N° 05/2014- M/ELN

ﺍﻟـــــﺠـــﻤﻬﻮﺭﻳﺔ ﺍﻟـــــﺠـــﺰﺍﺋﺮﻳــﺔ ﺍﻟﺪﻳــــﻤﻘﺮﺍﻃﻴـــﺔ ﺍﻟﺸـــﻌﺒﻴــــﺔ
POPULAR AND DEMOCRATIC REPUBLIC OF ALGERIA
MINISTRY OF HIGHER EDUCATION AND SCIENTIFIC RESEARCH
UNIVERSITY OF SCIENCES AND TECHNOLOGY HOUARI BOUMEDIENE
CTRONICS AND COM
FACULTY OF ELECTRONICS
COMPUTER SCIENCE

Thesis report submitted in partial fulfillment of the
Requirements for the degree of Magister

In: Electronics
Option: Image Processing and Geographic Information System
Presented by: BOUDANI FATMA ZOHRA
Theme:

DENOISING METHODS FOR SAR
INTERFEROGRAMS

Presented publically on 11/12/2014. In front of the esteemed jury composed of:

Mr Y.SMARA

Professor, USTHB

President

Mrs M. OUARZEDDINE

Lecturer , USTHB

Supervisor

Mrs M. TALHA KHEDIR

Lecturer , USTHB

Examiner

Mrs S. OUAMOUR

Lecturer , USTHB

Examiner

" What is defeat? Nothing but education; nothing but the first step to something better"
~Wendell Phillips

" I am thankful to all those who said NO to me. It’s because of them I did it myself"
~Albert Einstein

Dedicated to everyone who has ever inspired me.
In particular, my mother, my father, and my first primary school teacher : Mrs H. Ahbab
Thank you for believing in me !

Résumé
Les images Radar à Synthèse d'Ouverture interférométrique (InSAR), appelées
interférogrammes, sont des outils puissants et précis de cartographie de la surface de
la Terre. Cependant, les interférogrammes sont généralement bruités dû à de
nombreux facteurs de décorrélation (des effets atmosphériques, temporelles,
géométriques, etc.), ce qui augmente la difficulté du déroulement de phase et
diminue la précision du modèle numérique de terrain (MNT). Par conséquent, de
nombreux travaux de recherche ont été consacrés au filtrage de la phase
interférométrique. Les approches de filtrage existantes sont classées en deux
groupes : l’approche du filtrage directe tandis que la seconde approche est un filtrage
a base des transformations.
Nous présentons dans ce travail de recherche cinq techniques de débruitage, dont
certains ont déjà été proposés pour le filtrage de la phase interferometrique InSAR
telles que Le débruitage par seuillage des coefficients d'ondelettes, et le filtrage
par diffusion non linéaire. Le premier filtre est implémenté en utilisant différentes
combinaisons de seuils et des règles de seuillage, en tenant compte des différents
niveaux de décomposition. Le deuxième filtre est itératif, le processus de diffusion
devrait s’arrêter après un nombre fixe d'itérations.
D’autres méthodes ont donné des très bons résultats sur les plans quantitatif et
qualitatif pour le filtrage des images. Nous avons donc pensé à les introduire pour le
filtrage des interférogrammes. La première technique utilisée est le filtrage de Wiener
correctionnel en employant un facteur de correction et des fenêtres de tailles
différentes.

La deuxième méthode est une combinaison du filtrage a base

d’ondelettes « seuillage » et du filtrage de Wiener. La troisième technique est le filtre
de diffusion d’ondelettes qui effectue la diffusion dans le domaine des ondelettes, en
utilisant des règles de seuillage inspirées des fonctions de diffusion.
Les filtres sont appliqués sur deux données InSAR. La premiere donnée est un
interférogramme simulé, la deuxième est un interférogramme réel formé à partir
de deux couples d'images radar acquises sur la forêt de Tapajós au Brésil, en utilisant
un SAR aéroporté. Les résultats expérimentaux obtenus avec l’interférogramme réel
semblent être cohérents avec les résultats de simulation. Il a été démontré que le filtre
de diffusion d’ondelettes et la méthode des filtres combinés « Wiener-ondelettes »
sont vraiment prometteurs pour le filtrage des interférogrammes.

Abstract
The Interferometric Synthetic Aperture Radar (InSAR) phase images, also called
interferograms, are a powerful mean for extracting information about the ground
surface by means of a digital terrain elevation models DEM. However, the
interferogram is usually corrupted by noise due to many decorrelation factors
(temporal, geometrical, atmospheric effects, etc), which increases the difficulty of
phase unwrapping and decreases the accuracy of DEM. Therefore, many research
efforts have been engaged with the filtering of the interferometric phase.
The existing filtering approaches are classified into two groups, the first approach uses
direct filtering while the second approach is a transformation-domain filtering. We
present in this research work five denoising techniques, some of these methods have
been already proposed for the InSAR phase filtering such as the wavelet thresholding
and the nonlinear diffusion filter.The first filter is implemented using different
combinations of thresholds and shrinkage rules, considering different decomposition
levels in the wavelet domain. The second filter is an iterative technique, the diffusion
process should stop after a fixed number of iterations.
Other methods have given a very satisfying quantitative and qualitative results in
image denoising, hence we thought about introducing them for interferogram
denoising, namely three methods. The first one is the correctional Wiener filtering that
employs a correction factor, adopting different window sizes. The second method is a
combination of wavelet thresholding and Wiener filtering. The third denoising
technique is the wavelet diffusion filter that performs diffusion in the wavelet domain,
using diffusion-inspired shrinkage functions.
The filters are applied on simulated and real InSAR data, directly extracted from two
single-look complex images acquired over the forest of Tapajós in Brazil, using an
airborne SAR. The experimental results using the real interferogram seem to be
consistent with the simulation results. It was shown that the wavelet diffusion filter
and the Wiener-wavelet combined method are really promising for interferogram
denoising, with good quantitative and qualitative results.
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Introduction

Introduction
Synthetic aperture radar (SAR) is an active remote sensing technology. It is widely
studied due to its successful applications in many areas. One of these important
applications is interferometry. Interferometric SAR (InSAR), has been proven to be a
powerful technique for extracting information about the earth surface, employing at
least two spatially separated antennas [1]. The phase of a complex InSAR pair, called
the interferogram is formed by multiplying a SAR complex image by the complex
conjugate of a second SAR image obtained from a slightly different location. If the
interferogram is interpreted and processed properly, we can obtain different
topographic informations such as terrain elevation and earth displacement.
The interferometric phase is wrapped in a 2π modulus. It needs a phase
unwrapping process to obtain the absolute phase [2], and therefore retrieve the
topographic or deformation information. Furthermore, the interferometric phase is
affected by noise. This noise is introduced by many factors, such as the atmospheric
effects, the temporal decorrelation and the radar system. The presence of noise
induces phase residues, which will affect the phase unwrapping process and reduce
the accuracy of the derived information. This thesis addresses the interferometric
phase filtering, which is a crucial step in InSAR processing.
Traditional image denoising algorithms, such as median and mean filters,
have a common drawback which is denoising at the expense of spatial resolution and
edge preservation. Nowadays, many filtering methods have been designed for the
interferometric phase noise suppression. Its major concern is to reduce the number of
residues while retaining structures of phase fringes. The different filtering
approaches are mainly divided into two categories:
1_ Spatial domain filtering that uses the phase quality directly, for instance a
method using the nonlinear anisotropic diffusion equation which is known with
its edge-preserving capability [3]. Some methods use residues to guide the
filtering process [4], other methods are employing the interferometric coherence
such as the methods in Lee filter [5], and the modified Goldstein filter [6], these
techniques maintain the original spatial resolution but their performances depend
on the window size.
2_ Transformation domain filtering that performs in the wavelet domain in most
cases. It was first proposed in [7]. Then, a phase-filtering method using wavelet
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packets was proposed in [8]. Also, a method of wavelet domain filtering employing
wiener filtering has been studied in [9].
In this thesis, we restrict our attention to five denoising methods. Some of these
methods have been already proposed for the interferometric phase denoising. Other
methods are introduced to the interferometric denoising area, based on their good
experimental results in image denoising.
1) Existing methods:
-

The wavelet shrinkage, employing the wavelet packet and the undecimated
wavelet transforms.

-

The Nonlinear diffusion filter, using different diffusivity functions.

2) Proposed methods:
-

The correctional Wiener filter, modifying the local Wiener filtering by a

correction factor of variance.
-

The method combining Wiener filtering and wavelet shrinkage.

-

The wavelet diffusion filter, employing diffusion in the wavelet domain. It

uses new shrinkage functions inspired from the nonlinear diffusion equation.
The implemented denoising algorithms are applied on two datasets. The first is a
simulated phase image, generated using a clean wrapped phase. The second is a real
interferometric data, directly extracted from two single-look complex images
acquired over the forest of Tapajós in Brazil, using an airborne SAR.
The performance of the proposed denoising schemes is evaluated using
different appraisal parameters. Taking into account the following qualitative and
quantitative evaluations :
-

1) Quality maps, including: The visualization effect of the denoised
interferograms, the residue maps, the Phase Derivative Standard Deviation
(PDSD) maps, and the phase horizontal profiles.

-

2) Quantitative measures, using: The number of residues, the Signal to Noise
Ratio (SNR) and some statistics of the PDSD maps.

The current thesis is organized as follows:
-

In Chapter1, we present a general review of the InSAR technique, studying the
phase statistics. This is followed by a description of the different decorrelation
factors, highlighting the necessity to adapt denoising techniques to reduce the
phase noise.
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-

Chapter2 discusses interferometric phase filtering approaches, using direct
filtering and transformation-domain filtering. A review of the wavelet-based
denoising techniques is given. Introducing the discrete wavelet transform, the
undecimated wavelet transform and the wavelet packet transform. We also
consider denoising based on the Wiener filter, the anisotropic diffusion filter
and some combinations of these methods with the wavelet thresholding
method. The implementation steps of the denoising algorithms are illustrated.

-

Chapter 3 provides a comparative study of all the methods considered for
denoising, using both syntethic noisy images and real images. The
quantitative and qualitative results of comparison are presented in this
chapter.

-

Finally, conclusions and recommendations for future work are given.
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Chapter 1

General review of InSAR and problem
statement

1. General review of InSAR and problem statement
1.1 Introduction
Interferometric Synthetic Aperture Radar (InSAR) exploits the phase difference of at
least two complex radar signals to derive information about the earth surface [1]. The
two complex SAR images can be acquired either, simultaneously using two antennas
in the same platform (single-pass interferometry), or using the same system in
repeated passes over the same scene (repeat-pass interferometry) [10]. The map of
the phase differences is called the interferogram. It is used to extract high resolution
terrain digital elevation models (DEM) [11], to monitor earth displacement [12] and
many other topographic applications. However, the interferometric phase is
wrapped to ൣȂ ߨǡ ߨ൧ and has to be unwrapped to recover its original value [2].
Unfortunately, interferograms are noisy due to various decorrelation effects (thermal

noise, temporal, geometrical, etc.) between the two images used in the interferogram

generation [13]. The noise affecting the interferograms increases the difficulty of
phase unwrapping and reduces the accuracy of the extracted information.

1.2 SAR interferomerty
The interferometric SAR system is based on the geometry shown by Figure 1.1. Two
SAR platforms denoted by SAR1 and SAR2 respectively, look at the scene from two
different positions and acquire two complex SAR images [1]. SAR1 is the master
antenna, SAR2 is the slave antenna. The two antennas are separated by a distance
called baseline B [10], observing the same target point at range ܴͳ from the first
platform SAR1 and at range ܴʹ from the second one SAR2.

Let consider  ͳݑand  ʹݑto be the two (complex-valued) images aquired by the sensors

SAR1 and SAR2 [1]:

Where

ቊ

 ͳݑሺݔǡ ݎሻ ൌ ȁ ͳݑሺݔǡ ݎሻȁ ൫݆߮ͳ ሺݔǡ ݎሻ൯
 ʹݑሺݔǡ ݎሻ ൌ ȁ ʹݑሺݔǡ ݎሻȁሺ݆߮ʹ ሺݔǡ ݎሻሻ

ሺݔǡ ݎሻ, indicates the position of the SAR platform.
ȁݑሺݔǡ ݎሻȁ, is the amplitude of the complex image.

