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Abstract

Synthetic Aperture Radar (SARdmographya new and advanced technique in the field of
SAR processing,is aimed at determing the 3-D reflectivity function from measured
multi-pass SARdata It is essentilly a spectrum estimation problem as for a specific
resolution cell the complex valued SAReasuremestof a SAR image stackre actually
the irregulaly sampled Fourietransform of the reflectivity function in the elevation
direction. The successfulaunch ofthe German high resolution SAR mission TerraSXR
provides anew possibility to investigate this topigth high quality spacebornéata.

Within the framework of this master thedise spectrum estimatigeroblem isformulated
from a mathematicapoint of view. Different spectrum estimation strategisuch aghe
Singular Value DecompositiofEVD) and Nonlinear Least Squaresstimation(NLS) are
evaluatedand compared using bo#fimulated data and TerraSARdatafrom the teskite
Las Vegaswith special consideration of thdifficulties caused byparseand irregulaly

spaced samplingThe problem of ill-conditioing when usingthe Singular Value
Decomposition is investigateahd regularizationtools Guch assingular valugruncaton

andWienerfil tering) areutilized to overcomehis problem.For thesake ofvalidation, the
spectrum estimation results with TerraSXRdata are compared to tipeobableground
truth.

Penalizednodel selection critesisuch ashe Bayesian Information CriteriofBIC), Akaike
information criterion (AIC) and Minimum DescriptionLength criterion (MDL) are
implementedon the spectil estimaésto determinethe number of scatterers inside one
resolution cell- which is necessarya prior knowledge for precise PSI displacemén
estimation.The probability of correctlydetectngthe numbenf scattererandthe accuracy

of the corresponding elevation estireatare evaluated from simulated daEinally, the
model selection results with PS points of TerraSARata are visualizeth GoogleEarth
and the nature of PS pixel with mudttatterers are discussed.

Key words: Synthetic Aperture Radar (SARPpmography, Spectrum estimatiddingular
Value Decompositiononlinear Least Squaresstimation,Wiener filter, multi-scatteres,
Model selectionpenalized likelihoodtriterion, TerraSARX
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1 Introduction

Synthetic Aperture Radar (SARps playedan important role in remote sensing sitice
1980s. Ithas beenlemonstratethatitisa bl e t o r el i ably map the
information about its lpysical properties such as topography, morphologyghoess and

the dielectriccharacteristics of the backscattering lagi@amler and Harl, 1998)As an
active sensor, SARunctions independery of solar illumination andis capale of
penetrang cloudsand (partially)vegetationcanopy, soiland snow. However, it also has
typical foreshortening, layover and shadowing prolslem

In Earthobservation, unique capabilities are associated with the use of remote sensing via
synthetic aperture radars (SARs)darparticularly, with the extensions of SAR to
interferometric modes (INSAR) and more generally to the joint use of coherent multiple
acquisitions (PSandSAR tomographtc) (Fornaro,2005)

The standard acquisition of a single SAR image is a two dioresmage of scene
reflectivity in azimuth and rangelnSAR techniqus, which combine two or more
complexvalued SAR images to ttgminegeometric information about the imaged objects
(compared to using a single image) by exploiting phase differences, diterent
applicationsaccording to théaseline type. With incidence angle difference (aeh@ak
INSAR), it is possibleto get topographiynformationand DEMs. Therefore, it isossibleto
reach the third dimension which is perpendicular to theatti and range plane. However,
with one or two acquisitionsthe reflectivity function along the third dimension is
undetermined and mutiie-scatterers within one resolution ceimot be separated.

SAR tomographyis a young technology which is based wnlti-pass acquisitigto
estimatethe 3-D radar reflectivity function. This thesis investigstiee spectrum estimation
problem for SAR tomographyith both simulated and real dagspecially in case aimall
irregularly sampled dataset8oth determirstic and statistical methsdare implemented
and investigatedAdditionally, the application of model selectitmSAR tomographyill
beaddressed

1.1 State of the Art

INSAR and DINSAR exploit the phase differences of coherently acquired SAR images i
order to measure land surface deformations from gj@aceler et al., 1998Vlassonneét al.,

1993. Since the first spectacular resuligere publishede.g. ceseismic deformation
(Gabriel et al., 1989the methochas beenvell established in the geopigal community

and complements GPS point measurements withdiwensional displacement maps.
These maps provide centimeter and even millimeter accuracy over areas of typically 50 km

by 50 km and can be used to monitor def or ma
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The accuracy of INSAR and-MSAR is limited by tempal decorrelation of the surfaeed

by electromagnetic path delay variations in the troposphere. The latter distortions can be
reduced by temporal averaging of multiple interferograms which in tedaces the
temporal resolutioiiHanssen, 2001The Persistent Scatterer Interferometry (PSI) method
uses stackof 183100acquisitiors of the same area, selectioriafg term coherent poinis
so-called Persistent Scatterers (RSnd motion models inrder to reduce the estimation
error to well below 1 millimeter/yedFerretti et al., 2001; Kampes, 20@@lam et al., 2007)
Persistent scatterers are bright points in the image that represent strong scatterers in the
object space, e.g. metallic strucwi@r retrereflecting corners at a building. They do not
decorrelate over long time spai®Sl is currently one of the most powerggace based
geodetic measurement methods.

The PSI technique, however, can only be appliben sufficientpoints with longterm
stable backscattering characteristics are found, i.e. when the spatial density of gisse PS
large enough to represent the ground deédion pattern. An example BfSI analysis over

an urban area is shownhkigurel, where a deformation map of §&egas, USA s presented.
Note themm-scale of the deformation process.

Deformation Rate
DLR Tl : wiber N SR subsidence of point 81491: ca. - 18.5 mm/a

processed by
PSI-GENESIS
DLR-IMF

detormation [mm)

1996 1998 2000
date

detormation [mm)

1992 1994 1996 1998 2000
date

Figure 1.1: Example of a deformation map created from PSI for Las Vegas showing long term
trends and periodic seasonal variations. Each of the colored points represents atime history
over 9 years, obtained from 64 ERS data sets. The color reflects the linear component of the
subsidence. The three ground water wells can be recognized, as well as two slight uplift
areas (Adam et al., 2008).



The mathematical algorithms for PSI haveen optimized for medium resolution SAR
satellite systems (ERS, ENVISAT, 25 m resolution). With this kind of data the PS density is
not high enough to achieve subsidence or deformation measurements for every building.
Typically 106450 PS/kr2 can bedetected, i.e.onaverage a single PS in a square 650

m side length. Only gross subsidence patterns liksetm Figure 1 can be retrieved.
Individual buildings can only be investigated opportunistically. Aflse limited resolution
prevents accuratedBlocalization of the scatterers. Often it cannot be distinguished whether

a scatterer is part of a building and, hence, represents the subsidence of this building, or
whether it is a doublbounce effect dfthe streewall-interface and shows the subside of

the pavement.

Figure 1.2: Example of thermal stress monitoring of a building in Las Vegas using the
Persistent Scatterer technique with TerraSAR-X high resolution spotlight data (Adam et al.,
2008). Only the linear motion component is retrieved and extrapolated to mm/y.

