practical
deformation pattern. To compensate the possible unmodeled deforMatiche

filtering is performed
|y ga# o o

where D is temporally lowpass filtering operator. Additionally, StaMPS filters out
deformation completely depending on its different characteristics with others, which is
oy # o T
The filtering operators are commonly used to reduce noises, yet their applications are
faced with several problems. First, the filtering requires that the interestingonent
has different behaviors with other signals, otherwise, its accuracy cannot be ensured.
For instance, the filtered deformation may absorb part of atmospheric delay because
they are likely to suggest similar patterns in spatial domain. Second, the temporally
high-pass filters may also smooth deformation signals with complicated temporal
pattens, and therefore the fierce deformation will be concealed. Third, the size of
filtering window is always difficult to be chosen, the tradeoff between the- over

smoothing and undesmoothing should be cautiously considered.

(b) Testing and Detection

The ambiguity integer is either be priorly removed by spatial unwrapping method or be

parameterized as unknown in the function model. The unwrapped phase should be
closed both temporally and spatially in ideal conditions. However, the closure in these

two domains cannot be simultaneously guaranteed. Periodogram searching and WILS
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methodsnly ensure the temporal closure and neglect the phase closure between points.
To overcome the limitation, STUN applies the DIA (Detection Identification
Adaptation) flow to reduce the effects of unwrapping errors. By applying hypothesis
testing on residals, outlier arcs and points are detected then being removed from
observation vector. Then the wrapped residual pliase « =e is unwrapped
again by MCF to refine the observation for iterated estimations.

The mitigation of error is usually necessary for time series INSAR techniques, after

which the deformation can be iteratively estimated and refined.

3.7 Summary

In this chaptey we delve into the mathematical aspects of investigating deformation
retrieval within the INSAR framework. When viewed through the lens of data
processing theory, the process of deformation recovery encompasses observation
selection, model generation, goarameter estimation. Beginning with the fundamental
SD and DD observations, we first expound on the general INSAR function and
stochastic models. Additionally, we systematically dissect the relationships and
disparities among DINSAR, SMnd MM model configurations. Through derivation,

we demonstrate that the DINSAR model can directly derive from the MM model
without accounting for multiple errors. This mathematical analysis exposes the
rationale behind redundant observations in the MM rhadeerms of observation
independencdn addition, b obtain a unique solution from the radkficient system,

extra constraints need to be introduced to the INSAR framework. Howkeeprd
defined deformation model may introduce bias to the estimatgpecially when there

is a significant deviation between the assumed model and practical deforrAégmn.

the deformation signal may not be accurately separated with inadequate filter windows
(e.g., StaMPS)rurthermore, @garding the mathematical constraint, it usually renders
the framework solvable but without practical meaning. Through examining the features
and applicable conditions of different methodologiesour work provides clear

insights for optimizing INSAR estimation models
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CHAPTER 4 IMPACTS OF SYSTEMATIC ERRORS ON PARAMETER

ESTIMATION

4.1 Introduction

Within time series InNSARnodels,the topographic residual is usually parametrized as

a baselingelated unknown and jointly estimated with deformation modétsler the
framework oftime series IBAR, as the elements in the design matritheinodel, the

errors of perpendicular baseline can degrade the estimation of DEM residuals.
Considering that the linear rate is commonly used as a parameter to reflect the temporal
behavior of deformation, the discrepancy with the real deformation patteralszan
introduce @irther bias to DEM error estimation, which is similar as the unmodeled error

in GNSS observations. The effects of these errotaria series INSARthat can be

jointly regarded as systematic errors have been investigated using a set of synthetic tests
(Du et al, 2017) however how and to what extent the systematic error can affect the
topographic parameter retrieval and thereby degrade the accuracy of deformation time
series are still not quantitatively clear.

In thischapter, we quantitatively evaluate the impacts of systematic errors on the
estimationbased on biased estimation thedrg.ease the derivation and highlight the
impacts, we assume here all the interferograms are successfully unwrapped and the
signals raised by atmospheric delay and orbit error are largely mitigated. Such
assumption is without loss of generality considetimgt algorithms that can handle
phase unwrapping and mitigate these unwanted signals are increasingly available.

Section4.2 first introduces theharacteristics ofystematic errorsStarting from
the ambiguityfree observations, the impactswimodeled deformation and baseline
errors are explored iBection4.3. To validate the theory derivatiothe simulation
experimentsare conducteth Sectiond.4. The findings of this workre expected to be
useful for selecting suitabtene series INSARnodeling strategies and also assert the
necessity to exploreptimal parameter estimation algorithms that are immurteeto

impacts of systematic errors.
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4.2 Systematic errors

Unlike stochastic noises,ystematic err@a cannot be mitigated by redundant
measurement3.here argenerallythreetypesof systematic errorgl) constant errors
thatdo not varywith time or other factorq?2) linear errors that gradually increase or
decrease withsome factors (3) periodic errors and complex errore.d., the
combinatia of theaforementhionecerrors). The systematic ersin time serie$nSAR
mainly refer to unmodeleerrorsand baseline errer

Unmodeled errors arise primarily from the disparity between the predefined model
and the actuaktate In INSAR framework this typically indicatesthe unmodeled
deformation due to the assumption oftemporal deformation model Unmodekd
deformationcanbe dominated by specificsystemerror or a combination of several

errors which suggestsitheraregular performancer acomplexpattern(Fig. 4.1).
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Fig. 4.1 The deformation patterns. (a) linear; (b) periodic; (c) linear + periodic; (d) coseismic.

Baselineerrors is directly caused by orbihaccuracy which contribute linear
signal (suggested in Section 2.3.1) and asggest errors in observation model.
According to thegeneration interferometric phases, baseline consists of its parallel and
perpendicular components as

6 O60E+ | THA
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6 O6AT O | ™® A
Thus the inducedaseline errors can be computed as
.. OE+ | AT | o6, T8A
. Al o6 | OE+ | 6, 18A
Take SentinallA sensorfor examplewith— oc’,| ¢m,6 p mim the 10cm

orbit error will approximately contributécm baseline errors.