߮ሺݔǡ ݎሻis the phase of the complex image.
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Fig.1.1. Interferometric SAR system geometry.
Since the two SAR systems observe the scene from different locations, pixels of the
first SAR image do not correspond to the pixels of the second image. Different
techniques have been developed to solve this problem, known as image
coregistration [14] [15]. Once the SAR image pixels refer to the same area, the
complex interferogram is obtained by taking the phase of the complex product of the
master image ͳݑሺݔǡ ݎሻ, multiplied by the complex conjugate of the slave image
 ʹݑሺݔǡ ݎሻ [1] :
 ͳݑሺݔǡ ݎሻ כʹݑሺݔǡ ݎሻ ൌ ȁ ͳݑሺݔǡ ݎሻȁȁ ʹݑሺݔǡ ݎሻȁ݁ݔሺ݆ሺ߮ͳ ሺݔǡ ݎሻ െ ߮ʹ ሺݔǡ ݎሻሻሻ

(1.2)

Based on the fact that both SAR images observe the same object from slightly
different positions, the phase of each SAR can be written, taking into account the
geometry in Figure 1.1, as [1] :
Ͷߨ

߮ͳ ሺݔǡ ݎሻ ൌ െ ߣ ܴͳ   ߮ ͳ ݆ܾ
(1.3)
ቐ
Ͷߨ
߮ʹ ሺݔǡ ݎሻ ൌ െ ܴʹ  ߮ʹ ݆ܾ
ߣ

Where ߣ is the wavelength of the radar system.

Since both SAR systems observe the same object two times from slightly different
positions, it is assumed that the object phase ߮ ݆ܾis the same. The interferometric

phase (i.e., the phase difference) is then a very sensitive measure for radar range
difference [1]:
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߶ ൌ ߮ʹ െ ߮ͳ ൌ

Ͷߨ
ߣ

οܴ  ʹߨ݇

(1.4)

There is a relationship between οܴ and the height  of the observed scene. Assuming
the geometry in Figure 1.1 we obtain [16]:
߶ሺݔǡ ݎሻ ൌ

Ͷߨܩ
ߣ

݄ሺݔǡ ݎሻ(1.5)

where G is a parameter that relates to the baseline and the other geometric
parameters. Therefore, a correct estimation of the interferometric phase leads to a
very accurate estimation of the height.
The interferometric phase depends on the correlation between the images of an

interferometric pair. This measure of the correspondence of both SAR images is
called coherence. The complex correlation coefficient is defined as [1] [5]:
ߛ ൌ ܧሾܵͳ ȉ ܵʹ כሿΤඥܧሾȁܵͳ ȁʹ ሿܧሾȁܵʹ ȁʹ ሿ ൌ ߩ݁ ݆ ߶

Where

(1.6)

߶is the phase difference.

ߩ ൌ ȁߛȁ is the coherence

When ߩ ൌ Ͳ, the two images are totally uncorrelated and we have only noise.
when ߩ ൌ ͳwe have full correlation and a perfect phase.

Owing to the circular nature of any phase measurement, the interferometric phase
given by (1.4) is ambiguous within integer multiples of ʹߨ [1]. In order to be able to

relate the interferometric phase to the topographic height, the correct multiple ʹߨ has
to be added. This is done in the phase-unwrapping step [2] [17]. An example of an
interferogram is presented in Figure 1.2.

Fig 1.2. Interferometric Phase of Fuji mountain, Japan
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1.3 InSAR Phase Characteristics
Interferometric measurements are disturbed by various phenomena which is the
origin for the coherence decrease with values that are close to zero. This induce a
visible noise in the interferogram that affects any estimate of the phase
1.3.1 InSAR Phase Statistics
1.3.1.2 InSAR statistics
Considering the two single look complex SAR images  ͳݑand  ʹݑas two Jointly

Circular Gaussian processes, (both real part and imaginary part of each of the two
processes are Gaussian), the joint probability density function is given by [18]:
ͳ

ܲሺݓሻ ൌ ߨ ʹ ȁȁ ሺെ  כെͳ ሻ

(1.7)

Where
 ݓൌ ሾ ʹݑ ͳݑሿܶ , is a vector representing each pixel of the interferometric pair, its
components  ͳݑand  ʹݑare the values of pixel on each image of the interferometric
pair.
* is the complex conjugate operator.
T represents the transpose.
C is the covariance matrix of ݓ. It is defined as :
ሾȁͳ ȁʹ ሿγ

ൌቌ
ቍ
ʹ
γ ሾȁʹ ȁ ሿ

Where

(1.8)

ൌ ඥȁͳ ȁʹ ȁʹ ȁʹ 

γ is the coherence coefficient.
ȁȁ, is the determinant of .

Integrating the joint pdf of the interferometric phase with respect to the amplitude
of the product  כ ʹݑ ͳݑ, leads to the marginal phase density function [19] :
ʹ

ͳ
ͳ െ หγห
หγหܿݏሺ߶ െ ߶Ͳ ሻ ሺെหγห ሺ߶ െ ߶Ͳ ሻሻ
ሺ߶ሻ ൌ
൮ͳ 
൲
ʹ
ͳΤʹ
ʹ
ʹߨ ͳ െ หγห ሺ߶ െ ߶ ሻʹ
ʹ
Ͳ
ቀͳ െ หγห ሺ߶ െ ߶ ሻ ቁ
Ͳ
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The phase pdf is characterized by the parameters ߶Ͳ andหγห.

߶Ͳ is the desired phase used for the height reconstruction and หγห is the magnitude
of the coherence coefficient.

When ȁߛȁ = 0 (noisy data), the phase is uniformly distributed ሺ߶ሻ ൌ ͳΤʹߨ.

When the coherence increases the phase distribution becomes more concentrated
around its expectation value ߶Ͳ and approaches a Dirac function in case ȁߛȁ ൌ ͳ.

Figure 1.3, shows the coherence effect on the phase difference distribution for ߶Ͳ ൌ Ͳ

and different coherence values, varying between 0 and 0.95.

Fig. 1.3. Interferometric phase pdf for ߶Ͳ ൌ Ͳand for different values of the coherence

If we consider the interval (െߨ, +ߨ ) cenrtered at ߶Ͳ , then the mean and variance of
the phase are [1] :

ߪ߶ ʹ ൌ

ߨʹ
͵

ܧሾ߶ሿ ൌ ߶Ͳ

െ ߨܽ݊݅ݏܿݎሺȁߛȁሻ  ܽ ʹ݊݅ݏܿݎሺȁߛȁሻ െ

Where Li2 () is the Euler's dilogarithm.

(1.10)
ʹ ݅ܮ

ሺȁߛȁሻʹ
ʹ

(1.11)

Figure 1.4, shows the theoretical result of the standard deviation of the
interferometric phase as a function of coherence ȁߛȁ.
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Fig. 1.4. Interferometric phase standard deviation[18]

1.3.2 Decorrelation effects
The cross-correlation factor will depend on the different decorrelation sources :
thermal (ߩො) ݈ܽ݉ݎ݄݁ݐ, temporal (ߩො ) ݈ܽݎ݉݁ݐand geometrical (ߩො݃݁ ݈ܽܿ݅ݎݐ݁݉ሻdecorrelations.

Zebker et al showed that the total term of decorrelation is estimated as the product of
the decorrelation factors [13] :

ߩො ݈ܽݐݐൌ ߩො ݈ܽ݉ݎ݄݁ݐǤ ߩො݃݁ ݈ܽܿ݅ݎݐ݁݉Ǥ ߩො݈ܽݎ݉݁ݐ

(1.12)

a) Temporal Decorrelation

The most important limiting factor in the application of InSAR is temporal
decorrelation of the ground between the interferometric acquisitions, and hence a
loss of meaningful phase relation between corresponding pixels in an image pair.
Temporal decorrelation usually results from changes in the complex reflection
coefficient of the imaged surface [13]. Changes in the reflection coefficient are
generally due to variation in the moisture content, surface roughness and vegetation.
For arid and dry areas, the decorrelation time can be as long as months to years.
However, the decorrelation time is as short as several hours to several days for rainy
areas and forests. Snow-covered and frozen terrains are sensitive to melting and
snowfall [20].
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An analytical model of the temporal decorrelation is given in [13] by :
ͳ Ͷߨ ʹ

ߩො ݈ܽݎ݉݁ݐൌ ሺെ ʹ ቀ ߣ ቁ ሺߪ ߠ ʹ݊݅ݏ ʹ ݔ ߪߠ ʹ ݏܿ ʹ ݖሻሻ

Where

(1.13)

ߪ ݔand ߪ ݖare the average standard deviations, respectively, in azimuth and in range

of a random displacement of the reflectors inside a resolution cell.
ߣ is the radar wavelength andߠ is its average look angle.
b) Geometrical Decorrelation

ߩො݃݁ ݈ܽܿ݅ݎݐ݁݉, represents the effects of the geometric decorrelation on the
interferometric

phase due to the interferometric acquisition geometry (baseline,

registration, target rotation with respect to the radar sight line).Variation in the phase
occurs with different viewing geometries, since the relative locations of the scattering
cells depend on the viewing position [13] [20].
The different viewing geometries are denoted by the distance between the two
antennas i.e. the baseline, or the difference in orbit position from one satellite pass to
the next. Satellite baseline position (both parallel and perpendicular) are illustrated
in Figure 1.5.

Fig.1.5. Orbit baseline changes can produce varying phase shifts [20]
The sensors (for both the interferometric acquisitions) don’t look at the target with
the same incidence angle. The variation of phase according to the viewing geometry
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leads to a maximum separation between two observation locations that can be used
for InSAR analysis. This maximum separation is called the critical baseline [13], and
is dependent on the radar wavelength, the sensor-target distance, the range
resolution and the incidence angle (the angle of the satellite look direction from
nadir, i.e., perpendicular to the ground) [21] :

Where

ߩො݃݁ ݈ܽܿ݅ݎݐ݁݉ൌ ͳ െ

ʹܤ٣ ܴ݁ݔݏ
ሺͳǤͳͶሻ
ߣܴͲ

ܤ٣ is the orthogonal component of the baseline to the radar look direction.

ܴ݁ ݔݏis the ground range resolution, and ܴͲ the slant range.

The correlation decreases quickly when B increases. The two interferometric images,
in this case, cannot be used to form the interferogram (i.e. they see different scenes)
The minimum value of B for which ߩො݃݁ ݈ܽܿ݅ݎݐ݁݉equals zero is the critical baseline Bc

[21] [1] :

ܿܤ٣ ൌ ߣܴͲ  ߠΤʹܴ݁ݔݏ

(1.15)

c) Thermal decorrelation

Considering two signals acquired by two different antennas observing the same
target at the same moment, the loss of correlation related to thermal noise is the
decorrelation value induced by the temperature of the sensors on the interferometric
phase during acquisition. The signals are then modelled by the sum of a commun
correlated part and an additional thermal noise. It can be expressed by the signal to
noise ratio (SNR) of the specific sensor by [13]:
ߩො ݈ܽ݉ݎ݄݁ݐൌ ͳΤሺͳ  ܴܵܰ െͳ ሻ

(1.16)

The value of the SNR ratio is defined as:

Where

 ൌ ܲܵ Τܲܰ

ܲܵ is the signal power.

ܲܰ is the noise power
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1.3.3 InSAR Phase Noise Model
a) Real Phase Noise Model
Based on the symmetrical distribution of the interferometric phase about߶Ͳ , ߶Ͳ is
the mean, Lee et al have proved in [5] that The standard deviation is independent of

߶Ͳ and consequently the interferometric phase noise can be modeled as an additive

gaussian noise in the real domain :

߶  ݖൌ  ߶ ݔ ݒ

Where

(1.18)

߶ ݖis the measured interferometric phase.

߶ ݔis the original phase without noise to be estimated.

 ݒis the zero-mean noise with the standard deviationߪ ݒ.

The interferometric phase is wrapped, it is measured

within a 2π modulus.