Recently a new generation of SAR dgms has been deployed in spa®@ong them the

first German SAR satellite TerraSAR with a spatial resolution 0D.6x1.1m. This
resolution has been made possible by virtue of the newgipdtinaging modeand the high
bandwidth Today only the DLRTUM group is able to exploit tts special data for PSI
measurement. The PSI density can be shown to rise by a factor of ald@l@t &6mpared to

the previously available dafadam et al., 2008)Several tens of PS can now be identified
on a single buildingFigure 2 provides a preliminarpuilding® deformation estimation
from TerraSARX data applying the straight forward PSI processing technique. This opens

the potential of retrieving for ther§it time deformation and structural stress of individual
3



buildings from space on a regular basis.

For a 4D (spacéime) analysis each scatterer and its subsidence history must be accurately
located in 3D space. In PSI this is done by exploiting the aladuft of orbits which results

in a slightly different observation andta each acquisition in the stack. A synthetic aperture

in the elevation direction can be built up, comparable to the synthetic apertiedlight
direction of the SAR imagingrimciple. The fundamental difference, however, is that in the
flight direction the data is sufficiently anggularly sampled according to the Nyquist
theorem, while in the elevation direction sampling reflects random orbit locations and is
sparse and irgular. A further complication is that in the multigdeattering case the
different scatterers may exhibit a different deformation history.

Imaging in the thirdlimension( el evati on) i s also referred
original references o8AR tomographyReigber et al., 200@n estimate of theeflectivity

in elevation is derived, P®ked to retrieve the coordinates of single points. Both methods
are tomographic and are equivalent to spectral estimation, the filsemgmon-parametic

and the latter parametric. For a full exploitation of 1 m resolution data in urban environments,
the omnipresent ambiguities due to multiptattering must be resolved. Hence, multiple
scatterers must be considered in the tomographic reconstructiorodetiselection must be
applied in order to estimate the number of relevant scatigréesn et al., 2005)

Tomography, introduceid SARin the earlynineties, isa way of overconmg thelimitations

of standardtwo-dimensional (2D) imaging by achieving similar to Computed Axial
Tomography CAT), focused3-D images. Howevewith respect to classic&AT, SAR
tomography hasa few additional difficulties. First ofall, acquisitions are generallyghly
unevenlydistributed in baseline a classical Fouriebased inersion may decrease the
perfomancewith respect to a redarized inversion(G. Fornaro, 2005)Second3-D data
cannot be collectesimultaneously, at least wiixisting satellites, but ratheyrghesized via
repeated passesyell separatedni time. Third, for spaceborneSAR the number of
acquisitions depends directhn the number of passewhich meanghat for young SAR
satellites such as TASARX the number of acquisitions can be very limited.

SAR tomography is addressed inrwdew scientific publications The frst experiments
were carried out ithe laboratory(P. Pasquali, 1995underideal experimentalanditions,
or by using airborne systeni8. Reigber and A. Moreira, 2000The applcation of 3D
SAR tomography tspaceborne stamms is limited(G. Fornaro et al 2005), (J. Homer,
2002) , (Z. She, 200@And not yet welassessedntil now Notwithstandingdevelopments
of SAR tomographyor spaceborne systems wouiih the potentials of advancénaging
techniques to the synoptview capabilitiegF. Gini et al, 2002) and isfundamental to
four-dimensional (4D) (space time) SAR imaging, i.@ techniques that not bnseparate
point scatterex interferingin the same azimuthange reslution cell, but also estimatkeir
relative deformation$G. Fornaro et al 20(5).
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1.2 Motivation and Objectives

Satellite remote sensing becomingmore and more important. It is able tecover
contactfree information about objects. Synthetic Aperture Radar (SAR) along with its
interferometric capabilities hasyany proven advantagesompared tather techniques in

the remote sensing sensor suite: SAR is independent of wealtheun illumination and

due to phase measurements, it is even capdhbieeasuringprecise 3D localization and
millimeter motions on the earth from space and reveals a previously unknown potential for
earth observation.

SAR tomographyTomoSAR) is a consequent further development of SAR and INSAR
TomaSAR can retrievéhereflectivity distributionin the elevation direction (perpendicular
to the range and azimuth plane), therefore, TomoSARoetterreconstruct 3Dstructures
distinguishmultiple scatters within one resolution cell antiows to monitor with highest
precision to 4D dynamic world extending the B&shnique.

In recent years, with ideal experimental conditions or by using airborne systems, some
experimerg for TomoSAR were carried out. However, for the spaceborne case, the
application of 3D SAR tomography to spaceborne systam$imited. Even houghthe
importance of spaceborne TomoSARSs been recognizeahdthe basic principle isvell
described and understood from theoretical point of Vilegre are nothanyexamplegrom

real data. The performanilimited either byatellitedata acquision or by the complexity

of the problemitself.

Currently, there are several new SAR satelliteg. TerraSARX, COSMOSkyMed,
RadarsaR, TanDEM-X, which are already launched or will be launched very soon. They
provide new high quality data acquisitioior TomoSAR unavailable so farThe
TerraSARX satellite,launched on June £52007, provides high resolutioaf up to 1min
Spotlight mode. TomoSAR can indeed profit a great deal from such high resolution as the
density of PSincreasedramatically andthe signal to clutter ratio has been improved
significantly as well. With a short repeat cycle of 11 d#lys,sadk can be built upapidly.
Needless to say, the launch of TerraSARbrings new blood to the development of
spaceborne TomoSAR.

To summariz, practical demonstratioon spaceborne TomoSAR is very important and
challenging

The research work in this thes$ias been carried out with th@lowing objectives.
A Analysis of existing tomographic algorithms:

An estimation theoretic framework is dsiahed to evaluate the applicability of existing
tomographic aorithmsin multiple scatteringases

A Simulation of typical elevation apertures and parameter estimation:
5



Based on typical TerraSAR orbit histories representative aperture sampling schemes
are generated. Parametric and4pamametric tomographic reconstructions are simulated
and evaluated.

A Implementation and assessment of model selection methods

Bayesian,the minimum descriptiondngth and theAkaike information criterion are
implementedand tested on the simulated dateorder to compare thgerformanceo
detect one, two or threlominantscatterersnside of a resolution cell

A Applicationof the developed algorithms on real data

Data d the Las Vegas testsigge prerocessed to form PSI stack. The tomographic
algorithms developed in the previous steps are applethe real data. The detected
single and multiple scatterers are compared to groundanativalidated

1.3 Introduction to TerraSAR-X Mission

The TerraSARX satellitewas launched odune 18, 2007, from Baikonur in Kazakhstan.
With its active antenna, the spacecraft acquires-gigllity X-band radar images of the
entire planet whilst circlinghe Earth in a polar orbit at 514 km altitude. TerraSKRs
designed to aay out its task for five years, independent of weather conditions and
sunrillumination, and reliably provides radar images with a resolution of Qp6tel.In.

