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Notations

SAR Fu_ndamentals:

zZ= jzjé Complex value of SAR image;

zY Complex conjugate ofz;

i Imaginary number such thatj2 = 1;
Phase ofz;

Di erence of phase between ; and 5 (corresponding
to the argument of z;2});

%= jzj? Intensity of SAR image;
y orjzj Amplitude of SAR image;
yM-L Multi-looking result of y (averging of intensity sam-
ples);
z fz1;22; g

Covariance matrix;

n Estimator of covariance matrix;

C Empirical covariance matrix of z
ziz)

D Coherence Dij = gy

G(0; 2 Gaussian (normal) distribution with with mean 0 and
variance ?

Images:

Vi Noisy intensity image acquired at timet;

fyYi: Vo0 Y, O Noisy multi-temporal intensity images;

Ut Noise-free image ofy; (estimation of uy);

O¢ Denoised image ofy;;

oPPB Denoised image ofy; by PPB lter (estimation of u;
by PPB lter);

yist Output of the rst (temporal) step in the proposed
lter;

Pixels:

i (i) Intensity of pixel at position i in image yi;

ve(i + K) Intensity of pixel at position i + k, the k-th neighbor
of pixel y¢(i) in patch y((i) (in image y;) with k =
f1,2;:::;Kg;

ue(i) Noise-free pixel at positioni in image uy;

0¢(i) Denoised pixel at positioni in image 0;
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Patches:
yi(i)
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e (i)
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Ce(i)
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Examples:
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Operators:
D pixel

Rpixel

E(y)

Var (y)

f()
S(y(i):;y())

Setr (Y (1);y (1))

Sk @(1);2())

Denoised pixel at positioni + k, the k-th neighbor
of pixel 0¢(i) in patch @&¢(i + k) (in image 0;) with
k=112:.:;Kg;

Abbreviations of y;, (i) and vy, (i);

Patch of sizep K P K of intensities with pixel i as
center in imageys; b
Noise-free patch of size K
center in imageu; b
Denoised Patch of size K K with pixel 0¢(i) as

center in image(; (estimation of u¢(i));

P K with pixel u;(i) as

Map of number of looks associated to image;;
Number of looks associated to pixel; (i);

Patch of number of looks associated to patcly(i);
Patch of (equivalent) number of looks associated to
patch & (i);

Map of (equivalent) number of looks associated to im-
ageq; ;

An example of intensity of pixel (it can be any pixel
in the multi-temporal images);

Another example of pixel;

Noise-free value of pixely(1);

Denoised value ofy(1);

Number of looks associated to pixel (1);

Equivalent number of looks associated tax(1).

Di erence between two pixels;

Ratio between two pixels;

Expectation of variable y;

Variance of variabley;

Kernel function to map weights;

Similarity of pixel y(i) and pixel y(j);

Generalized likelihood ratio similarity between patch
y(i) andy(j);

Kullback-Leibler divergence similarity between patch
@ (i) and & (j);




Chapter 1

Introduction

Remote sensing is the collection of information about the Edh features without making
physical contact. Synthetic aperture radar (SAR), one of tre remote sensing techniques, is
well known as an all-weather and all-time operational actie sensor. It has been used for a
variety of applications ranging from urban monitoring to biomass study. A large number
of methodologies for SAR have been developed in the commuyibf remote sensing.

Nowadays more and more SAR sensors have been launched, whtovide us a huge
guantity of SAR images. For the same geographic areas, therare many SAR images
acquired at di erent times with di erent sensor parameters (e.g. band, resolution, incidence
angle etc.). They provide multi-temporal SAR images. This rew availability of SAR data
brings us new challenges. The main objective of this thesis to fully exploit the information
provided by the multi-temporal SAR images. This chapter presents the background and
the main questions addressed by this thesis.

1.1 Context of the PhD

1.1.1 Development of SAR systems

The development of radar imaging systems dates back to the lginning of the 1950s. To
balance the e ect of ground permittivity and roughness, the wavelengths are usually in
bands L, S, C or X (corresponding to 0.39 1.55GHz, 1.55 4.20GHz, 4.20 5.75GHz or
5.75 10.90GHz). Real aperture radar can not reach a spatial resafion of meters, since
the length of the antenna is impracticable to be several kilmeters for any spaceborne
or airborne sensors. Synthetic aperture radar (SAR) invered by Carl A. Wiley in 1951
addresses this problem by a coherent registration and prossing of the received radar
echoes during the motion of the sensor. Since then, SAR systs have experienced a fast
growth with drastic improvement of the spatial resolution and numerous launched sensors
are now acquiring a huge amount of data.

SEASAT satellite was the rst spaceborne platform of SAR sesors [Jordan, 1980].
After the success of SEASAT, more e ort was made to develop gEeborne (including
shuttleborne) SAR platforms, e.g. SIR-A SAR [Granger, 1988 SIR-B SAR [Cimino et al.,
1986], ERS-1 SAR [Attema, 1991] etc. The SIR missions contired and more complex
systems were equipped. SIR-C SAR could operate at multi-walength, X, C, L bands
with full polarimetric mode [Jordan et al., 1995]. More recetly, an increasing number of
spaceborne SAR systems have been launched, e.g. ALOS-PALRAY JAXA [Shimada,
2006], RADARSAT-1/2 by CSA [Moon et al., 2010], TerraSAR-X and TanDEM-X by DLR
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[Krieger et al., 2010], ENVISAT-ASAR and Sentinel-1A by ESA Cosmo-SkyMed by ASI
etc.

The airborne SAR systems, meanwhile, have been well develeg, for example AIR-
SAR by NASA, E-SAR [Horn, 1996] and F-SAR [Horn et al., 2008] p DLR, RAMSES by
ONERA [Dubois-Fernandez et al.], Pi-SAR by JAXA and so on. Canpared with space-
borne SAR systems, airborne SAR systems usually operate atutii-frequency and full
polarization mode with higher spatial resolution.

1.1.2 Challenges when dealing with multi-temporal SAR imag es

At the beginning of SAR image interpretation, various processors mainly dealt with the am-

plitude or intensity images. With the development of SAR sysems and the interferometric

and polarimetric modes, the additional potential information in phase and polarization has
been exploited in the complex SAR images. More recently, mtittemporal images provide

a considerable number of images of the same area by repeat pagy of SAR sensors. Con-
sequently, new challenges for the e cient use of these multtemporal images have been
raised. Let us precise here that we will not consider the di eential interferometric case

(D-InSAR) in this PhD, thus focusing on the general case of itensity or amplitude images

combination. For D-INSAR, many approaches specially relayng on permanent scatters
have been proposed exploiting lying multi-temporal intererometric series.

Improved performance

Since multi-temporal images observe the objects many timest is expected to exploit this
increasing information to improve SAR image interpretation tasks. For example, it can
be used to improve the performance of SAR image denoising,aslsi cation, segmentation,
object recognition and tracking. Of course, appropriate aproaches should be used to
extract and utilize this information, otherwise no better or even worse performance might
be obtained compared with usingsingle-temporal image. Therefore, much e ort has been
made to develop and experiment new e ective ways of extractig and fusing the information
from di erent dates (images).

Exploitation of change information

Change detection is de ned as a process of identifying di erences in the state of an object
or phenomenon by observing it at di erent times [Singh, 1989]. It is usually applied
between two dates (two images). Change detection is helpfuh locating and monitoring
regions of interest, like urban growth, disaster evaluatios etc. However, if we have multi-
temporal SAR images with more than two dates/images, how canwe get use of these
images to improve the change detection between only two dase(any pair of images in the
multi-temporal data set)?

To avoid confusion, we denote bi-temporal images as imageg &awo dates only and
multi-temporal images as images with more than two dates. Cwmpared with the bi-
temporal images, multi-temporal images provide us more irfrmation over the time about
the objects. This temporal information has to be used to mortor and analyze the changing
trend of natural objects, e.g. the vegetation change, the maéments of the earth's surface
etc. However for changes in urban areas caused by human adties, people may need to
de ne and recognize these long term changes (e.g. change sdacation etc.) and how it
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can be used for further interpretation.
Big data challenges

SAR imagery is big data from the day of its birth, since its size is much larger than
usual natural images or pictures. Nowadays, multi-temporaSAR images with high spatial
and temporal resolution make this be especially true. Like ther big data problems, the
data compression and storage of multi-temporal SAR imageshsuld be considered. In
addition, how to quickly, e ciently and better interpret th e new acquired images with the
former multi-temporal images is also a challenge for SAR in@ge interpretation. Although

the problem of SAR compression will not be fully addressed irthis thesis, some of the
proposed methods will nd applications for compression puposes.

Combination of various types of multi-temporal images

Fig.1.1 gives an illustration of the family of the available multi-temporal remote sensing

images or data. It consists of a large number of dierent kind of images. Even when
only SAR images are concerned, multi-temporal images can bienages acquired by dif-
ferent sensors, with di erent resolution, di erent polari metric mode, di erent incidence

angle, di erent ascending/descending mode etc. The challmes of using various types of
multi-temporal images in a uniform framework is how to combne or fuse the information

extracted from these images, which is a hot topic in the rema sensing community.

1.2 Purposes and contributions of this thesis

Our main objective in this PhD work is to fully exploit the ava ilable information provided
by multi-temporal SAR images. In this thesis, we will focus @ SAR images acquired
from the same sensor with the same spatial resolution, the sze incidence angle, the same
ascending/descending mode and the same polarimetric modas shown in the red part of
Fig.1.1. Although the data can be in interferometric con guration, di erential interfere is
out of the scope of our work. The three following subjects ha been handled in the PhD.

Multi-temporal SAR images denoising

We will rst address the problem of SAR image denoising, or mee precisely SAR physical
parameters estimation (like the re ectivity). The intensity of SAR data su ers from mul-
tiplicative noise called speckle Denoising/despeckling is usually a pre-processing for nmg
automatic interpretation tasks. When dealing with single SAR image, much e ort has
already been made in this community to limit the uctuations. For multi-temporal SAR
images with more images and more (redundant) information, he denoising/despeckling re-
sults are supposed to be better than using single SAR image nd multi-temporal averaging
is used since the beginning of SAR. The rst purpose of this tksis is to e ciently denoise
multi-temporal SAR images using both spatial and temporal edundant information.

Non local means (NLM), a simple but e cient method, proposed by Buades et al.
[2005a] has been successfully used in image denoising eldspired by the theory of NLM
and its extension to single SAR image denoising (the probalistic patch based method of
Deledalle et al. [2009]), we extend non-local approachesrfthe denoising of multi-temporal
SAR data. This approach improves single SAR image denoisinghile preserving the new
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Multi-temporal

Optical Images
Multi-sensors
Multi-resolution
Multi-spectral

Figure 1.1: The data set studied in this thesis is multi-tempral SAR images with same
sensor, same incidence angle, same resolution and same piaktion. It is a small subset
of the family of multi-temporal remote sensing images.

information in the multi-temporal data set. This rst contr ibution is described in chapter
4 (Fig.1.2).

Change detection and change classi cation

The second problem we will focus on is the change detection @blem between two SAR
images. This problem has already been well studied but we wifocus on change detection
when a SAR multi-temporal series is available. Our purposesito exploit the useful infor-
mation of the whole multi-temporal SAR data set for change deection. We will propose
two change criteria based on likelihood ratio test. They intoduce the denoised images
provided by our previously mentioned denoising lter usingthe whole multi-temporal data
set into the computation of the likelihood probability.

Beyond change detection with bi-temporal images, the de niton of changes in multi-
temporal images is a major challenge for multi-temporal SARlata. Taking a boat in a port
as example, it may go through a process of appearance, disagrance then reappearance
over the time in the multi-temporal images. To extract and recognize this kind of long term
change information, we propose to classify the changes aeding to their temporal behav-
iors. The proposed method is based on the analysis of the comape matrix of changes via
a clustering approach. This change classi cation is the semnd main contribution (chapter
7).

Data compression and updating of denoised images and change information
Although compression was not the core of our work, we also imstigate how the proposed

approaches could be used in an operational way, when data asequentially available and
should be processed separately (a new data being processesihg the available data base,
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but not processing again the whole set of data). We thus devep a new compression
approach. When a new image is acquired, the compressed datarcbe used to process the
new image (e.g. denoising, change detection etc.), and comu@ble performance can be
obtained than using uncompressed data.

1.3 Organization of this thesis

Fig.1.2 gives a global view of the organization of this thesi. Chapter 2 introduces the SAR
fundamentals and the basic features of SAR images which witle used in the next chapters,
e.g. the statistical features, the (equivalent) number of boks, the coherence features etc.
Part | of this thesis presents our work on re ectivity estimation when dealing with multi-
temporal SAR series. It consists of two chapters: chapter 3aviews the state of the art of
denoising methods and highlights the non local means apprehes and their improvements;
chapter 4 presents the proposed two-steps multi-temporal on local means Iter for multi-
temporal SAR images. In Part I, we rst give a global review of change analysis in chapter
5. We then propose a likelihood ratio test based change crite (chapter 6) and develop a
change classi cation method (chapter 7). The challenge ofpdating re ectivity estimation,
change detection and change classi cation when a new image available is detailed in Part
Il (chapter 8). Conclusions and perspectives are discusdean chapter 9.
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Chapter 2

SAR Fundamentals

A radar imaging system is a form of radar system used to creatienages of landscape. Like
a common radar system, it emits an electromagnetic wave in aide looking way, as shown
in Fig.2.1. When arriving on the ground, the wave is di used and only part of the wave
re-emitted in the emitting direction can be received by the gnsor. The incidence angle

, the angle of the side looking, is the angle between the raddyeam direction (usually in
the middle of the swath) and the nadir. In the range direction the objects have di erent
distances to the sensor. Resolution in the range dimensiorf the image is accomplished
by emitting short pulses consisting of a carrier frequency rad the necessary sidebands, or
by using longer chirp pulsesin which frequency varies (often linearly) with time in the
bandwidth. The diering times and frequencies at which echas return allow points at
di erent distances to be distinguished. Thus, the sensor reeives the backscattered waves
at di erent times. After quantizing the time delay and apply ing adapted ltering, SAR
can create one line of the image (the sum of individual scatters received at certain time
and frequency of the chirp contributes to one point on the lire). Imaging system can create
the image line by line in the same way.

In the azimuth direction each acquired line corresponds rg to each emitted pulse
during the sensor movement. The resolution is thus mainly liked to the size of the
antenna, given a certain spaceborne or airborne radar sensolncreasing the size of the
antenna to obtain a ne resolution in azimuth direction is impracticable for spaceborne
or airborne sensors. Synthetic aperture radar (SAR)lengthens arti cially the antenna
using digital signal processing technigues. SAR sensor isaving, thus each object can be
illuminated during a time span (which is called integration time). SAR system records
all the received signals during this time span and then integates them by exploiting the
Doppler shifts. The synthetic aperture can be considered aa synthetic antenna whose
size is the displacement distance of the sensor during thetggration time.

This chapter brie y introduces the SAR imagery and its statistical modeling.

2.1 SAR imagery

2.1.1 Single look SAR imagery

As explained in the beginning of this chapter, each point/pkel in the SAR image corre-
sponds to a region of the ground, which is called a resolutiogell. In reality, this resolution
cell is larger than the wavelength, thus there are many baclksattered waves in one reso-
lution cell. In other words, all the returns from the resolution cell will contribute to the
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sensor trajectory

Radar

Azimuthal direction

‘,.~""Antenna lobe
7. direction

Ground

Rangce
direction

Range o
resolution - *

(b)

Figure 2.1: (a) The radar illuminates the scene in side lookig geometry. (b) Principle of
radar imaging system.

Figure 2.2: An illustration of single-look complex (SLC) SAR image and its multi-looked
image. From left to right: the SLC SAR image, the illustration of coherence summation
in a resolution cell and the5 5 multi-look SAR image.

complex value of the pixel. Each backscattered wave has itswomn amplitude and phase.
As shown in the middle of Fig.2.2, each backscattered wave denoted as a vector with
length (amplitude) and direction (phase). Thus, each pixelof the SAR imagery has two
coe cients, amplitude and phase, which can be represented @a complex valuez = jzjée
(j is the imaginary number such thatj? = 1). Single look complex (SLC) SAR image
consists of a matrix of complex values. The modulusjzj is the amplitude, jzj° = vy is the
intensity or re ectivity and = argz is the phase.

As shown in the middle of Fig.2.2, all the backscattered eches contribute to the nal
z in an interferential way. It can be shown that the intensity images have very strong
multiplicative noise, called speckle. The simplest way to educe the speckle is spatially
averaging in a small window, which is similar to the locally snoothing operator of the
boxcar Iter. This averaging operator is given by:

y=1" iz @)
i=1
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wherelL is referred to the number of looks. This operator is also knowas the multi-looking

operator. The right of Fig.2.2 presents the multi-looking result of the SAR image using a
5 5 smoothing window. Multi-looking operator ( Iter) indeed r educes the uctuation of

speckle, but with a loss of spatial resolution since there ia blurring of edges.

2.1.2 Interferometric SAR imagery

Interferometric SAR (INSAR) imagery is a SAR remote sensingechnique using two SAR
images to collect ground information using intensity, coheence and phase di erences of the
backscattered echoes. INSAR images are acquired using aithsingle-pass interferometry
or repeat-pass interferometry. They must have very close idence angles such that the
backscattered signals of the two images are almost the sam&he time interval may vary
from 0.1s to years. Moreover, wheN (N > 2) co-registered SAR images are available in
interferometric con guration, any pair of them can be used o build an interferogram. The
quality of the interferogram is linked to the temporal delay between the two acquisitions,
to the di erence of incidence angles and possibly to groundhanges. Lots of literature call
them multi-interferometric SAR images. As mentioned in chater 1, the multi-temporal
SAR images studied in the thesis are from the same sensor, sarmncidence angle, same-
resolution co-registered SAR images. They are usually in tarferometric con guration,
which is a special case (and favorable) of multi-temporal irages. InNSAR imagery can
be used to generate maps of surface deformation or digital elation using di erences in
the phase of the waves returning to the sensors [Zebker et all997]. The minor changes
(like centimeter-scale changes) in deformation can be detéed. This technique has been
applied to geophysical monitoring of natural disasters, fo example earthquakes [Simons
et al., 2002], volcanoes [Hooper et al., 2004], landslideRigdel and Walther, 2008] and so
on.

Interferometric SAR images

Taking z; and z;o a pair of co-registered INSAR images, a pair of pixelg (i) and z.(i)
are located at the same positioni. Without loss of generality, we replacez; (i) and zo(i)
by a pair of pixels z(1) and z(2) to simplify the expressions. The covariance matrix is:

z(1)
z(2)
E(jz(Di*)  E(z(1)z(2)")

= E z(1)Y z(2)Y

E(2(1)'22) B2 (2:2)
D R(1) R(Q)R(2)D exp(j )
RIORE@)D exp( | ) R(2)
with
R(1) = E(zW)i2RQ) = E(z2)%); (2.3)
= arg(2(1)2(2)") (2.4)
and
D = p JE@(1)2(2))] (2.5)

" E(z(D)PDE(ZQ)P)
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z(1)Y is the complex conjugate ofz(1). D is called the coherence between the two pixels,
is the actual interferometric phase. From a physical point é view, depends on the
di erence of the two propagation times (wave from the target to the sensor) [Graham,
1974] and is thus related to the elevation of the point. Howesr, is known modulo 2
and contains some orbital fringes [Gens and Van Genderen, 96], which make it di cult
to recover the unwrapped phase. Many methods for phase unwpaing and orbital fringes
removal have been proposed, for instance Goldstein et al. 988], Rosen et al. [2000].
The simplest way to estimate is to compute the empirical covariance matrix by
averaging in a local square window (which is closely similato the multi-looking operator
but with complex values):

b o
C= % ;83 2(1:1)Y z2(2:1)Y
B P (2.6)
_ 1 Piz(l;l)z(l;l)y Piz(1;|)z(2;|)y _

L 1 Z(2;1)z(1;1)Y 1 Z(2;1)z(2;1)Y
where z(1;i) is i-th neighbor of z(1), and this average is performed in a square window
with L pixels (L is also called the number of looks for interferometric estiration). C is

the empirical matrix which can be considered as the respeatt sample estimation of the
covariance matrix . Then, we can get:

P i z(1, i|)\zl()2; i)Y
2Lz 2@z

5= po iz(l;i')‘zglz;i)y _
ST @@y 2@z

Dexp( ") = p-p

2.7)

X
" = arg z(1:1)z(2;i)Y
|

The quantity D 2 [0; 1] denotes the similarity betweenz(1) and z(2) (and it is an estimation
of the true coherenceD). The larger D the stronger correlation betweenz(1) and z(2),
and it also denotes a higher reliability of the estimated inerferometric phase™ 2 [ ; 1.
D can also be considered as a criterion for similarity measuneent (which will be discussed
in section 4.1) and a change detection criterion (which willbe discussed in section 5.1).
Fig.2.3 shows an example of INSAR data.

Multi-interferometric SAR

We denote a multi-interferometric SAR series asfz,;z,;:::;z,0. A pixel se-
ries z(i) = fz,(i);z,(i);:::;z, ()9 is located at position i. Similarly, we take z =
fz(1);z(2);:::;z(N)g as a generic notation, the covariance matrix of this pixel sees is:

1 1
z(1)
=E zz* = E%%Z(z)§ z()Y z(2)Y ::: z(N)y§
z(N)
31 (2.8)
z(1)z(2)Y z(Q)z(2)Y ::: z()z(N)Y

= e B @y @Ry @)L

z(N)z-(l)y z(N)z(2)Y ::: z(N)z(N)Y
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@) vt (b) yro (©) D 2[0;1] @ “2[ ; 1]

Figure 2.3: An example of INSAR imagery. (c DLR project LAN1746) (a) SAR image
z;, (b) SAR image zo, (c) The estimation D 2 [0;1] using Eq.(2.7), (d) The estimation
"2 1 ; ]using Eq.(2.7). The coherenced indicates the reliability of the estimated
phase”. When D is close to 1 (bright in gure c), the phase di erence " is highly reliable.

where E z(m)z(n)Y = P E(jz(m)j2)E(jz(n)j2)Dm:n exp(l m:n) and ? indicates the her-
mitian transpose. Dyn and n are the coherence and interferometric phase between
pixel z(m) and z(n). The empirical matrix C of the pixel series can be obtained by the
similar expression of Eq.(2.6):

e
C== iy : (2.9)
i=1

The term in the m-th row and n-th column of can be represented a% P iz(m;i)z(n;i)Y.
The multi-look estimation of D,y and n:n can also be obtained using the same expression
as in Eq.(2.7). Multi-interferometric SAR images can be usé to reduce the uncertainty in
estimation of surface elevation [Homer et al., 1996], and oe®ver ne ground movement.

2.1.3 Polarimetric SAR and polarimetric interferometric S AR imagery

Polarimetric SAR (PolSAR) images provide more complete inbrmation on the imaged
scene. They are obtained by sending and receiving waves with erent polarization com-
ponents (horizontal or vertical polarization). For example, z,, denotes an echo emit-
ted using horizontal polarization mode and received using ertical polarization mode. A
pixel at position i in the full-polarization PolSAR imagery consists of a vecto z(i) =
fznn (1); zne (); 2w (i)g, in which z,, has been discarded because of the assumption of
Zny = Zyn Using mono-static polarimetry. The empirical matrix C of PolSAR is given
by the same expression as Eq.(2.9). It presents the complexetmitian product between
each pair of dierent polarizations, which indicates the pdarimetric information of the
targets. Many works have been done to exploit the physical #gures of the targets from
the empirical matrix C.