Therefore, its fringe pattern contains high frequencies due to the phase jumps, i.e.,
points where the interferometric phase goes from ሺെߨሻ toሺߨሻ. This makes problems
in the noise reduction process, since the noise removal is based on reducing the high

frequency information. However, the high frequency information that represents
phase jumps is a useful information and needs to be preserved while filtering in

order to correctly unwrap the interferometric phase. We can alleviate this problem
by filtering in the complex domain, the values of the phase are situated on the unit
circle where a value of ሺȂ ߨሻ could be equal toሺȂ ߨ  ʹߨ ൌ ߨሻ , thus the phase jumps

are not present [8].

b) Complex Phase Noise Model
The measured phase ߶ ݖcan be encoded in the complex domain as a point in the unit

circle:

݁ ݆ ߶  ݖൌ ሺ߶ ݖሻ  ݆݊݅ݏሺ߶ ݖሻ

(1.19)

The complex InSAR phase noise model for (1.19) could be derived from (1.18) for
each of the real and imaginary part. From (1.18) and (1.19) we get the following [8]:
൜

ሺ߶ ݖሻ ൌ ሺ߶ ݔ ݒሻ ൌ ሺ߶ ݔሻ ሺݒሻ െ ሺ߶ ݔሻ ሺݒሻ
ሺ߶ ݖሻ ൌ ሺ߶ ݔ ݒሻ ൌ ሺݒሻ ሺ߶ ݔሻ  ሺ߶ ݔሻ ሺݒሻ
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The complex phase noise was modeled and validated by Martinez et al [7], using
real and synthetic InSAR interferograms. Martinez et al obtained the following
expressions [8]:
൜

ሺ߶ ݖሻ ൌ  ሺ߶ ݔሻ   ܿݒ
(1.21)
ሺ߶ ݖሻ ൌ  ሺ߶ ݔሻ   ݏݒ

Where,  ܿݒand  ݏݒcan be considered as zero-mean additive noise processes.

 , is the mean value of the noise distribtion ͳݒ, that can be represented by the

addition of its mean and a zero-mean random variable ͳݒư

 ͳݒൌ ሺݒሻ ൌ   ͳݒư 

(1.22)

 ʹݒൌ ሺݒሻ ൌ   ʹݒư

(1.23)

The noise distribtion  ʹݒhas the same representation by adding its mean  to the

zero-mean random variable ʹݒư
Where  ൌ Ͳ

The expressions of  ܿݒand  ݏݒare given by
൜

 ܿݒൌ ͳݒư ܿݏሺ߶ ݔሻ െ ʹݒư ݊݅ݏሺ߶ ݔሻ
 ݏݒൌ ͳݒư ݊݅ݏሺ߶ ݔሻ െ ʹݒư ܿݏሺ߶ ݔሻ

(1.24)

1.4 Conclusion
In this chapter, we have introduced SAR interferometry studying its statistics . It has
been shown that the interferometric phase is disturbed with an additive gaussian
noise caused by several decorrelation factors. This interferometric noise has to be
filtered because it decreases the coherence and increases the difficulty of phase
unwrapping. We have presented the noise model in the complex domain, where
phase jumps problems are not present. In the next chapter, several interferogram
filtering methods will be studied.

- 13 -

Chapter2

Denoising methods

2. Denoising methods
2.1 Introduction
We have seen in the previous chapter that the interferogram is usually corrupted by
noise due to many decorrelation factors. This leads to errors in the extracted digital
elevation model, which is one of the most important products of InSAR. Therefore,
many research efforts have been engaged with the filtering of the interferometric
phase.
In the literature, the interferometric-phase-filtering approaches can be generally
classified into two groups. The first approach uses direct filtering that has the
advantage of using the phase quality directly to guide the filtering, such as the
nonlinear diffusion method [3] [22]. The second approach is transformation-domain
filtering that mostly proceed through filtering in the wavelet domain [7] [8] [9].
We present in this chapter five denoising techniques, some of these methods have
been already proposed for the InSAR phase filtering such as the wavelet
thresholding and the nonlinear diffusion filter. Other methods have given a very
satisfying quantitative and qualitative results in image denoising, hence we thought
about introducing them for interferogram denoising, namely, a novel correctional
Wiener filtering [9][23], the method combining wavelet thresholding with wiener
filtering [23], and the wavelet diffusion filter which performs diffusion in the wavelet
domain [24] [25].
The organization of this chapter is as follows: In section 2.2 we introduce briefly the
wavelet transform , in section 2.3 denoising in the wavelet domain is illustrated .The
phase noise model in the wavelet domain and a wavelet based denoising algorithm
are presented in Section 2.4. A denoising algorithm based on Wiener filter is given
in Section 2.5. In Section 2.6 an anisotropic diffusion algorithm for interferogram
denoising is presented. In section 2.7 we show the implementation steps of the
wavelet diffusion algorithm dedicated to phase noise reduction. The final section
represents a summary of the chapter.
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2.2 Introduction to the wavelet transform
2.2.1 The discrete wavelet transform
The discrete wavelet transform (DWT) is a multiresolution representation. The result
of the DWT is a multilevel decomposition, where the signal is decomposed into
‘approximation’ and ‘detail’coefficients at each level [26].
The wavelet functions are generated from a single basic wavelet ߰ሺݐሻ, which is called

mother wavelet, through translation (shifting) and scaling (dilation or compression):

Where

߰ݏǡ߬ ሺݐሻ ൌ

ݐെ߬
߰൬
൰ሺʹǤͳሻ
ݏ
ξݏ
ͳ

 ݏis the scale parameter, and ߬ is the translation parameter.

Mallat’s algorithm is implemented with filter banks, consisting of pairs of low-pass
filters (ത ) and high-pass filters (ത ), followed by a factor of two decimations (down

sampling), as shown in Figure 2.1. The decomposition can be applied successively on
the low frequency components ‘approximation coefficients’. In DWT, the coefficients
aj+1 and dj+1 are calculated by taking the convolutions of aj with ത and ത ,
respectively.

The low pass filter produces the approximation of the signal, and the high pass
filters represent the details or its high frequency components.
The idea of multiresolution analysis of a signal consists in its representation as a limit
of its successive approximations, where each approximation is a smoothed version of
the preceding approximation. Successive approximations are presented at different
resolutions, hence the term multiresolution analysis [26][27].

Fig.2.1.Decomposition or Analysis
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To recover the original signal from the analysed one, a reversed version of the
analysis filter bank (reconstruction or synthesis filter bank ) is required using a
filtering with the low pass and high pass synthesis filters, and an up-sampling or
interpolating process that inserts zeros in the sequences aj+1 and dj+1 to double their
length.

Fig.2.2. Reconstruction or synthesis

For an image, the 1D algorithm is applied first, to each row and then to each column,
as if they are one dimentional signals. The result of this process gives four images;
approximation, horizontal details, vertical details and diagonal details. The result
subimages of the original image has the quarter size of the original image, Figure 2.3
shows one level of the discrete wavelet decomposition.

Fig.2.3.The Mallat algorithm: decomposition of an image (one level)
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2.2.2 The Undecimated Discrete Wavelet Transform
The undecimated discrete wavelet transform (UDWT) also known as the stationary
wavelet transform consists of keeping the filter bank construction (Mallat’s
algorithm), and eliminating the decimation step. Due to the absence of the
decimation step, each coefficient sequence from any level of decomposition has the
same length as the original signal, making from the UDWT

J –level a highly

redundant representation [27].
Figure 2.4. (b-e) shows an example of 1 level of the UDWT decomposition of the
interferogram shown in Figure 2.4.a :

(a)

(b)

(c)

(b)

(d)

(e)

Fig.2.4.One level of the undecimated discrete wavelet decomposition of an interferogram,
(a) : original interferogram, (b) : approximation, (c) : horizontal details, (d) : vertical details, (e) :
diagonal details.
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2.2.3 Wavelet Packets
Wavelet packets provide a finer analysis by decomposing, at each level, both sides,
approximation and details [28]. This gives the wavelet-packet method an advantage
in suppressing the noise in high-frequency signals. Since wavelet-packet
methodology has stronger frequency-selection capability than wavelet transforms, it
has the ability to perform the filtering for the frequency bands of any interesting
frequency ranges [28]. This is a benefit for InSAR phase filtering since the phase
information of different fringe densities is described in different frequency bands [9]
[28].

Fig.2.5. Example of decomposition (at three levels) into wavelet packets by cascading filtering
and decimation.

2.3 Wavelet denoising
Wavelet thresholding is a common approach for denoising due to its simplicity It
was developed principally by Donoho and Johnestone [29]. There are several studies
on thresholding the wavelet coefficients. The small coefficients can be thresholded
without affecting the significant features of the image, under the assumption that the
appropriate choice of a decomposition basis allows discrimination of the useful
signal from noise [30]. This hypothesis justifies the traditional use of denoising by
thresholding.
Because it is usually considered that the noise has high frequency coefficients, the
elimination of the small coefficient is generally applied on the detail coefficients after
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the decomposition. The inverse wavelet transform on the resultant image leads to
reconstruction of the image with its essential characteristics.

2.3.1 The wavelet shrinkage algorithm
The process, commonly called wavelet shrinkage, consists of the following main
stages :
1. perform the discrete wavelet transform;
2. estimate a threshold;
3. apply the threshold according to a shrinkage rule, in the three directions of the
detail coefficients (horizontal, vertical, and diagonal)
4. perform the inverse wavelet transform using the thresholded coefficients.
Donoho and Johnstone proposed a nonlinear strategy for thresholding. In their
approaches, the thresholding can be applied by implementing either hard or soft
thresholding method [29]. Since the work of Donoho and Johnstone, there has been a
lot of research on the way of defining the threshold levels and their type.
All the approaches require an estimation of the noise level. However the standard
deviation of the data values may be used as an estimator, Donoho et al proposed a
good estimator based on the Median Absolute Deviation MAD [30] :
ߪ ʹ ൌ ൣ൫݉݁݀݅ܽ݊ห ݆݅ݕห൯ȀͲǤͲͶͷ൧

ʹ

(2.2)

Where  ݆݅ݕare the coefficients of  ͳܪܪsubband, which is the diagonal detail subband in

the 1st level of the wavelet decomposition.

2.3.2 Threshold Estimation
A great challenge in the wavelet shrinkage process is to find an adequate threshold
value. A small threshold will hold the majority of the coefficients associated with the
noisy signal, then resulting a signal that may still be noisy. On the other hand, a large
threshold will shrink more coefficients, which leads to a smoothing of the signal that
may suppress important features of the image.
Two threshold estimation criteria, called VisuShrink and BayesShrink, are described
as follows.
a) VisuShrink
It is a thresholding scheme that uses a single universal threshold proposed by
Donoho and Johnstone [30], defined as :
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݄ܵ ൌ ߪඥʹ ݈ܯ ݃

(2.3)

Where
σ is the noise variance present in the signal.
M represents the signal size, which is the number of pixels in the image.
The same threshold is applied to all the decomposition levels.
b) BayesShrink
The goal of this method is to minimize the Bayesian risk [31]. It uses soft
thresholding and is subband-dependent, which means that thresholding is done at
each band of resolution in the wavelet decomposition, it is expressed as :
݄ܵ ൌ ɐ
ෝʹ ൗɐ
ෝʹ െ ɐ
ෝ ൌ ɐ
ෝʹ ൗටሺɐ
ෝʹ ǡ Ͳሻ (2.4)

Where
σ
ෝʹ ൌ

ͳ

ܰݏ

ʹ
σܰݏ
ͳ ݔݓǡ ݕ, and Ns is the number of wavelet coefficient ݔݓǡ ݕon the subband

under consideration.

2.3.3 Shrinkage Rules
The shrinkage rule defines how the threshold must be applied. Each coefficient in the
wavelet transform domain is compared against a threshold. If the coefficient is
smaller than the threshold, it is assigned to zero, otherwise, it is kept or modified.
The motivation is that large coefficients are due to important signal features, while
small coefficients can be thresholded without affecting the signifficant features of the
image [30]. Many shrinkage rules are given in the littérature, such as :
a) Hard thresholding
If the absolute value of a coefficient is less than a threshold, then it is assumed to be
0, otherwise it is unchanged. Mathematically it is [29] :
݄ܶܽ ݀ݎሺݓሻ ൌ ൜

ݓǡ݂݅ȁݓȁ   ݄ܵ
Ͳǡ݂݅ȁݓȁ   ݄ܵ

(2.5)

Where,  ݓrepresents the noisy wavelet coefficients.

b) Soft thresholding

If the absolute value of a coefficient is less than a threshold, then it is assumed to be
0, otherwise its value is shrunked. Mathematically it is [29]:
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݊݃ݏሺݓሻሺȁݓȁ െ ݄ܵሻ ǡ݂݅ȁݓȁ   ݄ܵ
ܶ ݐ݂ݏሺݓሻ ൌ ൜
Ͳǡ݂݅ȁݓȁ   ݄ܵ

(2.6)

Where, sgn(w) function returns the sign of the parameter w.
c) Garrote thresholding

Gao et al proposed the nonnegative garrote thresholding [32], given as:
ܶ݃ܽ ݁ݐݎݎሺݓሻ ൌ ൜

d) SCAD thresholding

 ݓെ ݄ܵʹ Τ ݓǡ݂݅ȁݓȁ   ݄ܵ
Ͳǡ݂݅ȁݓȁ   ݄ܵ

(2.7)

Antoniadis et al suggested the SCAD (Smoothly Clipped Absolute Deviation)
thresholding rule [33], defined as :
ݓǡ݂݅ȁݓȁ   ܽ ݄ܵ כ
ܶܵ ܦܣܥሺݓሻ ൌ ቐሺሺܽ െ ͳሻ ݓെ ܽ ݊݃ݏ כ ݄ܵ כሺݓሻሻΤሺܽ െ ʹሻǡ ݂݅ʹ  ݄ܵ כ൏ ȁݓȁ   ܽ ݄ܵ כ
݊݃ݏሺݓሻ ሺͲǡ ȁݓȁ െ ݄ܵሻ ǡ݂݅ȁݓȁ   ʹ ݄ܵ כ

(2.8)

Where the authors recommended the use of ܽ ൌ ͵Ǥ.