Figure 1.3: Artist's view: TerraSAR-X in space
Technicalfeatures include:

Active phased aay X-band SAR
Single, dual and quagablarization
Sidelooking acquisition geometry
Sunsynchronous dawdusk repeat orbit
Repetition rate: 11 days; due to swath overlay, a 2.5 day revisit time can be achieved
Orbit altitude range from 512 km to 530 km
Three operational imaging modes:
- Spotight: up to 1m resolution, 10 km (width) x 5 km (length)
6
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- StripMap: up to 3m resolution, 30 km (width) x 50 km (length)

- ScanSAR: up to 16 m resolution, 100 km (width) x 150 km (length)
1 StripMap and ScanSAR: acquisttitength extendable to 1,650 km
300 MHz high bandwidth providing a range resolution of 0.6m.

TerraSARX is the first German radar satellite to be implemented within a PBbNate

Partnership (PPP) between tBe&rman Aerospace CentérDL R) and Europeods
satellite specialistAstrium. DLR and Astrium share the costs tife development,
construction and deployment of the satellite.

Figure 1.4: First scene acquired by TerraSAR-X only four days after its launch: Landscape
near Volgograd, Russia.

In the future, the PRRINndedTanDEM-X, a twin satellite to TerraSAK, will enhance the
mission. The satellite constellation will enable the generation of-duglity Digital
ElevationModels (DEMs) on a global scale.


http://www.dlr.de/
http://www.astrium.eads.net/
http://www.infoterra.de/terrasar-x/tandem-x-mission.html

1.4 Outline of the Thesis

After the introductionChapter2 introduces the basic principle 8AR tomography. The
framework of SAR tomography is presented showing that the technique resultsifireally
spectral esmation problem.Afterwards, severakpectrum estimation strategies, both
deterministic and statisti; (including theSingular Value Decompositioand Nonlinear
Least Squaresstimation strategig¢greexplained in detail.

Based on the theory explainedChapter2, the effect of differentriteriasuch asarandom
distribution of baselines, number of samples, amplitude ofidpeal mutual inference,
signal to noise raticand performance of different spectrum estimation strategies are
analyzed with snulated data in different condition§he practical applicability of the
developed algorithms is demonstrated using high resolution Spotlight data from
TerraSARX of the Las Vegas testsite.

SAR tomography can give information abthg scatterer distribtion within one resolution
cell. It is capablef determining number of scatterers and the corresponding reflectivity. As
an applicationof the developmentChapter4 gives a short overviewof the DLR
PSIGENESISprocessor andlescribes how SAR tomograplmelpsto improve the PSI
processing by estimation of the scatterer configuratinfierent model selection methods
are discussed and the performances are investigated with simulated and réaledatadel
selectiorresults arevisualized in Googlearth

Chapter5 concludes this thesis, and attemptsptovide an outlook d future research
directiors.

1.5 Summary

1) SpaceborneSAR tomographyis a new and challenopg techniquewhich allows
improvingthe PSI estimatiarit can be considered as a straightwfard extension of the
PSI processing.

2) Thesubject of this thesis is the prototyping and test of spectral estimation methods for
SAR tomography The practical applicability of the developed algorithms is
demonstrated on TerraSARdata even in irregutly sampled and small dataset.



2 Spectrum Estimation Strategies

This chapterpresents some fundamentals of SAR tomograipigrpolationand the use of
SVD and Nonlinear LeastSquaresestimation (NLS) for spectrum estimation. The main
purpose bthis chapteris todevelop and provide mathematical framewinkthe following
chapter

SAR tomography and its corresponding mathematical descrigtegiscussed in Section
2.1. Afterwards, theinterpolation strategy for spectrum estimation andcd@gesponding
frequency response keal is described in Section 2.2. Thagular value decomposition
strategy for spectrum estimatias introduced inSection 2.3 Nonlinear Least Squares
estimation which is a deterministic estimator is explainegktion 2.4 Finally, Sectior2.5
summarizes tachapter

2.1 Introduction to SAR Tomography

With applying a classical fosing algorithm, 2D full resolution SAR images are obtained
asthe singlelook complex (SLC) images. The complex valued measuremenspécific
resolution cell ofthe SLC image represents the integral of the reflected signal along the
elevation direction.

In Figure 2.1, the buildingat the centre ishe famous hotelWynn Las VegasTheorange
line refers to the line of siglandthe yellow lines representhe elevation direction fothe
respectivesingle resolution cedl Figure 2.2 shows the correspondiig@rraSARX high
resolution SpotlighSAR image of that buildingvherethe brightness refsto the intasity

of reflected radarignal. The pixels highlighted with yellow dots arethingmore tharthe
integration of the reflected radar sigaébng the yellow lines i.e. in the elevation direction
Therefore, if there are two scatterers witkich aresolution celle.g. a scattereron the
building and on the ground, we can not distinguish them with a single SLC image.

SAR tomography retriewhe distribution of scattereia the elevation direction and the
corresponding reflectivity. In order to uerdtand SAR tomographwe haveo understand

that SAR tomography is actually a spectrum estimation problem. The theoretical aspects of
SAR tomography are quite well understood and thgigtseveral publicationgRkeigber and
Moreira 2000, Fornaro and Serafino 2003, Fornaro and Lonmh&@05, Lombardini 2005,
Fornaro 2006) In this section, the theory of SAR tomography will be explained
mathematically.



Spectrum estimation strategies

Figure 2.2; Corresponding SAR image of Wynn Las Vegas. The brightness refers to the
intensity of reflected radar signal received by SAR sensor.

Spaceborn&SAR tomography isapplied todetermne the 3D reflectivity functionfrom
repeat pass acqusitiowith a single passAR image with coordindes intheazimuthrange
plane thetwo dimensional reflectivity propertiemn be retrieved. Mti-pas SAR images
have the potentialf providing informationin the third dimension.

Let usdefine the 3D referencesensor framef a single pass as

X: azimuth direction
r: range direction
S elevation direction

wherethe origin is the position of the satellite.

10



Spectrum estimation strategies

Figure 2.3: Sensor frame

Within this reference framel+1 SAR passest coordinates(x, r) are madefor each
resolution cellWe are interested in tlietermining the coordinates of each scatterer within
one resolution celindther corresponding reflectivigs

For the purpose of simplicity, weonsideronly one resolution ceind makehe following
assimptions.

1) All SAR imagesareco-registered
2) The SAR sensor idhgerving ideal poinscatterers.

With assumption 1, for a specifiesolution cellwe shift the geometry from3D world to a
2D world. As depicted ifFigure2.4, let usset the paskbelledwith n,, as the reference

pass (master pass), then the reference frame can be speittiadorigin which isthe zero
Doppler satellite position gfass,, ; anr axispointing to a reérence pointP, inside the

resolution cell with zero elevatiomnd ans axis perpendicular to the axis within the
rangeelevation planeNote that the reference pass can be any pBissrefore, we have
R, = (X, Iy, 0) with the targetP lying at the positiofix,, r,, ). Under this definitionthe

azimuth coordinatesf a specific targedt zero Doppler position is= X, .

11



Spectrum estimation strategies

Figure 2.4: Two dimensional system frame

Assumption 2s reasonable with DLR PSBEENESISwhich extractphase and amplitude
by Point Target Analysis (PTAWith this assumption, thgost focusing2-D point spread
function (PSFxan be replaced by al2 Dirac function.