From Eq (2.23), thenduced error irflat phase is

T
—_ - 1%5)

And the perpendicular baseliagorwill affect the height ambiguity with the following

law
“Q
Fig. 4.2 demonstrates thghaseerrors with different data setsThe phase offsets

8

induced by parallel baseline errors can reach to multiple cyElashermore, the
impacts intensify with a reduction in wavelength. This impliesXkhband datas more

easilyimpacted than tband data by the baseline errors.
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Fig. 4.2 (a) Impacs of parallel baseline error on flat phaée) Impacs of perpendicular baseline

error on topographic phase
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4.3 Impacts on estimation

Previously, we haveriefly introdued characteristics of unmodeled deformation and
baseline errorsin this sectionwe quantitatively evaluate the impacts of systematic
errors on the estimation based on biased estimation tHemegase the derivation and
highlight the impacts, we assume here all the interferograms are successfully
unwrapped and the signals raised by atmospheric delay and orbit error are largely
mitigated.Thus, the unknowns in INSAR framework will be deformation parameter and

thebaselinerelatedtopographic residual

4.3.1 Imapds of unmodeled errors

The ime series INSAR mod& written in a general form as
« =e ¢ TRA
wt Bt , [ .| A
wheree includes deformation and topographic residual parameédased orthe LS
criterion, the estimains are
¢ 4 =] T
1 == @ A
Without considering unmodeled errohetresult aboveis the best linear unbiased
estimation(BLUE) (Teunissen2003)
On the other handhé observation modakith the unmodeled error can be
reformulated as
« =e -” E Lk
where{| represents thenmodeled errar thatconsists of the nefinear deformation
and residuals errors (e.@tmospheric residuals). Compared with the residual errors,
the unmodeled deformation predominates{thay taking the same estimation strategy
we get
%e 4 =% 4 =9p=e { t &
Obviously, the expectation of estimated parameters is not equal to unknavicts is

%e ° 1)
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By applying the mathematical expectation operator to the estimations, we can
guantitatively assess the impact of unmodeled errors on the estimaticisis
"EAO %e e
4 = P T
where BiagK) represents the bias of parametric estimation. To recognize the bias of
topographic parameter individually, we eliminate thin e. The corresponding

partitioned of thézq. (4.10 can be written as

"EADBL =
—— "EAO =] TP

We premultiply theabove equatiowith the square and full rank matrix

5 P q
Take= §€ = == = = wehave
- - CEABU =
—— == "EAO = o

Then the bias a&tHs denoted by
"EADL == = T

To evaluate the biased estimation accuracyrahiglualis denoted as

S Y
Sinced L.|Fandd = , the above equation generates
o 44 4t % 0
The expectation of |} ois given by
%o o %] Hr %t Hrolbe T X
with the followingquadratic expectatioimrm
%t |Hro bt OQHR|1$ & % Y
whereO © is the trace operator. Substitution of E450) into Eq. @.18 gives
%t |t . OGf. . & 0O ™
FromEq. @.17) and Eq. 4.19), we have
oo Had %o o o & o @
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The unit variance is estimated as

o |t
, T 8 p

where ¢ and 0 represent numbers of observation and necessary observation,

respectivelyThe expectation of unitariance is

o |fo p L
%, %= » Tl Hr 8 ¢

From Eq. 4.14) and Eq. 4.22), both the estimations of parameters and unit variance
are biased due to the unmodeled errors, angl thelarger than its actual value, which
will impact the deformation accuracy and precision evaluation in INSAR.

TheEq. (4.14) directly suggests the biagluced by the unmodeled erramgolved
in theconventional LS estimatoAccordingly, the seriousness of unmodeled errors can
be evaluated and some suggestions to reduce the bias are proposed. On the one hand, if
the= is deterministic, the bias depends on-Hhef which the predominate component
should be the inconsistency between real displacements and predefined deformation
model compared with the small residual errors. Considering that the deformation, no
matter how complicated in temporal domain, usually®wpatially correlated pattern,
differencing operation between adjacent pixels is expected to be helpful to reduce the
discrepancy. As an example, Fig3 shows the temporal variation of displacement at
two neghboring pixels and an arc constructed with them. It is clear that the relative
deformation between adjacent points is much flatter in temporal domain than the
deformation of points. In other words, the temporal behavior of deformation at arcs is
closer b the deformation model. Therefore, taking phase differences at arcs can
partially resist the influence of unmodeled deformation. Such an operation is used in
arcbased MTINSAR techniques. In addition, fmarametric estimation might be
another promising ay to mitigate the effects of model errors. For example, by
exploration of spatial patterns of topography phase components, the independent
component analysis (ICA) is applied to separate topographic residual from the hybrid

interferometric phased.iang et.al, 2019)Without prior assumption on deformation
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model, the approach can identify and retrieve the DEM error in a more robust and

accurate way.
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On the other hand, the bias is also dependent on design matrilkrough
== =, which is related to the interferogram baseline network. The confirmed
satellite repeating cycle and the weak correlation between the topographic residual and
temporal network limit the space of reducing biases through the adjustment of temporal
baselinesin contrast, selecting interferograms with proper perpendicular baselines is
workable to reduce the impacts of such errors. Frorkghét.14), it is clear that large
scale of perpendicular baseline will lead to largehence small bias. Naturally we can
conclude that the narrow baseline tube of Senfinpbses challenges to accurate

estimation of topographic residual under conventitinag series INSARramework.