For instance, Pauli decomposition [Cloude and Pottier, 198] provides an interpretation
of targets using single bounce (or odd bounces), double booes (or even bounces) and
orthogonal polarization, and more polarimetric decompodgions like Krogager [Krogager,
1990], Freeman [Freeman and Durden, 1998], Huynen [Huyned970], Barnes [Holm and
Barnes, 1988], Cloude (also known as H/A/a and asymmetry) [Ghude and Pottier, 1997]
have been proposed.
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Polarimetric interferometric SAR (PolInSAR) imagery consists of a pair of polari-
metric SAR imagery, which can provides both the interferomé&ic and polarimetric in-
formation of the scene. The complex vector of each pixel canebrepresented asz(i) =
fze nn(i);Ze nv(i);ze wii);zeo nn(i);zeo ny(i);zeo w(i)g, which can be considered as an
extension of the PoISAR vector. The covariance matrix and empirical matrix C (the
multi-looking estimation of ) can also be obtained using Eq.(2.8) and Eq.(2.9). These
notations can be extended to multi-temporal data.

2.2 Statistics of SAR data
2.2.1 Single SAR data

As explained in section 2.1.1, SAR imagery su ers from the spckle noise since is the
coherence summation of echoes in a resolution cell. To statically model the speckle,
Goodman [1976] proposed some assumptions in each resolatioell: 1) the phase and
amplitude of each scatterer are independent and identicall distributed (i.i.d.), 2) each
echo is independent of the others; 3) the phases of echoes aréformly distributed (rough
surface). Under the central limit theorem, the probability of z follows a 2-dimensional
multivariate normal distribution or a zero-mean circular complex Gaussian distribution:

. _ 1 Zj?
P 9= p Re2) M@l 2 = >=exp 25 (2.10)
Besides,2 2 represents the re ectivity of the imaged surface, which is he physical param-
eter related to the radar cross section (RCS). When the compk variable z changes to
intensity value y (y = jzj2), the probability density function (pdf) turns to be an expo nen-
tial distribution given by:

p(yju) = éexp % ; with y> 0; (2.112)

whereu =2 2 and in the following of this thesisu denotes the expectation ofy (E(jzj?) =
E(y) = u). Further more, the multi-looking result ( L looks) using Eq.(2.1) can be modeled
by the Gamma distribution, which is given by:

LLyL 1 Ly

(Dt exp ; ; (2.12)

p(yju; L) =

where ( ) is the Gamma function. Note that the exponential distribution given by
Eq.(2.11) can be deduced from the Gamma distribution in Eq.2.12) by settingL = 1.
Fig.2.4.a gives an illustration of Gamma distributions with di erent parameters. The dis-
tribution marked in blue is Gamma distribution with L = 1 and also the exponential
distribution. Eq.2.12 is obtained when the averaged valueare i.i.d. in Eq.2.1. In practice,
these values can be correlated. In this case the Gamma digbation still holds, but L has
to be replaced by an equivalent number of looks.

The amplitude data jzj can also be modeled. It follows a Nakagami-Rayleigh distril-
tion given by:
2LLij2L 1 szj2

( L)ut P u

Figure 2.4.b shows the Nakagami-Rayleigh distributionswh u =1 andL = f0:5; 1; 2; 3; 5g.

(2.13)

p(jzjju) =
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Figure 2.4: The distributions of intensity y and amplitude jzj with di erent parameters.
(&) Gamma distributions modeling y with u=1 and dierent L = f1;2;3;5;10g, Gamma
distribution with L = 1 is also the exponential distribution. (b) Nakagami-Raylegh dis-
tributions modeling jzj with u=1 and dierent L = f0:5;1;2; 3;59.

Gamma distribution plays an important role in the SAR image processing, since it can
model the intensity of SAR imagery. In this thesis, we will u® this Gamma distribution
in the denoising and change detection of the intensity of SARmages. Let us mention
that other models exist like Weibull, log-normal, Fisher, Generalized Gamma distribution.
They are more adapted for non-homogeneous areas and take éanaccount some texture
distribution representing the variations of the scene. Moe parameters are necessary, like
the shape parameter of the scene, to de ne them.

2.2.2 Scattering vector z of SAR imagery

Without loss of generality, we can denote all the previous tpes of SAR images introduced

INSAR images, N = 3 for PoISAR images,N = 6 for PolInSAR images andN 2 N
for multi-channel SAR images. TheN N complex covariance matrix can computed
using Eq.(2.8). Under Goodman's model, the distribution ofz is a N -dimensional circular
complex Gaussian distribution given by:

. 1
p(zj )= N exp 22 'z ; (2.14)
wherej jis the the determinant of matrix . Note that the exponential distribution given
by Eqg.(2.11) can deduced from the circular complex Gaussiadistribution in Eq.(2.14) by
setting N =1.

2.2.3 Empirical matrix  C of SAR imagery

The empirical matrix C of scattering vector z computed by multi-looking operator in
Eq.(2.9) (including Eq.(2.1) with N = 1 and Eq.(2.6) with N = 2) is usually used in
SAR image processing. WherN = 1 and L = 1, the distribution of C simpli es to the
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exponential distribution given by Eq.(2.11). When N =1 and L > 1, the distribution will
be the Gamma distribution given by Eq.(2.12).

When N > 1land L < N , the matrix C is singular and matrix = E(C) is also
singular. Its distribution cannot be modeled by a pdf with inverse matrix of . However,
modeling each term ofC respectively, instead of modelingC in a united way, is one of the
solutions. WhenN > 1andL > N, matrix C follows a complex Wishart distribution:

LNLjCjL N
n(L)i gt

where (L) is the multivariate gamma function.

p(Cj )= exp Ltr c (2.15)

2.3 Summary of SAR image

This chapter has brie y introduced the principles of SAR imagery and its main statistical
models. The intensity of SAR images and its associated Gammadistribution have been
highlighted. However, with the development of SAR sensorghe spatial resolution of SAR
images has raised to meters or even centimeters. SAR image® dull of edges, textures,
which cannot be modeled by Gamma distributions anymore. Butm the following chapters
we will show that our proposed methods focus on local featuse(i.e. patches), to select
samples following the same distribution, thus boiling downto the Gamma distribution of
homogeneous area. In the following chapters, this Gamma dibution will be used to
drive the proposed methods of denoising and change deteaticdor multi-temporal SAR
images.
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Chapter 3

State of the Art of Denoising

Both denoising of natural images and despeckling of SAR imagehave been well studied in
the literature. The main purpose of denoising and despeckiyg is providing better estima-
tion of physical parameters and better performance of automtic tools. Most algorithms
of denoising consider the statistical models of noise, forxample Gaussian distribution
of noise in natural images and Gamma distribution of specklen SAR intensity images.
Thus, both the statistical models of noise and the denoisingrinciples are discussed in this
chapter.

Although this thesis focuses on multi-temporal SAR despeding, the state of art of
natural images denoising (usually with Gaussian noise) andingle SAR image despeckling is
worthy of review. This chapter begins with the review of noi® models, including Gaussian
and Gamma noise distributions. Following the brief introduction of main ideas of denoising
(and despeckling), the non local means (NLM) theory [Buadesteal., 20054a] is highlighted
and various improvements and extensions of it are reviewedSince the (patch) similarity
plays an important role in the NLM theory, some similarity measurements are discussed
and extended to a more general case: comparing patches with efent noise level, which
will be used in the proposed method in chapter 4.

3.1 Noise models

Image noise is random variation of brightness (color inforration, re ectivity or other phys-
ical quantity) in images. It can be produced by the imaging sasor or during the trans-
mission. Di erent imaging systems produce di erent types d noise. Due to its irregular
characteristic in both spatial and temporal spaces, image sises are usually represented by
their statistical characteristics. In this section, we desribe the most common statistical
models used for di erent types of acquisition systems.

3.1.1 Independent additive Gaussian noise

In optical images, a typical model of image noise is a Gaussiaadditive, independent (at
each pixel) noise. Major causes of Gaussian noise in digitéhages arise during acqui-
sition (sensor noise) caused by poor illumination or high temperature, and transmission
(electronic circuit noise). Given an underlying true valueu, the observed variabley can
be considered as the sum aofi (considered as a deterministic value here) and a Gaussian
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independent random variable (noise)n:
y=u+n (3.1)

wheren is a zero-mean Gaussian random variable following the pds (0; 2):

1 n?
p(n) = ’92? &P 53 (3.2)
with variance Var (n) = 2. Figure 3.1.a shows some zero-mean Gaussian distributions

with dierent . Given a Gaussian noise model fon, the pdf, expectation and variance of
the observed variabley can be represented as:

. 1 u)2
p(yju) = p(n=y W=B?pr Q%TL;

E(y)= E(u+ n)= u; (3.3)

Var (y)= Var (u+ n)= 2:

In this model, no texture for u is taken into account. Figure 3.1.a and b show Gaussian
distributions with dierent u and . can be considered as the noise level, as shown in
Figure 3.1.c-e the larger denotes stronger noise in images.

3.1.2 Multiplicative (signal-dependent) speckle noise

As introduced in chapter 2, speckle universally exists in tle coherent imagery systems, e.g.
SAR, sonar and ultrasound images. The common model of multlgative noise is given
by:

y=u n; (3.4)

where n is a Gamma random variable following a Gamma distribution ( L; 1) when con-
sidering intensity data. The pdf of y is given by Eq.(2.12) in chapter 2. In SAR imagesL

is the number of looks and denotes the noise level of imagesigE3.2 shows synthetic SAR
images based orLena with di erent number of looks.

3.1.3 Other noise models

There are other types of noise which exist in real images or §t appear in the academic
researches. For instance Poisson noise, it is caused by tharition in the number of

photons sensed at a given exposure level. This noise is alsoown as photon shot noise.
It follows a Poisson distortion with a root-mean-square valie proportional to the square
root of the image intensity. The pdf of Poisson noise is:

we Y
y!

Its expectation and variance areE(y) = u and Var (y) = u. Besides, impulse noise,
salt-and-pepper noise and so on have also been studied in tiraage processing eld. In
reality, the noise existing in images could be more complidad. Poisson-Gaussian noise is
an example in optical systems that can be described by the surof two random variables
(a Poisson noise and a Gaussian noise). However, in this thesnly Gamma noise in SAR
images is considered.

(3.5)

p(yju) =
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Figure 3.1: The additive Gaussian noise model. (a) Zero-m@aGaussian distributions
with dierent =1;2;3. (b) Gaussian distributions with di erent  =1;2;3 and di erent
u=0;24. (c) Lena picture with Gaussian noise = 10. (d) Lena picture with Gaussian
noise = 20. (e) Lena picture with Gaussian noise = 30. can be considered as the
noise level, larger means stronger noise.

3.2 Main approaches of denoising

Depending on the statistical features of noise, various nee removing methods have been
proposed. This section will introduce the main approaches fodenoising for a single im-

age. Among these denoising approaches, the non local meanssbd methods have been
highlighted and deeply reviewed in section 3.3. Multi-tempral image denoising will be

introduced in section 3.4.

3.2.1 Spatial domain approaches

Spatial averaging methods

When having a distribution linking independent and identically distributed observa-
tions fy(1);y(2);:::g and the searched for parametewu, a powerful framework is given by
maximum likelihood (ML) estimation. The estimation @ is given by:

oML = argEnaong p(y(1);y(2);:::ju) ; (3.6)
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(@ L=1 (b) L=3 () L=5

Figure 3.2: The synthetic noisy image with multiplicative (Gamma) noise (showing the
amplitude values" y). (a) Lena picture with Gamma noiseL = 1. (b) Lena picture with
Gamma noiseL = 3. (c¢) Lena picture with Gamma noiseL = 5. L can be considered as
the noise level, smalle. means stronger noise.

where p(y(1);y(2);:::ju) is the joint density function for all observations, given by:

Y
PY(D):y(@)5:::juw) = p(y()iu) : (3.7)
j
In the case of Gaussian distribution, the pdfp(y(j)ju) is computed by Eq.(3.2). In the
case of Gamma distribution, p(y(j )ju) is given by Eq.(2.12).
When the observation are no longer identically distributed weights can be introduced to

select observations that are likely to be identically distibuted. This leads to the weighted
maximum likelihood (WML) estimate [Polzehl and Spokoiny, 206]:

X
0" = argmax. w(j)log p(y()ju) : (3.8)

j
In the case of Gaussian and Gamma noise, we have a formula linlg the observationy
and the real u value:

o1 X o
oM = w(izj )y()
XJ 2(1) (39)
Z= w(isj)
j2(i)
where w(i;j ) is the weight of candidate y(j). The simplest case is to select the closer
neighbors in a local region( i), e.g. a square window. This will de ne the Box lter, as
shown in Fig.3.3.a. A more adapted approach is to weight the @ighbors depending on the
distance from the processed pixel. This will be the Gaussiarter, as shown in Fig.3.3.b.

Box lter is de ned by constant weights and Gaussian Iter is d e ned by weights depending
on the distance between pixel and j, as shown in the following:

Box lter: w(i;j) =1 ;
gz (3.10)

Gaussian lter: w(i;j ) = exp TR
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(@) (b) (© (d)

Figure 3.3: lllustration of averaging operators. (a) Averagying with a square window (Box
Iter). (b) Averaging with linear Gaussian weights in a pie (Gaussian lter). (c) Averaging
with a shape-adaptive window. (d) Averaging with non-local principle.

Note that these lters reduce noise by averaging neighbor piels given by Eq.(3.8),
always with a loss of resolution (or details) of images, e.gbox-car lter, Gaussian lter.
To restrict such loss, the selection could be performed onlgver similar pixels. Smith and
Brady [1997] and Tomasi and Manduchi [1998] proposed a data agtive weight de nition,
given by:

Lo A \io
) 1y yai= . gy

Data adaptive weight: w(i;j ) = exp 2 exp 5he

This weight function combining geometric and radiometric dstances ensures that only the
similar pixels in the neighborhood are contributing to the averaging and details like edges
can be preserved. However, it may fail when the noise is strgn

To solve the same issue, adaptive windows instead of windowsith xed size are
introduced, e.g. an example shown in the Fig.3.3.c. Lee [19Bused eight oriented windows
which are of xed size but with di erent orientations. In hom ogeneous areas the larger
window would be used, however on the edges the windows whoseeatation is along the
edges are used. Park et al. [1999] applied windows with addpé size (square windows
but with di erent sizes). Moreover, Katkovnik et al. [2002] modi ed both the shape and
the size of the windows. Vasile et al. [2006] suggest to buildn intensity driven adaptive
neighborhood.

More recently, the non local selection of pixels has been pposed, as shown in Fig.3.3.d.
The selected pixels could be from non local areas and do not @@ to be connected to each
other, thus this kind of approach is named non local means (NM) [Buades et al., 2005a].
The estimation is computed again by the weighted average ofhe selected pixels. The
main idea of this approach is to compute the similarity of two pixels by comparing two
small patches around them. This patch comparison is very robst to noise and allow a
very e cient selection. The weights are thus controlled by a similarity which is given by:

Non local means:w(i;j ) = f(S[y(i);y()D ; (3.12)

where S[y(i);y(j)] is computed on patchesy(i) and y(j) around pixeli andj. f() is a
kernel function transforming the similarity to weight. Due to its simplicity and e ciency
in denoising, NLM has became one of the powerful approach imiage denoising. For this
reason, we will focus on this approach which is described inedhils in section 3.3.
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For SAR images, homomorphic approach consisting of applyin a logarithmic trans-
form can convert the multiplicative speckle noise in an addive one. In this case, most
available ltering algorithms developed for additive white Gaussian noise can be used to
denoise SAR images. However, due to the non linearity of theogarithmic transform, the
statistical features of SAR images are changed (non-Gaussi distribution). Moreover, the
log-transformed speckle is non-zero mean especially for @ages with high noise level. Thus,
during the denoising process a post-processing step to rem®othe biased mean is needed.

Except homomorphic approach based methods, there are manytase of the art ap-
proaches exploiting the multiplicative noise model to deviop denoising algorithms, for
instance stationary multiplicative speckle model (SMSM) lters e.g. Lee lter [Lee, 1980],
Forst Iter [Frost et al., 1982] and Kuan lter [Kuan et al., 1 985], and non-stationary mul-
tiplicative speckle model (NSMSM) lIters proposed in Lopeset al. [1990] and [Kuan et al.,
1987]. Based on the stationarity assumption of the multipliative speckle model, SMSM
Iters operate under a minimum mean-square error (MMSE) theory and can be described
by a linear function of the covariance matrix of the signal am noise. On the contrary,
NSMSM lters reduce speckle under the non stationarity multiplicative speckle model as-
sumption. And the MMSE estimation is replaced by the maximum a posteriori (MAP)
theory which, however, raises the problem of providing an awrate statistical description
of the SAR image.

More recently, Alonso-Gonzélez et al. [2012] denoised theoFSAR image with the use
of binary partition trees, which represents the multi-scak homogeneous regions of the
images. NLM theory has been introduced to SAR image denoisinby probability patch-
based Iter [Deledalle et al., 2009] which considers the stastical distribution of speckle in
the de nition of weights in Eq.(3.12). The details about this NLM based approach can be
found in section 3.3.

Regularization based approaches

Regularization methods deal with the denoising problem asaving an optimization
problem. Their main principle is to introduce some spatial egularity for detail enhance-
ment, i.e. edges, point targets. The optimization problem an be formalized with:

X
0= argmin D (y(i);u(i)+ Regu) ; (3.13)

|
whereD (y(i); u(i)) is the data delity term which could be the L1, L2 distance for Gaussian
noise assumption or ratio based distance for speckle modeind Redu) is the regularization
term with  controlling the contribution of regularity. To preserve details like edges and
objects, a regularization term based on the gradient ofi is proposed in the total-variation
(TV) minimization method [Rudin et al., 1992]. Other norms of the regularization terms
with di erent image priors can also be introduced to Redu), e.g. alocal TV model [Louchet
and Moisan, 2011]. Methods have been developed to solve themmization problem given
by Eq.(3.13), such as [Chambolle, 2004, Chambolle and PocR011]. More recently, the
TV regularization has been combined with the NLM approach toimprove the drawback

of NLM in dealing with rare patches in Louchet and Moisan [201], Sutour et al. [2013].

3.2.2 Transform domain approaches

The basic idea of denoising in transform domain is that the ginal and the noise could
be separated in the transform domain, and thus it is easier tareduce the noise. For
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Figure 3.4: Principle of the processing chain in transfornbased denoising methods.

instance, the noise in images generally presents itself aapid changes in a smooth area
and it has uniform power across the whole frequency band, wiei the signal changes slowly
and usually only has power on lower frequencies. Then, the s can be reduced by a
processing chain: 1) transforming the noisy data to the trasform domain; 2) shrinking the
transform coe cients by hard-thresholding or soft-thresholding to suppress the e ects of
noise; 3) performing an inverse transform on the shrunk coecients to the spatial domain.
As shown in Fig.3.4, this processing chain is also the basicipciple of most transform-
domain denoising methods. The key issue of denoising in traform domain is the choice
of the transform domain and suitable shrinking way without smoothing the details in the
image.

Due to the space-frequency localization property and a larg number of transform
bases, wavelet has been the most popular choice for denoigimethods. Portilla et al.
[2003] proposed to model the wavelet coe cients by a scale miure of Gaussian (GSM)
model. Like the common processing of transform based Iterthe noisy image is rst
decomposed into multiple sub-bands in the wavelet domain ahthe wavelet coe cients in
each sub-band are modeled as a Gaussian scale mixture. Foretlshrinking step, Wiener
Iter is used to denoise the wavelet coe cients in a Bayesian kast squares framework. In
the nal step, the denoised coe cients across sub-bands areghen inversely transformed
to form the denoised image. Lyu and Simoncelli [2009] impra@d the Iter proposed in
[Portilla et al., 2003] by using a global Gaussian Markov radom eld to model the local
GSM models. However, the edges and textures in the images mag smoothed since they
have similar characteristics with the noise in transform danain (for instance, both edges
and noise correspond to the rapid changes in spatial domainna have uniform power in
frequency domain). To solve this problem, some techniquesf aletail preservation and
enhancement are proposed. For instance, geometric consings added into the shrinking
step are applied to preserve edges in [Rosito Jung and Schartski, 2003]. More recently,
some high-level transformation methods, such as PrincipaComponent Analysis [Zhang
et al., 2010], K-SVD dictionary based methods [Elad and Ahaon, 2006], have also been
introduced to image denoising tasks. Dabov et al. [2007b] cently proposed a block-match
in 3D transform-domain lter (BM3D), which combined the NLM t heory and the wavelet
transform based denoising (more details can be found in thenfroduction of NLM theory
in section 3.3).

For SAR images, homomorphic approach with a logarithmic traasform could also be
used to develop these transform based denoising approachs deal with speckle noise,
such as the lters in [Guo et al., 1994] and [Gagnon and Jouanl1997]. Considering the
heavy-tailed feature of speckle distribution, a heavy-tdied model under Bayesian wavelet
shrinkage is proposed in [Achim et al., 2003]. Recently, Rgani and Thiruvengadam [2010]
and Gleich et al. [2010] use spatial information to better peserve the edges and textures
of SAR images based on spatially adaptive Wavelet analysi®arrilli et al. [2012] extended
the BM3D lter to SAR data (namely SAR-BM3D Iter), Xu et al. [20 14] introduced Prin-
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cipal Component Analysis theory to SAR despeckling, and dittonary based despeckling
approach has also been proposed in Tabti et al. [2014].

3.3 Non local means methods

Following the main approaches of denoising presented in gan 3.2, this section deeply
introduces the NLM based methods.

Given by EQq.(3.9), basic NLM lter exploits image redundancy by searching similar
pixels and combines these similar pixels with di erent weidpts. As shown in Fig.3.5, to
Iter the center pixel y(i) marked in red, the pixels in the search window (marked in yethw)
are weighted averaged by:

o1 X o
a(i) = 7 w(i;j)y(@) s (3.14)
i2(1)
w(isj) = fX(S[y(i);y(j 0 (3.15)
Z= w(iij) - (3.16)
j2(1)

The weight w(i;j ) depends on the similarity between patches/ (i) (marked in red) and
y(j) (marked in blue). NLM has been proved powerful in image denging, however the
challenges of applying NLM lie in selecting Iter parameters, such as:

S[y(1);y(j)]: the similarity between patch y (i) and y(j). The common similarity is
de ned as a value negatively related to the distance betweer (i) andy(j). Di erent
similarity measurements will be discussed in section 3.3.1

f (): the kernel function transforming the similarity to weight. It was selected as
an exponential function and other choices have also been osed, which will be
reviewed in section 3.3.2;

the size of patchesy (i) and y(j). Too small patch size may make NLM nd wrong
(dissimilar) patches, while too large patch size may lead tdew or no similar patches
found by NLM; the selection of patch and search window sizes W be discussed in
section 3.3.4;

the size and shape of search window( i). In the original NLM theory, i should
be the whole image, while in reality ; is usually a square window to balance the
algorithm time consumption and the denoising performance.

This section will discuss these issues and review the imprements and extensions of NLM.

3.3.1 The choice of similarity

Pixel similarity

The similarity between two pixels y(1) and y(2) can be measured by the negative value
of the euclidean distance (i.e. under the additive Gaussiamoise) or ratio operator (i.e.
under the multiplicative speckle noise), as de ned in the fdlowing:

D pixel (y(1);y(2) = (y() Y(Z))21 D pixel 2[ 1 ;0)

: 1 2
Rpier [y(l),y(2)] =min %; % , Rpixel 2 (0; 1]

(3.17)
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Figure 3.5: The non local means approach denoises each pix€l) by weighted averaging
these pixels (i.e.y(j)) in the search window ( i). The weights are calculated based on the
similarity between patch y(i) and y(j).

where Dpixer denotes the similarity which is inversely proportional to the distance, while

the Rpixel is proportional to the ratio. The higher similarity values, y(1) and y(2) are

more similar. In reality, this measure is corrupted by noisedata. For example, ify(1) =

u(@)+ n(1) (y(2) = u(2)+ n(2)) is the sum of noise-free valuei(1) (u(2)) and a zero-mean,
2.variance Gaussian noise(1) (n(2)), the similarity of y(1) and y(2) will be:

(y@) y@)?= (u@) u@+n@) n@)?
5 (3.18)
= (u+ n

where n is a zero-mean and! 2-variance Gaussian noise. The ratio operator of two pixels
is also a ected by the Gamma distribution.