2.4 Phase noise reduction in the wavelet domain
2.4.1 Complex Phase Noise Model in the wavelet domain
Interferogram filtering in complex domain prevents the fringe pattern corruption, by
eliminating the phase jumps and related high frequencies in this domain [8]. For this
reason, many researchers have processed the interferogram in the complex domain
[34]-[37].
The wavelet transform of the interferometric phase ߮ ݖin the complex domain can be

written as follows [8]:

ܦʹܹܶܦ൫݁ ݆ ߮  ݖ൯ ൌ ܦʹܹܶܦሼ ሺ߮ ݖሻ  ݆ ሺ߮ ݖሻሽ
ൌ ܦʹܹܶܦሺ ሺ߮ ݖሻሻ  ݆ܦʹܹܶܦሺሺ߮ ݖሻሻ

(2.9)

Where, DWT2D represents the two dimensional discrete wavelet transform operator.
To obtain interferometric phase noise model in wavelet domain we should obtain
this model for real and imaginary parts of interferometric phase in complex domain.
The wavelet transformation of real and imaginary parts can be written as:
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ܦʹܹܶܦሺ ሺ߮ ݖሻሻ ൌ ܦʹܹܶܦሺܰܿ ሺ߮ ݔሻ   ܿݒሻ
ൌ ʹ݅ ܰܿ ܦʹܹܶܦሺ ሺ߮ ݔሻሻ   ݓܿݒ
ܦʹܹܶܦሺሺ߮ ݖሻሻ ൌ ܦʹܹܶܦሺܰܿ ሺ߮ ݔሻ   ݏݒሻ
ൌ ʹ݅ ܰܿ ܦʹܹܶܦሺሺ߮ ݔሻሻ   ݓݏݒ

(2.10)

(2.11)

Where   ݓݏݒand   ݓܿݒrepresent the DWT of the noise terms  ݏݒand  ܿݒ, respectively. See

equation (1.23).

The wavelet coefficient intensity, computed using the defined real and imaginary
parts, is directly related to the mean value of the noise contribution, Nc. The mean of
the intensity for a wavelet coefficient has the expression [8]:
ʹ

 ܧൌ  ቄห ܦʹܹܶܦሺ݁ ݆ ߮  ݖሻห ቅ ൌ ʹʹ݅ ܰܿʹ   ߪ ߱ܿʹݒ  ߪ߱ݏʹݒ

(2.12)

When the wavelet coefficient contains only noise (i.e, Nc=0, Nc is monotone
increasing with the coherence), its value is reduced to ߪ ߱ܿʹݒ  ߪ ߱ݏʹݒ. However, for Nc≠0

and considering three wavelet decomposition levels, Martinez et al showed that
ߪ ߱ܿʹݒ  ߪ ߱ݏʹݒis negligible [8], hence :

ʹ

 ܧൌ  ቄห ܦʹܹܶܦሺ݁ ݆ ߮  ݖሻห ቅ  ʹʹ݅ ܰܿʹ

For the phase of the wavelet coefficients ߮ ݓ ݖ, it has the following expression :
ܽ݃ݎൣ ܦʹܹܶܦሺ݁ ݆ ߮  ݖሻ൧ ൌ ܽ݃݊ܽݐܿݎ൫ʹ݅ ܰܿ ሺ߮ ߱ݔሻ   ߱ݏݒΤʹ݅ ܰܿ ሺ߮ ߱ݔሻ   ߱ܿݒ൯

(2.13)

(2.14)

Where, arg[], represents the argument of a complex quantity.

When the wavelet coefficient contains only noise, its phase is given by:
ܽ݃ݎൣ ܦʹܹܶܦሺ݁ ݆ ߮  ݖሻ൧ ൌ ܽ݃݊ܽݐܿݎሺ ߱ݏݒΤ ߱ܿݒሻ

(2.15)

Moreover, when the wavelet coefficients are computed for a large number of
decomposition levels (≥ 3), and for Nc ≠0, the interferometric wavelet phase is given
as :
ܽ݃ݎൣ ܦʹܹܶܦሺ݁ ݆ ߮  ݖሻ൧ ൌ ܽ݃݊ܽݐܿݎ൫ʹ݅ ܰܿ ሺ߮ ߱ݔሻΤʹ݅ ܰܿ ሺ߮ ߱ݔሻ൯ ؆ ߮ݓ ݔ

(2.16)

Where ߮ ݔis the original (without noise) wrapped interferometric phase.

2.4.2 Summary of the wavelet based phase denoising algorithm
In order to reduce the phase noise of the interferogram, we implement two phasefiltering methods in the wavelet domain based on thresholding the wavelet
coefficients. The first method uses wavelet packets, while the second uses
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undecimated wavelets. Figure 2.6 shows the wavelet based algorithm used to reduce
noise from an interferogram. This algorithm is composed of seven steps. For the
wavelet packets method we have to replace step 2 by performing n level of the
wavelet packet transform. In the following, we resume these steps :
1. Convert the interferometric phase to the complex domain.
2. Perform n level of the Undecimated discrete wavelet transform.
3. Calculate the median absolute deviation (MAD) of the diagonal wavelet band in
the finest level (HH1) of the decomposition as an estimation of the noise level.
4. Estimate a threshold.
5. Apply the threshold according to a shrinkage rule, in the three directions of the
detail coefficients (horizontal, vertical, and diagonal).
6. Perform the inverse wavelet transform using the thresholded coefficients to obtain
the denoised complex interferogram ܫመ.

7. Calculate the phase angle of ܫመ the real domain, ߮ො ൌ ሺܫሻ.
߮ = ݖThe interferometric
phase

 ܫൌ ሺ݆߮ ݖሻ
ܹ ൌ ܷܹܶܦሺܫሻ
Noise
Estimation
Estimate a threshold

ߪො ൌ ܦܣܯሺܹ ͳܪܪሻ

Apply the threshold to the detail
coefficients

ܫመ ൌ , ߮ො ൌ ሺܫሻ

Fig.2.6. Algorithm for interferogram noise reduction based on the wavelet transform.
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2.5 Phase noise reduction using the undecimated wavelet transform
and Wiener filter
Wiener filtering is a general way of finding the best reconstruction of a noisy signal
(in L2 norm) it is applied in any orthogonal function basis, the best result is given
when the basis separates signal from noise which is the case for the undecimated
wavelet transform [38].
2.5.1 Processing steps
Interferometric phase denoising method based on Wiener filtering and wavelet
packet transform has been already proposed in [9]. The same denoising technique is
widely used in image denoising. Recently, Yunhong Li et al proposed an hybrid
image denoising technique, based on the Wiener filtering method with a correction
factor in the first part, and followed up by the wavelet packet thresholding in the
second part [23].
We propose in this section to apply this denoising technique for the interferometric
phase denoising, based on the Undecimated Discrete Wavelet Transform UDWT. The
interferogram is firstly processed by the correctional wiener filter [23]. The noise
standard deviation is calculated by the remaining signal of the Wiener filter, it is
considered as a threshold for the next step. Then, the filtered interferogram is
decomposed into its low and high frequency parts, using the UDWT. After that, the
threshold is performed on the wavelet coefficients. Finally the inverse UDWT is
applied.
2.5.2 Wiener filter
The wavelet coefficient of noisy image is expressed as:

Where

ܹݔǡ ݕൌ ݔݏǡ ݕ ݊ݔǡݕ

(2.17)

ܹݔǡ ݕrepresents the coefficients of the noisy image in the wavelet domain.
ݔݏǡ ݕrepresents the coefficient of the original image.

݊ݔǡ ݕis the coefficient of the noise.

The noise variance ߪ݊ʹ is estimated using the Mean Absolute Deviation (MAD)
method as proposed by Donoho [30].
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ʹ
The variance of wavelet coefficient ߪොݔǡݕ
is expressed as:

ʹ
ʹ
ʹ
ൌ ܧ൛ݔݏǡݕ
ൟ ൌ ݉ܽݔ൛ܧ൛ܹݔǡݕ
ൟ െ ߪ݊ʹ ǡ Ͳൟ
ߪොݔǡݕ

(2.18)

ʹ
ʹ
ൟ ൌ ሺͳΤܰܯሻ σݔǡݔܹ ܼאݕǡݕ
ܧ൛ܹݔǡݕ

(2.19)

ʹ
We can get the expectation ܧ൛ܹݔǡݕ
ൟ by local averaging of the wavelet coefficients:

Where : Z is the local neighborhood window of each pixel. M is line number of
window and N is column number of window.
The estimation of the signal using wiener filtering is :
ܵመݔǡ ݕൌ

ʹ
ߪොݔǡݕ
ܹ
ʹ  ߪ ʹ  ݔǡݕ
ߪොݔǡݕ
݊

(2.20)

A correction factor of variance to modify the local wiener filtering is introduced in
[23]. Then the above Equation is expressed as:
ෝ ʹݔǡݕ
ߪ
ܵመ݆݅ ൌ

ෝ ʹݔǡ ݕ ߜߪʹ݊ 
ߪ

ܹݔǡݕ

ʹ
ߪොݔǡݕ
ൌ ܧ൛ݔʹݏǡ ݕൟ ൌ ݉ܽ ݔቄܧቄܹʹݔǡ ݕቅ െ ߜߪʹ݊ ǡ Ͳቅ

(2.21)
(2.21)

According to the characteristics that Wiener filtering is the minimum mean square
error estimation of the noisy image [39], the noise standard variance calculated from
the processed image will be the threshold of the undecimated wavelet transform.
The interferometric phase denoising technique based on this hybrid method is
illustrated in Figure 2.7, it follows these basic steps :
1. Decompose the complex interferometric image using the UDWT.
2. Adopt the correctional Wiener filter to denoise in the UDWT domain employing
local window sizes of 5×5, 7×7, and 9×9.
3. perform the inverse wavelet transform.
4. Decompose the filtered image using UDWT and estimate the noise level.
5. Apply a threshold on the wavelet coefficients.
6. Perform the inverse wavelet transform and compute the real interferogram
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 ܫൌ ሺ݆߮ ݖሻ
Wavelet Décomposition: ܹݔǡ ݕൌ ܷܹܶܦሺܫሻ

ʹ

ෝ ݔǡݕ
ߪ
Wiener filter ܵመݔǡ ݕൌ ෝ ʹ
ܹ
ߪ ߜߪ ʹ  ݔǡݕ
 ݔǡݕ

݊

݆݅ ሻ
ܫͳ ൌ ሺܵ

߮ොͳ ൌ ሺܫͳ ሻ
The result of the correctional

Wavelet Decomposition

wiener filter

Thresholding

Inverse wavelet transform ܫመʹ
߮ොʹ ൌ ሺܫመʹ ሻ
The Combined method

Fig.2.7. Phase noise reduction algorithm based on wiener filter and UDWT thresholding
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2.6 Phase noise reduction using the nonlinear anisotropic diffusion
filter
We present in this section an anisotropic diffusion equation to restore interferometric
images. Its main purpose is to preserve the structures and discontinuities formed by
the fringes while denoising.
Perona and Malik proposed a nonlinear diffusion approach for avoiding the blurring
and localization problems of linear diffusion filtering [40]. The idea behind their
equation is to apply an inhomogeneous process that reduces the diffusivity by
adding a coefficient depending on space activity in a given part of an image [41].
For homogeneous regions (with a small gradient norm), a large diffusivity is
expected and a stronger smoothing is performed. For inhomogeneous regions (with
big gradient norm), the expected diffusivity is smaller to slow down the process and
protect image details [41].
Perona and Malik added the diffusivity coefficient݃ሺȁߘܫȁʹ ሻ, chosen locally as a

function of the magnitude of the image gradient ȁߘܫȁʹ . It is an edge stopping

function chosen to satisfy g(x)՜0 when  ݔ՜ ∞ , so that the diffusion is stopped

across edges. This will not only preserve, but also sharpen the edges. The PeronaMalik nonlinear diffusion equation is given as [40] :

ሺ߲ܫሺݔǡ ݕǡ ݐሻΤ߲ݐሻ ൌ ݀݅ݒሺ݃ሺȁߘܫȁʹ ሻǤ ߘܫሻ

(2.22)

Where ܫሺݔǡ ݕǡ ݐሻ is a family of derived images

Perona and Malik discretized their equation as follow :

Where

ݐͳ
ݐ
݅ܫǡ݆
ൌ ݅ܫǡ݆
 ሺ݀ ΤͶሻ Ǥ ሾ ܰܥǤ  ܫ ܰ  ܵܥǤ  ܫ ܵ  ܧܥǤ  ܫ ܧ  ܹܥǤ ܫ ܹሿ݅ݐǡ݆

(2.23)

݀ , is a scalar that determines the rate of diffusion.