4.3.2 Impacts of baseline errors
Perpendicular baseline errors occur in the design matrix in the observation Treodel
investigate the effects of erroneous perpendicular baseline, we start with the
observation function model

« =eo & 18 A

%k e |, & 18 A
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where

= = 4 =
= T & 1
where= is the erroneous design matrix. The errors=iis represented by
# , Wherethe random perpendicular baseline etras under the assumption that
%4 and$ # , & The estimated parameters can be written as
° = = =
= = = =e & & L
Here
= = == 4 dl
4 8 ¢
where
4 F = =T 8 A
4 F o 8 R
4l dl 4l 18 A

It is noted that thd andd  are firstorder and secordrder termyespectivelyTo

derive the bias oé, the = = need to be expanded by Taylor series under the
condition that spectral radius 8f 4 are less than unity in absolute vali@ialet,
1989) This will be fulfilled due to small baseline errgrgompared with the baseline
vector= . Therefore the expanded series is writte(Haxlges& Moore, 1972)

= = dl 4 44 | | | E ] P
For simplicity, the third order terms ¢f andt, and upwards are ignored. Hence the

estimated parameter can be expressed as

D g
e d —p J 4 ¢ 4 A o d 44 4

With the expectation assumed farwe can obtain th&b . Additionally, the
expectatiorfo e is denoted under the condition tiat andAT @It
Thereby the bias is derived as follows
"EAO %e e

%d 4 o %d I I =
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4 o%d %d d =F o @& T

Then the expectation terms can be computed as follows

% a, E & A
%d 4 = %rp = =g %=pd =7 @ A
Now
%rp = = , 0&d =E
¢, E T® C
whereE A E ARE and
%= rd =7 , E &0
Therefore the bias is
"EAO 4a o, d Ee & T
and by dealing with it the same way as the equation (8) we can eventually obtain
"EABL 4 o, == Yt & U

TheEq. (4.34) and @.35) specil to what extent the result of conventiotiate series
method can be biased by baseline error. It is seen that if the design smaix
determined, the bias of estimated parameters is determined by the magnitude of errors
in=. The larger, is, the larger thé& E AtBwill become. Moreover, the bias is
proportional ta, ==, which roughly represents an inverse ratio of SXR

et.al, 2014)Based on this ratio, if we get  um or 10m and the baseline network is

at a scale of 500m, both of ratios are roughhg . However, if the scale of baseline
network is become smaller for example 50m, the ratios increapermtq which
suggests that the ratio between baseline error and perpendicular baseline itself can be
roughly used to evaluate the impacts of baseline error on topographic residual
estimation. It also indicates that compared with the length of perpendiculéinbsse

baseline errors have much less impact on the estimation of DEM errors.

In the aspect of accuracy estimatiohe tvariancecovariance matrix for the
estimationno longer equald , due tothe erroneous baselindgnoring the second
central moment ofc andt, the Eq. 4.29) is reformulated as

e o 4 =4 F =e T8 @
According to error propagation law, the covariance matrix is
$e ATdD =thl =t AT d =& [ =o
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where
L AF =®=F
O e = O ©« & Y
where« = eisthe real value of .

IntheEq. @.37),$ e is composed diothobservatiorerrorsand baseline errors.
If , thens ¢ 4 is covariance matrix of the class@aussMarkov
model.The terms!!  L_dl s roughly proportional tes £ and, , which means
long baseline and large baseline errors will lead to more estimatioimbadiser words,
the estimation accuracy will bevex-estimatedf the original equation is adopted to

evaluate the results.

4.4 Simulated experiments

Simulated experiments are accomplished to validate the scale of impacts of unmodeled
errors and perpendicular baseline errors on the estimation of topographic parameter by
time series INSARWe generate 100 interferograms from 30 SLCs according to the real
baseline of Envisat/ASAR data. The selected interferograms have a confirmed baseline
connectivity. DEM residual is simulated with a variation of 20m randomly. Also,
processing noise with.Bmm variance of normal distribution and zero mean is added

to the interferograms. As mentioneabove we assume unwanted errors like
atmospheric delay and orbits error have been largely removed from the observation,
and the weight matrix of measurememstslésigned as an idegtimatrix. Based on the
model where only linear deformation rate and DEM error are taken as parameters, we
assess impacts of systematic errors by comparison of the simulated with the estimated
DEM errors. The roemmeansquare error (RMSE) between the two&eDEM errors

is used to quantify the accuracy of the estimated topography residual
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wherel & dis the number of simulated poin¥¥Q andYQ are the estimated and
simulated DEM errors, respectively.

To investigate influence of unmodeled errors, we simulate the ground undergoing
periodic andco-seismicdisplacements respectivelsuggested in Figl.4 (a)-(c). The
deformation pattern is simulated by peaks function in MATLAB, which is illustrated in

Fig. 4.4 (d). Besides, the atmospheric residual errors are added randomly.
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Fig. 4.5 demonstrates the differences between the simulated and estimated DEM
errors, which are the biases of the estimator. It is clear that topographic errors are
slightly biased in the scenario where the linear model was used to simulate the ground
displacementwhere2 - 3 %@ oHowever, the biases of estimations in both period
andco-seismicscenarios arrive at five meters indicating the model bias can result in

notable estimation errofhe2 - 3 % pand2 - 3 %1 dfor these two scenarios.
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To explore the influence of the scale of spatial baselines, we further generate sets
of interferograms with different baseline lengths by multiplying the coefficient from
0.5 to 1 with an interval of 0.05 to the perpendicular baseline. The results obtained
Fig. 4.6indicates that biases become small if large perpendicular baselines are adopted.
We alsocomputedMDB for differentnumbers ofnterferogramsFig. 4.7indicates that
MDB decreasewvith the increase of the numbers of interferogrammdans that the
reliability of detecableunmodeled errors is getting highevhich will help optimize
the selection of deformation models.

To demonstrate the effects of perpendicular baseline errors with different
magnitudes, we adopt four variances, i.e., 5m, 10m and 15m for the error distribution.
Fig. 4.8 shows the differences of biases. From the results, although the biases increase
with the growth of variance of baseline errors, they have slight impacts on DEM error
estimation and can be negligible to some extent, which is consistent with the conclusion

drawn from the theoretical analysis.
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4.5 Summary

This chaptemprovides a quantitative description of the impacts of systematic ¢orors
retrieve topographic parameter fronme seriesnodel. It offers practical guidelines to
users oinSAR framework who concern the impacts of data/model uncertainties on the
estimation of topographic residuals and thereby the accuracy of retrieved deformation
time series. Several equations have been presented to identify numerically the impact
of systematic eors (i.e., deformation model bias, baseline erfngconclusionsare