Using the 1st Born approximation, the obtained[® signal forthe n antenna can be
modelled as follow

3 - . 4

9n0%: 1) =i Ifidr 106 -x 5 1) ds g el 7 R(rsl, n 0250 (21)
where x,,r, are the azimuth and range coordinate®eiated withthe focused data/ is
the operating wavelengthg(x,r,s) represents the 3D scattering model aRdr,s) refers

to the distance between the target and sensor. WithinEhgehsor fame (RS plane) of the
antennan,, depicted inFigure2.4.

CAR: TV 2-2)

RED=( 17 65 BT [rog] - s

lin
Here (b,,b.,)is the position ofhen™ antenna ad (r,s) arethe coordinates of thexatterer.
f(% - X r,-r) is the so called post focusing®2 point spread unction (PSF) which is
given by

o

. - . -r
f0g- %1, ) sincf>Z)sine_~ (2:3)
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Spectrum estimation strategies

where Dxand Dr are the amnuth and range resolution, respectively.
Using assumption 2,

fOo- Xk 1) X x& 1), (2-4)

9,06, ) = s %59 &P 2R (5,91 . n 02, N (29

Then, g(x,r,s)and R, (r,s) only dependn the elevatiorsincex,andr, are given by the

focused position of the SAR images. By multiplying the received signalapitfase factor
correspondingd the zero elevatioreference poing,, we have.

gn=mexp[14/—p R,(0)] =n(s)expl 1’4—/p (R(9 RO))]d - (26)
where,
(s- b))’ (b.)?
R(9- RO) ¢ H| +—" (¥ - )
14 201,y (5 B 2, by,
by, s’ , (27)

S =+
‘ro-blh‘ 2‘r0 'blh‘

which is the range difference causedagjifferent sensor position.

[- a,a] is the extent of the image scene in the elevation direction. The valaenadinly
depemls on the height of the building and the look angle.

TerraSAR X

Figure 2.5: Two dominant scatterers inside the resolution cell

13



Spectrum estimation strategies

Insering 2.7 into 2.6 gives

e . . 2 b
g, = pexpl-j2 g ———"—)slds , (2-8)
o / ‘ro- blh‘
where . ,
- A4Ap s
g = expl -j—————1 - (2-9)
/ Z‘ro-blh‘

From whichwe can sedhat g, is nothing else but the Fouri¢ransbrm of g(s) at
position

2b 2b

n o )

f =
" /\ro-blh\ /r

Fromthis, we can see that the effect due to the baseline in the range dirbgtioan be

neglected. All passes can be assumed dol@bngthe elevation axis.

As the phae term ofg(s) only affectsthe phase of the final image and we are only

interested in the amplitude which determines the power densiigneee the phase terfar
simplicity:

9, = p(sexpl -j2 d,slds T (4, ¢ Jl;. no,=, 4 (210)

which shows thathe focused SARmage fromthe n™ passfor a specific resolution cell is
nothing else but the Fourier Transfer of the reflectivity funcimotineelevation direction at
the positionf, . Taking into account alh,+1 passes, we have a seriesahlisirregulaty

sampledand depends on the baseline of each antennavedatthe master antenna frame
(n, ). Therefore, in order to estimate the elevationtheScatterers, we have to estim#te

peakin the frequency domaiidence, SAR tomographys a spectrum estimation problem.

In order to understanthis explicitly, we can also treat mulpiass data for a specific
resolution as a signai theelevation direction wite a SAR image isa sgnal collection in
therange and azimuth directianTherefore, we alsoeed an elevation direction fosing
process anthisis what SAR tomographgloes

For uniform samplingat a sufficient ratethe discrete values dhe reflectivity function
alongthe elevation direction can bdirectly retrieved bya DFT. However,n our casdahe

data isunevenly samplednd seldom passes over the area of interest. Fornaro et.al deal with
this specific SAR tomography inverse probléon ERS data andbtainedgood results.
However, compakto ERS, TerraSAR hasfar fewer acquisitions. Thus, we have to
designanalgorithm forthe case of sparse irregularly sampled .data
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Spectrum estimation strategies

Several possibilities are conceivable, both statistical and deterministic strategies.
Interpolaton, Singular Value decomposition ahbnlinear LeasSquaresEstimation are
explained in detail in the following sections.

2.2 Interpolation Kernel and Corresponding Frequency
Response

Interpolation is the process of determining the values of a funettopositions lying
between its samples. It achieves this by fitting a continuous function through the input
samples.

Al nterpol at i on 0 sdepgesihgadn thefcantexe. kFrdr contiruaus signas, it
can be filling a gap. For discrete signasan be reconstruction of the original continuous
signal which is sorted gmlarimetricstrategyit can also bachange of the sampling pattern
such as sampling rate conversion, resampling, geometric distortioegistration, shift in
the subpixel domain, and so on. In our cases wish to resample the series to a regular
seriesand then estimate the spectrusing theresampled data.

The accuracyandcomputational cost of interpolatiafepends onhe interpolation kernel.

Here the purpose of terpolation is to simulate an ideal low pé#er which is aninfinite
lengthsinc function inthe time domain. Therefore, by comparing the frequency response
with anideal low pass filter, one can evaluate the peréroe of the interpolatofhere are

many different interpolation kernels such as nearest neighbourhood, linear interpolation,
cubic convolutionand B-splines. However, interpolation is only possible if a priori
knowledge abouhesignal badwidth is available. Herd,is assumethat the landwidth of

the low pass filteris equal to 1. For the purpose of performars@luation regular
sampling is assumed the following discussion.

1. NearestNeighbour

The simplest interpolatdrom a computational standpoint is the nearest neighbarevh
each interpoleed point is assigneithe value of the nearest sample point in the input image.
The interpolation kernel and corresponding frequency response isesf@@ in the
following table. Wecan see that theig a largedistortion of the signapectrum and aliasing
effects due to incomplete suppression of the spectral replicas.
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Table 2.1; The Nearest Neighbour interpolation kernel in the time and frequency domains

Time domain

Frequency domain

h(x :,iél 0¢|x ¢0.5 () =sina( )

70 0.5¢ |X]

h9 HOI

1} ;
PN B U 1O -
SR 00 T 1
7 - _________ _________ ..... ...........
WM S W 1 0 T -

2. Linear Interpolation

Linear interpolation is first degree method th@ins two consecutive points the input

signal with a straight line The interpolation kernel is a triangular function and its
corresponding frequency respomsé¢he square of a sinc function. This kernel is also called
the roof function or Bartlett window. The frequency response of the linear interpolation
kernel is superior to that of the nearest neighbour interpolation function. The side lobes are
less promment. The performands improved in the stop band. Thass band is moderately

attenuated, resulting in smoothing.

Table 2.2: The Linear Interpolation kernel in the time and frequency domains

Time domain

Frequency domain

- 06y 1
h(X _}o X2 1 H(f)=sin¢ ()

h()
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3. Cubic Convolution

Cubic convolution is a third degree interpolation algorithm that well approximates the
theoretically optimum sinc interpolation
t r unc at e dppreximatesdhe sirg interpolation function quite wblis a parameter
thatcan be controlledy the user. Differentalues of b suitdifferent problems. For the case

of b= 4, it appoximatesasincfunctionwith the same gradieit |x| =1.