To reduce the e ect of noise, the patch di erence is usually sed instead of pixel di er-
ence. Given the noisy patchy (1) with y(1) = u(1) + n(1), the patch di erence between
y(1) and y(2) is:

1 X 1 X
e V(LK) y(LK)? = ra [uL;k) u@k)+ n(L;k) n(2; k)
k p (3.19)
_ (u+ n)?

K

where K is the number of pixels in patchy(1). Assuming that u is constant, this patch
di erence is the expectation of pixel di erence given by Eq(3.18), which will have less
variance.

Obviously, the patch similarity is not the same as the pixel $milarity since the noise-free
value u is not constant in the patch. However it is a more robust appraimation and the
similarity of the central pixels is strongly correlated to the similarity of the patches. Fig.3.6
shows the two-dimensional histogram of the Euclidean distace between noise-free pixels
ju(d) u(?)j and the Euclidean distance between noise-free patch&s (1) u(2)k measured
from the houseimage. From this histogram, an approximate proportional rdation between
ju(i) u(j)j and ku(i) u(j)k can be found. A discussion on patch similarity measures
is presented in the following section.

Observed patch similarity
As explained in the former section, patch similarity is morerobust than pixel similar-
ity. Seven patch similarity criteria were presented in [Deédalle et al., 2012a] based on the
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Figure 3.6: The two dimensional histogram of the Euclidean tstance between noise-free
patchesK and noise-free pixels. The ideal case (the assumption thairsilar patches have
similar central pixels [Duval et al., 2010]) is shown on the \mite line.

detection theory. As suggested in their works, for the despkling application, the gen-
eralized likelihood ratio (GLR) criterion outperforms the other similarity measurements,
especially in the strong noise cases. This similarity critéon has been successfully used
in probability patch-based (PPB) Iter [Deledalle et al., 20 09]. Taking a pair of observed
patchesy (1) and y(2) as examples, they are similar when they have the same undeihg
noise-free patchu(l) = u(2) = u(12). The measurement of the similarity betweeny (1)
and y(2) can be considered as a hypothesis test:

Ho:u(l) = u(2) = u(12) Similar (null) hypothesis
H1:u(l) 6 u(2) Dissimilar (alternative) hypothesis :

Given the observed datay (1) and y(2), the optimal criterion which detects whether u(1)
and u(2) are identical is the likelihood ratio:

P(Y(L):y(Ju(12):Ho)
pP(y(1);y()ju(d);u(2);H1)
This likelihood ratio can not be directly used since we do nohave any knowledge about the

noise-free valueu. The generalized likelihood ratio (GLR) solves this problen by replacing
the u values by their ML maximum likelihood estimates. The ratio with estimates is:

p y(1);y(@jaM-(12);Ho
p(y(1):y(@jaM- (1),aM-(2);Hy)
Y p y(1;K);y(2;k)joM- (12,k); Ho
« PO K)y (2 k)jaMt (1;k); aME (2, k) Ha)

R(y(1);y(2) =

(3.20)

RER(y(1);y(2) =

(3.21)

where y(1;k) is the k-th pixel in patch y(1) (k is the index of pixel in patch, y(2; k),
0(1; k), &(2;k) and ©(12;k) have the same case). The ML estimates for Gaussian or
Gamma distributions are given by:

oMb (1 k) = y(2;k) and oMt (2:k) = y(2; k) (3.22)




35

under the H; hypothesis. Under theH g hypothesis, the ML estimate ofu(12) is given by:

2Ky k) + (L K)y(2;k)
LK)+ (2:k) ’
L(L;K)y(3; k) + L(2;K)y(2;k) .
L(1;k) + L(2;k) '

Gaussian distribution case:0M- (12;k) =
(3.23)

Gamma distribution case: oM (12; k) =

(1;k) or L(1;k) is the variance or the number of looks associated t&-th pixel of y(1;k)
(for full generality we suppose that could be spatially varying).
Then, combined with the multiplicative speckle noise modein (2.12) and the additive
Gaussian noise model in (3.3), the GLR turns to be:

Gaussian distribution case:
RER (y1;y2) 0

i h i1
LRy(@k+ (2k)y@k : LRy(Lk+ @K)yRk ,
- Y exp ( )yEl;kg: EZ;kgy( : y(L:k) ( )ygl;kg: Ez;d“ ) y(2;K)
= — .2
k=1;:5K 2 (1’ k) 2 (2, k)
(3.24)
Gamma distribution case:
ROWR (y,:y,) = Y L(LK)Y(L:K) + L(2;K)y(@2;k) L@ L(2;k)M.
nYya) K=1 oK L(1; k) + L(2;k) y(2;k) L@k
(3.25)

where RCR (y1;y,) 2 (0;1] in both Gaussian and Gamma distribution cases. The GLR
based patch similarity is the log operation of Eq.(3.21):

Ser (Y(1);¥(2)) =log RER(y(1);y(2) (3.26)

Seir(Y(1);y¥(2)) 2] 1 ;0] in which the larger values (close to 0) denote/(1) and y(2)
are more similar. Note that, when the noise level of two patchs are the same, the patch
similarity boils down to the similarity used in [Deledalle et al., 2009]. Taking Gamma
similarity criterion in Eq.(3.26) tumns to be:

" S S ! #

o _ X yk) | y(2k) .
Ser (Y Y@ I L= L) = k 2L log Y2 K) + V(LK) 2Llog2 ;

(3.27)
which is the same as the GLR criterion in [Deledalle et al., 209]. And in the case of
Gaussian distributions with constant , RCR boils down to the euclidean distance in
[Buades et al., 2005a].

Noise-free (denoised) patch similarity

In [Brox et al., 2008, Kervrann and Boulanger, 2006], the densied patch similarity is
used to improve the denoising performance especially for gt noise level images. Deledalle
et al. [2009] and Deledalle [2011] also proposed similar ategy for SAR images. In their
work, the Kullback-Leibler (KL) divergence based patch sinilarity had better performance
then simple Euclidean distance based similarity in seleatig similar patches, and it also has
been applied in the PPB lIter Deledalle et al. [2009]. We thusrecall the KL divergence
similarity here and extend it to di erent noise levels cases
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For distributions p(yju(1); (1)) and p(yju(2); (2)) of a continuous random variable
(where s the distribution parameter, e.g. = 2 in Gaussian distribution and = L
in Gamma distribution), KL-divergence is de ned to be the integral:

VA +1 i
KL;1 — LY p(yju(1); (1))
P | PO @) @) ©

The analytical expression can be derived in the case of Gamnuistribution. We extend
here the result of [Deledalle et al., 2009], when considendi erent number of looks for
each pixels. Substituting the Gamma distribution p(yju; = L) given by Eq.(2.12) in the
KL criterion with y  O:

(3.28)

Z,
DLt = 1 p(yju(l);L(1))In[A B C]dy (3.29)
0
where
A= Tty o . L@y "9t Ly tH@
L(2) "’
SRRl u() u(@ (3.30)
_ L2y L@y
and C = exp ﬁ )
Then,
Z,,
DXLt =In A p(yju(1); L(1))dy
VA +01
+ . p(yju(1); L(1))In Bdy (3.31)
z,,
+ . p(yju(l); L(1))In Cdy :
Since,
Z .,
. p(yju;L)dy =1 ;
Z +
. l p(yju;L)Inydy = E(Iny)= (L) +In(u) ; (3.32)
zZ,,
p(yju;L)ydy = E(y) = u;
where (L) is the digamma function. Thus,
DKl =In A+ (L@ 1)In %+(1 L(2))In %
(3.33)
HLE) L@ (L) +In( u(@) + L(z)% L
with
Z + ; .
pKLz= D(yju(@):L(2)In PYIU@:LE@) (3.34)

1 p(yju(l); L (1))
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The KL-divergence criterion between two pixels is:
DKL (U(l), U(2)) — DKL 1 + DKL;Z

u(2) u(l)

= L(1)m + L(Z)@ LA) L) (3.35)
u(l)
HL@ L@ (Ld) (L@)+In Q)
Finally, the KL-divergence criterion between two patches s:
X . .
DL UWE@) = LERGE S L@ L L@k
k ’ ’ (3.36)

u(l1; k)

HLLK) L&kl (LE@K) (LK) +In uzK

where DKL (u(1);u(2)) 2 [0;1 [.
For patchesu(1) and u(2), the KL divergence similarity between them is:
Sk (u(1);u@) = DX-(u@);uE) ; (3.37)

where Sk, (u(1);u(2)) 2] 1 ;0]. The higher value means patchey (1) and y(2) are
more similar.

When L(1)= L(2)= L,
u(d; k)  u(2;k)
uZ:k)  u(Lk) (3.38)

X
Sk (UL);u@)iL@=Le) = L(Gk) 2
K

which corresponds to the same expression as in [Deledalle at, 2009].
When considering additive Gaussian noise, we can substitatthe Gaussian distribution

p(yju; =  2) given by Eq.(3.3) in the KL divergence given by Eq.(3.28), tren we can get:
KL = Ly = 2 (2) iy u@)ic jy u(); :
D™= o p(yju@); = (@)?) In D t Q)2 2 2)? dy : (3.39)

Then, the nal KL divergence similarity can be computed by:

X
Sk (u(@);u(2) = DKL:1 4 pKL:2
k

X juik) u@RPRs @K7, juk) u@kPs @k G4
- ) 2 (1;k)2 2 (2;k)2
with Sk (u(1);u(2)) 2] 1 ;0]
Coherence based similarity for SAR imagery We could wonder if the interferometric

coherence could be used for image comparison. We show thrdug simple experiment that
this information does not correspond to our objectives. Asritroduced in chapter 2, the
interferometric coherence is a key indicator of the relatia between two multi-temporal SAR
images, which is usually used to detect the changes betweewd dates. When comparing
two patches of SAR image, the coherence given by Eq.(2.7) cdme used to measure the
similarity since highly interrelated patches are similar to each other. To compare with the
patch similarity given by Eq.(3.26), we calculate both the GLR patch similarity and the
coherence on a pair of real SAR images (two single-look Tel8\R X-band images of Paris,
France, as shown in Fig.3.7):
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The GLR patch similarity: Eq.(3.26) with L =1, K isa 7 7 pixels patch;
The coherence: Eq.(2.7) performed in a 77 pixels square window.

Fig.3.7 gives an illustration of the two similarity measurements. The coherence has good
performance at buildings areas as well as the GLR criterion.However, it fails when the
re ectivity is lower, for instance in the river and the publi c square etc. (as shown in
Fig.3.8), since it will rely mostly on the phase information We see that this indicator,
although very useful for interferometric purposes, could ot be applied for the combination
of amplitude of images.

(a) Noisy image vy (b) Noisy image y;o

(c) Coherence map ofy: and y;o (d) GLR similarity map between y: and y;o

Figure 3.7: The coherence and GLR similarity of a pair of inteferometric SAR images
¢ DLR project LAN1746.
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(a) Boat

(b) Buildings and a public square (Champ de Mars)

(c) The tour Ei el

Figure 3.8: The coherence and GLR similarity of a pair of inteferometric SAR images.
From left to right: noisy image y; and y;o, the coherence map, the GLR similarity map.
(Note that gure (a) is not of the same size as (b) and (c)).

In this section, we have developed the noisy/denoised patckimilarity used in the PPB
Iter Deledalle et al. [2009]. They have been extended to a mm@ general case (patches
with di erent noise level), which will be useful for the proposed Iter in chapter 4.

3.3.2 Kernel functions f ()

One of the key ingredients is the de nition of the weights fran the similarity. An expo-
nential kernel is used to compute weights in [Buades et al., Zba]:

w(ii) = f (S =exp YOI (3.42)

whereh controls the decay of the weights. People usually select argjle h as a general rule
of thumb for the whole image denoising [Buades et al., 20054,bAs shown in gure 3.9,
weights with higher h (h 7!'1 ) tend to the same value, which is suitable for homogeneous
region denoising. In the edge or texture regions, smalldn (h 7! 0) can keep more details.
Kervrann and Boulanger [2006] proposed to choosk by considering the distribution of
the similarity. Stein's unbiased risk estimate (SURE) is u®d in [Van De Ville and Kocher,
2009] to selecth. For further improvement, Van De Ville and Kocher [2011] prgposed an
estimation by a linear combination of NLMs with di erent par ameters and SURE is also
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Figure 3.9: Exponential weights with di erent parameter h When h 7! 0, the denoising
results will be the noisy data itself. Whenh 7! 1 , the denoising will smooth all the pixels
in the searching window.
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Figure 3.10: Di erent kernels for weights.

used to optimize the combination. More generally, local sektion of h has been proposed
by Duval et al. [2011] using SURE for Gaussian noise. For Po/R denoising, Hondt et al.
[2014] selected the lter parameters by comparing a guess diie ltering error under the
theory of unbiased risk estimation.

Compared with the exponential kernel, Buades et al. [2011] ahSalmon and Strozecki
[2010] show that at kernels or trapezoidal kernels can proide better or competitive results.
Figure 3.10 gives an illustration of di erent kernels for weghts. Flat kernels weights are
binary (1 and 0, or other values) which reduce the computatioal cost. Cosine function is
also used to de ne the weights [Salih et al., 2013]. Tracey eal. [2014] used a combined
kernel by the weighted sum of the individual NLM kernels.

Salmon [2010] claimed that the NLM is semi-local rather thannon local since a large
searching window size (such as using the whole image as theasghing window) would not
provide a better denoising results. In fact, one of the reasois that the larger searching
window will introduce more incorrect pixels to the averagirg and cause more bias, since by
Eq.(3.41) the dissimilar pixels also have non-zero weighténo mater how dissimilar they
are, they can still contribute to the averaging). To avoid the contribution of the dissimilar
pixels, Duval et al. [2011] proposed a truncation on the expmential weights:

exp OV it vy y()

w(i;j ) = o olse (3.42)




41

When = maximum, the algorithm is equivalent to the usual NLM. Eq.(3.42) can reduce
the bias of the estimation by removing the pixels with high pach similarity but very
di erent central values. Thus, the truncated weights are insensitive to the increase of the
search window. Based on the same motivation, Zhang et al. [2@] proposed to combine
the patch and pixel similarity to preserve the high-contrag particle details in magnetic
resonance image denoising. Deledalle et al. [2014] introced a new way to de ne weights
with a learned kernel that impose the distribution of weights in homogeneous regions. This
distribution model is learned from a homogeneous area.

3.3.3 Weight of the center pixel

In EQ.(3.26), the similarity between y (i) and itself is maximum. Thus the weight of pixel
y(i) in Eqg.(3.41) will also be maximum (w(i;i) = 1). This may let the center pixel bring
strong noise in the denoising. Thus,w(i;i) is replaced by the maximal weight in the
searching window (exceptw(i;i)) in [Salmon, 2010]:

w(i;i)=max max w(i;j) (3.43)
j2 i;j6i

In most methods, the weight of the center pixel is linked to the selection of the kernel
function. Given w(i;j ) de ned by EQ.(3.26), Salmon [2010] considered the noise lel
when setting w(i;i):
2
ii) = )t — 3.44

w(i;i) = max j2mia;jX6iW(|’J)’ h ( )
In the comparison experiments in [Salmon, 2010)w(i;i) in EQ.(3.43) should be used in
higher noise level images and Eq.(3.44) is suggested beinged in more moderate noise
level. In [Deledalle et al., 2014], the center weight isv(i;i) =1.

3.3.4 Selection of searching window and patch size

The searching window ( i) in Eq.(3.9) is usually selected as ap jCD)j P j ( D)j square
region with pixel y(i) as center. The size of( i) has been discussed in [Salmon, 2010, Duval
et al., 2010, Kervrann and Boulanger, 2006]. Salmon [2010] ggested that an appropriate
size of ( i) is 21 21 [Buades et al., 2005a], since larger or smaller searchingnalow would
not get better results in his experiments. Rather than searging in a square window, a
spiral searching path (a disk searching region) is used in [@edalle et al., 2014] to deal
with di erent window size. Kervrann and Boulanger [2006] prgposed to locally select
the size of ( i) based on a point-wise rule. Moreover, Berkovich et al. [2013}roposed
a content-based search region for NLM, which is de ned by a piel based classi cation
(segmentation). Chan et al. [2013] search the similar pixslin the whole image but with
a Monte Carlo sampling. Duval et al. [2010] chose to overcomihe selection of ( i) size
by using a larger size combined with a locah setting algorithm, insensitive to the size of

(i).

As explained in section 3.3.1, the patch similarity can be usd to represent the similarity
of pixels if the similarity between p_atchﬁsﬁstrongly elated to the similarity between
their center pixels. Small patch size jKj jKj tends to increase the correlation between
the similarity of patches and the similarity of central pixels. However it is very sensitive
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to noise and more dissimilar pixels are selected to denoisd.arge patch size will exactly
nd similar pixels but few (or even no) similar pixels will be found. Generally, a patch is
a small square window and its size depends on the size of oligin the images (or on the
spatial resolution of images). To improve the performancen strong noise cases, Deledalle
et al. [2009] proposed to use an increasing size of patch in &arative denoising. Moreover,
locally adaptive shape and size of patch is proposed in [Dalalle et al., 2012b].

3.3.5 NLMs with iteration strategy

Kervrann and Boulanger [2006] proposed an iterative framewd& which renews the weights
with pre-estimated images. The same idea has been used in [Bret al., 2008, Dabov
et al., 2007b]. Goossens et al. [2008] proposed a post-presiag lter after the NLM to
remove remaining noise in regions with non-repetitive stratures. Deledalle et al. [2009]
de ned the weights using both noisy image and pre-denoisedriage:

Setr (Y(1);¥()) | Sk (8(1):8())

w(i ] ) = exp ~ NG ,

(3.45)

SkL (@(i);(j)) is computed using denoised patcheg@ (i) and @ (j), which is given by
Eq.(3.37). This approach has been extended to SAR images [[@elalle et al., 2011] and
Poisson noise images [Deledalle et al., 2010a].

3.3.6 NLMs in non-spatial domains

The basic NLMs nd similar pixels and average them in spatial domain for estimation.
This processing can also be done or considered in transforchelomains.

Patch domain
Rather than the center pixel of patches, Coupé et al. [2008] ppposed to estimate the
noise-free patches. This estimator has similar expressicas Eq.(3.9):
oA X
a(i) = z,-z vw(l,J)y(J) ; (3.46)

Weight w(i;j) can also be calculated by Eq.(3.41) or Eq.(3.45). This patatblock-wise
idea has been investigated more clearly in [Tschumperlé an8run, 2011]. Then the value
0(i) in pixel i is de ned by combining the most signi cant patches together.

Transform domains

Block Matching 3-D (BM3D) algorithm [Dabov et al., 2007b] condders that an image
has a locally sparse representation in the transform domainFig.3.11 shows the Itering
processing of BM3D. The rst step of BM3D (the rst line in Fig.3 .11) groups similar
noisy patches (2D) into 3D groups. Then, a collaborative Itering produced individual
estimates of all the grouped patches by lItering them jointly (through hard-thresholding
in transform-domain). The second step (the second line in [§.3.11) has the same stages like
in step one, but it is performed on the basic estimation obtaied by the step one instead of
the noisy image. Both steps need an aggregation stage to recgiruct the estimated image,
which transforms patches to image (the invert-grouping stge). Many extensions of BM3D
have been proposed, such as BM3D with shape-adaptive PCA [Dals et al., 2009], BM3D
with PCA local pixel grouping [Zhang et al., 2010], video-BM3® [Dabov et al., 2007a]
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Figure 3.11: The sketch map of BM3D algorithm [Dabov et al., 207hb].

and BM4D [Maggioni et al., 2011] for video denoising, SAR-BM3DParrilli et al., 2012]
and SAR-BM3D with a variable-size search area [Cozzolino etla 2014] for SAR image
denoising.

Image neighborhood (patches) used in the non-local meansgalrithm are projected
onto a lower-dimensional subspace using principal componeanalysis (PCA) [Tasdizen,
2009, Zhang et al., 2010]. Consequently, patch similarity ®eights for NLM are computed
using distances in this PCA subspace rather than the full (oiginal) space. And this idea
has been extended to Poisson noise reduction (photon-limétl image reconstruction) by
Salmon et al. [2014] and Gamma noise (speckle noise in SAR iges) by Xu et al. [2014].

Mairal et al. [2009] further developed the locally sparse qgresentation idea using un-
xed dictionaries (compared with various types of waveletswhich can be considered as
xed dictionaries). These un xed dictionaries are over-canplete and learned in the train-
ing data by K-SVD [Elad and Aharon, 2006], PCA [Tasdizen, 200] or clustering method
[Chatterjee and Milanfar, 2009, Dong et al., 2011].

3.4 Multi-temporal images denoising

Following the introduction of the denoising approaches deling with single image in sec-
tion 3.2 and 3.3, this section reviews some main approached$ multi images denoising,
for instance video data, multi-temporal images and multi-dannel images. Most of these
methods are extended from the lters introduced in section 3 and 3.3.

According to the ways of extension, this section classi este multi-image denoising
methods into two groups:

extension of denoising range, for instance extending the 2Bearching window to a
3D searching cube may entitle NLM to deal with multi-image denoising;

extension of denoising model, for instance Deledalle et gR011, 2014] developed the
patch similarity from Gamma distributed noise model to comgdex Wishart distributed
noise model for multi-channel SAR images.

Some state-of-the-art algorithms, including video denoisg, multi-channel image (i.e. in-
terferometric/polarimetric SAR images) denoising and muti-temporal images (i.e. SAR
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(a) V-NLM (b) 3D-ANF Ciuc et al. [2001]

Figure 3.12: The illustration of extension of denoising rage of NLM and the sketch map
of 3D-ANF. NLM nds non local similar pixels/patches, while 3D-ANF only uses the
connected pixels for estimation.

images) denoising, are introduced in this section.

3.4.1 Extension of denoising range

3D-ANF

Ciuc et al. [2001] proposed a 3D adaptive-neighborhood Ite (3D-ANF) based on
sigma- lter idea [Lee, 1983]. It uses both spatial and tempoal neighbors of the current
pixel for estimation. However, unlike the non local princide, this approach adaptively
nds neighboring regions (only neighbors whose value is witin a range is selected and this
range depends on the current pixel value), as shown in Fig.B2.b. These neighborhood
pixels connected to each other should be involved in the defgng.

Video NLM
Buades [2006] extended the NLM from single image to multi-imge (video) case by
enlarging the spatial searching window to a spatial and tempral searching zone:

o1 X X . .
O (i) = 7 W(it;j0) Yio(j);
t0 thZ( itO) (347)
where, w(it;jro) = £ S(yt(i);yro(j)) :

yi(i) denotes the pixel located ati in imagey; (at time t). S(y¢(i);yo(j)) is the similarity
between patchy (i) and y(j). Video NLM takes a spatial searching window at position
i in each image and looks for all similar blocks in temporal seahing windows, as shown
in Fig.3.12.a. Note that no motion estimate or optical ow egimate has been performed
in Buades [2006], since the NLM nds thesimilar pixels for denoising instead of thesame
pixels, there is no need to have the explicit estimation of mtions. Following the idea in
[Buades, 2006, Cheung et al., 2008] that there is no need forahNLM framework to have
motion estimation, Mahmoudi and Sapiro [2005] applied a prelassifying processing to
video denoising. They rstly classi ed the image blocks acording to fundamental char-
acteristics (average gray values and gradient orientation Then, only blocks with similar
characteristics are used in the denoising (with non-zero vights). This pre-processing can
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reduce the computational complexity and diminish the in uence of dissimilar pixels in the
denoising.