(1) The deformationmodel cannotilways accurately descrillee deformation trend
especially focomplicatedscenarioswhich canresultin estimation errors the metes

level. (2) According to thederived errorformulas, the influence of theinmodekd
deformationcan be reduced by reasonablkeseline configuratiomnd theDD (arc)
observatios. (3) Compared witunmodekd errors, the influence of baseline error on
parameter estimation is very small and eaenbe ignored Furthermore, thehapter

also suggests the necessity to investigate optin®AR model selection strategy or

nonparametric method to overcome the bias raised by systematic errors.
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CHAPTER 5 SPATIALLY -CONSTRAINED METHOD

5.1 Introduction

The observatiorframework of time series INSAR is an underdetermined system
leading to the generation affinite solutions.Most time seriesInSAR techniques
imposetemporal constraints on displacement sersegh asthe linear deformation
assumption in PSInSAR dtine cubicdeformationmodelwithin the SBASframework
However, realistic deformation is not necessarily consistent with thesdefined
temporal constraint models, especiatiythe case otomplicated deformation events
such as landslides, permafrost and infrastructure vibrations. The discrepancy between
actual displacement and padefined modetan introducédiasin estimatesasexplored
in Chaptedt. Consequentlythe deformation will be ovesmoothedemporally or even
wrongly solved. Although in some studies, the unmodeled deformation can be filtered
out first by spatiotemporal filters and then added back to the modele(BpHret.al,
2008; Ferretti et.al., 2001; Berardino et.al, 20GBg filters may not work well in
complex scenarios where the unmodeled deformation exhibits a weak temporal
correlation.This chapteintroduces anore reasonableonstraint,namely thespatial
similarity constraintto resolve deformation sequence from underdeteungystem.

The underdeterminednSAR framework and two common solutions afest
introducedin Section5.2, followed bythe investigation of theemiparameter model
in Section 5.3. Theaspatially-constrained methad proposedn Sectiorb.4, followed

by thesimulated experiments tBection5.5.

5.2 Estimation of underdetermined system

To ease the derivatio@D unwrapped phases are takerbasicobservations in this
chapter, which is written as

T oqYw VR g Ik
where the YWis topographicparameterand Y® is deformation parameter. The
coefficient matrixy is shown inEq. (4.4). Assuming interferograms and arcs,
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which generate$ 0 observations andd p 0 unknowrs, the rank deficitis 0.
Generallyfor the welldetermined and overdetermined system with a-aeeiditioned

=, one carfind theestimateo makes+ "E 3+ minimum.Such solution would be the
best linear unbiased estimation in terms of weighted least squives).(
Unfortunately, itime seriesystem, the number of observations is less than the number
of unknowns, identifying an underdetermined systetmich has infinite solutions.

To obtain a unique solution from underdetermined system, two strategies are
commonly appliedOn the one hand™ can be replaced bthe coefficients of a
deterministic model that follows a specific pattern in the time domain, which largely
reduces the numbers of unknowns. On the other hexima constraintscan be
introduced to the systeno generate the combinezfjuations.The constraintsare
usually offered bymathematicahorms or prior informationwhich cangeneratehe
solution under the Tikhonov regularization criterigve will discusghese twayroups

of strategies in the following.

5.2.1 Temporal assumption

Most timeseries INSAR methods assemhnat deformationfollows in a deterministic
patternin the time domain, which means tiia¢temporalconstraintare appliedo the
deformationparameters Sincethe number ofunknownscan begreatly reduceda
uniquesolution for theunderdetermined systeis obtained Theconstraints oY is
written as
| - &

where=sincludesnew deformatiomunknowrs, || is the timerelatedcoefficient matrix.
Taking the quadratic deformation model as an example, forthenterferogramthe
deformationYQ of ther)-th arcis writtenas

yo Yo 0o Yo @ L&
where0 andc represent mean velocity and acceleration paramétérsis time
interval ofd -th interferogram between two acquisitions. Thereftre, matrixes are

given by

75



Yoo Yo oo

[ é € GE fum L g
Yo Yo

whereo UM and$+ O RY represent thevectors ofdeformation

unknownsg is0 0 identity matrix. Substution of Eq. 6.4) into (5.2) gives

S e Y v

where=ande arecoefficientmatrixand unknown vectorespectivelyThe number of
unknowns iso0, which is far less than the original unknowrls p 0. Based on LS
principle the estimatiomf unknowns is

° == =" OF)
It is known that he modelin Eq. 6.5) can generate BLUE estimatianly when
randomerrors are included iobservationsHowever, this ideatonditionis usually
difficult to achieve One of the maimeasons is that themporaldeformation model
cannotfully describe theealisticsurface deformatigrand the induced estimation bias
has been discussed in Chapte€onsequentlythe assumption of deformation pattern
ignores the effectof unmodeled deformationwhich will eventually affect the

deformatiorretrieval.

5.2.2 Mathematical constraints

From a perspective of geodetic estimatilo@ory, infinite solutiors are acquiredinder
the criterion of « =e |F« =e [ Efor therank deficentor ill-conditiored
model.Thesolutions of thesstrategies can batributed toa generiaesolutionunder
theTikhonov regularization criterion (Tikhonp%977. Thebasic ideaf the resolution
is to apply constraintsto parameterswhich is known agegularizationterms The
constraintsdetermine thehysical meaningsf the solutions This sectionexplores
different constrainednodelsand investigates their essential featuvesich is helpful
for recognizing theoroposednethod
Theobservatiormodel in Eg. $.1) can berewritten as
« =e 3% v¥

where« ~,= qh& ,e YWhY® |k [ Theprinciple is
76



« =o||—1 =e0 o”—.o I ET (K]

where || |k, |f. is weight matrix of constraintsCompared with the classic

adjustment modekn additionalconstrainte |,e | Eis introducedThe solution

can be obtained by tlgeeneral least squareSI(S) criterion which is

[ =||_.l v
where=|h is the weightedyeneralization oinversematrix, andMoore Penros¢MP)

inverseis a commoriormat, whichhas the expressionag, = [f= = | Infact,

theapplication obverallconstraintss equivalento introduéng the constraint|=||-.o

, thereby thé=q. (5.7) and Eg. $.8) can beequivalently writteras
« =e 3E
Flree
q = @ ”— q =0 i E T