Ͳ  ݀  ͳ , For the numerical scheme to be stable.

N, S, E, W are the mnemonic subscripts for North, South, East, West
ܫ ܰ,ܫ ܵǡ ܫ ܧǡ and  ܫ ܹindicates the nearest neighbour differences at the north, south,

east, and west , respectively.
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ǡ



(2.24)

The diffusivity coefficients are updated at every iteration as a function of the
gradient :
ʹ



  ۓǡ ൌ ሺหሺ ǡ ሻ ห ሻ
ۖ  ൌ ሺหሺ
 ʹ
 ǡ ሻ ห ሻ
 ǡ



 ʹ
 ۔
ൌ
ሺหሺ
ሻ
ห
ሻ
 ǡ
ǡ
ۖ

 ʹ
 ەǡ ൌ ሺหሺ ǡ ሻ ห ሻ

(2.25)

Fig.2.8. The structure of the discrete computational scheme for simulating the diffusion
equation.
Different diffusivity functions have been proposed in the literature such as Perona
Malik’s and Weickert’s functions
Perona -Malik diffusivity functions are given as [40] :
ͳ
݃ሺȁܺȁሻ ൌ
ͳ  ȁܺȁʹ Ȁ݇ ʹ

݃ሺȁܺȁሻ ൌ ሺെȁܺȁʹ Ȁ݇ ʹ ሻ

(2.26)
(2.27)

Weickert diffusivity function is given [41]:
݃ሺȁܺȁሻ ൌ ൜

ͳȁܺȁ ൌ Ͳ 
ͳ െ ሺെ͵Ǥ͵ͳͶͺͺΤሺȁܺȁΤ݇ሻͺ ሻȁܺȁ  Ͳ
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Where ݇ is a positive constant,  is fixed by hand or using statistics of the image

gradient [40], it’s a parameter for selecting the threshold amplitude in gradients.
The filtering steps of the nonlinear diffusion method are :
1. Choose a diffusivity function and an iteration number.
2. Apply Perona-Malik’s equation to the complex interferogram.

3. Advance the iteration counter, t: = t+1 and repeat (iterate) Step 2 until reaching the
indicated iteration number.
4. Compute the real interferogram.
Figure 2.9 illustrates the filtering process of the nonlinear anisotropic diffusion filter.

 ܫൌ ሺ݆߮ ݖሻ

Choose a diffusivity function g, and an iteration number N

Initialise the iteration counter: t=0
 ݐܫൌ ܫ
Apply Perona-Malik ‘s equation (2.23)

t=t+1
No

t=N
Yes

ܫመ ൌ ߮݀݊ܽ ݐ ܫ
ෝ ൌ ሺܫመሻ
Fig.2.9. Phase noise reduction algorithm based on the nonlinear anisotropic diffusion filter.
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2.7 Phase noise reduction using the wavelet diffusion filter
Recently, it was shown that it is possible to perform diffusion in the wavelet domain,
such that the benefits of both techniques could be combined [42]. Nonlinear diffusion
begins with an edge estimate, typically obtained through a gradient operator, which
may be badly influenced by the noise present in the image [25]. It is believed that the
edge estimate in the wavelet domain is much less sensitive to noise due to its
characteristics of better low- and high-frequency separation [27].
Mrazek and Weickert solved the partial differential equation (PDE) by means of
finite differences with Haar wavelet which leads to the modification of the diffusivity
functions [43]:
ܵሺܺሻ ൌ ܺൣͳ െ Ͷτሺหξʹܺหሻ൧

(2.29)

Where, τ is the time step size and has to fulfill the condition τ  ͲǤʹͷ .

Taking τ ൌ ͲǤʹͷ, Mrazek et al obtained the novel shrinkage functions [43].
The Weickert diffusivity gives :

ͺ

ܵ݇ ሺܺሻ ൌ ܺ ቀെ͵Ǥ͵ͳͶͺͺΤ൫หξʹܺหΤ݇ ൯ ቁ

(2.30)

The Perona–Malik diffusivity gives :

ܵ݇ ሺܺሻ ൌ ʹܺ ͵ Τሺʹܺ ʹ  ݇ ʹ ሻ

(2.31)

In order to filter the intereferometric phase, we apply the following algorithm
proposed by Mrazek et al [42] for image denoising with respect to the edge estimate
used by Rajpoot et al [25]:
1)

Reset the iteration counter t and initialise the data by the noisy interferogram.

2)

Decompose the image to five levels by means of UDWT with Haar wavelet.

3)

Diffuse the detail coefficients at each scale as :

Where

ൌ  ൣͳ െ ሺหߟ݆ ሺݔǡ ݕሻหሻ൧
ͳ


(2.32)

i=1… 5
หߟ݆ ሺݔǡ ݕሻหis the wavelet domain edge estimate for pixel (x,y) at scale j, it was

approximated in Rajpoot et al by the modulus of the high
subbands at each scale j [25] :
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ʹ

ʹ

หߟ݆ ሺݔǡ ݕሻห ൌ ට൫ ܪ݆ܦሺݔǡ ݕሻ൯  ൫ ܸ݆ܦሺݔǡ ݕሻ൯  ൫ ܦ݆ܦሺݔǡ ݕሻ൯

ʹ

(2.33)

 ܪ݆ܦ, ܸ݆ܦ,and  ܦ݆ܦare the horizontal, vertical, and diagonal details coefficients at scale j
ሺหߟ݆ ሺݔǡ ݕหሻ, is the Weickert diffusivity function.
4)

The image is synthesized by applying the inverse UDWT.

5)

Advance the iteration counter, t: = t+1 and repeat (iterate) Steps 2 to 4 until a

good solution is obtained.
The algorithm is illustrated in Figure 2.10.
 ܫൌ ሺ݆߮ ݖሻ
Choosing a diffusivity function g, and an iteration number N,
Initialise the iteration counter: t=0, ܫመ ൌ ܫ.
Undecimated Wavelet decomposition,  ݐܦൌ ܷܹܶܦሺܫመሻ
Diffusion of the detail coefficients at each scale i : ݐ݅ܦͳ ൌ  ݐ݅ܦሺͳ െ ሺหߟ݆ ሺݔǡ ݕሻหሻሻ
ܫመ ൌ 
t=t+1

t=N

No

Yes
߮ො ൌ ሺܫመሻ
Fig.2.10. Phase noise reduction algorithm based on the wavelet diffusion filter
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2.8 Conclusion
Different Algorithms for phase noise reduction were presented in this chapter. Some
of these methods are based on the application of wavelet transforms, such as the
wavelet thresholding method. Other methods are based on the iterative nonlinear
diffusion filtering, such as the nonlinear anisotropic diffusion filter. Furthermore, we
have introduced some new methods for the interferometric phase denoising. The
processing steps of the correctional Wiener filter in the UDWT domain were given,
and

the method combining wavelet thresholding with the correctional Wiener

filtering was presented. A filtering method based on performing diffusion in the
wavelet domain was also proposed. The experimental results of the denoising
methods will be presented and discussed in the next chapter.
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3. Experimental results
3.1 Introduction
This chapter deals with the comparison of the denoising techniques presented in
chapter 2. We have implemented the thresholding in the wavelet domain, the
anisotropic diffusion filter, the correctional Wiener filtering, the combined filtering
method, and the wavelet diffusion filter. The different algorithms are executed in
IDL [44], and are applied on simulated and real interferograms. Several criteria were
used to evaluate the performance of the denoising techniques.

3.2 Evaluation Criteria
In addition to assess the results visually, a quantitative and a qualitative evaluation
of the implemented and proposed filters is carried out using several criteria,
including the number of residues, the signal to noise ratio, the phase profile and the
interferogram of phase-derivative standard deviation.
3.2.1 Residues
The number of residues is an important indicator to measure the quality of
interferogram filtering (the less the residues are, the better the quality of the
interferogram is). The residue is computed as indicated in equation (3.1) by summing
the phase differences around the closed path shown in Figure.3.1 [45] [46], where all
phase values have been divided by ʹߨ to get the number of cycles. To satisfy Nyquist

condition, we cannot have a jump of more than one-half cycle from point to point.
Therefore, the transformation in equation (3.2) is needed.

Fig.3.1 The computation of residues
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ܴሺ݅ǡ ݆ሻ ൌ σͶͳ ο߮  ൌ ሾ߮ሺ  ͳǡ ሻ െ ߮ሺǡ ሻሿ  ሾ߮ሺ  ͳǡ   ͳሻ െ ߮ሺ  ͳǡ ሻሿ  ሾ߮ሺǡ   ͳሻ െ

߮ͳǡͳ߮ǡ−߮ǡͳ

Where

(3.1)

൜

ο߮ ൌ ο߮ െ ͳο߮  ͲǤͷ 
ο߮ ൌ ο߮  ͳο߮  െͲǤͷ

(3.2)

ܴሺ݅ǡ ݆ሻ , is the residue at the pixelሺ݅ǡ ݆ሻ.

߮ሺǡ ሻ , is the wrapped phase at the pixelሺ݅ǡ ݆ሻ.

Fig.3.2. An example of identification of residues

The residue value only equals 0, 1 or -1 as shown in Figure 3.2.
In (a), the wrapped phase differences are: 0.3 − 0.0 = 0.3, 0.7 − 0.3 = 0.4, 0.9 − 0.7 = 0.2
and 0.0 −0.9 = − 0.9, which is then wrapped to 0.1 Therefore, the sum is 0.3 + 0.4 + 0.2+
0.1 =+1, it’s a positive residue.
3.2.2 Phase Profile
In an ideal interferogram, the phases change from 0 to ʹߨ , then rapidly to 0, and

then from 0 to ʹߨ again, the periodicity of the phases is clear. In this condition, the

difference in vertical and horizontal directions is calculated easily to unwrap the

interferometric phase along the two directions [2]. However, in noisy interferogram
the periodicity is not so clear, the presence of noise causes the violation of the phase

jump detection and the phase unwrapping gets much difficult. Therefore, the quality
of an interferogram filtering is identified by its ability to strengthen the clarity of the
interference fringe, to recover the original information and to maintain the sharp
edges during noise elimination [2] [45]. Figure 3.3 shows the phase profiles of both
ideal and noisy interferogram.
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(a)

(b)

Fig.3.3. The phase profile of an ideal interferogram (a), the phase profile of a noisy
interferogram [47].
3.2.3 The Signal to Noise Ratio
We can define the SNR as a function of residue number [21]:
ܴܵܰ ݏ݁ݑ݀݅ݏ݁ݎൌ ʹͲ݈݃

ܰܽ

(3.3)

ܰݎ

Where:
Na= Number of all pixels.
Nr= Number of residues.
3.2.4 Phase derivative standard deviation PDSD
Phase-derivative standard deviation is considered as an effective measure to evaluate
interferogram quality directly. The PDSD map [2] measures the statistical standard
deviation of the phase derivatives. The value of this map for pixel (m, n) is expressed
as:

ܼ݉ ǡ݊

ʹ

ʹ

ݕ
ݕ
ݔ
ݔ
തതതതതത
തതതതതത
ට
ቆටσ൫ο݅ǡ݆
െο
݉ ǡ݊ ൯  σ ቀο݅ǡ݆ െ ο݉ ǡ݊ ቁ ቇ൙
ൌ
݇ʹ

(3.4)

ݔ
ݔ
തതതതതത
Where, the terms ο݅ǡ݆
, ο݅ǡ݆ represent the gradient value in  ݔand  ݕdirection, ο
݉ ǡ݊ and
ݕ
തതതതതത
ο
are the averages of the gradient of  ݔand  ݕdirection in ݇ ൈ ݇ window centered
ݕ

݉ ǡ݊

at the pixel (m, n). The PDSD indicates the badness of the phase data, the bigger its
value is, the worse the quality of the interferogram is.
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3.3 Experimental Results of the Simulated Data
In order to examine the filtering performance of the proposed methods, a simulated
interferogram is used. We have generated this 400 X 400 dataset using the clean
wrapped phase of the simulated 3D object shown in Figure 3.4. Figure 3.5.a displays
the Clean (noise-free) simulated fringe pattern, where the fringe density ranges from
dense to sparse. Therefore, this simulated phase image can be used to examine the
filtering performance for various types of phase data.
Figure 3.5.b shows the noisy interferogram, on which an additive zero-mean
Gaussian noise with the variance of 2 was added, its corresponding residue map is
shown in Figure 3.5.c.