Most videos are highly temporally consistent. That is why the NLM without motion
estimation between two frames can get satisfying results. élvever, many real noisy videos
have structured noise that makes NLM failing. In contrast with [Buades, 2006, Cheung
et al., 2008], Liu and Freeman [2010] claimed that high-quély video denoising, especially
when structured noise is taken into account, needs reliablenotion estimation. An opti-
cal ow algorithm with spatial regularity was used to estimate temporal correspondence
between two frames. To reduce the computational complexityof NLM, an approximate
K-nearest neighbor patch matching algorithm is used to seah for similar patches in the
entire image.

V-BM3D

BM3D has also been developed to denoise video by Dabov et alO[27a], named video-
BM3D (V-BM3D). A predictive-search block-matching is used to group similar patches
both in the spatial and temporal domain of the video. It is similar to the techniques used
for grouping in BM3D, but also has the facility to estimate the motion between two frames.

Others

Alonso-Gonzalez et al. [2014] also extended the binary pation trees based PolSAR
Iter [Alonso-Gonzalez et al., 2012] to PolSAR temporal seies. It constructs the PoISAR
series as a set of spatio-temporal homogeneous regions arstimates the polarimetric
parameters within them. Le et al. [2014] proposed an adaptw Iter based on a change
detection matrix for SAR time series. Coe cient of variatio n is used to determine the
change/un-change, which is the ratio of standard deviationto the mean of noisy image.
The unchanged pixels in temporal domain have been averagedowever no spatial ltering
process follows this temporal averaging.

3.4.2 Extension of denoising model

BM4D

Contrary to V-BM3D, BM4D does not group blocks, but mutually si milar spatiotempo-
ral volumes according to a non local search procedure. As sho in Fig.3.13, the V-BM3D
groups patches, while the BM4D searches similar volumes (arses of patches). More re-
cently, Sutour et al. [2014] adapted their method to video deoising by using 3D patches
instead of 2D patches.

Spatial-temporal Iters for SAR amplitude images

Quegan and Le Toan [1998], Quegan et al. [2000] denoised theaultittemporal SAR
images by a weighted sum based on the covariance matrix. Quag and Yu [2001] pro-
posed a texture compensation multi-channel lter based on Kian Iter [Kuan et al., 1985].
Kuan lIter is rstly applied on each image and obtained the texture compensation. It
considers the estimation of each pixel as the linear combitian of its temporal neighbors,
and the weights of this combination (or summation) depend onthe ratio of the texture
compensations. The main idea of the time-space lter in Coltic et al. [2000] is to apply a
DCT transform along temporal domain to separate the signal fom the noise and remove
the noise in the transform domain.
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(a) V-BM3D [Dabov et al., 2007a] (b) BM4D Maggioni et al. [2012]

Figure 3.13: The sketch map of grouping steps in V-BM3D and BM4DV-BM3D: grouping
2D patches, BM4D: grouping series of patches (spatiotempofaolumes, 3D patches).

Non-local means for INSAR, PolSAR and PolInSAR images

Non local means have also been applied to INSAR [Deledalle ei., 2011], PoISAR
[Deledalle et al., 2010b, Liu and Zhong, 2014] and PoliInSARmages Deledalle et al. [2014].
Deledalle et al. [2014] proposed an uni ed non-Local frameark for multi SAR images,
including INSAR, PolSAR and PolInSAR images by developing he weighted maximum
likelihood estimation from Gamma distribution to complex Wishart distribution.

Similarly to Eq.(3.9), the estimation " can be calculated by:
1 X o
- w(i;j)C(): (3.48)

j2 (i)

i) =

The weight w(i;j ) is the averaging weight based on the similarity betweerC (i) and C(j).

Deledalle et al. [2012a] de ned this similarity according b the comparison between two
patches with i and j as center respectively. Like the computation of similarity in the

PPB algorithm, the comparison of two patches is also based othe detection theory, the

generalized likelihood ratio (GLR), given by:

lc@k)  cGk®

X
Seir (C(i);C(j)) = JC(i; k) C (i k)it

k

(3.49)

where C(i + k) is the k-th neighbor of C(i) (in spatial domain). This averaging operator
is performed on a square patch with size of K K pixels. WhenM = 1, this GLR
similarity turns to be the expression given in Eq.(3.27). Then, the weight based on the
similarity can also be given by Eq.(3.41).

3.5 Evaluation of denoising

This section presents some common approaches of evaluatittge denoising methods.
Mean squared error (MSE) related evaluations
Mean squared error (MSE) measures the Euclidean distance treeen the "true" signals
and the estimated signals. The expression of MSE is:

X
MSE(0;u) = (0() u(i))?: (3.50)

The lower the MSE, the better the estimation.
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Signal-to-noise ratio (often abbreviated SNR or S/N) is a masure comparing the level
of a desired signal to the level of background noise. It is deed as the power ratio between
the signals and the noise. Since the signals usually have aryewide dynamic range, SNR
is often expressed using the logarithmic decibel scale. Fdmages, SNR measures the
di erence between the noise-free image and the estimated imageQ:

SNR(0; ) = 1010 10 - 0L (3.51)
N

MSE(O;u)

where V ar(u) is the variance pixel values in imageu. N is the number of pixels of image

u. For the seek of simplicity, the peak signal-to-noise ratiocan be used to measure the

denoising quality:

[max(u) min(u)]?
L MSE(0; u)

PSNR(0; u) = 10log 19 (3.52)
where maxu) and min(u) are the maximum and minimum pixel value of imageu.

MSE-related evaluations can accurately measure the di enece between noise-freea
and the estimation 0. However, they can only measure the performance when the res-
free u is available, which is impossible in reality (for instance,the real SAR images have
no noise-free data available).

Di erence/ratio map

When the noise-free images are not available, the evaluatioof denoising quality can
be done by analyzing the di erence mapt y between the estimation and the observed
data y (for multiplicative noise like speckle, the ratio map% should be used). Obviously,
in the ideal case ¢t = u), the dierence/ratio map will be pure noise. Thus the better
denoising results have purer noise in the di erence/ratio naps. In other words, the less
structured information is left in the di erence/ratio map, the better is the performance
the denoising technique. Fig.3.14 and Fig.3.15 respectilyeshow the di erence and ratio
maps of denoising results.

Equivalent number of looks for denoised SAR images

As explained in chapter 2, the number of lookd. can denote the speckle noise level of
SAR images. The higher the number of looks, the less speckl®ise will exist. In other
words, the reduction of speckle is equivalent to increasinthe number of looks. Thus, the
estimation of number of looksL of denoised SAR images can be considered as an evaluation
of SAR denoising. This estimation is named equivalent numbreof looks (ENL), which can
be calculated by the square ratio of mean and variance:

2
ENL = E(0)

~ Var(0) (3:53)

where the meanE (01) and varianceV ar(01) are calculated in an homogeneous square win-
dow. ENL is usually used to evaluate SAR image quality and negs no noise free images.

3.6 Summary of image denoising

We have reviewed some state of the art methods for the image dmmulti-image denoising
tasks. Among these approaches, the non local means (NLM) hawbeen highlighted and will
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(@) (b) (©)

(d) (e)

Figure 3.14: Di erence maps of denoising results (additiveGaussian noise). (a) The noisy
image Lena with additive Gaussian noise = 30. (b) The denoising result by a linear
Gaussian lter. (c) The di erence map between a and b. (d) The denoising result by the
non local means lter [Buades et al.,, 2005a]. (e) The di erene map between a and d.
There are less structures left in e, thus the non local meanslter has better performance
than the linear Gaussian lter.

be applied to our multi-temporal SAR image denoising task de to its e ciency. Various
improvements and extensions of NLM have been proposed, esjaly for the SAR image
denoising, for instance the generalized likelihood ratio GLR) similarity of noisy patches
and the Kullback-Leibler (KL) divergence similarity of denoised patches are introduced.
In this chapter we have proposed some extensions of both GLRnd KL similarities by
considering patches with di erent noise levels, and full epressions of the improved GLR
and KL have been given. Based on these works on NLM, we will prest in the next
chapter how these approaches can be used for multi-tempor&AR intensity estimation.
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(@) (b) (©

(d) (e)

Figure 3.15: Dierence maps of denoising results (multipicative speckle noise). (a) The
noisy image Lena with multiplicative speckle noise L = 1. (b) The denoising result by a
linear Gaussian lter. (c) The dierence map between a and b. (d) The denoising result
by the PPB Iter [Deledalle et al., 2009]. (e) The di erence map between a and d. There
are less structures left in e, thus the PPB lter has better paformance than the linear

Gaussian lter.
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Chapter 4

Two Steps Non-Local Means for
Multi-temporal SAR images

In this chapter we will present how non local means theory cate applied to multi-temporal
SAR images. The proposed method is an extension of the probd#ibtic patch-based (PPB)
Iter by Deledalle et al. [2009] presented in details in the pevious chapter. The main
idea of the proposed approach is to deal with the spatial andegmporal information of the
time series respectively. Inspired by the works in [Buades,@6, Cheung et al., 2008], we
rstly present a direct extension of PPB for multi-temporal SAR images. An interesting
comparison experiment is then introduced to propose our ma¢ation, which is followed by
the details of the proposed 2S-PPB lIter. At the end of this chapter, we will present an
extension of the proposed Iter to miss-registered multi-emporal SAR images.

4.1 Direct Extension of PPB

As introduced in chapter 3, the key idea of the PPB denoisingn [Deledalle et al., 2009]
(and also the NLM) is to estimate actual pixel intensity with image redundancy. The
way to exploit image redundancy is the search of similar pixis in a search window and
averaging those similar pixels with di erent weights. For multi-temporal data, a direct

extension of PPB can be the de nition of a cube search windowpy aggregating all the
search windows of the di erent dates, like the extension of MM to video denoising in

indexesi. Meanwhile, the direct temporal extension of PPB (we will nane it T-PPB) to
estimate the true value u(i) is:
1 X o :
0(i) = > wW(it;jt0) Yio(j) 4.1)
j102C (i)

N

wherew(i;jo) is given by Eq.(3.45).

4.1.1 Comparison of PPB method

To analyze the interest of this direct extension for the temmral case, we have tested it
on a synthetic set of multi-temporal imagesfy,; yt,;Yi;0. These images are synthesized
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(a) T-PPB denoising (b) M-PPB denoising

Figure 4.1: The sketch map of temporal PPB (T-PPB) and mean PPB (M-PPB). (a)

Denoisey;, using the set of temporal imagesf yi,; Vi,; Y. by temporal PPB approach
(Eq.(4.1)). (b) Firstly get the mean values y of the set of multi-temporal images
fyt,; Y11 Yt:9. Then denoise this average imagg using PPB approach.

supposing no change in time (stable case) and temporally , #refore giving 3 realizations
of the same scene. They have been denoised using three metbod

Method i (PPB) : Denoise the single image;, without using imagesy, and yi, by
PPB approach.

Method ii (T-PPB) : Denoisey;, using the set of temporal imaged yi,; Vt,; Yi;9 by
temporal PPB approach (Eq.(4.1)).

Method iii (M-PPB) : Firstly get the mean valuesy of the set of multi-temporal
imagesfyi,; Vi, Yi.9. Then denoise this average imagg using PPB approach.

Note that method i uses only one image, while methodl uses the whole image set (3
images). Although methodsii andiii share the same input noisy images, methodi rstly
temporally averages the 3 temporal images. Because the desivig approach of the three
methods is PPB and the main di erence among them is the input,one can easily predict
that method i has the poorest results and Methodsi and iii should have comparable
performances.

Fig.4.2 shows the three results. As expected, by using threg-look noisy images, the
denoising performance of T-PPB in Fig.4.2.d has been impr@ad compared with the result
of PPB in Fig.4.2.b (in terms of the SNR values). However, it B not su cient, because
M-PPB Fig.4.2.f has signi cantly outperformed T-PPB, in spite of the same input noisy
images.

4.1.2 Analysis and motivation

In order to analyze the results, we present the map of weights/ (i;; o). Fig.4.3 shows the
weight maps of several interesting pixels for the three methds. In the noise-free image, we
can easily nd the similar pixels. However, in methodii more dissimilar pixels have been
assigned large weights (bright points in the weight map) tha those in methodiii . More
weights are computed but they are less accurate. Thanks to #temporal average before
denoising, methodiii reduces the risk when searching similar pixels.
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(@) 1-look noisy image (b) Three 1-look noisy decorre-(c) Temporal mean of (b) (a 3-
lated multi-temporal images look noisy image)

(d) Method i PPB result of (a), (e) Method ii T-PPB result of (c), (f) Method iii M-PPB result of
SNR: 10.79 SNR: 11.62 (e), SNR: 13.81

Figure 4.2: Denoising results of synthetic images with mulplicative speckle noise (top:
input noisy images; bottom: denoising results).

A rst solution could be the modi cation of the kernel that tr ansforms similarity in
weights. Indeed, it is shown in [Duval et al., 2011] that trurcated weights for NLM (in-
stead of exponential function) could improve the selection However for 1-look image, the
improvement is not su cient.

Averaging in temporal domain (multi-looking) is consideral as the e cient and best
unbiased estimator for the hypotheses of independent and dhtical distribution. Thus,
method iii naturally performs better than method i and ii in the situation of no-change
and decorrelated images. The purpose of this experiment was illustrate the improvement
of the introduction of multi-looking into PPB. In this chapte r we combine the advantages
of both approaches (multi-looking and PPB) to de ne a multi-t emporal denoising method.

4.2 Two-steps non-local means (2S-PPB)

Let us go back to the simple comparison experiment in Sectio®.1.1. Method iii (in
Fig.4.2.c and f) rstly temporally averages noisy images, Wich reduces the noise level and
improves the weights, as shown in Fig.4.3. Although the reaBAR images or video data
may encounter changes due to miss-registration (or motionand temporal changes, there
are still lots of cases that can be temporally combined. Takig inspire from the Method
iii , we propose to divide the denoising process into two steps,hich deal with temporal
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Figure 4.3: Weight maps. (a) three 1llook noisy images; (b) temporal mean of (a).Right:
the corresponding weight maps. leok noisy images have more similar pixels found by
similarity measurement, but they are not accurately seleatd.

(a) 3 1-look noisy images

(b) Temporal mean of (a)
(3-look noisy image)
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and spatial information respectively. The main purpose of malti-temporal denoising is
exploiting all the available information for temporally stable pixels while keeping the new
information as much as possible. Note that in this part all the multi-images are considered
as well registered, and only the change detection problem onsidered in this section.

In case of stable pixels (no change over time and well registd), the method iii illus-
trates the usefulness of temporal averaging. The proposededoising framework namely
two-step (2S-PPB) approach based on NLM and PPB is to exploit snilar pixels in the

there is no change taking place among multi-images). If piXe located at the same posi-
tion but at di erent times (like vy;(i) and y;o(i)) have not changed (in other words, they
share a samerue value u;(i) = uo(i)), they can be averaged together to estimatau (i).
From a probability point of view, this equally weighted average can be considered as an
estimation using prior information (relative to the estimate using likelihood information in
[Deledalle et al., 2009]). This temporal average can be seas a preliminary multi-looking
operation. However, the main problem lying in this temporal denoising is the use of only
stable pixels. We thus have to use e cient change detectionwhich will be detailed in the
following.

4.2.1 Criteria of change

Usually, most change detection methods are concerned abotite changes between di er-
ent terrestrial objects, like rivers, buildings and other arti cial objects. However in image

denoising, we theoretically combine the observed pixelsdm the same true value or re ec-
tivity (coming from the same distribution). Hence here the changesare de ned as samples
coming from di erent distributions.

As mentioned in section 3.3.1, several similarity criteriafor noisy patches are compared
in [Deledalle et al., 2012a]. They can also be used to detedh@nges. For instance, the GLR
proposed for non-Gaussian noise can be used to detect charge times. Another criterion,
the KL divergence criterion in denoised images [Deledallet el., 2009] can also be used to
improve the performance of the GLR criterion computed in nosy images. As shown in
the previous chapter these criteria are very e cient. Therefore, we have decided to study
both criteria, GLR on noisy images and KL divergence on densied data for similar pixel
selection.

Fig.4.4 illustrates the performance of the GLR criterion inthe noisy image and the KL
criterion in the denoised image (using PPB on each image) tond the similar pixels. The
results show that the KL criterion in denoised images is moree cient to select similar
pixels than the GLR criterion in noisy image. However, this @mparison experiment is not
fair, because of the di erent noise level in Fig.4.4.a and cWhat is more, the KL criterion
in denoised images has an inevitable drawback that the usededoising approaches have
great in uence on the quality of the selections.

To balance the advantages against the disadvantages of bothe GLR in noisy images
and the KL criterion in denoised images, we propose to emplopoth of them to detect
the changes between temporal images. This suggestion hasngar consideration as in
[Deledalle et al., 2009], which proposed that the denoisingveights are coming from both
the noisy images (by GLR criterion) and the previous denoisg images (by KL divergence).

For the sake of simplicity, we use Eq.(4.2) as a binary critéon to de ne the temporal
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(a) Noisy house with a center pixel (b) The 100 most similar pixels se-
(3-look) lected by GLR similarity in (a)

(c) Denoised house with the same (d) The 100 most similar pixels se-
center pixel lected by KL divergence similarity
in (c)

Figure 4.4: Selected similar pixels by the GLR criterion andthe KL divergence criterion.
(a) the 3-look noisy houseimage and the pixel that will be used to illustrate the distri-
butions, the red rectangle is the search window; (b) seleaiihs by GLR criterion; (c) PPB

denoising result of (a); (d) selections by KL criterion. TheKL criterion in denoised images
is more e cient to select similar pixels than the GLR criteri on in noisy image.

relation between the pixel values ati; and the pixel value atj as

(S yliyel) = o o il =2 (4.2
v eofi Skl BPPB(i):0PPB
S ve(i):yel) = ScLr yth(tla)’yt () =« ™ tfg o @) (4.3)

where, S yi(i);yr(j) 2] 1 ;0] aPPB(i) and @B (i) are patches extracted in the
denoised result respectively iny; and y;o using PPB Iter. In order to ensure that
both GLR and KL criterion have same contribution on the change detection, we nor-
malize the GLR and KL terms in Eq.(4.2) by parameters h® = jquantile(Sgir; )j and
h® = jquantile(Sk_ ; )j respectively, where for any similarity measureS, quantile(S; )
denotes the -quantile of the pure distribution of S (i.e., the distribution when patches
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(&) Noisy house with 1-look (b) Noisy house with 1-look (c) Change detection by Eq.(4.2)
speckle noise speckle noise

(d) Noisy SAR image (e) Noisy SAR image (f) Change detection by Eq.(4.2)

Figure 4.5: Change detection by the KL divergence and the GLRcriterion. (a, b) the
noisy house images with 1-look speckle noise; (c) change detion results between (a) and
(b); (d, e) the noisy SAR images, the red rectangles denote thchanges between (d) and
(e); (f) change detection results between (d) and (e). Changs in red rectangles have been
found out in detection results.

have the same underlying re ectivity). More discussion abat the -quantile based thresh-
old can be found in section 5.4. In practice, here we have ches = 0:99, such that
a binary weight f® S y(i);yro(j) = 1 means that pixel y;(i) and y;o(j) have a high
probability to be realizations coming from the same underlyng re ectivity. If is kept
constant, thresholds lower than '-2' will add more changed fxels in the temporal step.
On the contrary, the smaller threshold may neglect some sinar (unchanged) pixels in the
temporal step.

We compare thischange detectioncriterion with the log-ratio, a criterion widely used
in SAR images. Synthetic images and real SAR images are used this comparison ex-
periment, 1) synthetic SAR images corrupted by a multiplicaive 1-look speckle noise in
Fig.4.6.a, 2) two real SAR images (TerraSAR images of SainGervais-les-Bains, France)
sensed in 2009 and 2011 respectively in Fig.4.6.b. The reéece maps of changes are shown
in the middle of Fig.4.6.a and b (for the real SAR images, we nmaually label the changes
taking place between date 1 and date 2). The right of Fig.4.& and b shows log-ratio
criterion and our similarity-based change detection critegion. The similarity criterion has
higher ROC curves in the False-positive and True-positive grves in Fig.4.6.c and d.
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(a) Synthetic images. From left to right: image at date t, image at date t°, reference map of changes, log-ratio
criterion map and the proposed similarity criterion map.

(b) Saint-Gervais-les-Bains images. From left to right: image at date t, image at date t° reference map of
changes, log-ratio criterion map and the proposed similarity criterion map.
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(c) Change detection results (True positive and (d) Change detection results (True positive and
false positive curves) of synthetic images false positive curves) of Saint-Gervais-les-Bains
images

Figure 4.6: Change detection criterion comparison. a) syiitetic SAR images, b) real SAR
images (TerraSAR images of Saint-Gervais-les-Bains, Fraey. From left to right, noisy

image y;, noisy imageyyo, the reference maps of changes, the log-ratio criterion maand
our similarity-based change detection criterion map. c) ad d) Change detection results
(True positive and false positive curves).
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4.2.2 Two Steps Denoising

Based on this change criterion we propose the following framrk for temporal denoising
named 2S-PPB.

Temporal step.  The following formula shows the temporal averaging proceswith the
change criterion (binary weights):

X
W)= 3 1S el vel) “.4)

t02[t1;tn ]

P : .
whereZ = t92[t1:ty ]f s ye (i) yeo(j)

Denoising on the temporal estimatey; (i) is comparable to Eqg.(4.1). However, di erent
pixels y (i) may have di erent (equivalent) number of looks depending on the number of
averaged data. The resulting number oflooks is temporally and spatially varying and is
given by: X
C(i) = S yi@ivel) Lo (4.5)

t02[ts5ty ]
in which Lo is the original spatially-invariant (equivalent) number of looks of the image
Yto.

Discussion on the equivalent number of looks and pixel colagion. In the temporal
step, the number of looksC(i) associated to the averaged pixelx (i) only depends on
the number of candidate pixels in Eq.(4.4). However for inteferometric images, thereal
number of looks is also linked to the coherence between the mzerned pixel y; (i) and
the candidate pixel yio(i). In the ideal case, the coherence betweewn (i) and yio(i) is O
(they are thus decorrelated), then the number of looksC;(i) can be given by Eq.(4.5).
However, when the coherence is non-zero, threal C;(i) will be lower than the value given
by EqQ.(4.5), due to the coherence of noise. This case mainhakes place in the building
areas and other artifact objects, as shown in Fig.3.7.c.

Spatial step. Now working on the imageyy, the similarity between patches y+(i) and
¥+(j) has to be modi ed to take into account the spatially varying number of looks. For
any pair of patches in the temporal mean imagey, the GLR similarity is given by:
X h h i
Serr (y1(i);y(1)) = Ci(isk) + Ce(i k) log Cr(isk)ye (i K) + Cre(jik )y (i k)
k2K

Ci(i k) + Ce(i k) log Ci(isk) + Ci(ji k)

Ci(i;k)log [y (k)] Ci(j k) log [y (s k)]
(4.6)
which is deduced from Eq.(3.26). KL divergence similarity an also be computed by
Eq.(3.37). Then, the estimate (i) using y will be:

o1 X L .
0c(i) = > w(it;jto)y() - 4.7
2 (i

It is similar to NLM Itering given by Eq.(3.9), but applies o n the temporally improved
imagey; instead of original noisy imagey;. The weights are also iteratively de ned based
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Algorithm 1 The proposed 2S-PPB algorithm.
Input:

A date t; of interest.
Output:
O, the denoising result of imagey:, .
Step 1 (Temporal step): -

2:  denoisey; using PPB approach; (Section 3.3)
3. obtain pre-denoised resultsofFB;

4.  for each pixel indexi do

5: compute change criterionf ® S y;(i);yio(j) ; (Eq. 4.2)
6. end for

7: end for

8: for each pixel indexi do

9: initialize w,(i) =0, Cy, (i) =0;

10:  for eachyt in fyi,;ye,;: 0y, g do

11 Y () =¥ @)+ 2 S vi(i)iyve()  wi(i); (Eq. 4.4)
12: Lo, (i) = Co, () + 2 S yi(i)yeo(j) Ly

13: end for

14 Wy (i) = v, (1) =L, (1); (Eq. 4.4)
15: end for

Step 2 (Spatial step):
16: denoiseyy, (i) using Eq. (4.7) and (4.8) in Section 4.2.2. This denoising sp is similar
to the PPB approach.