vd

The above equation &typicalrank-defect adjustmennodel, whereg fulfills =f
. To obtain the solution, theagrangdunctionis formedas
S =e e =e Lighe PEi 0 p

where L coefficient.By differentiaing e and Lk, we have

1o e = Le |k Ld ¢ A
. vd ¢ A
The normal equation is
b=k -k o
Then Fis premultiplied tomatrix, whichgenerats
=k= rrht ~=|- b T
Since=f and F , we havelt . Therefore the solution of E¢6.10) is
e == Ffr =} U v

where g Flf.. Notice thaif |f,  Ethe condition is actually the constrafat center

datum whichproduceghe estimation as

e =lF=rfr =1 P o
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The solutiorproduced bythis strategy is to implicitly apply the datum constraints
to the unknowns. In other words, the datum, i.e., the gravity center of unknowns relative
to their initial values, isapplied. However, this methoddoes not distinguish the
topographic and deformation parameters, whereas thegih equivalently in the datum
constraints without considering their physical meanitg@ther words this method
can work out the mathematic solutions but physical nonselsesequentlythe
distinction of parametersieeds to be addresseahich leads to thénvestigation of

semiparameter model in the following.

5.3 Semiparameter modd

The semiparametric regression modglproposed by Ston&997), which is expressed
as
« =e ° 3+ ud X

wheree represents the parameters that hdeterministicrelation with observations
andthe parameters im canneitherbedescribedy aspecific function nor be absorbed
into random noisest. The unknownse ande in INSAR observation models
represensWand 3 respectively. The sempiarametersestimationmodel imposs
constraints to part of the parameters, ®e,,so that a unique solutiartan be acquired
based on thollowing principle (Moritz, 1989; Green, 1994)

« =eo o ||-¢ =e o Je =|o i ET vp Y

where | |k, 4 is a positive definite matrixThe quadratic formse e

describes a certain measuresof » is smoothing factothatbalances the first and the
secondermsof the above equation.h€ Lagrangeconditionis constructedas(Ding,

2005)

o vede L=e o « g L

wherer « = e e By differentiating ther, ¢ ande ,we have
T itospm of L vg TA
TCitespp =L vg A
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1T e s i ) 4 LL g A

From Eq. 5.20a) ~ 6.20c), we can obtain

Lo vg p A
L s de vg p A

From EqQ. .21a) ~ 6.21c), the normal equation is written as

—l= =F ¢ =] ;
= F 24 e &

The solutions are

[ = J ° = = J ° q U& (0) A

Py 4 _ A

° I=| d, « =oe vg o A

where 4, - F .4« F FF >4 | . The selection of

normalization matri¥ will influence the estimation.

Semiparametric modeldistinguishes two groups of parameters amghose
constraints orpart of parametergo generate solution by={. ) is called smoothing
factor and=| is a regular matrixboth of whichjointly determinethe formats of
constrains.

The estimation oemiparametrc modelis actually the special form of applying
overall constraint on parametefgiditionally, the sentparametric model is similar to
the LS collocatiormodel To further recognize stcharacteristics, the comparisons

between these models are addressed ifimllows

(&) Comparison with the overall constrained model

The general model of constraints on overall parameters can be written as

« =e 3t Vg T
« =o ¢ =e e e IEI
The solution is
o« Hp=sh s o v
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For rankdeficientfree networkmodelwith general datumwe havel, ¢l g2 p.
If the datum idbased on gravity centethe matrixesare ||-. € ) p.Thereforethe

semiparametric modetan be treated abe degenerationf this system, where

OFloﬁ,o =fE, | ]

(b) Comparison with the LS collocation model
The LS collocationmodelis commonlyused in thee a r tgravitysresearch The
function model containdoth stochasticand deterministic parameterswith the

following general form

) vg @
« =eo | =e « o | « . i ET
wheree is deterministic parameter amd represerg stochastic signal whichfulfill
%e Hse , | L& X
The expectation valuél of e provides the prior information forhé pseude
observatios, i.e., « H . Following the GLScriterion, thenormal equatiois written
as
glaliel S § o
= F F o e e
Then te solution is
e =4 = =4 « H L8 WA
e H |d « =oe L8 wA
whered! F F .1fH , we have
° -4 - 1 vd ™A
° F 4 « = e TTA
By comparingthe Eqg. 5.23) andEq. (5.30), we find that the weight matriHs in
the LS collocation model can actually be replaced prf the semiparametric model
whereH . Though these two solutions have same expressions, they are not strictly

equivalent. The collocation model treatsas stochastic signaésd uses{ matrix to

describe their featureshile the semjparametric modetonsidersall parameters as
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deterministic signal, which requires reasonalgegor information. In conclusion, these

two models are similar in form but differentphysical meaningf parameters

5.4 Spatially-constrained method

A reasonable solution of InNSABNnderdeterminedystem is significant to retrieve
deformation products. Based on the above analysis, the temporal deformation
assumption cannot always accurately describe the realistic deformation pattern, which
will reduce the strength of the function model and thereloases the estimation.
Additionally, the overall constrains on the parameters makes the system solvable but
neglects the physical meaning of the resiltss thesisproposes apatially constrained

time seres INSAR algorithmo improve accuracy of deformation detectioasBd on
thesemiparametric modelgpatial constraintare imposedo deformation parameters,

which can generate unique and meaningful solution frorariderdetermined equation

5.4.1 Spatial deformation constraints

By taking DD phases as observations, we parameterize the phase components raised by
the topographic residuals and deformatidhe DDfunctionmodelis