Table 2.3: The cubic convolution interpolation kernel in time and frequency domain

Time domain Frequency domain
) H(f)= 3 ~(sin¢ (f ) -sinc(ZX ))
ép+2)" -(b X 1+ 0 [f¢1 (wf)
3 2 2 . .
h(x):ibM 54X 8hk 4b 1| 2 +b(pf)2 (3siné (2f ) - 2sinc(Z
i° X2 2 _ sinc(4f ))

h()

02
ol

Based on the analysis above, we can see thheioase of regular sampling)e nearest
neighbouis quite poarlinear interpolation gives a reasonable result at moderatecobst
convolution shows much better performarmgtthe cost is alsecelativdy high.

However, everything discussed above is based on having enough lsanfherefore,
interpolation inthe data space can only Iperformedwith a sufficientnumber of satellite
pases Otherwise, as we see from the frequency response, $eebpad will be extended,
leadng to significant aliasing.

17
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2.3 SVD Strategy

In linear algebra, the singular value decomposition (SVD) is an important factorization of a
rectangular real or complex matrix, with several applications in signal progeasd
statistics. Applications which employ the SVD include computing the pseudo inverse, least
squares fitting of data, matrix approximation, and determining the rank, range and null space
of a matrix.SVDis a simple and valuable tool for analyzing ireggality and the amount of
independent information about the unknewwhich can be relialy retrieved from
observationsin presence of noisdzor spectrum estimation, it is generally possible to
effectively overcome the associated problem due to nonumifi@ack distribution that may
include significant nise propagatiomniue to the iHconditiored nature of the probleniby
Truncated Singular Value Decomposition (TSVDOp the following section,the
mathematicaldescription ofthe SVD and how to apply it to the spectrum estimation
problemis presented.

2.3.1 Mathematical Description

Let Gi <™ "be a rectangular matrix with> n. The SVD of G is adecomposition of the
form (Hansen, 1992)

G=US" AusYV, @)
i=1

whereU =(u,,...,u,) and V =(v,...,v,) are matrices with orthonormal columns,

U'U=V'V 9 and S =diag(s,,..., §) has nomegative diagonal elementsch that
s,2..25 8

The s, are the singular values & while the vectorsy, and v, are the lefandright

singular vectors @& respectively. The condition number & is equal tahe ratios,/ S.

From the relationsG'G=V" 8V and GG' =U" &J we see that thesVD of G is
strongly linked to thesingular value decompositions of the symmetric positive

semiddfinite matrice$s' GandGG' . This shows that the SVD is unique for a given
matrix G -except for singular vectors associated with multiple singular values. In
connection with discrete ifbosed problems, two characteristic features of the SVIG of
are very often found.

1) The singular values, decaygradually to zero with no particular gap in gygectrum.
An increasen the dimensions ofG will increase the number of smalhgular values.

2) The left and right singular vectors and v, tend to have more sign changeghair

elements as the indéxncreases, i.as s, decreases.
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Although these features are found in many discrefgodled problems arising in practical
applications, they are unfortuest very dfficult or perhaps impossibléo prove in
general.

To see how the SVD gives insight into theadnditioningofG, consider thdollowing
relations

Gv=s yad _
0 i=1..n, (22)
||Gvi|2_ Sig

We see that ansall singular valus;, compared t{G|, = 5,, means that therexists a
certain linear combination of the columnsXf characterized by the elemeifsthe right
singular vectoy,, such that||G v|, = s, is small. In other words, oner more smalls,
implies thaG is nearly rank decient, and the vectors; associatedvith the small s,

are numerical nulVectors ofG. From this and the characteristieatures of G we
conclude that the matrix in a discretegthsed problem is alwaysghly ill-conditioned,
and its numerical nupace is spanned by vectors with maigyn changes.

The SVD also gives important insight into another aspect of discrgiesdédproblems,
namely the smoothingffect typically associated with a square integrddd@mel. Notce
that ass, decreases, the singular vectass and v, become more anchore oscillatory.

Consider now the mappings x of an arbitrary vectox. Using the SVD, we get
x=8,({¥y and
Gx=8 s (¥ Ay (2-13)

This clearly shows that due to the multiplicatiith s, ,the highfrequency components
of xare more damped ifG x thanthe low-frequency components. Moreoyéhne inverse
problem, namely that of computixgrom G x=b or min||G x- {|,, must have the

opposite &ect: it amplfies the higHrequency oscillations in the right hand dide

2.3.2 SVD for Spectrum Estimation

The SVD strategy can be used to sdive spectrum estimation problem under irregular
samping. Definethedata spaceY 1 C*" asa vector withn +1 elements for a specific
pixel. Define the unknown space:G | L( a a) which is the continuous reflectivity
function of the targein the elevation direction wit extent(- a, a). With a compact
operatol , we carswitchfrom the unknown space to the data space as fsllow
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9=Ug &h ppl2 Abds (2-14)
9,=g.exp(i2 f,5) +,8xp( 2 .8 . (2-15)

With an Adjoint operatok’ , the inverse process can be implemented:

N

g=L{g =éoeXp[ R A9, - (2-16)
The difficulty is that we camot implement this operatorirdctly as we have to either
discretizethe reflectivity function alondhe elevation direction or transfer @regulaty
sampleddata space and implemespectrumestimation.Thesetwo ways are essentially
equivalent.Theoretically, we can use thjoint operator to transfer thiew irregularly
sampled dat#o the unknown space and then using the compact operator back to such a data
space which is regulgrsampled with the number of samples we want:

h. =(LLg). with, b, =b.(m —';') fmzzf’“rm m 0,...,N. (2-17)

The tricky thing here is that the nonlinear operator can be replacedsbgna matrix G

with G,,,=2asinc[2a(f, - f )] which meansh“:'a's G, .9, with m=0,...,N and

n=0

n=0,...,n, whichcan be proveas follows:

a

h,=(LLg), ¥9), f ®expl j2 fgs ds

-a

g(9=a g,expl-j2 A9
n=0
=> h, fexel iPfsia g.expl j24f slds
-a n=0

=& 9, fexplip (f, -f,)slds

n=0 -a

N
=a g,sincl2a(f, -f)]
n=0

c C
=> h g (2-19)
Practically error propagation is the main probldrdawever, thegroblemdescribedy 2-19
fits exactly to 213. Therefore, mstead of resampling by directatrix multiplication, a
SVD strategy will be implementeds described inFigure 2.6, with simulated data, the
Grantmatrix can be generated firstmplementinghe SVD algorithm on the G matrix, we
can resampléhe data regularlyin order to solve the associatingdlbnditioning problem,

20



Spectrum estimation strategies

regularization methods such sisigular value truncation are implementeBased on this
resampled data, we can estimate the reflectivity function along elevation direction by
transf or mi ng thespectafidoneain Withdane aodel selection critertae
numberof scatterers antheir relativeposition within one resolution cedlong theelevation

axis can be estimated.