17: return  Denoised result(y, ;

on the combination of GLR similarity from y and KL similarity from previous denoised
image, as given by:

Setr (y1(i);y1(1)) | Ske @:();ee(i))
h ho

w(it;]t0) = exp (4.8)
The parametersh and h° are also selected by the -quantile of the pure distribution of

ScLr and Sk. in image y. Algorithm 1 summarizes the steps to denoise temporal SAR
images by the proposed 2S-PPB method.

4.3 Experiments of denoising

For all the following experiments, we use the parameters asiggested by Deledalleet al. in
Deledalle et al. [2009]. The search window and patch sizeK enlarge with the increase of
the number of iterations, 2f3 3;7 7;11 11,21 2lgandK 2f1 1;3 3;5 57 7g
for all experiments.

The experiments are taken under the MATLAB environment on anintel(R) Core(TM)2
Quad CPU Q9550@2.83GHz 64bit computer. The consuming time the proposed method
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is about 400¢ for a 3-date 256 256 temporal image set (PPB needs about 15s for a
256 256 image).

4.3.1 Synthetic Images

We present visual and numerical results obtained on synthét images corrupted by mul-
tiplicative Goodman's speckle noise. Classical noise-feimages are used:house lena,
barbara boat and peppers We use the same noise-free image to synthesize a temporal
image set, which means there is no temporal changes and thahe pixels are fully decor-
related (no interferometric correlation). Besides the propsed 2S-PPB lIter, the compar-
isons that have been tested here are PPB only on single imagg, (Method i: PPB), 3D
adaptive neighborhood Iter (3D-ANF, it is self-implement ed) Ciuc et al. [2001] on the
multi-temporal image set fyy,;::;;yt, 9 and Temporal PPB on the multi-temporal image
setfyt, ;5 Yy O (Method ii: T-PPB). For the 3D-ANF Iter, we use 3 3 median Iter in
the rst step of 3D-ANF and 50 50 as the maximum size of adaptive neighborhood in the
last step of 3D-ANF.

Fig.4.7 only shows the denoising results of théhouse images corrupted byL = 1
multiplicative speckle noise. There are 3 noisy images in thtemporal data set. The image
obtained by the T-PPB lter are well smoothed compared with the PPB Iter. However,
the edge and shape preservation has limited improvement. Té proposed 2S-PPB lIter
provides more details of edges as the eaves and windowshafuse while smooth regions
are comparable. 3D-ANF has less loss of structural informabn in stable cases (shown in
the ratio map in Fig.4.7.b), while it has poor noise reductio in homogeneous regions.

To quantify the denoising qualities, Tab. 4.1 presents numgcal results for images
corrupted by multiplicative speckle noise with di erent number of looksL =1;3;5 and 10
and di erent number of dates (di erent number of images in temporal data set)N =1;2;3
and 5. Note that when N = 1, there are no T-PPB and 2S-PPB denoising results. The
used performance criterion is the signal to noise ratio (SNRgiven by Eq.(3.51). We
observe that the 2S-PPB Iter improves on the T-PPB lter for high noise level images
(i.e. L = 1), particularly when N is large. However, for low noise level images (i.e. > 5),
2S-PPB has only limited improvement. This is because the siitarity of noisy patches in
low noise level images is e cient enough, and the improvemenof patch similarity using
temporal average is relatively less important.

4.3.2 Realistic SAR Synthetic Images

This part presents denoising results of realistic SAR synthtic images. Itis a 100-look SAR
acquisition identi ed as Toulouse of the CNES in Toulouse (France) sensed by RAMSES
and provided by the CNES. We corrupt this 100-look Toulouse image by 1iook multi-
plicative speckle noise to form 3 temporal image$yz,;Yi,;Yi,0. In order to simulate the
changes in the multi-temporal images, a darkline and a bright target are added toyy,,
labeled by red rectangles (Region #1 and #2) in Fig.4.9.a. y;, and y;, are corrupted by
di erent multiplicative speckle noise without the dark line and the bright target (Fig.4.9.e
and i). Note again that in this case the temporal pixels are deorrelated.

Fig.4.9 presents the obtained denoising results for th&oulouse images. The results
of the proposed 2S-PPB lter have better edge and shape presation with comparable

1This time consumption contains the computation of paramete rs, such ash®, h®, h and h° If these
parameters have been obtained, the time consumption is abou 50s.
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(a) PPB on single image (b) 3D-ANF on 3 images

(c) Temporal PPB (T-PPB) on 3 images (d) The proposed 2S-PPB on 3 images

Figure 4.7: Denoising results for thehouseimages corrupted by multiplicative speckle noise
with L = 1. From left to right: the denoising results and the ratio of nasy image to the
denoised image. (a) PPB lter; (b) 3D-ANF, (c) T-PPB lter; ( d) the proposed 2S-PPB
Iter.

smoothed regions than PPB and T-PPB Iters (ENL in Tab.4.2). Structural information
of new objects (changes) is also better preserved as shown kig.4.9.a (Region #1 and
#2). Stable objects, as the dark lines in Region #3 and #4, have been better restored in
the results of 2S-PPB than PPB and T-PPB lters.

4.3.3 Real Multi-Temporal SAR Images

(a) Toulouse (b) San Francisco (c) Saint-Gervais-les-Bains

Figure 4.8: Toulouse San Francisco and Saint-Gervais-les-Bains noisy images (regions in
green rectangles are used to calculated the ENL values).

We also tested 2S-PPB on real multi-temporal SAR data:

San-Francisco (well-registered) ¢ IGARSS: 6 single-look TerraSAR images of San
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peppers barbara

[L=1]L=3[L=5[L=10 [L=1[L=3]L=5]L=10

N =1 6.58 | 9.08 | 10.07 | 10.97 N=1 6.58 | 8.88 | 9.68 | 10.39
8.16 | 10.35 | 10.97 | 11.52 8.15 | 9.91 | 10.38| 10.79

N=2| 1043 | 13.68 | 14.99 | 16.80 N=2| 11.00 | 1391 | 15.02 | 16.62
11.51 | 13.73 | 14.69 | 16.20 12.15 | 1453 | 15.53 | 16.79

9.09 | 10.86 | 11.32 | 11.73 891 | 10.29 | 10.68 | 10.95

N=3]| 11.33 | 13.99 | 15.37 | 17.19 N=3 | 11.77 | 14.41| 15.60| 17.29
12.15 | 14.48 | 15.52 16.84 13.10 | 15.06 | 15.99 | 17.40

10.03 | 11.32 | 11.62 | 11.90 9.68 | 10.65| 1089 | 11.06

N=5| 11.87| 14.45| 15.74 | 17.73 N=5| 1229 | 14.77 | 15.89 | 18.28
12.99 | 15.20 | 16.25 17.62 13.97 | 15.83 | 16.78 18.16

lena boat

[L=1]L=3[L=5[L=10 [L=1[L=3]L=5]L=10
N'=1 6.89 | 10.64 | 12.32 | 14.18 N=1 6.01 9.15 | 10.39 | 11.77
9.29 | 12.81 | 14.23 | 15.66 8.01 | 10.78 | 11.77 | 12.66

N=2 ] 1290 | 1521 | 16.60| 1781 N =2 9.75 | 11.87 | 13.29 | 15.25
13.31 | 15.63 | 16.70 | 18.07 10.75 | 12.75 | 13.76 15.22

10.62 | 1393 | 15.11 | 16.32 9.12 | 1159 | 12.32 | 13.00

N=3| 13.28 | 1559 | 16.77 | 1807 N =3 | 999 | 12.62| 13.89 | 15.67
14.14 | 16.13 | 17.18 | 18.63 11.05 | 13.39 | 14.34 | 15.78

12.26 | 15.11 | 16.07 | 16.86 10.41 | 12.34 | 12.86 | 13.35

N=5] 13.37| 1582 | 16.80| 1891 N =5 | 10.97 | 12.78 | 14.27 | 16.41
14.80 | 16.89 | 17.94 | 19.18 12.37 | 14.21 | 15.24 | 16.50

Table 4.1: SNR value of estimated images usingPB, 3D-ANF, T-PPB and 2S-PPB Iter
for images corrupted by multiplicative speckle noise with derent equivalent numbers of
looksL =1;3;5;10 and di erent numbers of imagesN =1;2;3;5 in temporal data set.

Francisco (USA) provided by IGARSS Fusion Contest 2012 (thee images are sensed
in 2007 and the other three in 2011).

Saint-Gervais-les-Bains (well-registered): 26 single-look TerraSAR images in Sain
Gervais-les-Bains (France) Terra-SAR-X images (project MH0232) (13 images are
sensed in 2009 and the other 13 images in 2011).

Both of them have been nely registered using the sensor paraeters.

We assessed the performance of noise reduction in real SARages by measuring the
equivalent number of looks (ENL) given by Eq.(3.53). The dewising results are shown in
Fig.4.10. Compared with PPB and T-PPB lters, 2S-PPB lter r educes the speckle e ect
comparably in San-Francisco (well-registered). Moreover, dark and thin streets have ben
better preserved.. We also compare the 2S-PPB lter with theclassical temporal ltering
method, multi-looking approach in Saint-Gervais-les-Bains Generally, 2S-PPB lter gets
smoother results than multi-looking as the Region #1 in Fig.4.10.c and d. More than
that, the changes over time can be restored by 2S-PPB, as the ahges in the Region
#2 in Fig.4.10.c and d. Multi-looking ignores the temporal changes (loss of temporal
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resolution), while 2S-PPB Iter can well preserve both the gatial and temporal resolution
and reduce the speckle e ect. Tab.4.2 shows the ENL calculat in homogeneous regions
(green rectangles in Fig.4.8). In general, the proposed kr has higher ENL than other
Iters.

4.4 Extension of 2S-PPB for miss-registered images

The two-step multi-temporal NLM proposed in previous sectbn deals with multi-temporal
SAR images which have been nely registered. However in préice, it is not always easy to
get accurately registered images, because of the lack of acacy of sensor parameters or of
terrain deviation. In this section, we propose an adaptatia of the two-step multi-temporal
NLM to deal with miss-registered temporal SAR images. We assne that there is a coarse
registration between images, but that a residual o set for ech pixel may exist?.

4.4.1 Estimation of miss-registration

From the simple comparison experiment in section 4.1.1, wedve seen that the direct
extension of 2-D denoising approaches to well-registereeémporal SAR images is not op-
timal. Hence, unlike in Buades et al. [2008], we try to considethe o set caused by
miss-registration between temporal SAR images using patclsimilarity. This o set be-
tween remote sensing SAR images caused by miss-registraties much simpler than the
complex scenes changes in video. Besides, our aim is not aater registration, but only
accurate detection of similar pixels to perform temporal aeraging.

Let y; and y;o denote two temporal images without registration, andy(i) and y;o(i)
are the i-th pixel in y; and yo respectively. Note that y;(i) and yo(i) are both located
at i in images, but they do not denote the same position in the geagphic coordinate
system before image registration. Suppose thayio(i + wo(i)) is the [i + wo(i)]-th pixel
in yto which shares the same geographic location witly;(i) in y;, and ¥o(i) denotes the
o set between y; (i) and yo(i + wo(i)). If no change takes placey;o(i + ¥o(i)) should be
the most similar pixel of y;(i) in image y;o. Consequently, the idea to estimate this o set

2As it was the case for the San Francisco data set of the data fusion contest IGARSS 2012, in section
4.3.3

Table 4.2: ENL of noisy images and estimated images using , 3D-ANF |, T-PPB
and 2S-PPB lIters for real SAR images.
ENL Toulouse San Francisco Saint-Gervais-les-Bains
0.83 0.94 0.93
Left green Region
in Fig.4.8 13.37 10.70 10.79
89.81 52.31 54.99
66.78 65.15 497.25
0.85 0.97 0.92
Right green Region
in Fig.4.8 21.73 11.78 5.83
252.33 38.31 13.58

328.61 69.38 190.08
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(a) Image y:, (1-look). From left to right: noisy image, PPB result, 3D-ANF result , T-PPB result and 2S-PPB
result.

(b) Ratio map of noisy images to denoised images in a. From let to right: PPB, 3D-ANF, T-PPB and
2S-PPB.

(c) Noisy image yi, (1-look). From left to right: noisy image, PPB result, 3D-ANF result , T-PPB result and
2S-PPB result.

(d) Noisy image yi, (1-look). From left to right: noisy image, PPB result, 3D-ANF result , T-PPB result and
2S-PPB result.

Figure 4.9: Denoising results on a zoom offoulouse ¢ DGA ¢ ONERA. From left to
right, noisy image with 1-look multiplicative speckle noise, results by PPB on single imag,
results by 3D-ANF on temporal images, results by T-PPB on tenporal images, results by
2S-PPB on temporal images. From top to bottom, imagey;, with new objects (a darkline
in Region #1 and a bright target in Region #2), ratio maps of noisy images to denoised
images, imagey;, without new objects, imagey;, without new objects.
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(@) San Francisco denoising results. From left to right: PPB on single image, 3 D-ANF, T-PPB and
2S-PPB

(b) Ratio map of San Francisco images. From left to right: PPB on single image, 3D-ANF, T-PP B and
2S-PPB

(c) Saint-Gervais-les-Bains images. From left to right: noisy image, denoising result by multi-looking,
denoising results by PPB on single image.

(d) Saint-Gervais-les-Bains images. From left to right: 3D-ANF, denoising result by T-PP B on temporal
images, denoising results by 2S-PPB on temporal images.

Figure 4.10: Denoising results of well-registeredsan Francisco ¢IGARSS and Saint-
Gervais-les-Bains (a) San Francisco denoising results. From left to right: PPB on single
image, 3D-ANF, T-PPB and 2S-PPB, (b) Ratio map of San Francisco images. From left
to right: PPB on single image, 3D-ANF, T-PPB and 2S-PPB, (c) Saint-Gervais-les-Bains
images. From left to right: noisy image, denoising result bymulti-looking, denoising re-
sults by PPB on single image, (d)Saint-Gervais-les-Bains images. From left to right:
3D-ANF, denoising result by T-PPB on temporal images, denaing results by 2S-PPB on
temporal images. Stable region #1 inSaint-Gervais-les-Bains and changed region #2 in
Saint-Gervais-les-Bains
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Figure 4.11: Assumption of image registration. In the intersity images registration, all
pixels in a small patch share a same o set to their real positin.

wo(i) caused by miss-registration is to use the pixel similaritysupposing that changes are
quite 'rare' on the image.

Using the conclusion of Section 4.2.1, we combine the KL divgence and the GLR
criterion as the similarity between patches, as given by Eq(4.3). Note that this KL
divergence criterion is computed from the PPB denoising radts on each image. For each
pixel y¢(i) in y;, we measure the similarity betweeny;(i) and pixels in region Ao(i) (an
image patch with yo(i) as center inyo, shown in Fig.4.12). The similarity betweeny; (i)
and yio(j ) is dist (it;]10). Each pair of pixel yi(i + n) in y; and region Aw(i + n) in y; has
a similarity map Mgo(i+ n) (06 N6 Na 1, Np is the size of the regionA), as shown
in the top right of Fig.4.12.

M) = £SO ¥1o0 )G oo o) (4.9)

where S(y:(i); yio(j)) is given by Eq.(4.3).

The o set wo(i) should be the o set between the center of mapM (i) and the position
of maximum value in Myo(i). However, it leads to a poor performance because of noise.
Based on the assumption in Fig.4.11, we suggest that the o setyo(i) caused by miss-
registration can be estimated from an average similarity mp Myo(i), which is the mean
of similarity maps Myo(i + n) (16 n 6 Na). The estimation of o set wo(i) is from the
center of mapMyo(i) to the position of maximum value in Mo(i).

Myo(i) = S(yt>((i);Yt0(j)) j(02A (i)

S(yt(1);yro(j)) = Syt (i); yeo( ) (4.10)
it2A¢ (i)

We test the miss-registration estimation on real SAR imagesFig.4.14.(b) is the temporal
average without ne image registration or miss-registration estimation, which is blurred.
After miss-registration estimation, the temporal averageis illustrated in Fig.4.14.(c).

4.4.2 Two-steps non-local means on miss-registered images

The miss-registration estimation entitles the proposed 29°PB denoising approach to deal
with miss-registered multi-temporal images. The denoisig process is exactly the same as
detailed in Section 4.2, except that the candidate pixelg/o(i) are replaced byy;o(i + wto(i))
found out by the miss-registration estimation. Algorithm 2 summarizes the steps to denoise
miss-registered temporal SAR images by the proposed 2S-PPiethod.
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Figure 4.12: The sketch map of the miss-registration estint#on for miss-registered images.

4.4.3 Experiments of denoising on miss-registered images

We compare our o set estimation with the o set estimation using the intensity tracking
method. Intensity tracking with correlation has been widely used in glacier motion estima-
tion tasks on multi- temporal SAR images Gray et al. [2001], 8ozzi et al. [2002]. In this
comparison experiment, we simulate a multi-temporal imageset with an o set w0 = (3;3)
pixels between them, as shown in Fig.4.13.a and b.

For the o set estimation using the intensity tracking, it is self-implemented in our com-
parison experiments and it also has a local averaging procgéike the one in the proposed
method to reduce the e ect of speckle noise. The patch size i& 7 pixels and the test area
is 21 21 pixels. To illustrate the performances, the estimation gor is calculated using the
Euclidean distance between the true o setvgo = (3 ;3) and the estimated o set. Fig.4.13.c
and d show that the proposed o set estimation has less estint@n error than the log-ratio
similarity.

The real temporal SAR images provided by IGARSS (data infornation in section 4.3)
are tested here. The di erence is that we manually coarselyagister those temporal images
without using the accurate sensor parameters. The miss-régjration between two images is
about 4 7 pixels (shown in Fig4.14.b, the temporal mean of the tempa@l images illustrates
the un-registration). These miss-registered temporal imges are identi ed asSan-Francisco
(miss-registered). In the miss-registration estimation,the search regionA(i) is a 21 21
pixels window. Patch size is 7 7 pixels, h and h® have been chosen identical to the Itering
step. After miss-registration estimation, the proposed 29PPB lIter is applied with the
same parameters as those used in Section 4.3.

The temporal mean after miss-registration estimation in Fg.4.14.c shows the perfor-
mance of the miss-registration estimation. Similarly, forthe thin and dark streets in
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Algorithm 2 The proposed 2S-PPB algorithm (Un-registered temporal imges).
Input:

A date t; of interest.
Output:
O, : the denoising results of imagey, .
Miss-Registration estimation: -

2. denoisey; using PPB approach; (Section 3.3)
3:  obtain pre-denoised resultsn?:

4: end for

5. for each pixel indexi do

6: for each imagey; in fy:,;yi,;:::; Y, 9 do

7 M, (i) =0;

8: for each pixel indexi + n in region A, (i) do

9 compute similarity map M, (i + n); (Eq. 4.10)
10: Mt,t(i) = Me(i) + Mee(i + n);

11: end for

12: nd the o set vector (i) in similarity map M (i);

13:  end for

14: end for

Step 1 (Temporal step):
15: compute y, using Eq. (4.2), (4.4) by taking into account the vector eld w,;. This
denoising step is similar to the one in Algorithm 1 wherd; is substituted to i + *,(i).

Step 2 (Spatial step):
16: denoiseyy, (i) using Eq. (4.7) and (4.8) in Section 4.2.2. This denoising sp is similar
to the PPB approach.

17: return  Denoised resultty, ;

San-Francisco (miss-registered), the proposed 2S-PPB preserves more dds than PPB
and T-PPB. However, its performance is not as good as the one owell-registered San-
Francisco (in Fig.4.14.f), because of the insu cient estimation of miss-registration. In
addition, the miss-registration estimation will fail when the o set between temporal im-
ages is too large. Indeed larger o set estimation needs laeg search regionA;(i), but this
increases the risk of nding wrong similar pixels.

4.5 Conclusion

A spatial-temporal Iter was proposed for the estimation of same-sensor, same-incidence
and same-ascending/descending multi-temporal SAR imagest is an extension of the non
local means [Buades et al., 2005a] and patch-based weightecarimum likelihood estima-
tion (PPB) [Deledalle et al., 2009]. We proposed to deal with he spatial and temporal
information respectively: 1) the rst step (the temporal step) averages the similar pixels
only in the temporal domain with binary weights; 2) the secord step (the spatial step) ap-
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(a) Image at date t, (b) Image at date t°

(c) Estimation error of intensity tracking  (d) Estimation error of the proposed simi-

larity

Figure 4.13: O set estimation. a) Noisy image 1, b) Noisy ima@e 2 (with an o set o =

(3;3) with image 1), ¢) Estimation error of intensity tracking [Gr ay et al., 2001, Strozzi
et al., 2002] (the distance between intensity tracking o s¢ estimation results and the true
0 set w0 = (3;3)), d) Estimation error of the proposed similarity (the distance between
the proposed o set estimation results and the true o setwo = (3 3)).

plies the PPB Iter with more general expression of similarty criteria (the GLR similarity
and KL divergence). The proposed Iter out-performs the stde-of-the-art spatial-temporal
SAR lters. This is the rst contribution of this PhD and has b een published in [Su et al.,
2012, 2014b]. We have also extended the proposed frameworkthe case of miss-registered
images by adding an o set estimation set. In the next part of this PhD, we will focus on the
change detection and classi cation of multi-temporal SAR images, in which the proposed
2S-PPB lter will be used.
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(@) yt1, One of the noisy images (11ook) (b) Temporal average without miss-
registration estimation

(c) Temporal average with miss-registration (d) Temporal PPB (T-PPB) using 6 miss-
estimation registered SAR images

(e) The proposed 2S-PPB (with miss- (f) The proposed 2S-PPB using 6 well-
registration estimation) using 6 miss- registered SAR images
registered SAR images

Figure 4.14: Denoising results of miss-registereBan Francisco ¢ IGARSS. (a) y;1, one of
the noisy images (1look); (b) the temporal average of the multi-temporal SAR images
which shows that the temporal images are miss-registered;c) the temporal average of
the multi-temporal SAR images after miss-registration esimation; (d) denoising results
by T-PPB on miss-registered temporal images; (e) denoisingesults by 2S-PPB on miss-
registered temporal images; (f) denoising results by 2S-F® on well-registered temporal
images.
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4. Two Steps Non-Local Means for Multi-temporal SAR images
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Part |l

Information Change Analysis:
Change Detection and Change
Classi cation (NORCAMA)
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Chapter 5

State of the Art of Change Analysis

The second issue concerned in this thesis is change analysignulti-temporal SAR images.
It is a processing required by many applications using SAR irages, such as rapid mapping
of disaster, land-use and land-cover monitoring and so on. & of the main topics of
change analysis is change detection, which is de ned as process of identifying di erences
in the state of an object or phenomenon by observing it at dirent times [Singh, 1989].
Given di erent modes of images (i.e. optical images, SAR imges), di erent algorithms of
change detection have been de ned. Beyond detecting changesther interesting research
topics, e.g. change classi cation, long-term series chaegdetection and analysis, are also
introduced in this chapter.

5.1 General methods of change detection

Change detection in remote sensing images is the process déitifying di erences in re-
gions of interest by observing them at di erent dates [Singh 1989]. In spite of di erent
types of images used for change detection, a general arclitare of change detection can be
built as shown in Fig.5.1. Used input images are rst pre-pracessed, e.g. radiometric cor-

Figure 5.1: The general architecture of change detection prcess.

rection, geometric correction, image registration, noiseeduction etc. Then, the improved

images are compared using various criteria. To get the nal lsange detection results, the
comparison criteria usually are binarized by a threshold omachine learning methods. The
image registration in pre-processing steps can be suppress(or reduced) when using cri-
teria robust to registration errors.In this section, we jug focus on the comparison and the
thresholding parts.