T oqYw VR g L& p
whereYWss the topographigparametethathas a linearelation with the observations

andY® representshe deformatiorsignals The normal equatiois written as

S’/W ~
LS SRR b

The regular matriq determines theonstraintsmposedo the DD deformation vector
Y™ The spatial constraints are based on the fact that neighboring points resemble each
other in deformation. Briefly, the more similar deformation is for closer points in most
deformation scenarioshis deformation similarity is most likely to be guaranteed
during the whole time spaand theconstraint strength can be adjustadough the
weight matrix related to distance.={ canalsobe regarded as the weightY¥® namely

ln = 54 L8 o
The covariance igm when, p.
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Spatialconstraints can be expressedly followingpseudeobservatios
"m YE 3im LVd T

where™ m is the pseudmbservation vectorz+m is the random noise vector that is
assumed to be normally distributed with zero mean and covarfagce€onsidering

their spatial characteristics, the deformation similarity between two points is stronger

for short distance, while weaker for long distance. To mathematically describe this

property, we s€tm and use|,'=~. to adjust the constraint strength, which means that

the smaller variances are assigned to shorter afesin

5.4.2 Spatial variance function

The spatial correlation of variablés usuallycharacterized by covariance functions
(Cheng & Wu, 2007Schmidt & Guttorp2020. After the removal otheobvioustrend
term, the deformation can be expressed as a continuous sedendtationary random
process. According to its definition, for poiattheexpectation ofleformation function
C w is a constant, which is
%Cw T L® L
For points with the distance of the covariance is
Al Qofcom i $i1hANY LS @
Obviously, the covariance is independent with the positions of points. Generally, it is
difficult to obtain the strict covariance functions, therefoeepirical covariance
functiors are always adopted to describe the relation between points, gdriche
(Zhang et al., 2014)
(1) Gaussian function
$i $mA@Dhi L& X

(2) Hirvoren function
v Y

(3) Exponentiafunction

$1 $TATDOI VY
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(4) Exponential periodic function
$1 $NMAPPOIAT DI vg T

(5) Bessel function
. i
$i $nA®Do‘o‘|0-(b vd p

where0 is the OQorder Bessel functior$ 1t is the prior variance ®and®are the
factors of the covariance function. For complex deformatmamnarios whera single
covariance functionms difficult to describe its spatial characteristiascombination of
severafunctionscan be usece.g.,

$1  $mAgDPOI $TAGPOIAT DI L8 ¢
It should be noted thahé abovecovariance functionassume that deformation fulfills
theisotropc condition i.e.,homogeneous in all directionBhe covariance function is

used to describe the stochastiodelof the pseud@bservations.

5.4.3 Parameter estimation

Thecombinedobservation modes written as

w YE VL, v8 o
where
L. EGAERG MBI
The Gaussian variance function is widely used to describe the spatial similarity of
ground deformation. Let the Euclidean distance between two poinfgtesvariance

of deformation difference between these two points is modeled as function of

Ci L Agb Ti— U8 T

where, is the scalar to govern the overall dispersion of the prgceissa constant
used to describe the correlation decay together with dista(e&kely & Rizzo, 2019.
Obviously, the observation with smaller distance has higher correlation and then

smaller variance. In terms of the GLS principle, the solution is derived as

o

w1l o1 IF 1 IF
> - - vg& v
R

83



It is pointedout that the spatial constraints should be reasonably imposed to the
points within a local region. The reason is twofold. For the points with too large distance,
the variance of spatial constraint frdu. (5.44) will be too large to be useless. Another
reason is due to the too huge computation burden if the constraints are imposed to
arbitrary two points. Hence, in real implementation, the image is divided into a number
of patches, and the modél45) is individually solved for each patch. Here, the patches
should have some overlaps such that the deformations at different patches can be further

unified to the same reference point.

5.5 Simulated experiments

5.5.1 Experiment settings

Simulated experiments are carried out to validate the proposed method. To make the
simulation as much as realistic, the dataset is simulated for an existingragsgjer
baselines configuration of the Sentii#{ sensor. The 20 interferograms are acquired
from 21 SLCs with the perpendicular baseline smaller than 100m. The phases are
simulated at 57102 points at an area of 300xX300 pixels. In this simulation study, the
interferograms are assumed to be successfully unwrapped and the atmospheric and orbit
erras are ignored. Therefore, the simulated phase only consists of the topographic
errors, deformation phases and the random noises with the standard deviation of 0.5 rad.
The DEM error is assumed to be normally distributed with a variance of 20m. Two
typical deformation patterns, i.e., @@ismic and posgeismic displacements, are
simulated, shown in Figh.1. We adopt the Mogi model that describes a point elastic
half-space to express the spatial deformation pat{étogi, 1958) which is illustrated
in the Fig.5.2 (a). Note that the scale is multiplied to the deformation series, aiming to
specify the spatial variation of point displacements. The maximum deformations are
about 40cm and 30cm for the two scenarios, respectively.

Theentireimage is divided into 900 patches, and each patch is a square block with

dimension of 10x1L0 pixels. The overlaps for the adjacent patches are shown52Fig.
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(b). The center point at each patch is selected as the local reference while the reference
point at the first patch is used as the global reference. To evaluate the performance of

our method, we take thdoorel Penrosgpseudoinverse results for comparison.
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5.5.2 Results and discussion

To clearly demonstrate thefficiency of our method, we present the resultstwb
patcres The patch region and the formulation of spatial constraints are illustrated in
Fig.5.3. Fig. 5.4 shows the true and solved deformations of selected 5 points as function
of timein Patch 1 The results of our method (in blue) are much closer to the simulated
deformations (in red) thavoore Penroseesults.As shown in Fig5.4, the estimated
deformations of our method are obviously much smoother, and match thaluas
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much betterWith simulated deformations as references, the mean errors of all points
in the patch for our method aiMbore Penrosanethod are shown in Fi§.5. Though
both methods can overall recover the temporal deformation pattern, our method
outperformaMoore Penrosavith much smaller mean errors.