Fig.3.4. The simulated 3D object

(a)

(b)

(c)

Fig.3.5. (a) Noise-free simulated interferogram, (b) Noisy simulated interferogram, (c)
residue map of the noisy interferogram

- 36 -

CHAPTER 3

EXPERIMENTAL RESULTS

3.3.1 Wavelet thresholding
The filtering results using wavelet thresholding on the simulated noisy interferogram
(31488 residues, SNR=14.119 db) are presented in this section. According to our
experiments, Daubechies-1 [48] (which is equivalent to the Haar wavelet), provided
better results than other wavelet bases. Thus, Daubechies-1 wavelet will be used in
all wavelet-based methods. In addition, three decomposition levels of the
undecimated discrete wavelet transform UDWT and the wavelet packet transform
WPT were considered, since it’s a reasonable compromise for most cases of InSAR
phase filtering [49]. We have tested different combinations of thresholds and
shrinkage rules, the numerical results are summarized in Table 3.1.
TABLE.3.1.

THE RESULTS OF 3 LEVELS WAVELET THRESHOLDING APPLIED ON THE SIMULATED NOISY
INTERFEROGRAM

Thresholding
Thresholds

VisuShrink

BayesShrink

3 levels UDWT

Shrinkage rule Residues

3 levels WPT

SNR

Residues

SNR

Garrote

576

48.874

2780

35.201

Soft

576

48.874

2780

35.201

SCAD

576

48.874

2780

35.201

Hard

576

48.874

2780

35.201

Garrote

16883

19.533

21997

17.235

Soft

1094

43.302

3204

33.986

SCAD

1094

43.302

3075

34.325

Hard

22308

17.113

24941

16.144

According to Table 3.1, it’s clear that the UDWT presents better results than the WPT.
It was proven in earlier works that WPT is suitable for phase filtering when the phase
fringes are of high density and the phase quality is good [49]. For our case we have a
very noisy phase data with SNR equals to 14.11 db, even the existence of an area with
high density fringes wasn’t enough for the WPT filter to outperform the results of the
UDWT filter.
Supposing that the decomposition level was low, more decomposition levels were
applied for the UDWT, where only the subband of the lowest frequency is further
decomposed. The numerical results of wavelet thresholding for 5 levels of the UDWT
are summarized in Table 3.2.
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THE RESULTS OF 5 LEVELS WAVELET THRESHOLDING APPLIED ON THE SIMULATED NOISY
INTERFEROGRAM

Thresholding
Thresholds

5UDWT

Shrinkage rule Residues

SNR

Garrote

195

58.281

Soft

194

58.281

SCAD

194

58.281

Hard

200

58.061

Garrote

16800

19.576

Soft

622

48.206

SCAD

534

49.531

Hard

22474

17.048

VisuShrink

BayesShrink

The results obtained by the UDWT thresholding for 5 decomposition levels revealed
a significant gain when compared to the results of the UDWT thresholding for 3
decomposition levels.
For both 3 and 5 decomposition levels, the threshold VisuShrink presents better
results than the threshold BayesShrink. It gives us the least residue number and the
best SNR. In addition, we observe that the results of the thresholding using
VisuShrink are the same for all the shrinkage rules, so it’s impossible to decide which
shrinkage rule is the most convenient. However, we can notice from BayesShrink‘s
results the superiority of both Soft and SCAD thresholding rules over the other rules.
The noisy interferogram and its filtered versions are presented in Figure 3.6, zoom
images of a small area (in white) of the phase maps is shown in the middle, while the
right side shows the residue maps of the same zone.
From the figures, it can be observed that wavelet Visu-SCAD thresholding for 5
levels of the UDWT has better denoising effect compared to the wavelet thresholding
for 3 levels of the UDWT and the WPT.
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(a)

(b)

(c)

(d)

(d)

Fig.3.6. Noisy simulated interferogram and its filtered versions :a-noisy interferogram,b
filtered with wpt threshold, c- filtered with 3 levels uwt visu scad , d- filtered with 5 levels
uwt Visu-SCAD
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3.3.2 Wiener filter
The filtering results using the correctional Wiener filter on the simulated noisy
interferogram are presented in this section. We adopt to denoise in the UDWT
domain for three and five decompositions levels. The local windows with size of 5×5,
7×7, and 9×9 are commonly employed to denoise in the wavelet domain, so the
Wiener filter with the same window sizes is utilized to filter the noisy interferogram.
The denoised resultant images are shown in Figure 3.7. The numerical results are
summarized in Table 3.3.
TABLE.3.3.

THE RESULTS OF THE WIENER FILTER IN THE WAVELET DOMAIN APPLIED ON THE
SIMULATED NOISY INTERFEROGRAM

Decomposition level

Correction factor ࢾ
1= no correction

3levels UDWT

2

3

1= no correction

2
5levels UDWT
3

Window size

residues

SNR

5*5
7*7
9*9
5*5
7*7
9*9
5*5
7*7
9*9
5*5
7*7
9*9
5*5
7*7
9*9
5*5
7*7
9*9

578
576
576
576
576
576
576
576
576
220
201
206
209
207
200
196
199
197

48.843
48.873
48.873
48.873
48.873
48.873
48.873
48.873
48.873
57.233
58.018
57.805
57.679
57.762
58.061
58.237
58.105
58.193

The results in Table3.3 show that 5 decomposition levels of the UDWT with or
without correction factor provide higher SNR than 3 decomposition levels of the
UDWT by a large margin of almost 10 db.
Comparing the results obtained using 5 decomposition levels of the UDWT for
different values of the correction factor ߜ, we can notice that the window size of 7*7

gives the least residue number (201 residues) when no correction factor is employed.
This is almost the same result obtained for the same window size (7*7) when ߜ equals

3 (199 residues).
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Figure 3.7(b)-(d) shows the visual results of the Wiener filter with the window size of
7*7 for: 3 levels of the UDWT with correction (ߜ ൌ ͵ሻ and for 5 levels of the UDWT

with and without correction, respectively. The SNRs of Figure 3.7 (b)–(d) are 48.87,
58.10, and 58.01 dB, respectively.

(a)

(b)

(c)

(d)

Fig.3.7. Noisy simulated interferogram and its filtered versions :a-noisy interferogram,b
filtered with 3 levels Wiener 7*7 with correction, c- filtered with 5 levels Wiener 7*7 without
correction, d- filtered with 5 levels Wiener 7*7 with correction
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According to Figure 3.7, we can easily find that the results of Wiener filter with 5
levels of the UDWT outperform the results of the Wiener filter with 3 decomposition
levels. In addition, we can barely notice a difference between the visual results of the
5 levels Wiener filter with and without correction. Thus, we can assume that no
correction factor is required when taking a good choice of decomposition levels and
window size.

3.3.3 Wavelet Denoising Based On Wiener Filtering
The results of the denoising algorithm based on combining Wiener filter and wavelet
thresholding are presented in this section. We adopt for the first step the correctional
Wiener filter employing a local window size of 7*7 for 5 decomposition levels of the
UDWT. Based on the wavelet thresholding results, we perform in the second step
wavelet thresholding for 5 decomposition levels of the UDWT using Visu Shrink
with both Soft and SCAD shrinkage rules. The numerical results are summarized in
Table 3.4.
TABLE.3.4. THE RESULTS OF WIENER FILTER COMBINED WITH WAVELET THRESHOLDING, APPLIED ON
THE SIMULATED NOISY INTERFEROGRAM

5 levels Wiener Filter
with 7*7 window size
Without correction
ߜൌͳ

With correction ߜ ൌ3

thresholds

VisuShrink
VisuShrink

shrinkage
rule

residues

SNR

Soft

142

61.036

SCAD
Soft
SCAD

114
144
112

62.944
60.915
63.098

It is shown in Table 3.4 that Visu_SCAD threshold achieves better results compared
to the Visu_Soft threshold for both traditional and correctional Wiener filter. When
it’s combined with correctional Wiener filterሺߜ ൌ ͵ሻ, it gives less residues number
(112 residues) and slightly better SNR (63.09 db). This SNR presents a small gain of

0.15 db, compared to the result of the method combining Wiener filter without
correction and Visu_SCAD.
For Visu_Soft threshold, we observe a small loss in SNR (0.12 db) when combined
with correctional Wiener filter. The SNR loss and gain is visually imperceptible
which supports our previous assumption about the correction factor.
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For a comparison purpose, we display in Fgure 3.8, the visual filtering results of the
UDWT

thresholding

(Visu-SCAD),

the

traditional

Wiener

filter

(with 5

decomposition levels, 7*7 window size and without correction), the correctional
Wiener filter ( ߜ ൌ ͵ሻ combined with wavelet Visu-SCAD threshold, and the
traditional Wiener filter (ߜ ൌ ͳሻ combined with wavelet Visu-SCAD threshold.

(a)Noisy interferogram

(b) Filtered with Visu-SCAD threshold

(c) Filtered with Wiener filter (5 levels with 7*7 window size

(d) Filtered with correctional Wiener combined with wavelet Visu-SCAD

(e) Filtered with traditional Wiener combined with wavelet Visu-SCAD

Fig.3.8. Noisy simulated interferogram and its filtered versions using the wavelet
thresholding, the correctional Wiener filter, and the combined method

- 43 -

CHAPTER 3

EXPERIMENTAL RESULTS

It can be observed that the combined denoising method is superior to the Wiener
filtering method and the undecimated wavelet thresholding, it outperforms both
methods in terms of residues number and SNR. Rather than these good quantitative
results, the combined method has good visual effects (see Figure 3.11) and improves
also the phase profiles as shown in Figure 3.12.

3.3.4 Nonlinear diffusion filter
The results of the phase noise reduction using the nonlinear anisotropic diffusion
filter are presented in this section, both Perona-Malik (P-M) and Weickert diffusivity
functions are tested. We experimented with different values of ݇ and our results are

in line with many researchs [25] [50]. In general, a higher value of ݇ takes lesser

number of iterations to reach the best results but it has an oversmoothing effect on

the image. In contrast, a smaller value of ݇ takes a higher number of iterations to

reach the best results but it avoids the oversmoothing effect [25]. The diffusion
process should stop after a fixed number of iterations or it may degrade the image
quality. For our case we reached a good result with ݇ ൌ ͷ for 40 iterations. Table.3.5
reports the results obtained with Weickert and Perona-Malik diffusivity functions.
TABLE.3.5. THE RESULTS OF THE NONLINEAR ANISOTROPIC DIFFUSION FILTER APPLIED ON THE
SIMULATED NOISY INTERFEROGRAM

Nonlinear anisotropic diffusion filter

Residues

SNR

Weickert 40 iterations

180

58.976

P-M 40 iterations

188

58.599

The visual filtering results of the nonlinear anisotropic diffusion filter using the
Perona-Malik’s and the Weickert diffusivity functions are shown in Figure 3.9(a)-(b),
respectively.
According to Table.3.5, the Weickert diffusivity presents better results compared to
the P-M diffusivity with a small SNR margin of almost 0.37 db. This difference is not
really noticeable visually.
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(a)

(b)

(c)

Fig.3.9 interferograms Denoised with the nonlinear anisotropic diffusion filter:
b- Using the Perona-Malik diffusivity function, c- using the Weickert diffusivity function.