N+1 SAR passes over

the interested Area

v

Generate simulated data

v

Generate Grant matrix G

v

SVD of G

v

Regularization

v

Resampling data

v

Spectrum estimation

v

Reflectivity function along elevation

direction

Figure 2.6: Flow chart of the SVD spectrum estimation strategy

2.4 Nonlinear Least Squares Estimation

Consider the noiseorrupted SAR observations ofn, complexvalued sinusoidsthe

observation equatiois:

g9, =a ge”"™ +yn G..n (220)
k=1
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Where
G complex amplitude ok™ scatter
S elevation ofk™ scattere
n+1 number of available data sample
U, observation noise, which is complex zero meaussian noise
n, number of scatters within this resolution ce
f, frequency of sampled FT which depends on theslyaes distribution
g, complex valued observation faf'  pas

As both the compix amplitude anckelevation are unknown, the spectrum estimation
problem is nonlinear. In order to solaenlinearproblem, there are two methods to reduce
the complexity of the problerfKay, 1993) transformation of parametees sparation of
parameters

In the first case, we seek a etmeone transformation afnknownparameters that produces a
linear signal model in new space. After that, implement least square estimation to
transformed unknowns. Finally convert back to the unknparametersThis appioach

relies on the properties that the minimization can be carried out in any transformed space that
is obtained by a one to one mapping and then converted back to the original space. The
determination of the transformation, if it exists, is usually qditiécult. Suffice it to say

only a few nonlinear LS problems may be solved in this matter.

A second type ohonlinearLS problem that is less complex than the general ones exhibits
the separability of property. Although the signal model is nonlineagytbe linear in some

of the parameters. That is true in our problem: the amplitude and elevation can be separated
to the following form:

A\ g o o
g=HE)ix+u @1)
where
N A i j2pfes, s N
&g, o Cel2 1 e o g o ug o
é u € u é u é u
I € u € u ¢ U
c ¢ u - : c g c ¢ U
g=¢. U Hs) = U X e u 7 =€ u.
é e u é u é
é: u g u é- u ‘¢ U
e u = j2pf.s j2pf,s, U u e u
89 (Hys e " " &, kb1 e (o, s

Where H is a(n, +1) *n, matrixdepenihg on the unknown elevations of the scatterass
this model is linear in amplitude and nonlinear invaten, the LS error may be minimized
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with respect toX and thus reducedta function of elevations onlyyhich means a K
dimensional search is needed. Since the object function:

IS NE(g-HI ¥ g -HF) (22)
X that minimizes) for a given S'is
= (HT(SH(Y H(9 ¢ (2-23)
Theresulting error is o , _ _ _
ISHEJIT-HI(H($ HF TR | (2.24)

The problem now redes to a maximization ofj‘T H(s)\(HT(s IEK 5))'1KI'—T( $ (overSand
a grid search can be used.

The following flow chart showshe Nonlinear Least Squasesstimation procedure for
spectrum estimation.

n,+1 SAR passes

over the interested Area

!

Generate simulated data

l Maximize
2D elevation search gT H( HT H)' 1yT g

l

Least square estimation for amplitude

l (g- HX"(g -H

Minimize

Reflectivity function along elevation

direction

Figure 2.7: Flow chart of the Nonlinear Least Squares spectrum estimation strategy

To reduce theomputationatomplexity, weassumehatthere are only two scatterers within
one resolution celA two dimensional search teenrequired After that the amplitdes can

be retrieved by least square estimation. Finally we get the reflectivity function along the
elevation direction.

When the noise igzero normdy distributed and whitethe NLS is also the MLEthe
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theoreticaly optimum(achieveshe CRB)for largesamplesThis method is very expensive
as a multidimension search is requirad/hen only two scatterers are assumed and avith
small data stack, is reasonable.

2.5 Summary

1) The fundamentalof SAR tomographyverepresentedn this chapterits relaton to
spectrum estimation was discussed and the spectral estimators to be evaluated in this
thesis were presented

2) Although interpolation in datspace is only possible when we have enough samples,
for completeness, i$ also considereit this thesis.
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3 Spectrum Estimation Results with Simulated
and TerraSAR-X Data

Thespectrum estimatsareevaluated on both simulated ameél dataForsimulated dataf
IS possible to compare thesuls with the simulagd truth andeffects caused by different
factorscan be separateBor real data, it verifies whether the strategigisbe successfui
practice.

Section 3.1 explains how the data are simul&pdctrum estimation results from simulated
data under different simulation condition are discussedSection 32 and Section 3.3
Results with TerraSAK dataattest site Las Vegas are discussefantion 34. Section 35
summarized thishapter

3.1 Data Simulation

The spectrum estimation algorithm is firstlyaluated osimulated data. &t simpliaty, we
startwith the caseof two point scatterers within one resolutioell instead of contimus
volume scattering.

Thereflectivity function is then
g9="g(¥-9 % (P , (3-1)
where s and S, are thetrue elevatios of the two scatterers.

In order to separate the effecf baseline distribution and noise, the complalued SAR
data are simulated in tweays

Table 3.1; Two data simulation cases

Case 1 (pure simulated ) ‘ Case 2 (sembsimulated)
No noise ‘ Noisepresent
Simulated baseline distribution ‘ Baseline distribution from real data

For case 1, the purpose is to investigate the influehaeandom baseline distributiprthe
Grantmatrix, the number of samples and the interference betwegtersrs. The data is
simulatedas follows.

Firstly, system parameters are initialized with respect to the ERS satellite mission:
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Table 3.2: Initialized parameters for case 1

Distance from scene center r 847361 km
Uniform orthogonal baseline b. 30m
Wavelength / 0.056m
Expected number of acquisitions N+1 99
Actual number of acquisitions n +1 15
Extent of image scene in elevatidimection a Byq ! 2

The focused data ax,,,) with different basknes alongthe elevation directioris then

simulated as
b’\n:b/\(n _N)1fn:2bAn n :O,...,N
2 r
g, =gexp(j2 ps) F,exp(2fg (3-2)

From the N+1 regular sampleg, - 1 randomly chosen samples and two endpoints are

taken The reasorior fixing the two endpoints is that the minimal distinguishable distance
between two scatterers depends on the bagselimge (i.e. the maximum difference between
baselines). In this case, the baseline distribution isstimtly irregular, but regulawith
missing samplesNeverthelessit is a reasonablapproximatiorto the real worldWith the
baseline distributionn Table 3.2 the elevatiorresolution (the minimal distinguishable
distance between two scatterezah be computed with the following expressio

baselinerange(99 -1) 30 m 2940 m

elevation resolutiorr Al 8.07 1

23 baseline range

For case 2a real baseline distribution of TerraSAR Spotlight data is used. Theain
purposehereis to investigate the influena& noise. System parameters are initialized
those ofthe TerraSARX satellite mission instead of ERS.