Fig. 5.6 and Fig5.7 show the results ¢#tatch2, the error ofwhichis largerthan
Patch 1. Sincene scale range d¢fatch 2s 0.2~0.6is greater thant of Patchl -1.9~
1.8 the point deformation similarity oPatchl is higher. As a resultthe spatial

constrains conform betterto simulated deformation, which produces more accurate

solution.
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We further assess the performance of our method by overall accuracy evaluation

for all points in the entire image. We compute the mean and RMSE of estimation errors
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of all points. Fig5.8 demonstrates the histograms of estimation errors by two methods

for the ceseismic and the poskismic scenarios. Both mean errors and RMSEs of our
method are all smaller than those of MP pseudoinverse, indicating the efficiency of

imposing the spatialonstraints for direct generation of displacement sequences.
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5.6 Summary

This chapter proposesspatially constrained method &chieve aunique solutiorfor

the timeseries INSAR modeln addressinghe rankdeficient system, most INSAR
techniques assunueformation modeio reduce unknowms, whichoftencontributes to
serious estimatioarrors especiallyin scenariosvith complex deformationVhile the
minimum normcan be applied tgarametersthis constraintrendersthe system
mathematicallysolvablebut nonsense in practic&ubsequentlythe semparametric
model is discussed in detdiying the foundatiorior our proposed methqd.e., the
spatially-constrained deformation retrievapproachThe underlying rationales that

the spatially closer points share more similar deformation patterns for most motion
events. Tls new method avoids the estimation errors induced by the temporal
constraints (i.e., prdefined deformation model) adopted by madshe series
techniques, therefor@fering more reliable deformation results. The efficiency of the
proposed method has been demonstrated by simulated tests, showing its
outperformance for recovering the time series deformation with respect to thei Moore
Penrose pseudoinverse and StaMPS methidismethod is also validated by real data

in Chapter6.
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CHAPTER 6 DEFORMAITON DETECTION APPLICATIONS

INSAR proves to be powerfubol for acquiing the evolutionof surface deformatign
providing a means twam againstpotential risls to botheconomy and human lives.
This chaptefocuses orretrieMng deformationdatafrom two specificareas: the Salt
Lake of QinghaiTibet Plateau and Longyao ground fissures and its surroundihgs
proposedtime series INSAR techniqusuggests its advantage @&valuaing the

deformation othesegeological disasters.

6.1 Qinghai-Tibet Salt Lake

6.1.1 Background

TheQinghaiTibet Plateayrecognized athe highest and largest plateglobally, has
experienced continuous temperature incregke®t al., 2011; Wang et al., 20Q0)
resulting in accelerated glacier meltingnd influencing permafrost changesrhe
permafrost, covering pproximately 40% area ofQinghaiTibet Plateau displays
obviousdegradatiorpattern This degradatiorcanlead to reductionn available soll
moisture resulting inecological and environmental problesisch asdesertification
(Wang et al.1996; Yue et a].2013; Yang et al2010; Li et al, 2008). In additionit
alsoreducas the bearing capacity of the groufaindationand thereforehreaten the
operation of railways and highwayRrevious sidies have shown that the destruction
rate of the Qingharibethighway has reached 31.7% under the climate warming trend,
andrailways have also undergoesevere destructior{tiu et al, 2000; Wu et a].1995;
Cheng 2005).

Lakeson the Qinghailibet Plateau are very sensitive to climate chan@es. of
the main reasons is that the permafrost degradation iedapacityof soil for water
storagethereby causing thehange®f the surface water. The expansion of lakes will
cause floodshat mayseriouslyimpacttheinfrastructures such as thalway andeven
threaten the human settlemé@heng& Wu, 2007;Hu, 2007).To mitigate these threats,

monitoring the deformation of the surrounding areas of lakes becomes essEhisal
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section focuses on the permafrost deformation around Salt Lake from 2017 to 2019,

providing insights into the relatisietween deformation and climate change

6.1.2 Dataset

TheascendingC-bandSentinellA images are adopted this caseFrom January 2017

to January 2019, there a8 scenes of imagesith VV polarization. Fig 6.1 shows

the Salt Lakeareaon the QinghaiTibet PlateauWe usedALOS 30mDEM to remove
topography, whiclwas acquired by PRISM, a panchromatic remote sensing mapping
instrument mounted on the ALGSatellitelaunched bylAXA in May 2016. It mainly
covers the area at #80°latitudef the earthFig. 6.2 shows the ground elevatiofhe
SentineflA official preciseorbital ephemeris parameter filAUX POEORB) is

adoptedfor coregistration. SentinelA platformensures spatial baselsw@re allwithin

100mand theorbit positionaccuracy is within 5¢cm.
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6.1.3 Processings

Theimageacquiredon December 12, 2018 selecteds thaeferencainder the single
master frameworkThe SentinellA data has high requirements of ttmregistration
accuracybecause the TOPS imaging mazhiss the shift of Doppler centroid The
coregistration accuracy in the azimuth direction needs to reach 1/1000 pxel$OPS
coregistrationtheinitial offsets arefirst acquired byorbit data and external DEM\nd
then the offsetan berefined bythe enhanced spectral diversiBSD) method

52 interferograms are generated with temporal and spatial baselines that are shorter
than 372 days and 200m, respectivélye baselineonfigurationis shown in Fig6.3.
PScandidates armitially selectedusing anamplitude threshold of 0,4andthe final
PS points arsubsequentlghosen trough an iterative process employpingse analysis
method. Thephases are unwrapped B algorithm of StaMPSIn this chapteboth
the StaMP&nd the proposed spatiallpnstrainednethod are adoptedb recover the

deformation
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6.1.4 Results

Fig. 6.4 and Fig6.5 demonstrate the results of StaMPS and our metlesgectively

Total of30pairs are selected from all interferograms to indicate the surface deformation
sequence recovered by the new method, from which the obvious seasonal trend of
subsidence and uplift are observed. With reference of the first image, the subsidence
starts fromJan 2017 and continues until Oct 2017. Then the surface begins to uplift
from Nov 2017 to Mar 2018. Staring from Apr 2018, the subsidence starts again. In
addition, the permafrost around the Salt Lake has a degradation during the whole period
ard the max subsidence approximately reaches to 30rhmdeformation sequences
recovered by two methods have similar patterns.

The permafrost deformation shows an obvious seasonal trend. In principle, the
permafrost melts in the warm season, thereby leading to subsidence. And it frizzes in
cold season and contributes to surface uplift. Since the movements are accumulated in
the temporal domain, therefore the deformation pattern usually lags the temperature
change.