Due to the di erence in statistics, we divided the following section for optical and SAR
data. We suppose that the data have been nely registered and from the same sensor.

LConcerning the registration of data, signi cant progress h ave been done using the accuracy of sensor
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However, change analysis using multi-modality images (eggially images from di erent

sensors) has also been studied in the domain of data fusion. eMertheless, di culties lie

in the geometric and radiometric di erences (or distortions), image registration and so on.
In this PhD we just focus on the data from the same sensor.

5.1.1 Change criteria for optical images

Di erence operator

1) Single channel case. The most widely used comparison between two images is
di erence operator, which is close to the di erence similaity presented in section 3.3.1.
Let us consider two candidate pixelsy(1) and y(2), which could be any pair of pixelsy; (i)
and yio(i) in two co-registered imagesy; and y;o. The dierence between them can be
written as following:

Da=y(1) y@+ C; (5.1)

where C is a constant to produce positive results oDy (C = min(y(1) vy(2))). Fig.5.2
gives an illustration of the di erence operator using synthetic images with Gaussian noise
and Gamma noise. [Coppin and Bauer, 1994, Gianinetto and Vid, 2011] proposed to
normalize the dierence Dy to [ 1;1]. They calculate the di erence as following:

y@)+y@) '

where value 0 denotes unchanged case, value -1 or 1 indicateg changed case (increase
and decrease of re ectivity respectively).

In the regression methods of change detection, valug(2) is assumed to be a linear
function of y(1). y(1) is also considered aseference pixel and y(2) is a subject pixel. The
least-squares regression, one of the popular regressiontheds, estimatesy(2) by:

(5.2)

$(2) = ay(1)+ b; (5.3)

wherea and b are estimation parameters, which can be learned from the uohanged areas
and constant in the whole image. Then, the change indePRq is calculated by subtracting
regressed pixek(2) from the observed pixely(2) [Lunetta et al., 1999]:

Dra = ¥(2) $(2): (5.4)

This criterion will be useful to reduce the impact of atmospteric, sensor and environmental
di erences.

2) Multi-channel case. When dealing with multi-temporal or hyperspectral data, a
vector is available. A rst category of approaches, especlly dealing with vegetation, rst
converts this vector in a useful scalar and then applies the ngvious one-channel criteria.
In particular, vegetation indices are designed to evaluaté¢he impact of vegetation in multi-
spectral imaged yPt; yP?;:::gattime t and fy&'; yi2; : ;g at time t°(b is the index of band).
Usually, only two bands in the multi-spectral images are use, which are the red band the

parameters. For the same sensor like TerraSAR-X, very accurate registrations can be obtained.
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(a) Gaussian noise examples (Noise level =10)

(b) Speckle noise examples (Noise level = 1)

Figure 5.2: The di erence operator and the ratio operator. Fom left to right, the noisy
imagey; and yo with = 10 Gaussian noise oL = 1 speckle noise, the di erence map
using Eq.(5.1) betweeny; and y;o, the ratio map using Eq.(5.8) betweeny; and y;o. There
is no change betweery; and y;o, thus the change criteria map should re ect only the noise
contribution.

near-infrared band (denoted asy[®® and y['®®). Vegetation indicesy,”' are calculated from
yied and yf'ea" given by (taking the images at timet as example):

Vi YEo(i) . L
Yo ()= —qn: Ratio vegetation index,
yiee(i)
iy YRy , o
yo (1) = %/?ear(i) () Normalized vegetation index, (5.5)
near (i red (i
v (i) = yor (i) v () 0:5  Transformed vegetation index.

ypear(i) + yped(i)
Then, the changes can be detected on the di erence of vegetan indicesy and yy':
Dvia = ¥ (i) 6 (i) ; (5.6)

or other comparison methods such as Eq.(5.2) and Eq.(5.4). Bad on the ratio vegetation
index and normalized vegetation index, Unsalan [2007] ready proposed a bi-temporal
time-dependent vegetation indices.

More generally, the second family of approaches exploits lathe bands in the multi-
spectral images for change detection. For instance MalilalP80] proposed a change vector
criterion which calculates the magnitude and direction of banges. Bovolo and Bruzzone
[2007] improved this idea and introduced a more theoreticatle nition of changes in the
polar domain to describe the change information. Given two ralti-spectral pixel stacks
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@ (b)

Figure 5.3: Representation of change information in the par domain. (a) y; and y» in
the rectangular coordinate system K = 2); (b) the dierence f ; gbetweeny; andy, in
polar domain.

fyPL(i); yP2(i);:::9 and fyRt(i); yR2(i);:::g acquired at dierent time, the change vector
criterion can be calculated as:

v
U
X
=BT gy oy 2
k=1
Pk bksivgbki (5.7
= arccos gLt §ye ()

K ookvz T K obkinz
k=1 Yo (i) k=1 Y0 (i)

is de ned by the euclidean distance between both vectors. Byralyzing the distribution
of changed and unchanged pixels in the polar domain, they ppmose the disk withf ;
0 < ¢andO < 2 g as unchanged pixels and the annulus withf ; :

< maxandO < 2 g as changed pixels. The quantity of denotes the direction
information of changes which has been used to classify the &hges. In other works, only

is computed in some works e.g. [Xian et al., 2009, Xian and Hoemn, 2010, Demir et al.,
2013].

Instead of using accurate angle to present the direction ofte changes, Michalek et al.
[1993] used a binary arrayf P1: b2::::gto denote direction (sector coding), where Pk =
1 when yPX(i) < y8(i) and Pk =1 whenyPk(i) > yi¥(i). Thus f P; b2;:::g has 2K
possible types of directions. Chen et al. [2003] presentethé¢ direction of change vector in
, : yPr oyR . yP? v Nl )
the cosine space, given by =—t=; = ~"t=-:: g (since —=
angle between the change vector and thk-th axis).

is the cosine value of the

5.1.2 Change criteria for SAR images

Ratio and log-ratio operators

The dierence operator has been proved e ective in optical mages, because of the
assumption of additive noise model. However due to the mulglicative noise in SAR
images, the ratio operator demonstrates to outperform the derence one in SAR images
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[Singh, 1989]:

y(2) (5.8)
Ri-r =log Rr =log y(1) logy(2) :

Fig.5.2 gives an illustration of the ratio operator using syithetic noisy images with Gaus-
sian noise and Gamma noise. Transforming the ratio into a subaction by the logarithmic
operation, the log-ratio comparison has also been widely esl in SAR image change detec-
tion [Rignot and van Zyl, 1993, Bovolo and Bruzzone, 2005, Baziteal., 2005]. In order to
reduce the e ect of speckle noise, the ratio or log-ratio ofdcal means in a patch is usually
performed,jnstead qf the ratio of single pixels. The ratio oprator can be normalized by

Rr = min %; % to gather increase and decrease of radiometric value.
Hypothesis tests

Hypothesis tests have been presented in section 3.3.1 to nseae the similarity between
patches. However, they can also be used in the change detewsti task. Let us recall
the hypotheses to describe a change detection problem betem two observed dataY (1)
and Y (2) (note that the observed dataY could just be the noisy pixel valuey, or the
data set consisting ofy and other observed data, i.e. denoised dat& acquired by our
Iter): 1) hypothesis of un-changed case, these observed x@ls share the same re ectivity
u(l) = u(?2) = u(12) (underlying noise-free value), 2) hypothesis of changed sa, these
observed pixels have di erent underlying re ectivities. They can be given by:

Ho:u(l) = u(2) = u(12) Unchanged (null) hypothesis;

5.9
Hi:u(l) 6 u(2) Changed (alternative) hypothesis. (-9)

Eq.(5.9) has the same expression as the Eq.(3.20) but with dirent meanings. To decide
between the changed and unchanged hypotheses, the likelibd ratio test (LRT) can be
used, which is given by:

LR _ p(Y(1);Y(2)ju(12);Ho)
p(Y(1);Y()ju(d);u(2);H1)

Compared with the expression given by EQq.(3.20) used for pah comparison in section
3.3.1, Eq.(5.10) is a more general form of likelihood ratio hich considers the observed
data beyond noisy pixel values. However, when noisy pixel Wae is the only observed data,
the likelihood ratio given by Eq.(5.10) is the same as Eq.(20).

As explained in section 3.3.1, due to the lack of knowledge &t the noise-free value
u, some estimations have to be used instead of the original Etihood ratio. For instance
the generalized likelihood ratio is used in [Lombardo and QV¥er, 2001], the unknownu
being replaced by its maximum likelihood (ML) estimate. Taking a pair of pixels y(1)
and y(2) as example, the ML estimate ofu(l) is computedpin a patch y(1) (supposing
the homogeneity in the patch) and given by aM-(1) = 2 | y(1;k), while under the
unchanged hypothesis, the [goise—free vaIuaI§,12) is estimated using bothy(1) and y(2)
and given by oML (12) = 2 |, y(LK) + 5, Y(2;K). In this work, it is supposed that
the used patches for ML estimation are homogeneous. Combidewith the gamma noise
assumption in Eq.(2.12), thegeneralizedlikelihood ratio can be extended by:

ROR — p Y(1);Y(2)joM (12); Ho
~ p(Y(2); Y(2)jaME (1); 0ML (2); H )

(5.10)

(5.11)




80 5. State of the Art of Change Analysis

Eq.(5.11) can be computed by Eq.(3.25), which is given by:

P P
RIR = b Y@ K)o y(2k)
C Y@+ y@k)?
However, R9-R is usually computed by the ratio between the geometric and athmetic
means [Lombardo and Oliver, 2001], which is given by:

PE— P
RgI_R _ 2D ky(l’ k) D ky(2’ k) : (513)

T @R y@k)
Given multi-temporal SAR images, R9-R can be calculated by:

(5.12)

o
roR = Np p( ¥t (k) (5.14)

n k ytn (I’ k)
. . . . N P Q—(u)
When the patchy(1) is reduced to one pixel (patch siz& = 1), R9Rj -, = —p Il

n Ytn (l)
ROLR 2 [0;1], value 1 denotes the unchanged case and value O is the changeake. The

logarithmic version of this generalized likelihood ratio & given by:

RL—gLR- _ :I RgLR- = EXN I . I iXN . .
jk=1 =log k=1 = § ny(@i) In ye(i) (5.15)

N
t=t1 t=t1

which has been used in [Bujor et al., 2004] to detect changes.xEept using amplitude or
intensity values of SAR, PolSAR data also has been used to dett changes with hypothesis
test, e.g. Conradsen et al. [2003]. To reduce the speckle sej Liu et al. [2014] applied a
NLM based Iter in POISAR change detection.

Instead of the ratio of the geometric and arithmetic means, @in et al. [2013] proposed
to calculate the ratio of the geometric and quadratic means amed MIMOSA, which can
be given by (for two pixels):

RMIMOSA _ pY(l)Y(Z) ,

y)2+y@)? (5.16)
2

This ratio has also been extended to multi-temporal SAR imags (more than 2 images):

90—
N :gtl yt(l)

RMlMOSA — (517)

N tgtl yt(|)2

if N = 2 (the bi-temporal images case), Eq.(5.17) boils down to EqH.16).

Beyond the likelihood ratio test computed directly on the image pixels, Krylov et al.
[2012] proposed to construct a likelihood ratio test on a Witoxon statistic W of pixels
values, which is calculated from the Wilcoxon rank-sum tesfLehmann and Romano, 2006].
Given two independent pixel valuesy(1) and y(2), the Wilcoxon rank-sum test veri es two
hypotheses:

Ho : p(y(1) <y (2) =

Hi:p(y(1) <y(2) 6

Unchanged (null) hypothesis
(5.18)

NI NI

Changed (alternative) hypothesis:
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This test is applied in two patchesy (1) and y(2). All the pixels in patches y(1) and y(2)
are sorted in ascending or descending order (according to ¢ir values). Each pixely(1; k)
in patch y(1) has a rank number in this ascending order, for instance(1; k) is the rank
number of pixel y(1;k) in patch y(1) with 16 r(1;k) 6 2K . The Wilcoxon statistic W is
given by:

P

\1 S —
K 2(2K +1)
12

W = (5.19)

W converges to the standard normal distribution when the path sizeK ! 1 [Lehmann
and Romano, 2006]. ThusW is called as the rank-sum W can also be computed in
patch y(2)). To compare y(1) and y(2), a likelihood ratio test on W veri es the null

hypothesis (unchanged case\W N( o; 3) with an alternative hypothesis (changed
case)W  N( 1; 2), where o; 3 are estimated using the whole images and,; ? are
estimated using the local windows.

Kullback-Leibler divergence

As introduced in section 3.3.1, Kullback-Leibler (KL) divergence has been applied to
measure the similarity between two denoised patch in our mai-temporal Iter. In proba-
bility theory and information theory, KL divergence however is a non-symmetric measure
of the di erence between two probability distributions. Th us it can also be applied to de-
cide whether two noisy pixelsy(1) and y(2) come from the same distribution, which can be
considered as a change detection problem. Given the pdfs(y) and px(y) describing the
probabilities of y(1) and y(2) respectively, the Kullback-Leibler (KL) divergence between
pdfs p1(y) and pa(y) is given by:

Z
pa(y) .
pa(y)dy +  log o1(y) p2(y)dy ; (5.20)

pa(y)
p2(y)

Z
DKL = |Og

which has the same expression as the (denoised) patch sinmitg given by Eq.(3.28) and
Eq.(3.35), but dealing with change detection problem. To c&ulate the divergenceDg ,
the pdfs p1(y) or p2(y) must be known, while they are not in the real situation (becase of
the unknown model and/or the unknown parameters). When the pifs are known to belong
to a given parametric model, parameters are usually estima&td using a moving window.
In [Inglada and Mercier, 2007], an analytical expression afhe KL divergence is estimated
using a fourth-order Taylor-like series Gaussian models. K divergence criterion has also
been applied to the optical images in [Tian et al., 2014]'s wd, in which combined with
height di erence measured by digital surface models, the KLdivergence is used to detect
building changes in urban areas.

Coherence change detection

Most change detection algorithms with SAR images aims at idetifying changes in the
mean backscatter power (intensity value of images). Since AR is a coherent imaging
system as explained in chapter 2, the changes may take placetonly in the intensity
values but also the phase values. Coherent changes are dedhes the changes in both
intensity and phase of SAR images (incoherent changes aredichanges only in intensity)
[Preiss and Stacy, 2006]. According to this de nition, coheent change detection can detect
more subtle changes than incoherent change detection. Thespproaches can be used only
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when dealing with interferometric data where the phase of ezh pixel can be supposed
when computing the hermitian product.

The true underlying complex cross correlation coe cient D exp(j ) of two complex
SAR images is given by Eq.(2.2) in chapter 2. The interferomigic phase is determined
by the baseline between the repeat-pass sensors and the t&irr topography and possible
displacement during the two dates. Changes in the phase caed by the terrain topography
displacement can be used to monitor the subsidence and defoations of surface that com-
monly take place in the earthquakes [Zebker, 2000, Preiss drStacy, 2006]. Changes can
also be detected according to the coherence coe cienD, which denotes the correlation
between two images. The value oD is in the range 0 to 1 and is sensitive to relatively
small changes within a resolution cell [Preiss and Stacy, 26]. Moreover, Cha et al. [2014]
proposed to detect changes in SAR using a processing chain isih combines an incoher-
ent change detection of SAR intensity and a coherent changeedection of interferometric
coherenceD .

In this work we will mostly deal with amplitude images, therefore not exploiting the
phase information for change detection.

5.1.3 General criteria for change detection

Structure based criteria

Contrary to most change criteria measuring the di erence béveen pixel values as
introduced in section 5.1.1 and 5.1.2, Marin and Bruzzone [2®] detected the changes with
the help of 3D models of buildings. The expected backscattarg properties of buildings
simulated using the 3D models are combined with the log-rat criterion from SAR images
to detect the changes of buildings (the new and fully destrogd buildings). Similarly,
Tao et al. [2013] applied SAR 3D simulation based on the LiDARdata to detect changes
between two SAR images with di erent incidence angles. Delhger et al. [2014] proposed
to describe the structures of buildings by scale-invariantfeature transform (SIFT) [Lowe,
2004] for optical images or SAR-SIFT [Dellinger et al., 201pfor SAR images. The changes
can be detected locally by comparing the number of detecteddypoints and the number
of the matched keypoints of two images using a contrario apmach (they could be optical
or SAR images).

Change detection in transform domain

Kauth-Thomas transformation [Kauth and Thomas, 1976] is a xed linear transfor-
mation of multi-spectral (or multi-band) images. Its output represents the greenness,
brightness and wetness of the images. The change can be measlibased on these values
[Crist, 1985].

Principal component analysis (PCA) diers from Kauth-Thom as transformation in
terms that it is an un xed transformation. The output are the eigenvectors usually sorted
in decreasing order. From the rst eigenvector (or principd component) to the last one,
each eigenvector expresses the next largest amount of infoation of the data. When
dealing with change detection problem, principal componets are learned from two dates
separately then applied to some comparison techniques [Byenet al., 1980] (such as image
di erencing in Eg.(2.5)). Another approach based on PCA is b merge the input images
into one set then principal components are learned from thisnerged set [Ingebritsen and
Lyon, 1985]. The principal components with negative corredtion correspond to change.
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Wiemker [1997] improved this idea by an iterative PCA to redwe the in uence of changed
pixels. Other transformation theories, such as dual-tree @mplex wavelet transform [Celik
and Ma, 2010], curvelet transform [Schmitt et al., 2009] etc are also applied to detect
changes.

Instead of transformation of the input images, Celik and Ma R011] proposed to apply
an undecimated discrete wavelet transform on the di erencemap (for optical images) or
log-ratio map (for SAR images). Similarly, in [Jha and Unni, 1994]'s work, the PCA was
used as a preliminary step to reduce the dimensionality befe change extraction.

Regularization for change detection

In the last years, spatial contextual information and multi-scale information have been
taken into account in the change detection methods. For exaple a changedpixel is likely
to be surrounded bychangedpixels. This context information is widely modeled by Markovy
random elds [Bruzzone and Prieto, 2000b]. Bruzzone et al. [24b], Bruzzone and Prieto
[2000a], Bovolo [2009] model the context information by multtemporal parcels. Hazel
[2001], Brunner et al. [2010], Molinier et al. [2007], Carldb [2005], Yamamoto et al. [2001]
consider the context information at the object level. For vay high resolution images,
low resolution level leads to introduce global informationmore easily, such as multi-level
or multi-scale approaches in [Bovolo, 2009, Dalla Mura et al.2008, 2010, Bovolo and
Bruzzone, 2009]. Gong et al. [2014] also applied the Markov ndel with a regularization
taking into account the number of neighborhood pixels with the same class.

5.1.4 Thresholds for change detection

Section 5.1.1 and 5.1.2 mainly reviewed the change criteriased in change detection of
optical and SAR images. However, these criteria are usuallyollowed by thresholding
methods or decision techniques to detect regions of chang&he threshold value is critical,
since a low (or high) value will cause too much false alarm, wile too high (or low) value
may suppress signi cant changes. This section thus reviewand discusses some main
thresholding methods.

Global thresholds

The most common approach to carry out the change detection mlts from a change
criterion (it could be any one of these introduced in sectiorb.1.1 and 5.1.2) is to nd a global
threshold to di erentiate change from no-change. The valus associated to the changed
pixels can be identi ed on the right (or left) side of the criterion histogram [Bruzzone
and Prieto, 2002] with the assumption that the values assoeted to unchanged pixels
gather together on one side of the histogram, while the value of changed pixels gather
together on the other side or are evenly distributed in the hstogram. However, selecting
an appropriate threshold in this way is generally not easy sice the real distribution of
the analyzed criterion is unknown. Therefore, thresholds @ usually selected according to
empirical strategies [Fung and LeDrew, 1988] or manual triand-error procedures.

Another common way to select thresholds is based on the assuytion that only a
few changes occurred in the studied area between the two cddered dates [Bruzzone
and Prieto, 2000b]. Under this assumption, the distributin of the criterion associated
to unchanged pixels can be confused with the histogram of thealues in the computed
criterion map. The values located far away from the mean in tiis histogram are de ned
as change, in particular the threshold is set atn from the mean value of the criterion




84 5. State of the Art of Change Analysis

map (n: a real number derived by a trial-and-error procedure; : the standard deviation

of the criterion map). Bruzzone and Prieto [1999] have expementally studied the e ects

of di erent n values on the accuracy of detection results. Neagoe et al.q24] selected the
threshold based on the clustering of the spectral change viers (derived according to the
standard change vector analysis).

More generally, the criteria images are modeled by Gaussiatistributions in [Bruzzone
and Prieto, 2000b] and generalized Gaussian distributionfn [Bazi et al., 2007], in which
the Expectation-Maximization algorithm is applied to estimate the statistical parameters
of the distributions. Then, the thresholding processing tuns to be a decision of each
criterion value between theunchangeddistribution and the changeddistribution under a
Bayesian decision rule (e.g., minimum error, minimum cost, t&.).

In [Kervrann and Boulanger, 2006], the authors proposed to $¢he threshold according
to the quantiles of the criterion value when it is subject to identical and independent
distributed random variables. Although this thresholding method is used to select lter
parameter for NLM (as explained in section 3.3), it can also b applied to select thresholds
for change detection. Pursuing this idea, the change deteidn threshold can be set by:

= quantile(R; ) ; (5.21)

whereR is a change criterion (or a similarity criterion in NLM algorithms). Since it is not
easy to obtain the distribution of R, it can be simulated using synthetic data (or real data
with known groundtruth data). For instance, any noise-freepicture can be used to generate
multi-temporal images using the expected statistical distibution for the noise. Note that
all the synthetic multi-temporal noisy images use the samdrue image, which guarantees
no changes among them. Then, the criterion is computed usinthese synthetic images.
The histogram of the criterion from the synthetic images is onsidered as an estimation
of the distribution of R. Finally, the threshold can be obtained by Eq.(5.21) with the
simulated distribution of R. Compared with modeling the real distribution of the criterion
by Gaussian or other distributions, this quantiles method @n be easily extended to various
change criteria since it is highly data dependent (or data diven) and can simply control
the false alarm rate by setting the value of . Nevertheless the former method may falil
when the real noise distribution is complex and departs fronthe assumed distributions.

Local thresholds and machine learning based decision
Quin et al. [2013] proposed to select the threshold for the ttBrion given by Eq.(5.17)
in a scatterplot plane (hori&ontal axis: the geometric meammg = = y(1)y(2), vertical axis:

the quadratic meanm, = %(y(l)2 + y(2)2)). The joint probability p(mg; m») combined
with the conditional probability p(m»jmg) is used to describe the 2D distribution of pair
fmg; m»g in the scatterplot plane. Thus, given a rate (false alarm rate) i.e. =0:01, a
boundary can be found in the scatterplot plane, inside whichthe probabilities are higher
than and outside the probabilities are lower than . This boundary can be considered
as the threshold andf mg; m»g pairs located outside it are de ned as changes. Since this
threshold is spatially variable depending on di erent mg values, it can be seen as a local
thresholding method.

Instead of thresholding the change criteria, lots of method apply the machine learning
approaches to make decision, i.e. arti cial neural network (ANN) [Dai and Khorram, 1997,
Nemmour and Chibani, 2006a], support vector machine (SVM)Nemmour and Chibani,
2006b, Volpi et al., 2013]. Bovolo et al. [2008] performed tmsductive SVM for change
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detection with a Bayesian selective thresholding method [Brazone and Prieto, 2000b] that
allows the unsupervised application of this classi er. Theone-class SVM is also applied
to detect changes [Bovolo et al., 2010, Li et al., 2011]. In [Hu et al., 2012]'s work, the
SVM was applied on the SIFT features extracted from the inputimages instead of the
pixel values to detect changes.

5.1.5 Change detection Evaluations

To evaluate the change detection results, both qualitativévisual and quantitative methods
can be used.