Table 3.3: Initialization parameters for case 2

Distance fronmscene center r 704.000 km
Wavelength / 0.031m
Actual number of acquisitions n +1 9
extent of image scene @levation direction a depends on the test 4

Subsequentlythe focused data at(x,,f,) are simulatedwith the following baséine

distributionin theelevation direction:
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b =[0.00 -98.17 -40.55 -94.99 -91.39 -1TF 132.86 107.719 -83.73] [

With a base range of 240.0410 metke elevation resolutias 455 meter. Thereforeeven
from the theoretical poinbf view, it is impossible to distinguish two scatterers along
elevation direction with a distance smaller thanS54feter and the only possibility to
improve resolution is having more acquisitions with larger baseline r&mgelateddata
are then as

2h

f == 9, ...,
" Ir : s
0,=gexp(j2 p,s) ¥,exp( 2 f,8) noise (33)

The noise samples amedependent, identically distributgdi.d.) complex zero mean and
Gaussia. The SNR is defined as: ,

SNR=10l0g,, (2 ). @)
Snoise

where, SNRs the signal to noise ratio in dBA is theamplitude ofthesignal and$S ;. is
the standard deviation dienoise.

Results with simulated and sesimulated data are discussediection3.2 and 3.

3.2 Spectrum Estimation Results from Pure Simulated
Data

As mentioned irSection3.1.1, in thissimulation the baseline distribution is simulated in
such a way than,+1 passes are randomihosenfrom anirregular baseline distribution

with 99 samplesSince no noise is preseMonlinear LeasSquare®stimation always give

the true valuevhen the number of measurementaos lesshanthe number of unknowns.
Therefore, onlythe Singular Value Decomposition isvaluated withousingular value
truncationwhich is mainly applieda reduce noise. The main effect of the SVD strategy here
Is that theGrant matrixis used to resample the measuremenite extert of the imagen
elevationis assumed to bkenown

3.2.1 Baseline Distribution

Figure3.1 shows an exampleherel5 samplesut of 99were randomly choseithe upper
plot is thepowerspectrum of the measurements.this example, two point scatterers are
simulated whiclarelocated at Om and 7@t (about10 resolution cells in betwegalong
elevation axis. The correspondirgflectivity of thescatterers is 0.8 and 1 atind extent of
the images 197.7mRed solid lines with staiare thenormalizedbowerspectafoundusing
the SVD As a reference, the powgpectrum using all 98amplespbtained using thBFT,

is also slown with a blue solid line.For comparison, the normalizgabwer spectrum
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obtained from théFT of the data with missing samples ie@avnwith solid agreen line
(whenasample witha certain baseline is missing, zergsreinserted. The DFT of thefull
datasetcan be treated as a reference which illustrates the best case wbileltiath 15/99
sampleswhich is the available datasshows the worst case.

Example: Result of spectrum estimation with15/99 (y A =0.8 s =1 alanyq =0.5)

1 T T T T 71 T T
SVD
= - el = DFT with15/99 samples
3 08f =197.7176m; s1 = Om s2 =79.087 ; H
2 e » el o ¥ DFT with full data
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Figure 3.1: Example 1: spectrum estimation result with 15 samples out of 99 with favorable
baseline distribution. The upper image refers to the normalized spectrum power; lower plots
displays the distribution of uneven samples compared to the regularly sampled full data.

The SVD shows a better performance. With help of the prior knowledge aboesttereof
the objectin elevation directionthe side lobgwhich may lead to false detection when the
baseline distribution is not gavourable arsuppressedrhisis discussed in detail later in
this section

The relevant baseline distribution ofgtexperiment is described in the lower plot. The blue
dots refer to theuniformly sampled observations from which the nonuniformly sampled
observations aremndomly extracted. In this instance, the baseline distribution is ré§ative
evenly distributed. Qopaedto the powespectrum obtained from tH2FT of the full data,
boththe DFT with missing samples artlde SVD perform well.

On the other hand, when the baseline distribusamt sofavourablydistributed, there may
be a largedivergence fronthe result obtainedrom the DFT of the full dataFigure 3.2
shows the result obtaineidr the same conditianbut a different baseline distribution
compare to the example showed Figure 3.1. As visualized in the lower ptiftFigure3.2,
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the baseline digtsution is relativéy unevenwith bothlargegaps and veryclosely spaced
samples. Due to thenfavourablydistributed baseline, there dexgesidelobes beside the
main peak ashownin the upper plot ofFigure3.2. In this case, the spectrum of the algs
significantly distorted.

Example: Result of spectrum estimation with15/99 (y 3 =0.8 1, =1 a/anyq =0.5)
1 T T T T ¥

T T
—#— SVD
= _ ek _ DFT with15/99 samples
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Figure 3.2: Example 2: spectrum estimation result with 15 samples out of 99 with unfavorable
baseline distribution.

From the two examples above, we can see that the baseline distribution has a significant
effect on spectm estimatiorwhich camot be ignored. In order to analyze the contribution

of the baseline distribution, theatio of the signal to strongest side lobe in different
simulation condition i:iow investigated statistically.

The histogram of the signal &irongest sidelobe ratio tfe estimated normalizegower
spectrum is plotted iRigure3.3. The red solid line represents the histogi@nthecase of 1
scatterer.n this instancethe signal to strongest sidelobe ratio has a mean vaRi8%dnd
stardard deviation 1.18. If dyp one scatterer igresentthe mean signal to strongest sidelobe
ratio is mainlydue to the small dataset and nonuniforsampling wile the standard
deviation is mostlyue to differenbaseline distributions. Therefore, we @amclude that
the baseline distribution contributsgnificantlyto the estimate@owerspectrum whichs
reflectedin the histogram.
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The blue solid lineis for thecase of 2 scatterers this instancethe signal to strongest
sidelobe ratio has meavalue 2.0and standard deviation 0.8 smaller mean signal to
strongest sidelobe ratio and standard deviation are mainly due to the interference effect.
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Signal to strongest sidelobe ratio

Figure 3.3: The histogram of sighal to strongest sidelobe ratio of estimated normalized power
spectrum

As sngular value decomposition is mainly dealing wsihgular valueand corresponding
eigervectors, it would be very interesting to skew thesingular value aredependent on

the ramlom baseline distributiorf-igure 3.4 shows the singular valuashaviors due to
different baseline configuration when fix a certain number of samples. From this
viewgraph, we can see the spread of the singular values due to the random baseline
distribution. For instancewhen the number of samples is very small (85, the singular

value spread caused by a random baseline distribution is comparable to the magnitude of the
singular value itself. This is exactly the reason why we choose to add no noise to the pure
simulated dataas the baseline distribution haslamge an influence on the singular values,

it is very difficult to determine the singular value threshold and seperate the effects due to the
baseline distribution and nois&€he conditioning of the problem is defined by the ratio
between the largest singu values and smallest singular valles we can see, the
conditioning is much worse when there are more samples. However, it does not mean that
more samples has worse estimation capabflisyin case of more samples, on the one hand,
we can find the udel singular values more clearly and thus set the threshold more easily.
One the other hand, more samples means large baseline range, we can always get better
resolution when there are more acquisitions available.therefore, better estimation capability
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canbe obtained if there are more samples available.
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Figure 3.4: Singular values behavior vs. random baseline distribution