To further demonstrate the deformation series during the whole time span, eight
check points (see locations in Fig.1) are selectedFig 6.6 demonstrates the

deformation patterns of these points, which cooperates well with the results in Fig. 6.4
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and Fig. 6.5.The trends of mean deformation of 8 points shewn in Fig.6.7.
Comparedwith StaMPSresults the deformation trend recovered the proposed
spatially-constrainednethod conforms better to the seasonal change of climate.

In addition, the periodipattern can bbetter reflectetby the deformation trend of
single point.The deformation introduced by the climate change is actually related with
the water percentage of the permafrost in different seasiuméng cold seasosn
(Octoberto November) as temperatures decrease, water undergoes freezing, leading to
uplift in the permafrost layerConversely,in warm seasa(April to May), rising
temperatureesults inrapidwater meling and reduced soiolume, causing permafrost

thaw.
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6.2 Longyao Ground Fissure

6.2.1 Background

A ground fissure is a geological disaster resulting from rock fractiites Longyao
ground fissurewith a length of about 36knstands as one of the most active ground
fissures on the North China Plain. It has been subjectéensile stress due to the
collision and compression of the Indian, European, and Pacific patégionally, the
influence of the Qingharlibet Plateau further contributes to the manifestatiothef
ground fissureThe Longyao ground fissure is located in the junction of three major
geological blockswhich areNingjin-Hengshui fault, XingHeng uplift, and LirQing

fault zones (Fig. 6.8).
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The Longyao ground fissuttegas been attributely two seismic eventsa 6.8w

magnitude earthquaketo the east of Longya@nd a 7.2v magnitude earthquake

southeast of NingjinThese events, documented in 2003 and 2006, respectively,

suggested violent geological activiti€Song et al.2011, Yang et al. 2018 Wang

2019. Linearly distributed in the eastest direction, the Longyao ground fissures

exhibit a maximum crack width of 60 cm and visible depths in the meter.range

Since 1980QLongyaoand its surrounding citidsave undergone rapeevelopnent

Urbanizationhas led to excessive exploitation of groundwatesulting insurface

subsidence angeneratedwo subsidence funneléXu et al., 2008) Studies have

observedleformatiors of the Longyao ground fissure and its surrounding areangng

from -60mm/yr to 20mm/yduring the period2007to 2011 Although groundwater

exploitation may not bethe primary causeof ground fissures, it acceleratéseir
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expansion Also, certain agricultural activities and coal miningnpact changesin
shallow surface stresiirtheraccelerang the development of ground fissures.
Affected by both geological structure and urbanization, the Longyao ground
fissure and its surrounding area have alwaxtsibitedcomplex deformationswhich
limits the citydevelopmentaind threatens the environme@bnsequently, monitoring

the deformation of these regions becoingserative

6.2.2 Dataset

We analyzed 34 SentingA SAR images between Oct, 2018 to Dec, 2019. The image
acquired on 12 Dec, 2018 is taken as the reference and 33 interferogram are generated
from these acquisitions with the maximum temporal and perpendicular baselines values
which are 348 days and 209 m, respectively. The 30m digital elevation model (DEM)

is obtained from ALOS mission to remove most of topographic phase from

interferograms.
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6.2.3 Processings

The preprocessing of the data, i.e., the coregistration and the subtraction of topography
and flat phase, is conducted by the GAMMA software. Then the PSIHBARI
technique, StaMPS, is used for ppsbcessing. In thisase the PS candidates are first
selected with an amplitude dispersion threshold of 0.4. Afier subtraction of
spatially-correlated phase parts, the spatial correlation of phase is calculated. The points
with coherence above the threshold value of 0.32 are determined as final PS targets.
The average coherence map is shown in&yl, which suggests that most PS points

are selected in urban areas and the forest area has low coherence.

For the retrieval of unwrapped phases, the temporal unwrapping is first applied by
searching the solution space, then the spatial unwrapping method SNAPHU is used to
guarantee the reliability of unwrapping. Finally, the deformation signal is separated
from the atmospheric delay and other residual errors by temporal and spatial filtering

operators.
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6.2.4 Results

From the mean deformation velocity map illustrated in Bifj2, obvious subsidence
and uplift are observedin the selectedareas with the mean deformation velocity
ranging from-60mm/yr to 40mm/yrThe deformation around the ground fissure has
obvious spatial variation, which are greatly impacted by the Longyao, Shulu and
Boxiang fractures. Durin@ctober 2018 to December 2019 north sidef the ground
fissure uplifts at a rate of 40mm/yrOn the south side, two subsidence centers,
designated as F and B, were identified, with the B zone located in Jvlu County
exhibiting the highest subsidence rate at approximately 60 mm/yr, thiilé zone
recorded a subsidence rate of 40 mmifyaddition,southerrnC zone the urban part of

Jvlu County,hasa nearly circular uplift centewith therate of about 40mm/yiThe
Longyao ground fissure is a typical linear ground fisstitat has the largest
deformation gradientAnd dfferent structuresaround the fissure contributes to
different spatial deformationcharacteristics, wheréné¢ upper strata riseshile the

lower partfalls.
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In addition, the profiles of the mean velocity, as depicted in Fig. 6.13, demonstrate
that the deformation patterns align with the activity of the normal fault of the Longyao
fracture. The maximum velocity difference between both sides of the ground fsssure
approximately 80 mm/yr

Time series deformatioresults argresented in Figs.14. From Nov, 2018he
area suggests slight deformation patteloneC demonstrates obviowssibsidence in a
funnel patterfrom Dec, andbn Mar 2019, it reaches maximum deformation around
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60mm and then uplifts until the end of the time span. Zone H has the same deformation
patten as Zone Qypically, the funnel pattern arises due to the assdraction of water.
Given that these two zones are situated within counties, we attribute the deformation
primarily to human activities. In other regions, conspicuous deformation becomes
apparent from My 2019 and intensifies by July 2019. The cumulative deformation
spans approximateR®0 mm to 90 mm over the entire period

To further demonstrate the temporal trend, four check p@t#, F, H) are
selected. Figh.15illustrates the accumulated lhad-sight (LOS) deformation of points

and the results are consistent with the deformation sequence t1HEig.
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