3.3.5 Wavelet Diffusion
The results of the phase noise reduction using the wavelet diffusion filter are
presented in this section, this method employs the novel shrinkage functions
introduced by Merazek et al [44]. We used in our experiments the novel shrinkage
functions based on Perona-Malik and Weickert diffusivity functions. The results of 1
2, and 3 iterations are summarized in Table 3.6.
The visual filtering results of the wavelet diffusion filter using the Perona-Malik and
Weickert shrinkage functions for 2 iterations are shown in Figure 3.10 (b)-(c),
respectively.
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TABLE.3.6. THE RESULTS OF THE WAVELET DIFFUSION FILTER APPLIED ON THE SIMULATED NOISY
INTERFEROGRAM

Wavelet diffusion filter

Iterations Residues

Wavelet -Weickert diffusion

Wavelet- Perona-Malik diffusion

SNR

1

206

57.805

2

110

63.254

3

132

61.670

1

447

51.076

2

116

62.793

3

131

61.736

According to Table.3.6, two iterations of the wavelet diffusion filter outperform the
results using one iteration of the same filter. When adding more iterations, we notice
an increase in residues number, which means that two iterations is the best choice for
this simulated data. In addition, the Weickert shrinkage function presents slightly
better results than the Perona-Malik function with a small SNR margin of almost 0.45
db. Figure 3.10 shows the good visual effect of the wavelet diffusion filter.

(a) Noisy interferogram

(b) Using the Perona-Malik shrinkage function

(c) Using the Weickert shrinkage function

Fig. 3.10. Simulated denoising results with 2 iterations of the wavelet diffusion filter.
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3.3.6 Summary of the filtering results
Table 3.7 compares the quantitative results of the denoising methods. We carry on
some statistics of the PDSD maps, we present the mean value of all pixels in the
PDSD map and the number of PDSD pixels that lie in [0, 0.5], i.e the number of PDSD
pixels that have a small value (the greater this number is, the better the quality of the
interferogram is). We also report the residue number and the SNR of the denoised
interferograms.
Figure 3.11 displays the visual filtering results of the different methods. The PDSD
maps are presented in Figure 3.12, and the phase profiles of an horizontal line of the
resultant images are presented in Figure 3.13.
TABLE.3.7.

THE QUANTITATIVE ANALYSIS COMPARISON OF THE FILTERING METHODS
APPLIED ON THE SIMULATED NOISY INTERFEROGRAM

Interferograms
Clean

Mean(PDSD) pixelsࣕሾǡ Ǥ ሿ Residues

SNR

0.468

128226

-

-

1.560

14

31488

14.119

0.603

113117

194

58.281

0.606

112641

201

58.018

0.603

113091

199

58.105

0.520

121657

114

62.944

0.520

121733

112

63.098

0.527

120698

188

58.599

Weickert 40 iterations

0.527

120727

180

58.976

Wavelet diffusion
(Perona-Malik 2
iterations)

0.524

121265

116

62.793

Wavelet diffusion
(Weickert 2 iterations)

0.520

121680

110

63.254

Noisy
5 levels UDWT VisuSCAD
Wiener (5 levels, ߜ ൌ ͳ
,7*7)
Wiener (5 levels, ߜ ൌ ͵
,7*7)
Wiener (5 levels,7*7,ߜ ൌ
ͳ), combined with VisuSCAD
Wiener (5 levels,7*7,ߜ ൌ
͵), combined with VisuSCAD
Perona-Malik 40
iterations
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(a) Noisy interferogram, SNR=14.11 db

(b) Interferogram filtered with wavelet shrinkage, SNR=58.28 db

(c) Interferogram filtered using the Wiener filter , SNR=62.94 db

(d) Interferogram filtered using Wiener filter combined with wavelet shrinkage , SNR=63.09 db

(e) Interferogram filtered using nonlinear diffusion filter (Weickert’s function), SNR=58.9 db

(f) Interferogram filtered using Wavelet diffusion filter (Weickert function, 2iterations), SNR=63.25 db

Fig.3.11. Noisy simulated interferogram and its filtered versions, middle: zoom on the
selected area, right: zoom on the residue map of the selected area.
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(a)
Clean interferogram

(d)
The Wiener filter

(b)
Noisy interferogram

(e)
The combined method

(c)
Wavelet thresholding

(f)
The anisotropic diffusion
filter (Weickert)

(g)

The wavelet diffusion (Weickert)

Fig.3.12. Phase derivative standard deviation maps.
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(a) The original clean interferogram

(b) The noisy interferogram

(c) wavelet shrinkage filter

(d) Wiener filter

(e) The combined method

(f) Nonlinear diffusion filter

(g) Interferogram filtered usingWavelet diffusion filter (Weickert function, 2iterations)

Fig.3.13. Phase horizontal profiles
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We notice from the quantitative and qualitative results that:
- The Wiener-wavelet combined method and the wavelet diffusion filter have almost
the same results, with a small SNR margin equals to 0.3 db approximately. The two
filters outperform the other filtering methods in terms of residues number, SNR, and
PDSD statistics.
- The best result was given by the wavelet diffusion filter using Weickert shrinkage
function, with 110 residues and an SNR equals to 63.254 db.
-The anisotropic diffusion filter, the combined method, and the wavelet diffusion
filter have good phase profiles. These filters maintain and stengthen the fringes.
- The UDWT threshold and the Wiener filtering have a similar performance ( ؆
ͷͺܾ݀).

- The Wiener-wavelet combined method has better quantitative results (SNR equals
approximately 63 db) than the wavelet thresholding method (SNR= 58.28 db), the
Wiener filtering (SNR=58.1 db) and even the nonlinear diffusion filter (SNR=58.9 db).

3.4 Experimental Results Using Real InSAR Data
To further test the validity and effectiveness of the denoising methods, a real
interferogram is processed by the different schemes and the experimental results are
presented in the following sections. Figure 3.23 displays the noisy interferometric
phase (image size is 400×400) of the real Insar data and its residue map with 1764
residues (SNR=39.152).This InSAR phase data is directly extracted from the singlelook complex images generated by two SAR images, acquired on June 2000 over the
forest of Tapajós in Brazil, using an airborne SAR operating in P band (72 cm).

(a)

(b)

Fig.3.14. a- Real noisy interferogram, b-residue map of the interferogram
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3.4.1 Wavelet thresholding
The filtering results using wavelet thresholding on the real interferogram are
presented in this section, 3 decompositions levels of the UDWT and the WPT based
on Haar wavelet are considered. Different combinations of thresholds and shrinkage
rules are tested and the numerical results are shown in Table 3.8.
The interferogram’s fringes are not of high density, and by consequence the UDWT
thresholding presents better result compared to the WPT thresholding which is clear
in table 3.8, where the least residue number (605) and the highest SNR(48.44 db) was
given by the combination Visu-SCAD.
TABLE.3.8. THE RESULTS OF 3 LEVELS WAVELET THRESHOLDING APPLIED ON THE REAL NOISY
INTERFEROGRAM

Thresholding
Thresholds

VisuShrink

BayesShrink

3 levels UDWT

Shrinkage rule Residues

3 levels WPT

SNR

Residues

SNR

Garrote

1700

39.473

1684

39.555

Soft
SCAD
Hard

855
605
1753

45.443
48.447
39.206

862
804
1667

45.372
45.977
39.643

Garrote

1209

42.443

1311

41.730

Soft
SCAD
Hard

667
666
1365

47.599
47.612
41.379

832
817
1354

45.679
45.837
41.450

In order to improve the quality of the wavelet thresholding we processed the same
way as we have done with the simulated data, we apply 5 decomposition levels of
the UDWT. The numerical results of wavelet thresholding are illustrated in Table 3.9.
TABLE.3.9. THE RESULTS OF 5 LEVELS WAVELET THRESHOLDING APPLIED ON THE REAL NOISY
INTERFEROGRAM

Thresholding
5UDWT
Thresholds Shrinkage rule Residues SNR
Garrote
1822
38.871
Soft
854
45.453
VisuShrink
461
50.808
SCAD
Hard
1833
38.819
Garrote
1252
42.130
BayesShrink

Soft
SCAD
Hard
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From Table 3.8 and Table 3.9, it can be found that thresholding 5 decomposition
levels of the UDWT provides better denoising performance. Moreover, the VisuSCAD combination presents the best results with an SNR margin of 2.36 db
compared to the result with 3 decomposition levels.
Original interferogram and its filtered versions with Visu-SCAD threshold are
presented in Figure 3.15. Zoom images of the small area in white of the phase maps
are shown in the middle, while the right side shows the residue maps of the same
zone.

(a)

(b)

(c)

(d)

Fig.3.15. Original real interferogram and its filtered versions :a-noisy interferogram,b filtered
with WPT (Visu-SCAD) threshold, c- filtered with 3 levels UDWT Visu-SCAD, d- filtered
with 5 levels UDWT Visu-SCAD
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3.4.2 Wiener filter
The filtering results using the Correctional Wiener filter algorithm on the simulated
noisy interferogram are illustrated in this section. Adopting to denoise in the UDWT
domain for three and five decompositions levels, the Wiener filter with the local
windows with size of 5×5, 7×7, and 9×9 is utilized to filter the real interferogram. The
numerical results are summarized in Table 3.10.
TABLE.3.10. THE RESULTS OF THE WIENER FILTER IN THE WAVELET DOMAIN APPLIED ON THE REAL
NOISY INTERFEROGRAM

Decomposition
level

Correctional
factor ࢾ
1= no correction

2
3levels UWT
3

1= no correction

2
5levels UWT
3

Window
size

residues

5*5

825

7*7
9*9
5*5
7*7
9*9
5*5
7*7
9*9
5*5
7*7
9*9
5*5
7*7
9*9
5*5
7*7
9*9

810
792
820
761
777
795
764
741
712
697
654
705
673
656
700
647
640

SNR
45.
753
45.912
46.107
45.806
46.454
46.273
46.075
46.420
46.686
47.032
47.217
47.77
47.118
47.522
47.744
47.180
47.864
47.958

According to the results in Table 3.10 and the Figure 3.16, we can easily find that the
results of Wiener filter with 5 levels of the UDWT outperforms the results of the
Wiener filter with 3 decomposition levels providing a higher SNR by a margin of 1
db. We notice that the window size of 9*9 gives the least residue number, when no
correction factor is employed we get 654 residues and when ߜ equals 3 we get 640

residues. We observe that the result of the filter without correction with 9*9 window
size is better than the result of the filter with 5*5 window size with correction.
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Hence, we may adopt the same previous assumption that no correction factor is
required when taking a good choice of decomposition levels and window size.
Figure 3.16 (b)-(d) shows the visual results of the Wiener filter with the window size
of 9*9 for 3 levels of the UDWT with correction (ߜ ൌ ͵ሻ and for 5 levels of the UDWT

with and without correction, respectively.

(a) Noisy interferogram

(b) Wiener filter: 3 levels, 9*9 window, correction=3

(c) Wiener filter : 5 levels, 9*9 window, correction=1

(d) Wiener filter: 5 levels, 9*9 window, correction=3

Fig.3.16 Left: Original noisy interferogram and its Wiener based filtered versions, middle:
zoom on the selected area in red, right: zoom on the residue map of the selected area
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3.4.3 Wavelet denoising based on Wiener filtering
The results of the denoising algorithm based on combining Wiener filter and wavelet
thresholding are presented in this section. We adopt for the first step the correctional
Wiener filter employing a local window size of 9*9 for 5 decomposition levels of the
UDWT. Based on the wavelet thresholding results, we perform in the second step
wavelet thresholding for 5 decomposition levels of the UDWT using Visu-SCAD and
Bayes-SCAD thresholds. The numerical results are summarized in Table 3.11.
TABLE.3.11. THE RESULTS OF WIENER FILTER COMBINED WITH WAVELET THRESHOLDING, APPLIED ON
THE REAL NOISY INTERFEROGRAM

5 levels Wiener Filter
with 9*9 window size
without correction ߜ ൌ ͳ
with correction ߜ ൌ ͵

Thresholds

Shrinkage rule Residues

VisuShrink

SCAD

BayesShrink
VisuShrink
BayesShrink

SCAD

SNR

338

53.504

343
343
351

53.376
53.376
53.176

It is shown in Table 3.11 that Visu_SCAD threshold achieves better results compared
to the Bayes-SCAD threshold for both traditional and correctional Wiener. When it’s
combined with Wiener filter without correctionሺߜ ൌ ͳሻ, it gives the least residue
number (338 residues) and the best SNR (53.504 db). The SNR presents a small loss of

0.13 db when using the correctional Wiener filter.Which confirm the credibility of our
previous assumption about the correction factor.
We display in Figure 3.17(a)-(d) the visual filtering results of the UDWT thresholding
(5levels,

Visu-SCAD),

the

traditional

Wiener

filter

without

correction

(5

decomposition levels, 9*9 window size), the combination of the Wiener filter (ߜ ൌ ͳሻ
with wavelet Visu-SCAD threshold and the combination of the Wiener filter (ߜ ൌ ͵ሻ
with wavelet Visu-SCAD threshold, respectively.