3.2.2 Number of Samples and Interference Problem

Since the number of samplestarts ofvery smallbut increass continuously withthe
duration of the satellite mission, itilmportantto see how the performance impreesthe
number of samples is increased. Aboveitl§ important to determine the probability with
which the scatterers can be correctly detecfexlthe full dataand resampled data are
sampled Fourier Tran@fms in the frequency domain at the same frequency posiéion,
correctdetection is defineds occurring whethe detected peaks pbwerspectrum are
located at the same position when comgéoethe result wh full regulaty sampled dataA
Monte Carlosimulation witharandomly extracted baseline distributiwas used to evaluate
the detection ratdn this section, noise is not yetkeninto account, thus the elevation can
alwaysbe reliablydetected whenhe nunber of samples igreaterthan 5 andonly one
scatterer ipresentThe caseof one scatterer is not of interesbnsequently, two scatterers
areassumed
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Detection possibility Vs n,
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Figure 3.5: Detection possibility of the true elevation varies the number of samples

Figure 3.5 shows the detectiorate versusthe available number of samples when two
scatterers angresent irone resolution cell. The reflectivities of the scatterers are 0.4 and 0.7.
We can see that the dominating scatterer with reflectivitis@aliablydetected wheronly 5
samples are available. For the weaker scatterer when the number of samplesficisot,

the detectiomateis reduced due tmterference frontheother scatterer. This interference
effect varies with the amplitude ramdwill be discussed in detail later in this sectieor
the weaker scatteravhen there are 5 samples available, the deterdiers only 10% using
adirect DFT with missing data (blue dash line) and 15% uSiragt matrix(SVD, red line).
However, the deteiin rate for the weaker scatterer increases to 50% uaidgect DFT
with missing data and increases to 70% usiiregsrant matrixwhen the number of samples
increases to 15. Therefore, we conclude that when the number of samplesugicient
additional samples can improve tHetection ratelramaticallyWhencompaed tothe DFT
with missing datathe SVD performs betterthiswill be discussed in detail later
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Detection possibility vs Y / ¥ (S1=0, Sz=150; NS=15/99)
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Figure 3.6: Detection possibility of the true elevation varies with the amplitude ratio between
two scatterers

In order toinvestigate theffectof interference betwedhetwo scattererdrigure3.6 shows

the detectiomrate for both scatterers versie amplitude ratio betwedhetwo scatterers.
The interference effect depends not oaly the amplitude ratio but alsin the relative
position and number of samples due to the propertidisesfinc function In this plot the
elevationsOm and 150m(those two scatterers are quite far away from each other with
roughly 40 resolution cell indiween),and number of samples (15/ 99)eve fixed. As

g,/ gncreases toward, the detectiomate also increase®©nly when the amplitudeare

comparableloesthe weakescatterehaveaneffect on the detectiomteof the strongerze.
As plotted inFigure3.5, when the amplitude of the weaker scatterer is smaller than half of
the stronger one, the weaker scatterer mayidenby thesidelobesf the stronger one

3.2.3 Performance of Grant Matrix

As explained inChapter2, the Grant matrixis usel to resample the data #oregular
sampling rateTherefore, in order tovaluate the performance of SVD resampliiigs very
important to ensure that thuseof the Grant matriximproves the quality of the datar at
least has no nagjve effect. Therefore, detectioateusingthe DFT with missing samples
and usingheSVD isinvestigated athe amplitude ratio dhescatterers varietn Figure3.7,
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the detection rate is shown as the amplitude of both scatterers varies.
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Figure 3.7: Performance of Grant matrix when the amplitude ratio between two scatterers
varies

The upper left imagshows the detection raté the second scatter usittge SVD whie the
upper right image shows the results usandirect DFT. When one scattereordinaes
(upper left corner and lower right corner of each image)Gitaat matrixcan not improve
the detectiomateof the weaker one as the interference domsatewever, when the two
scatterers are comparable (iagonalof each imagg we can se¢hat theGrant matrix
shows some improvemeimtdetecing the weaker scatterer. For instance, whgn=0.1and

g, =0.2, the detectiomateof the second scatterer is more than 70% uSiramt matrixand

smaller than 5& usinga direct DFT with missing data. The lower images show the same
comparison for the first scatterer whishows the same behaviowas the upper images.
Baseal on this analysis, we canay thatthe SVD will not reduce the quality of the data but
improwveit a little when the amplitude ¢ietwo scatterers is comparable.
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3.3 Spectrum Estimation Results for Semi-Simulated
Data

3.3.1 Spectrum Estimation Results using the SVD

For semisimulated datathe baseline distribution is fixed to the reakéline distribution
from a TerraSARX data stack ashownin the left imageof Figure 3.8. Furthermore,
normaly distributed complex noise esent
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Figure 3.8: Baseline distribution and singular values

The typicalsingular valugatternwhennoise is preserghould be thathey decreasslowly

at first and then rapidly to the noise levath a sufficient number odamplesFigure3.9

shows thesingular valus when 44 samples frothe ERS satellite are available. From the
plot, we can see th#éhesingular value decrease very rapidly wheéne number ofsingular

values is larger than 35Eigenvectors and eigenfunct®@associatedvith low singular
values are unreliablas base in the data and object space, in the senseirhtitese
directiors, the Grant matrix transfers only a small amount of information. The

ill -conditioning is responsible for the instability of the solution and causes the presence of
significant reconstruction distortions. Regularization techniques based on approximate
soluions are in this case needed to limit the propagation of errors due to noise and obtain
stable solutions.
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Figure 3.9 : Typical singular value pattern with scale in dB (source: Fornaro et. al, 2003)
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When the number of samples is sofficient, the behavior of theingular valusis different
as we can see from the left plotigure3.8. Thesingular valus decrease continously but
not rapidly and the minimadingular value is about 5 dB. Therefore, by cuttinff the
singular valus, thee will be somenfomationlossassociatewith noise compression. Thus,
choosingthresholdat which to cut offsingular value becomes much more difficult.
Dependent oithe noise level, the threshold is determinbdoughexperimers. The good
thing is whe the data stack is small, the optimum numbeirgjular valusto retainis quite
stable and not sensitive to the noise level

As an example, two scatterers at positidfOOm and 180.5nfthe distance between two
scatterers is approximately 6 resolutioslls) with amplitudes 0.8 and 1(theoretical
spectrunpowershould be 0.64 and 1) are simulated with SNR=dB24

Figure 3.11: Examplel: Result with different singular values cutting-off threshold (different
number of singular values (1-9) are used; note the scale of each plot).

SNR=4.24dB, ,

Figure3.11shows the estimated spectrusingdifferent numbes of singular valus. For

example the upper left ploshowsthe estimated spectrum when only taeestsingular
valueis used and the upper midgit shows the resufor when2 singular value are used;
the rest may be deduced by analdg¥ worth to mention that in order to the contributions
of different eigenvalues, the spectrum power isnmtmalized in this viewgraplrrom the

last two viewgraph, we can clearly see the effect of ill conditioning from the error

propogation caused by small sigular valuest the purpose ofegularitzation one can
easilyseethat when less than &ingular véues are usedoo muchinformationabout the
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