Visual evaluation

When dealing with radiometrically calibrated data, the main visual evaluation used
for change detection corresponds to the display of a icker mimation [Berger et al., 2000,
Radke et al., 2005]. It is a short movie le that has only two frames (the analyzed two
imagesy; and y;0). Because of the persistence of vision, people see a steadgrs in the
unchanged areas, and the changed areas appear to icker. Thasual comparison of the
icker areas and the detection results is a reliable approdt for evaluation. In same cases,
it is a method to display the changes.

Quantitative evaluation

Since it is not easy to get ground truth data of the real SAR imayes, the quantitative
evaluation is more challenging. Usually, an approximate gvund truth is provided by
manually labeled map by experts, but it is still not perfectly accurate. Dierent experts
may have di erent view of changes, and even the same one mayvgi di erent determination
at di erent times. Thus, in the quantitative evaluation of S AR change detection, two kinds
of data sets are usually used:

Synthetic multi-temporal images. The changes are known (te ground truth data is
exactly accurate, such as the widely used synthetic imagesd the benchmark data
set in [Cui, 2014]), but the context of the images is not real €.g. excessively simple
or complex objects, biased statistic model of noise etc.).

Real multi-temporal images with manually labeled ground tuth data. The ground
truth data is not perfectly accurate.

Once the ground truth has been obtained, several measuremsnto compare the ground
truth and a detection results can be used:

1) The number of true positive (TP): the number of changed pixels correctly detected;

2) The number of false positive (FP): the number of unchangedpixels detected as
change;

3) The number of true negatives (TN): the number of unchangedpixels correctly de-
tected,;

4) The number of false negatives (FN): the number of changedigels detected as no
change.

FP is also known as the false alarm. True positive rate (or sesitivity) and false positive
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rate (or false alarm rate) can be calculated by:

RoL TP
TP — =5, —ny
TP + FN
e (5.22)
P FP+ TN

A receiver operating characteristic (ROC) or simply ROC curwe can be created by plotting
the true positive rate versus the false positive rate at vamus threshold settings. The higher
ROC curves (at the same false positive rate, the higher true gsitive rate) indicates the
better algorithms.

5.2 Change pattern classi cation

Unlike the change/un-change detection, multi-class chang detection identi es changes of
di erent classes. Each changed area (or pixel) is associatewith a speci c type, e.g. the
land-cover transition etc.

Unsupervised methods

Lombardo and Pellizzeri [2002] presented two detectors fdhe discrimination between
constant and step change pattern in the temporal domain for 8R images. Based on the
change vector analysis in polar domain as shown in Fig.5.3, Bolo and Bruzzone [2007]
classi ed the changed pixels according to of the samples in the polar domain. Changes
of Burned area and lake enlargement areahave been identi ed in the change detection
map. The coe cients of variation, amplitude and coherence dentify objects dominated
by volume scatterers, rough surfaces and smooth surfacesspectively. Schulz et al. [2010]
proposed to display a pair of SAR images using these coe ciga as RGB visualization, as
shown in Fig.5.4.b. Yellow regions in Fig.5.4.b are the movig objects (e.g. cars, airplanes),
green parts are the forest or dense bushes. Similarly, Amino et al. [2014] presented
another RGB composition of multi-temporal SAR images, in whch the coherence map (R
channel) combined with original imagey; (G channel) and image imagey;o (B channel)
were used. Lu [2014] considered the land-cover transitionshen classifying the changes.
As shown in Fig.5.4.c, the regions with yellow color are the ltanges from farmlands to
buildings, red regions are areas where water changes to falands, etc.

Supervised methods

Camps-Valls et al. [2008] considered the change detectiomgblem as a pre-classi cation
enhancement or a post-classi cation comparison [Singh, B9]. In the post-classi cation
comparison, the images of two dates are independently classd and co-registered, and
after comparing the classi cation results those pixels whee predicted labels change between
dates are changed.

Bruzzone and Serpico [1997] explicitly identi ed land-cove transitions (changes among
Bare soil, Corn, Soybean, Sugar beet, Wheatin multi-temporal remote-sensing images
based on supervised classi cation. Unlike post-classi ddon comparison, Bruzzone and
Serpico [1997] took into account the time dependency by a @i probabilities of classes.
Bruzzone et al. [2004a] detected land-cover transitions by spans of a multiple classier
system (developed in the framework of the compound classiation decision rule). Sluiter
and de Jong [2007] identi ed di erent types of soil using aeial photographs.
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(a) Bovolo and Bruzzone [2007] (b) Schulz et al. [2010] (c) Lu [2014]

Figure 5.4: Various approaches of change classi cation. JaChange classi cation using
the position of change vector in the polar domain Bovolo and Brazone [2007]; (b) Change
classi cation using the coe cient of variation, amplitude and coherence Schulz et al. [2010];
(c) Change classi cation using the class transform of objes Lu [2014].

5.3 Long-term Change analysis

Long-term Change Detection detects or monitors the seasohahanges (vegetation dynamic
changes) and slow accumulated changes (trends detection)lt implies a set of images,
covering a long time period.

Julea et al. [2011] proposed a crop monitoring using sateid image time series (SITS) by
considering both spatial and temporal dimensions. A groupe frequent sequential pattern
dedicated to groups of pixels sharing common temporal pattes and satisfying a minimum
spatial connectivity is de ned.

A generic change detection approach is proposed by [Verbedset al., 2010a] for time
series by detecting and characterizing breaks for additiveseasonal and trend contribu-
tions. It integrates the decomposition of time series into tend, seasonal, and remaining
components within a long-term time series. An improved harnonic seasonal model which
requires fewer observations has been presented in [Verbekst al., 2010b]. De Jong et al.
[2011] analyzed the normalized di erence vegetation indexime series data based on fast
Fourier transform. Martinez and Gilabert [2009] used a muli-resolution analysis based
on Wavelet transform to deal with the normalized di erence vegetation index time series.
To compare time series data with miss samples (due to metedagical phenomena, like
clouds) in optical images, Petitjean et al. [2012] proposedo use dynamic time warping
[Petitiean et al., 2011] to compare time series data with dierent lengths.

5.4 Summary of change analysis

In this chapter, the main change criteria applied to optical and SAR images have been
reviewed. Most of them include an assumption of the noise inhie analyzed images, i.e.
additive Gaussian noise model for optical images and multicative Gamma noise for SAR
images. Among them, the likelihood ratio test (LRT) have bea widely used. However,
the composite hypothesis problem (due to the lack of the knoledge of noise-free value)

leads to approximations of the likelihood ratio, like genealized likelihood ratio. Contrary

to the popular methods in which u is estimated by the mean inside a moving window,
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we propose to use the multi-temporal denoising results obtaed with our 2S-PPB lIter
to solve the composite hypothesis problem. The next chaptethus presents two change
criteria based on LRT for SAR images using 2SPPB ltering resilts.
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Chapter 6

Likelihood Ratio Test based Change
Detection

Based on the likelihood ratio test (LRT) introduced in section 5.1.2, this chapter proposed
two change criteria for multi-temporal SAR images. Thanks b the expected estimation
of SAR re ectivity achieved by our 2S-PPB lIter, we can solve the composite hypothesis
problem of the LRT using the denoising results. Contrary to nost likelihood ratio tests
which only use noisy data, both the denoised data and the nojsdata are involved in the
proposed criteria.

6.1 Approximate likelihood ratio test

Recall that the noise-free valuesu in the likelihood ratio given by Eq.(5.10) are unknown.
To estimate the noise free valueu, we propose to use the denoised resul® provided by
our multi-temporal Iter 2SPPB presented in chapter 4, instead of the noisy datay usually
used in the literature. The noise-free valueu is simply replaced by the denoised data, as
shown in the following:

u(1) = d(d);

u(2) = 4(2);

C@o@) + £@)02),
t@ + £ ’

(6.1)

u(12) =

where (1) is the equivalent number of looks of pixeld(1), which is estimated by Eq.(3.53).
According to Eq.(5.10), the changecriterion betweeny(1) and y(2) using likelihood ratio
can be de ned as (combined with the Gamma probability densiy function):

ALRT . _  P(y(1);y()ju(12);Ho)
VYA S )y @i @ ) 62
Lo, e,  t o YD), Y@ 2(1)+2y(@)
4 01) 0@ P 2 0@ Tcm+a@
(6.3)

where L is the original number of looks of y(1) and y(2). Note that the approxi-
mate likelihood ratio RAXRT highly depends on the denoised value&(1) and 0(2), since
RALRT (y(1);y(2)) 1 when (1) = u(2) whatever y(1) and y(2).
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6.2 Generalized likelihood ratio test

In a more accurate way, we can take into account the denoisedilues to de ne the observed
data and consider the likelihood probability of Hp and Hy as p(y(1);y(2); &(1); &(2)jH o)

and p(y(1);y(2);a(1); a(2)jH1). To simplify this likelihood probability, we can assume
that fy(1);®(1)g and fy(2); ®(2)g are independent, although this assumption is not well
justi ed (since, typically y(1) can intervene in the estimation ofi(1)). Thus,

p(y(1);y(2); 8(1); 8(2)jH o) = p(y(1); 0(1)ju(12); Ho)p(y(2); &(2)ju(12); Ho)
p(y(1);y(2); 8(1); 6(2)jH 1) = p(y(1); a(1)ju(1); H1)p(y(2); 6(2ju(2);H1) :
The likelihood ratio test is then given by:

p(y(1); &(1)j u(12); Ho)p(y(2); &(2) j u(12); Ho) .
p(y(1);8(1)j u; H1)p(y(2); &(2) j uz; H1)

Since u(12), u(1l) and u(2) are not available, they can be replaced by their maximum
likelihood (ML) estimation, exploiting both y(i) and @(i) this time:

RO (y(1);y(2) = (6.4)

Ly (1) + £(1)0(1)

u(l) =

L+ £(1)
_ Ly@+ £@0(2)
@ T e 6.5)
w12) = YO L@+ L)o@ + £@0@) .

2L + C@)+ L)

L, (1) and (' (2) are the number of looks associated ty, (1) and 0(2) respectively. Note
that this is very similar to [Lombardo and Oliver, 2001]. Newertheless, the multi-temporal
denoised values used in the proposed approach can provide ra@ccurate estimation with-
out loss of spatial resolution. It was not the case in [Lombato and Oliver, 2001] where
spatial partitioning and averaging were introduced as posfprocessing steps. In case of
Gamma distributions with di erent number of looks, each probability term p(y;Qju) in
Eq.6.4 can be approximated under conditional independencassumption by:

p(y; Gju) = p(yju)p(0ju) |

_ oyt o(Ly)(layt Ly + Lo
(DD wet P u ' ©o

Finally, the change criterion given by the generalized likehood boils down to:

+0(D) +L @)

. .

Ly (1) + £(1)0(1) Ly (2) + £(2)a(2)
L+ £() L+ £(2)

Poals b L@

RCEFT (y(1);y(2) =

2L+ C@) + £

Ly (1) + C@)0@) + Ly (2) + £(2)0(2) ©D

Unlike RALRT | the generalized likelihood ratioR®-RT does not rely so much on the de-
noised valuest(1) and 0(2). Indeed, even when(1) = u(2), RERT still depends on the
noisy valuesy(1) and y(2).
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Figure 6.1: The simulated histograms ofRA-RT and RCWRT with di erent number of
images (\) using synthetic images. WhenN ! 1 | the values of RART and RCGLRT
gather together.

6.3 Thresholds for change detection

Distributions of RAYRT and RCYRT | |tis not easy to analytically obtain the distribu-
tions of RALRT and RCYRT since they depend on the number of looks of noisy images, the
number of images used in the denoising process and all the ganeters of multi-temporal
lter (such as h, h® search window size, patch size and so on as described in ctap
3). Taking the number of images as example, Fig.6.1 shows tr@mulated histograms of
RALRT and RCLRT with di erent numbers of images using the synthetic images.For our
purpose of simulating the histograms, any picture can be uskto generate multiple speckle
images with no change although it is preferable to use an imagwith a content similar to a
SAR image (strong scatterers, bright lines...). Note that d the synthetic multi-temporal
noisy images use the samé&ue image, which guarantees no changes among them. The
histograms vary with di erent numbers of images N (the denoised image is the noise-free
image whenN = 1 ). The more images used to computed®RA-RT and RCRT (N 11 ),
the sharper are the histograms. They are then used as approximations ohe distribution

of RALRT and RGLRT .

Thresholding the histograms. As introduced in section 5.1.4, the quantiles of the
change criteria can be selected as the thresholds without & complete modeling of the
distribution of the criteria. We therefore propose to choog the thresholds according to the
quantiles of the distributions of RA'RT and RCLRT computed on synthetic images. The
change detection threshold can then be set byA-RT = quantile( RART ;= 0:01) (and
GLRT = quantile( R®'RT : = 0:01)), which means the false alarm rate is xed to 1% for
ideal signals. As shown in Fig.6.2.a, the histograms dR”'RT and RC-RT are truncated
by the thresholds (red lines) with false alarm 1%. The parts a the right of the thresholds




92 6. Likelihood Ratio Test based Change Detection

(a) Thresholds in the simulated histograms. The simulated h istograms of RART and RER" using
synthetic images are the blue lines. The red lines are threstolds AYR" and C'RT  with false alarm 1%.

R ALRT R GLRT

(b) Examples of the normalized histograms (peak normalizat ion) of and using real
SAR images Paris (detailed in section 6.4). The red lines are thresholds A" and S.FT with false
alarm 1%. The blue lines are the histograms of unchanged R”"R" and RCR" | The green lines are
the histograms of changed R**R"  and RCRT |

Figure 6.2: The selection of the thresholds for change detgaon.

are considered as unchanged case, the left part is changedsea Fig.6.2.b shows th&rR ALRT
and RCRT histograms of changed and unchanged pixels in real SAR datRaris (image
information detailed in section 6.4). Those changed pixelare labeled manually.

6.4 Experiments of change detection

The proposed methods are evaluated on both synthetic imagesnd real multi-temporal
SAR images.

6.4.1 Data Set

Synthetic images: Fig.6.3.a shows the noisy synthetic imagey; and y;o corrupted by
single-look multiplicative speckle noise respectively ahthe ground truth of changes be-
tween them. The four squares are 3232 pixels with true value 128. The darker frame is
8 pixels width with 32 as true value and the true value of backgound is 64.

Realistic SAR synthetic images: A denoised image of 21 single-look TerraSAR X-
band images in Paris (France) sensed in 2011 is consideredths noise-free image (multi-
temporal denoising approach of section 4.2.2), as shown ind=6.3.b. Two single-look noisy
imagesy; and y;o are generated with changes added ig;0. These changed regions are about
15-25 pixels width and length, for instance a 20 20 pixels patch of vegetation is replaced
by a same size patch of building and so on. The right of Fig.6.B shows the ground truth
of changes.

Real SAR images 1. 26 single-look TerraSAR images in Saint-Gervais-les-Bains
(France) (13 images are sensed in 2009 and the other 13 images2011) are shown in
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Name Reference Description

Log-Ratio Rignot and van Zyl [1993] Log-Ratio operator

GLRT Lombardo and Oliver [2001] | Generalized likelihood ratio test
Wilcoxon Krylov et al. [2012] _(;:Se}[nge detection using a Wilcoxon

Method for generallzed Means Ordered

MIMOSA Quin et al. [2013] Series Analysis

R ALRT ) The proposed approximate likelihood
ratio test

R GLRT ) The proposed generalized likelihood ra-
tio test

Table 6.1: The change detection methods used in the compade experiments.

Fig.6.4.a, identi ed as Saint-Gervais-les-Bains Reference Ground truth of changes is la-
beled manually in the right of Fig.6.4.a.

Real SAR images 2: Experiment in Fig.6.4.b uses 21 single-look TerraSAR X-bath
images identi ed as Paris in Paris (France) sensed in 2011. We label the ground truth of
changes manually, as shown in right of Fig.6.4.b.

Real SAR images 3: Experiment in Fig.6.6 uses 24 CARABAS-II magnitude images
acquired in Vidsel, Sweden 2002, identi ed asCARABAS [Sensor Data Management Sys-
tem (SDMS) Public web site, 2008]. We only detect the changelsetween imagev02_2 1 1
and imagev02_4 1 1 while all the 24 images are used in the multi-temporal denging
process.

Real SAR images 4: Experiment in Fig.6.7 uses 9 single-look TerraSAR X-band
images identi ed as Sendaiin Sendai Harbor (Japan) sensed in 2011. Fig.6.7.a and b show
the images acquired respectively on May 6, 2011 and June 8,20 All the 9 images are
used in the multi-temporal denoising step.

6.4.2 Change detection methods

The proposed change criteria approximate likelihood ratiotest RA'RT and generalized
likelihood ratio test RC-RT are compared with some state-of-the-art methods, such as e
Ratio operator [Rignot and van Zyl, 1993], the generalizedikelihood ratio test (GLRT)
proposed in [Lombardo and Oliver, 2001], Wilcoxon Test bask change criterion [Krylov
et al., 2012] and Method for generallzed Means Ordered Sesidnalysis (MIMOSA) [Quin
et al., 2013], summarized in Tab.6.1.

6.4.3 Results

The change detection results are assessed by the True-Padgé versus False-Positive curves
using the reference map of changes as shown in Fig.6.3.c aniyle.4.c. The proposed
methods RAYRT and RCLRT can generally obtain higher receiver operating charactestic

(ROC) curves than others. For the sake of visual evaluation bthose change criteria,
we select a xed true positive rate to compare the false posite rate. Fig.6.5 shows the
change criteria thresholded by the xed true positive rates® (or change detection results
with xed true positive rate). The proposed change criteria RA'RT and RERT (on the

!Note that these xed true positive rates may vary for di eren t data sets, which is for the sake of visual
evaluation.
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right of Fig.6.5) have less noise in the results, which meanthey have lower false positive
rates.

The experiments on CARABAS and Sendai data in Fig.6.6 and 6.7 show that the
proposed GLRT change detection has comparable performanedth MIMOSA [Quin et al.,
2013]. RALRT and RCLRT outperform other change criteria, but the latter is more reiable
than the former (the ROC curves of R®-RT are higher than RA'RT in Fig.6.3 and 6.4).

6.5 Conclusion

Based on the likelihood ratio test (LRT), two change criteria, approximated LRT RALRT
and generalized LRTRCRT have been proposed in this chapter. They attempt to solve
the composite hypothesis problem of LRT by using the multi-emporal denoising results.
Thresholds selected by the quantiles of the change criteriare used to isolate the change
regions. Experiments demonstrate the proposed change deten methods have higher
accuracy and less noise compared with some state of the artahge detection methods.
Besides, the proposed criteria could be used with other Iteing methods, but an associated
number of looks should be provided for each pixel. Although sing a pre- Itering process
can be seen as a limit of our approach, it increases the relidity of our criterion and fully
exploits the available information. This part of work has besen published in [Su et al.,
2013].

Change detection recognizes the change information only byvo patterns, change and
no-change. More change patterns exploiting the temporal iformation of the changes will
be introduced in the next chapter.
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(a) Synthetic images. From left to right: synthetic image y:, Synthetic image y;o and the reference
map of changes.

(b) Realistic SAR synthetic images. From left to right: synt hetic image y:, Synthetic image y;o and
the reference map of changes.
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False positive alarm vs true positive curves of syntheti c images and realistic SAR synthetic images

Figure 6.3: Change detection results for synthetic SAR imaegs.
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(a) Saint-Gervais-les-Bains data set. From left to right: noisy image y:,, noisy image yi,, and the
reference map of changes.

(b) Paris data set. From left to right: noisy image y:,, noisy image y:,, and the reference map of
changes.
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The proposed RCLRT
20 1 20
10 I I | I I I I i I 10 I I | I I I I i I
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
False Positive % False Positive %

(c) False positive alarm vs true positive curves of Saint-Gervais-les-Bains and Paris data set.

Figure 6.4: Change detection results for real SAR imageSaint-Gervais-les-Bains and
Paris data set.
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Reference log-ratio GLRT Wilcoxon RALRT R GLRT

(a) Change detection results of Fig.6.3.a with True Positiv e rate 95%.

(b) Change detection results of Fig.6.3.b with True Positiv e rate 90%.

(c) Change detection results of Fig.6.3.b with True Positiv e rate 90%.

(d) Change detection results of Saint-Gervais-les-Bains data set with True Positive rate 80%.

(e) Change detection results of Paris data set with True Positive rate 75%.

(f) Change detection results of Paris data set with True Positive rate 75%.

Figure 6.5: Change detection results.
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(@) Image v02_2_1 1in CARABAS. (b) Image v02_4_1 1lin CARABAS.

(c) The proposed change criterion RCRT (d) Results using a threshold  with = 0:1%.

Figure 6.6: Change detection results of real SAR imageSARABAS [Sensor Data Man-
agement System (SDMS) Public web site, 2008].
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(a) Image on 06/05/2011 in Sendai data. (b) Image on 08/06/2011 in Sendai data.

(c) The RGB composition between a and b by MI- (d) The change detection results by MIMOSA (a
MOSA [Quin et al., 2013]. prior FAR is 1%) [Quin et al., 2013].

(e) The proposed change criterion RC-RT (f) Results using a threshold  with = 0:1%.

Figure 6.7: Change detection results of real SAR imageSendai
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Chapter 7

Change Classi cation: NORCAMA

In chapter 6, we focused on the bi-temporal SAR images and aied at detecting a binary
pattern (change or no-change). When dealing with a multi-tenporal data set (more than
2 dates), the analysis among them is much more complex. As shin chapter 1, we will
de ne the changes with more than two patterns (change or no{tange). More patterns,
such asstep change, impulse change, cycle change, have been de ned here according to
the temporal behaviors of changes, unlike the work in [Lombao and Pellizzeri, 2002]
in which only the step changes are detected. It is very usefuio exploit these temporal
features of changes, since for instance the temporal behavs of a new building usually can
be considered as atep change, which means that comparing the oldest date with othe
dates, it was unchanged at the beginning but it changed sinca certain date (shown in
Fig. 7.1.a). Similarly, we can de ne the boats in rivers or cas on the roads asimpulse
changes (Fig. 7.1.b). These change information can be used the multi-temporal image
interpretation tasks.

To represent the change information, the change criteria psposed in chapter 6 have
been used to form achange criterion matrix (CCM) which consists of the full change
information among the time series. Then, a clustering-andecognizing method is proposed
to classify the changes. It has two steps, clustering usingammalized cut on a change
criterion matrix (to assign a same label to similar or unchanged temporal pixg) and
classi cation according to their temporal behaviors. Notethat although change information
exploited here is no longer change or no-change problem asgmde usually focus on, it is
still limited to binary changes, which means that we will not take into account continuous
changes. For instance, in Zhu and Woodcock [2014]'s work, ghcontinuous seasonal change
is modeled by sines and cosines. The proposed change clasation is well adapted for few
time series and urban applications. It can also be seen as agdiminary step of screening
before improved classi cation of continuous changes.

7.1 Change criterion matrix

At position i of a multi-temporal SAR series fy,; 5y, 9, we have the two pixel se-
ries fyr, (1); 35y, ()9 (original noisy data), f o, (i);:::; 0, (i)g (denoised data by multi-
temporal Iter of chapter 4) and associated equivalent numker of looksf Ctl(i); o IftN (Ha.
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(a) Step change.

(b) Impulse change.

Figure 7.1. Examples ofstep changes andimpulse changes. From left to right: original
multi-temporal SAR images at time tq;to;t3;t4;ts, change criterion matrix of a pixel in
the red rectangle (cold color - high similarities: unchangeé; warm color - weak similarities:
changed).