It can be observed that the combined denoising method is superior to the Wiener

filtering method and the undecimated wavelet thresholding; it outperforms both
methods in terms of residue number and SNR. In addition, the combined method
has a good visual effects (see Figure 3.17).
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(a) Noisy interferogram

(b) UDWT thresholding (5 levels, Visu-SCAD), SNR=50.808db

(c)

(c) The Wiener filter (with 5 decompositionlevels, 9*9 window size , ߜ ൌ ͳ), SNR=47.77

(d) Wiener filter combined with wavelet thresholding: (5 levels, 9*9 window, ߜ ൌ ͳ ),
SNR=53.504

(e) Wiener filter combined with wavelet thresholding: (5 levels, 9*9 window, ߟ ൌ ͵),
SNR=53.376 db

Fig.3.17. Noisy real interferogram and its filtered versions using the wavelet
thresholding, the correctional Wiener filter, and the combined method
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3.4.4 Nonlinear diffusion filter
The results of the phase noise reduction using the nonlinear anisotropic diffusion
filter are presented in this section. We have experimented with the same ݇ ൌ ͷ

reaching a good result for 50 iterations for both Perona-Malik (P-M) and Weickert
diffusivity functions. Table 3.12 reports the results obtained with Weickert and
Perona-Malik diffusivity functions. The visual filtering results of the nonlinear
anisotropic diffusion filter using the Perona-Malik diffusivity function and the
Weickert diffusivity function are shown in Figure 3.18 (b)-(c), respectively.
TABLE.3.12. THE THE RESULTS OF THE NONLINEAR ANISOTROPIC DIFFUSION FILTER APPLIED ON THE
REAL INTERFEROGRAM

Nonlinear anisotropic diffusion filter
Weickert 50 iterations
P-M 50 iterations

Residues
320
317

SNR
53.979
54.061

According to the numerical results, the P-M diffusivity presents slightly better result
compared to the Weickert diffusivity with an insignificant SNR margin (about 0.08
db), this difference is not noticeable visually.

(a) Noisy interferogram

(b) Using the Perona-Malik diffusivity function

(c) Using the Weickert diffusivity function

Fig.3.18. Interferograms Denoised with the nonlinear anisotropic diffusion filter.
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3.4.5 Wavelet diffusion filter
The results of the phase noise reduction using the wavelet diffusion filter are
presented in this section, employing the novel shrinkage functions based on PeronaMalik and Weickert diffusivity functions. The results of 1, 2 and 3 iterations are
summarized in Table 3.13.
TABLE.3.13. THE RESULTS OF THE WAVELET DIFFUSION FILTER APPLIED ON THE REAL NOISY
INTERFEROGRAM

Wavelet diffusion filter

Iterations
1
2
3
1
2
3

Wavelet Weickert diffusion

Wavelet Perona-Malik diffusion

Residues
504
309
230
587
331
235

SNR
50.033
54.283
56.847
48.709
53.685
56.661

The visual filtering results of the wavelet diffusion filter using the Perona-Malik and
Weickert shrinkage functions for 3 iterations are shown in Figure 3.19(b)-(c),
respectively.

(a) Noisy interferogram

(b) Wavelet diffusion filter using the Perona-Malik shrinkage function

(c) Wavelet diffusion filter using the Weickert shrinkage function.

Fig 3.19. Interferograms Denoised with 3 iterations of the wavelet diffusion
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According to Table.3.13, three iterations of the wavelet diffusion filter outperforms
results of one and two iterations, it has a good visual effect (see Figure 3.19). Three
iterations of the wavelet Weickert-diffusion provides slightly better results compared
to three iterations of the wavelet Perona-Malik-diffusion, it achieves the least number
of residues (230) and the highest SNR (56.847 db), with an SNR margin of almost 0.2
db.

3.4.6 Summary of the filtering results
Table 3.14 compares the quantitative results of the denoising methods. We carry on
some statistics of the PDSD maps, we present the mean value of all pixels in the
PDSD map and the number of PDSD pixels that lie in [0, 0.5] i.e the number of PDSD
pixels that have a small value. We also report the residue number and the SNR of the
denoised interferograms. Figure 3.20 displays the visual filtering results, the PDSD
maps are presented in Figure 3.21, and phase profiles of an horizontal line of the
same resultant images are presented in Figure 3.22.
TABLE.3.14.

The Quantitative Analysis Comparison Of the Filtering Methods.

SNR
(db)

Pixels
Residues
 אሾǡ Ǥ ሿ
98117

1764

39.152

0.501

122501

461

50.808

0.539

116993

654

47.77

0.530

118405

640

47.958

0.456

127407

338

53.504

0.454

127521

343

53.376

Anisotropic diffusion (P-M, 50 iterations)

0.427

129667

317

54.061

Anisotropic diffusion (Weickert,
50 iterations)

0.427

129689

320

53.979

Wavelet diffusion (P-M, 2 iterations)

0.452

127545

331

53.685

Wavelet diffusion (P-M, 3 iterations)

0.419

235

56.661

Wavelet diffusion (Weickert, 2 iterations)

0.449

127902

309

54.283

Wavelet diffusion (Weickert, 3 iterations)

0.415

131015

230

56.847

Interferograms

Mean(PDSD)

Noisy

0.683838

5 levels UDWT Visu-SCAD
Wiener ߜ ൌ ͳ

Correctional Wiener ߜ ൌ ͵

Wiener (ߜ ൌ ͳ), combined with
Visu-SCAD
Wiener (ߜ ൌ ͵), combined with
Visu-SCAD
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(a) Noisy interferogram, SNR=39.152 db.

(a) Interferogram filtered with wavelet thresholding, SNR=50.808

(c)

Wiener filter : 5 levels, 9*9 window, correction=1, SNR=47.77 db

(d) Wiener-visu scad Threshold filter : (5 levels, 9*9 window, ൌ ͳ ), SNR=53.504

(e) Nonlinear diffusion filter, SNR=54.061 db

(f) Wavelet diffusion filter using the Weickert shrinkage function, SNR=56.847 db

Fig.3.20. Original noisy interferogram and its filtered versions, middle: zoom on the selected
area, right: zoom on the residue map of the selected area.
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(a)

Fig.13. phase horizontal profiles

The noisy interferogram

(b)

The wavelet Shrinkage

(c)

(d)

The Wiener filter

The combined method

(e)

(f)

The nonlinear diffusion filter

The wavelet diffusion

Fig.3.21. Phase derivative standard deviation maps of the denoised interferograms.
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(a) The noisy interferogram

(a) Interferogram filtered with wavelet shrinkage

(b) Interferogram filtered using Wiener filter

(c) Interferogram filtered using the combined method

(d) Interferogram filtered using nonlinear diffusion filter

(e) Interferogram filtered using Wavelet diffusion filter

Fig.3.22. Phase horizontal profiles
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Comparing the quantitative and the qualitative results of the filtering methods, we
observe that:
-The UDWT thresholding filter has better performance compared to the Wiener filter.
-The Wiener-wavelet combined method has better quantitative results (SNR=53.5 db)
than the wavelet thresholding method (SNR=50.8 db) and the Wiener filtering
(SNR=47.9 db).
- The nonlinear anisotropic diffusion filter (SNR= 54 db) gives better quantitative
results compared to the combined method, with an SNR margin of 0.5 db.
- The wavelet diffusion using Weickert shrinkage function outperforms all the other
filtering methods in terms of SNR (56.847db), residues number (230), and PDSD
statistics (mean (PDSD) = 0.415). 3 iterations of this filtering method provide better
results than 50 iterations of the anisotropic diffusion filter, with an SNR margin of
almost 2.8 db.
- The anisotropic diffusion filter and the wavelet diffusion filter have the best phase
profile.

3.5 Conclusion
In this chapter, several filtering methods have been applied to the noisy
interferometric SAR phase. The first method performs thresholding in the wavelet
packet and the undecimated wavelet domains. The second uses Wiener filtering in
the wavelet domain, the third is a combination between Wiener filtering and wavelet
thresholding, the fourth is filtering with the nonlinear diffusion filter and the fifth is
performing diffusion in the wavelet domain.
Two phase data-sets were used to test the performance of these methods, the first
data set was a simulated interferogram, while the second was a real InSAR data.
Quantitative and qualitative evaluations of the proposed filters are carried out using
several criteria including the number of residues, the signal to noise ratio, the phase
profiles and the interferograms of phase-derivative standard deviation.
The experimental results using the real interferogram are consistent with the results
using the simulated interferogram. It was shown that the nonlinear diffusion filter
offers an adequate filtering, it removes noise effectively while enhancing the edges. It
was also proved that combining Wiener filtering and wavelet thresholding improves
the performance of both filters. Besides, this combined method could approach the
results of the nonlinear diffusion filter or even surpass it in some cases.
It was demonstrated that few iterations of the wavelet diffusion technique is really
promising, giving us the best compromise between noise reduction and edge
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preservation. It is superior to the other methods in terms of SNR, residues number
and PDSD statistics.
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Conclusion and perspectives
In this thesis, we have addressed one of the key steps in InSAR processing, which is
InSAR phase map denoising. The interferometric phase is usually corrupted by noise
due to many decorrelation factors, affecting the accuracy of height measurements in
the InSAR system. We present

approaches that use direct filtering and other

approaches that use transformation domain filtering. Our contribution consists on
using combined methods that associate the benefits of both approaches.
We have introduced SAR interferometry briefly, stuyding its statistics and presenting
the distribution nature of the phase. It was shown that the interferometric phase is
disturbed with an additive gaussian noise caused by several decorrelation factors.
We then present a complex model of the noise that alleviate problems of phase
jumps. In order to filter this noise, five denosing techniques of SAR interferograms
have been studied, conducting the experiments on two datasets, simulated and real,
to test the validity of those methods. The first data was a simulated interferogram
with varying fringe density, which can be used to examine the filtering performance
for various types of phase data. The second data was a real interferogram, processed
to validate the effectiveness of the different schemes. By selecting the number of
residues, the signal to noise ratio, the phase profiles and the interferograms of phasederivative standard deviation as appraisal parameters, the performance of the
techniques was evaluated.
Some of the denoising methods presented in this research work, have been already
proposed for the InSAR phase filtering, such as the wavelet thresholding and the
nonlinear diffusion filter. We have implemented the wavelet thresholding method
using both wavelet packets and undecimated wavelets. Different decomposition
levels were considered and different combinations of thresholds and shrinkage rules
have been tested. It was verified that the wavelet packet filter is more suitable for
denoising dense phase fringes, while the undecimated wavelet filter have given
better results when filtering phase data containing different fringes densities, which
is the case for our simulated and real data. We have also implemented the nonlinear
anisotropic diffusion filter using different diffusivity functions. Good results have
been reached for 40 and 50 iterations using the simulated and the real data
respectively. This filter has a very good edge preserving abbility.
As a contribution to the phase filtering research area, we have implemented some
existing image denoising techniques for the interferometric phase denoising. Those
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introduced approaches have given very satisfying quantitative and qualitative
results in image denoising, namely three methods.
The first one is the correctional wiener filter. It has been adopted to denoise in the
undecimated wavelet domain for different window sizes, employing a correction
factor of variance that was introduced recently. According to our experiments, we
have assumed that no correction factor is required when taking good choice of
decomposition levels and window size. The credibility of our assumption was
confirmed for both real and simulated data.
The second method is a combination of wavelet thresholding and Wiener filtering.
The noisy interferograms have been processed, as a first step, by the correctional
Wiener filter, then by performing wavelet thresholding on the filtered result. This
method has provided better results compared to the correctional Wiener filter and
the wavelet thresholding filter. It may even have slightly better performance than the
nonlinear diffusion filter.
The third denoising technique is the wavelet diffusion filter that performs diffusion
in the wavelet domain, using diffusion-inspired shrinkage functions to combine the
benefits of both wavelet thresholding and nonlinear diffusion filtering. This filter
outperforms the considered methods. It achieves the best compromise between noise
reduction and edge preservation with much less iterations than the nonlinear
diffusion filter, which makes it faster and more efficient.
The experimental results show that the wavelet diffusion filter and the Wienerwavelet combined method are really promising for SAR interferogram denoising,
they have better performance quantitatively and qualitatively than the other
considered methods. However, the choice of the diffusion parameters, the wavelet
decomposition level and the window size are crucial tasks. Therefore, more work
and several investigations need to be done on these topics. Also, stopping criteria for
the iterative methods must be set, taking into consideration the quality of the
preserved edges rather than the removed noise. Furthermore, we may think about
using other multiresolution directional transforms such as the contourlet and the
shearlet transforms.
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