The change criterion matrix (CCM) at position i is de ned as:

“ROLMDYL0) ROLMDYR) 5 RO ()
M(i)zgR(ytz(l_)__:ytl(l)) Ry ()1 (1) R(ytz(ll)';'ytN(l))é 7.1)

Ry (019 () RO ():ve() = R (): ey ()

whereR (yt, (i); t,, (1)) denotes the proposed change criterionRA"RT or RERT in chapter
6) between pixely;, (i) andy;,, (i). Note that R(y:, (i);Yt, (i)) =1 whenn = m. Contrary
to the multi-date divergence matrix in [Atto et al., 2013] performing at the image or sub-
image level, the CCM presents the change information at piXelevel. Each CCM M (i)
denotes the temporal behavior of the pixel series at positioi.

7.2 Normalized cut on change criterion matrix

Normalized cut (N-Cut) as one of the spectral clustering tebhniques makes use of the sim-
ilarity matrix of the data to perform clustering. It is simpl e to implement, can be solved
e ciently by standard linear algebra software, and very often outperforms traditional clus-
tering algorithms such as the K-Means algorithm [Von Luxbuig, 2007]. Since the CCM can
be considered as a similarity matrix of the time series, sp&al clustering method can be
easily applied on the CCM to cluster the temporal pixels. In his case, no more similarity
measurements is needed compared with other clustering medls (like K-Means algorithm
for which new similarity to cluster center has to be computed.

7.2.1 Normalized cut

Spectral clustering has become one of the most popular moderclustering algorithms.

used to present the relation among these pixels. Each verteX(i) in this graph represents
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a pixel y(i). Two verticesy(i) and y(j) are connected andR (i;] ) is the weight of the edge
betweeny(i) and y(j). This graph can also be presented by & N similarity matrix M S,
in which element ati-column and j -line is the similarity R(i;j ) betweeny(i) and y(j).
Spectral clustering performs on this similarity graph G and it wants to nd a partition

of the graph such that vertices in the same cluster have high gights (meaning they are
similar to each other) and vertices in dierent clusters hawe low weights (dissimilar to
each other). The main processing chain of spectral clusteriy consists of 1) computing
the Laplacian matrix M L; 2) eigenvalue decomposition oM \; 3) K-Means clustering on
eigenvectors withK = p the number of clusters.

Laplacian matrices

The popular ways to construct the similarity graph Gfrom the data set are to 1) connect
the vertex pair with similarity more than a certain threshol d, 2) connect each vertex with
its k nearest neighbors or, 3) fully connect every pair of vertex.To fully represent the
relation information, the third one should be used. There ae many several expressions to
compute the Laplacian matrix M & from the similarity matrix M S:

ML=MP M S Unnormalized Laplacian matrix,

=

1
Mt=1 M P 2MSMP 2 Normalized Laplacian matrix [Chung, 1997], (7.2)
ML=1 M D 'MS Normalized Laplacian matrix [Shi and Malik, 2000].

M P is the degree mgrix, in which the non-diagonal elements areero and the diagonal el-
ement ati-column is j R(i;j ). In the minimization step, unnormalized Laplacian matrix
cannot simultaneously minimize the disassociation acrosthe partitions while maximizing
the association within the cluster [Chung, 1997, Shi and Mak, 2000]. Therefore, normal-
ized Laplacian matrix usually has better results in practiee. In addition, in [Von Luxburg,
2007]'s work, the normalized Laplacian matrix presented ifShi and Malik, 2000] is sug-
gested since the one presented in [Chung, 1997] may be pramblatic if the eigenvectors
contain particularly small entries.

Eigenvalue decomposition and K-Means clustering
The eigenvalue decomposition is applied on the Laplacian niax M -. The eigen-

eigenvectorsfv(1);v(2);:::;v(N)g. In [Shi and Malik, 2000]'s work, a K-way cut is
suggested due to the simplicity of the computation. The rst p generalized eigenvec-

used to form a new matrix (each line is a eigenvector). Then,His new matrix is split
into vectors, while each column is a new vectovYi), as shown in Fig.7.2. New vectors

In the normalized cut algorithm, p is a important parameter controlling the number
of the clusters. Choosing the number of clusterg is a general problem for all cluster-
ing algorithms, and a variety of successful methods have beedevised (more details in
[Von Luxburg, 2007]). Eigengap heuristic is one of them and articularly designed for
spectral clustering. The main idea is to choose the numbep such that all eigenvalues

1;:; p are very small, but .1 is relatively larger (all eigenvalues are sorted in ascend-
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line is an eigenvector). Each column of this matrix is a new vetor v{i).

ing order). However, this heuristic fails when the clustersof the data are overlapping
(possibly because of noise).

7.2.2 Clustering using CCM
This section applies the normalized cut proposed by Shi and Blik [2000] to cluster the

In this algorithm, the normalized Laplacian matrix M Y(i) is computed by:

Mt@=1 M P@i) M @) . (7.3)
Ry )iy, () p 0 > 0
MO = 0 RO0Ye ) ° i
) 0 0 T ROy iy ()
R(Ym;iYn) = R(Ym:Yn)
n=1;::N

To estimate the number of clustersp, eigengap heuristic method has been applied
here. However, to solve the overlapping problem of the eiggap, we binarize the CCM
M (i) using the threshold used in the proposed change detection nied, as shown in the

following:

2 3
ROV @iy () ROO v, (1) RO (), (1))
M b(l) — §R (ytz(ll-).;ytl(l)) R (ytz(.ll).;ytz(l)) R (ytz(l)’ Yin (I))é (7.4)

RO (v, iy () RO ()i¥e () = RO(ye ():Yey (1))
0if R(Ym:;Yyn) <

RP(V:v.) =
I = i R (ymiye) >
The Eigengap heuristic performed on the binary change critéon matrix M P(i) can easily
be used to estimate the number of clusterp (see the example shown in Fig. 7.3). The
toy model in Fig. 7.3.a has 2 clusters. Using CCMM (i) in 7.3.b, the di erence between
eigenvalues , and 3 is not large enough compared with the one between; and . Itis
very easy to nd the best estimation of p using the binary CCM M °(i) in 7.3.c because
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Types p | Label seriesfly, (i); 51t ()0
Unchanged| 1 | f1;1;::g

Step 2 | fL1;:052,20000

Impulse 2 | f10;052,2,0510 000
Cycle 2 | fL1;052,20001002,2,000
Complex >3 | L1 022003, 304400

Table 7.1: The identi cations of di erent types of change.

of the large gap between , and 3. It is obvious that this estimation of p highly depends
on the choice of the thresholds. However, the robustness ohé proposed change criteria
(especiallyR®RT shown in Fig.6.2) can guaranty the estimation accuracy op.

Algorithm 3 Clustering of the pixel series (Normalized spectral clusténg [Shi and Malik,
2000])
Input:
A change criterion matrix M (i) of pixel seriesfyy, (i); :::; v, (i)9, number p of clusters
to construct.
Output:
The clustering labelsf I, (i); :::; Iy, ()9 for pixel seriesfy, (i);::; iy (1)9
Compute the normalized Laplacian matrix M “(i) using Eq.7.3.
Compute the rst p generalized eigenvectors/q; ::;;vp of M U(i) (M Y“(i)v = 1v).
Let vO be the matrix containing the vectors v(1);:::;v(p) as columns.
Consider each row ofv? as a sampley®= fv91);::;voN)g.
Cluster the samplesv?(1);:::; v&N) with the k-means algorithm into clusters with K =
p as the number of clusters. The cluster labels of%(1); :::: vON) arel(1);::1(n); = 1(N)
(I(n) 2 f1;::: pg).
6: return Cluster labelsI(1);:::1(n);:::; 1(N)

7.3 Recognition of change patterns

After clustering, each pixel series fyy,(i);:5yt, (1)g has a cluster label series
fle, (1); 250ty ()9, in which Iy, 2 f1;::5;pg. We can identify dierent types of change
according to the transformation in the cluster label series Iy, (i);:::; It (i)g. For example,
if p =1, there is no change among this pixel series. b = 2 with cluster label series
f1,1;:::;1;2;2;:::; 20, it is a step change. Impulse change usually hap = 2 and cluster
label series isf 1;1;:::;1;2;2;:::;2; 1;1;:::;1g. When p > 3, the transformation is complex
and changes are de ned as complex cases. According to thegkeiti cations (details in
Table 7.1), changes can be classi ed into several classes.

7.4 Experiments of Change Classi cation

7.4.1 Test on realistic SAR synthetic images

This experiment uses one denoised image of 21 single-lookrf&SAR X-band images of
Paris (France) sensed in 2011 as the noise-free image (mui@mporal denoising approach in
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Time

(&) A pixel series fyi, (i);::5 Yy, (1)g which should be clustered into 2
groups (red and blue).
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(c) Binary CCM M °(i) and its eigenvalues.

Figure 7.3: Estimation of the number of clusters. (a) A pixel seriesfyi, (i); 35 Yt (1)9
which should be clustered into 2 groups; (b) estimation of tle number of clusters using
CCM M (i), the gap between , and 3 is not obvious; (c) estimation of the number of
clusters using binary CCMM P(i), the gap between , and 3 is larger.
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Confusion Classi cation results

Matrix (%) | Unch. Step Impl. Cyc. Comp. |
Unch | 99.42 0.17 0.12 0.17 0.1
Step | 11.52 78.71 3.12 4.05 2.6
Impl. 6.25 4,50 80.25 5.63 3.3
Cyc. | 17.50 2.92 1.58 75.58 2.42

Comp. 427 552 285 6.2¢ 81.14

Actual class

Table 7.2: Confusion matrix of change classi cation resuls. Unch.: unchanged, Step: step
change, Impl.:impulse change, Cyc.: cycle change and Commgomplex change.

chapter 4), as shown in Fig.7.4.a. 6 single-look images aremerated with di erent changes
added in them. As shown in Fig.7.4.b, di erent kinds of changs have been introduced,
such as step change (in red), impulse change (in green) andag change (in blue). Fig.7.4.c
shows the change classi cation result byRC-RT | The confusion matrix in Tab.7.2 shows
the good performance of the proposed classi cation method.

7.4.2 Test on real SAR images

We have 21 single-look TerraSAR X-band images identi ed asParis in Paris (France)
sensed in 2011 and 6 single-look TerraSAR X-band images idead as San-Francisco
sensed in San-Francisco, U.S.A. 2007 and 2011. These imaf@se been accurately reg-
istered using the sensor parameters. Fig.7.5.a and b only s the rst noisy image and
its denoising result. Fig.7.5.c shows the results of the clmge classi cation approach by
RCGLRT in which red regions denote step changes, green are impulshanges and blue
are cycle changes. We can observe that many boats in the rivdrave been classied as
impulse change. Fig.7.6 gives an illustration of examplesfastep change, impulse change;
cycle change and complex change with the corresponding opél images ¢ Google (but the
dates of the optical images are not exactly the same as the SARhages).

We can see that the step changes might correspond to some fitiés in the stadium,
impulse changes and complex changes are boats moored at giethe cycle changes are
the river bank. The proposed method has good performance inassifying theseinterrupt
changes, however for the continuous changes, like the grawif vegetation, the proposed
method probably considers them as complex changes.

7.5 Conclusion

Based on the change criteria approximated LRTRART and generalized LRTRCRT pre-
sented in chapter 6, a change classi cation method has beentioduced here. The purpose
of this classi cation is to exploit the temporal behavior information of the changes. It
applies a normalized cut algorithm to cluster the temporal pxel series, then classi es the
pixel series by the clustering labels. After classi cation pixel series are labeled as step
change, impulse change, cycle change and complex changeaasated to step, impulse,
cycle and complex uctuation of intensity in the temporal domain.

This is the second contribution of this PhD and has been pub$hed in [Su et al., 2014a,
2015]. In the next part of this PhD, we will extend the propose&l 2SPPB lter, change
criteria and change classi cation methods to the applicaton of the SAR image compression
and SAR change information updating.
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(a) "Noise-free" image with synthetic changes (only
1 image has been shown).

(b) Ground-truth map of changes (c) Change classi cation results by R©-RT

Figure 7.4: Change classi cation of synthetic SAR images (&ingle-look SAR images). (a)
"noise-free" image with synthetic changes (only 1 image haseen shown); (b) ground-truth
map of changes; (c) change classi cation results bR ®-RT (black: no change,red: step
change green: impulse changgeblue: cycle changeand
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(a) Paris, 21 single-look TerraSAR-X images

(b) San-Francisco, 6 single-look TerraSAR-X images

Figure 7.5: Change classication on Real SAR images. From { to bottom: Paris,
21 single-look TerraSAR-X images andSan-Franciscq 6 single-look TerraSAR-X images.
From left to right: noisy image y;, and change classi cation results by criterion R ¢-RT

(black: no change,red: step change green: impulse changgeblue: cycle change

).
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(@) The AT&T park in San-Francisco. Example of step change in San-Francisco. From left to right,
the change classi cation results, the noisy image from date t; to te.

(b) The Pier 48 in San-Francisco. Example of impulse change in San-Francisco. From left to right, the
change classi cation results, the noisy image from date t; to te.

(c) The bank of the river in the Mission Creek Garden. Example of cycle change in San-Francisco.
From left to right, the change classi cation results, the no isy image from date t; to te.

(d) The Pier 50 in San-Francisco. Example of complex change in San-Francisco. From left to right,
the change classi cation results, the noisy image from date t; to te.

(e) () (@) (h)

Figure 7.6: Details of change classi cation results ofSan-Francisco data set. (a-d) from

top to bottom: from left to right: the AT&T park, the Pier 48, t he bank of the river in

the Mission Creek Garden and the Pier 50. They are step changé@npulse change; cycle
change and complex change. (black: no changegd: step change green: impulse changge
blue: cycle changeand % (e-h) the optical images ¢ Google Earth

(imagery data 2014.02.24) corresponding to images (a-d).
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Chapter 8

Information Updating of SAR Time
Series

The quantity of multi-temporal SAR images is experiencing arapid growth, especially af-
ter the launch of some recent and new sensors like TanDEM-X @visit cycle of 11 days)
combined with TerraSAR-X, Sentinel-1 (revisit cycle of 12 dys with Sentinel-1A, 6 days
with the combination of Sentinel-1A and Sentinel-1B), etc. New challenges related to big
data processing then raise: 1) how to compress the data to rede the storage space, and
2) how to rapidly exploit useful information in this big data. We propose two compres-
sion methods for the multi-temporal SAR images in this chaper, pixel-level compression
and patch-level compression, to solve these big data problems for further picessing like
denoising or change classi cation as seen in the previous apters. We propose in this
chapter to exploit our classi cation results to de ne a compression scheme, which can then
be used for Itering updating, or classi cation updating. T he main idea is to store only
on representative value for a set of unchanged values. We ment two 'compression ap-
proaches one de ned at the pixel-level, and the other one athe patch-level, which is the
main structure of our processings as explained previouslyn the implementation, the sim-
ilar pixels/patches are found by a normalized cut clusterirg based on the change criterion
matrix (CCM) presented in chapter 7, and compressed by sim@ averaging. A Hu man
encoding algorithm is then applied to further compress the dta.

Basically, the pixel-level compression scheme produces higr compression ratio, but it
needs to be followed by a patch reconstructing step when theompressed data are used
in patch-based applications, e.g. our 2S-PPB lter. Instea the patch-level compression
stores the averaged patches, thus the compressed data can tagidly used in patch-based
applications but at the price of a lower compression ratio. hese two approaches will be
described and compared in the following chapters. Then witlthese compressed and stored
data, when a new SAR image is acquired, we apply the propose®&ZPPB lter to denoise
the new image and NORCAMA change detection method to update e change classi ca-
tion results using the compressed data. After the processin the stored compressed data
are updated with the information extracted from the new image.

Fig.8.1 shows the main framework of the proposed compressi@and updating processes
in this chapter. This chapter will rstly present the compre ssion method (pixel-level and
patch-level compressions) and then the updating method (d®ising and change detection
of the newly acquired SAR image). The experiments will compae the 2S-PPB lItering
and NORCAMA change detection results using the compressedatia and the original SAR
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time series.

Figure 8.1: The problem of SAR data updating considered in tis chapter.

8.1 Concept and method of compression

The pixel/patch-level compression consists of a lossy comgssion followed by a lossless
compression, as shown in Fig.8.2.a and b. The lossy compréassis performed on each pixel
series. It nds the similar pixels or patches in the temporal domain by the normalized-ot
clustering presented in chapter 7. The pixel-level compresson computes the average of
the pixels in a cluster (corresponding to the center of the alster), as shown in the mid-
dle of Fig.8.2.a. Instead, the patch-level compression caeiders both the pixels and their
neighbors (the patches surrounding them), and stores the @raged patches, as shown in
the middle of Fig.8.2.b. Both the pixel-level and patch-levé compressions nally have a
Hu man encoding step to further compress the clustering lakels and the averaged pix-
els/patches. The two approaches and their advantages and dwbacks are now described
in details.

8.1.1 Pixel-level compression

Fig.8.2.a, the lossy compression step consists in storingné labels of the clusters for the
di erent dates of the series, and a unique lItered intensity value yc,, (i) for each cluster.
All these steps based on the previous chapters are describadAlgorithm 4. Then, a Hu -

Discussion about the compression ratio.
The data type of SAR intensity is Float (32 bits). Thus, the storage space (or the le
size) O, of the original SAR time series can be computed by:
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(a) Pixel-level compression

(b) Patch-level compression

normalized-cut algorithm presented in chapter 7. Pixel-l#el compression (a) keeps cluster-
ing centers (averaged pixels), while patch-level compregs (b) keeps the clustering centers
and their neighbors (averaged patches). Then the clusteri results (both the labels and

clustering centers) are further compressed by a Hu man enading algorithm.

where N is the number of images in the SAR time series andll, is the number of pixel in
each image. The compression ratio is the ratio o®, and the storage space of compressed
data Oc:

Oo
= — 8.3
=5 8:3)

where O is storage space of the (lossless compressed) labels &dfor the (lossless com-
pressed) centers of clusters.

1) O;: This value depends on the change arising between the di erg¢ dates. The worst
case would be a full change of the whole image from one date tt@ next one. Since
we can not model it theoretically, we propose to use an empical study to give a general
behaviour. In the Hu man encoding, the average descriptionlength b to represent the
labels can be calculated by:

W1
b= p(NI+ p(M)(M 1) (8.5)

=1
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Algorithm 4 The lossy compression step in the proposed pixel-level comgssion
Input:

1: for each positioni in the SAR time seriesdo

2:  calculate the change criterion matrix of pixel series by Eq.(7.1); (section 7.1)
3:  cluster the pixel series by the normalized-cut algorithm; gection 7.2.2)
4. for each clusterm do

5 average the pixels in clusterm by:

X
wW(n)yt, (i) ;
n=1

. 1
Yeu (1) = 7
«
1 if Itn =m
0 otherwise '
I’)GN
Z= w(n) :

n=1

w(n) = (8.1)

The number of looksL,, (i) associated toyc,, (i) is ZL;

6: end for

7:  return clustering labels (label series¥ I, (i);1t,(i);:::; 1t (1)0;
clustering centersfye, (i);Ye,(1);:::; Yey ()0

8: end for

wherep(l) is the probability of label | in the label series andp(l) sorts in descending order,
p(1) > p(2) > :::> p(M).

Since it is dicult to estimate p(l), we approximate p(I) by the normalized frequent
value of | in a real SAR data set Paris data set ¢ TerraSAR). As shown in Fig.8.3.b,
the approximate probability pl) can be found in the normalized histogram of labels =
f1;2:::::Mg. Then, the approximate average number of bitsb’ is computed with p(l)
estimated from the Paris data set:

0_ X
b p%1) log A1)

1=1 (8.6)
=0:952+0:0301 2+ :::

=1:0244
Then, we can get the approximate valueOP of O:
O BN{Np = 1:0244\;N, (8.7)

Note that Hu man encoding can not approach the optimal solution (minimum description
length) if the data does not follow an exponential distribution, for instance the labels distri-
bution of Paris data set is not an exponential distribution. Thus other losgess compression
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Figure 8.3: (a) Number of clusters and (b) Normalized histogam (distribution) of number
of clusters. For this example and 20 dates, pixel series usilyahas only 1 or 2 clusters after
the lossy compression.

algorithms which can better handle the distribution of labds could be used to improve this
compression. However, we still use the Hu man encoding heréor the convenience of
implementation.

2) O,: Given a certain SAR time series, the size 00, depends on the number of the
clusters of each pixel series, or thenew pixels containing in each image compared with
previous images. However the number of new pixels is di cultto estimate, thus we also
use the number of new pixels empirically counted from theParis data set to give some
numerical intuition. On average, 0.7% 1% pixels in each image are new. Without any
compression, the storage space for the clustering centersivbe:

0 32Np(1+1%Ny) (8.8)

Note that the computation of O0 in Eq.(8.8) does not consider any compression, while in
reality a Hu man compression has been applied. Therefore,he real storage spac®, will
be smaller than Of given by Eq.(8.8).

So far, we can approximately estimateO. by combining OP given by Eq.(8.7) and O
given by Eq.(8.8):

Oc O+ 00 =1:0244N¢Np +32Np(1 + 1%Ny) : (8.9)
The approximate compression ratior can thus computed by:

r 32N¢Np : [1:0244N(Np + 32Np(1 + 1%N,)]
~ 32N, (8.10)
© 1:344MN; + 32

The blue line in Fig.8.4.a shows the approximate compressioratio r against the number
of imagesN;. However, it must be clear that the computation of r given by Eq.(8.10) is
not strict since O? is larger than what it is in reality. The real compression rato should
be higher than this approximate compression ratio, as showiy the green line (the real
compression ratio computed usingParis data set) in Fig.8.4.a. But we can still conclude
a qualitative result that when N increasing, the compression ratia will correspondingly
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Figure 8.4: The real and approximate compression ratio agast the number of images
N:. (a) Pixel-level compression and (b) patch-level compregsn. The blue line is the
approximate estimation of compression ratio, while the gren line is the real compression
ratio tested on the Paris data set.

increase. The green line also shows the same trend than the @mpximate compression
ratio as the blue line with the increase ofN;. It should be noted that for few images, the
"compressed" size is bigger than the storage size.

Reconstructing patches from the compressed data

As explained before, we need to reconstruct a patcyoCm (i) surrounding pixel yc, (i)
when comparingye, (i) with pixels in a new arriving SAR image. Taking pixel y¢, (i) as
an example, the reconstruction of patchyoCm (i) for pixel yc, (i) can be summarized as the
following steps (as shown in Fig.8.5):

replace the labels by their associated clustering centerdpr instance, I, (i + k) is
replaced by valuey? (i) with m%= Iy, (i + k);

patch yoCm (i) is then de ned as the patch with the averaged values (center ipel label
ta (1) is m).

Patch yoCm (i) can be considered as aaveragedsurrounding of y,, (i), which will be used
in the patch comparison of 2S-PPB. Note that di erent pixels in patch yoCm (i) may have
di erent number of looks, which depend on the number of looksf the added candidates.

8.1.2 Patch-level compression

Since the patch reconstruction step will cost extra time in he pixel-level compression, we
present in this section another compression scheme to redeidhis time consumption. It
has the same processing steps as the pixel-level compressio Algorithm 4, but the only
di erence is that in step 5 of Algorithm 4 pixel y;, (i) is replaced by its associated patch
Yi, (). Thus, the averaged result will be a patchy, (i), as shown in Fig.8.2.b.
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Figure 8.5: The reconstruction of patch for pixelyc, (i). From left to right, 1) the label

transform the label patches to value patches, 4) average tlse value patches with the same
center labelm.

Taking pixel yc,, (i) as example, it is given by Eq.(8.1) in the pixel-level comprssion.
In the patch-level compressiony., (i) is computed by the same way:

Ve )= 5 win)y, (i)
( n=1
1 il =m
win) = 0 otherwise (8.11)
ne N
Z = w(n)

n=1

Assuming the number of looks ofy, (i) is L, the number of looks ofy., (i) is a constant
value, ZL, which is di erent from the varying number of looks in recondructed patch
yocm(i). Label i, is the same as the one in the pixel-level compression. Conseptly,
patchesy., (i) instead of just center pixely,, (i) are stored in the patch-level compression.
Of course the Hu man compression is also applied to obtain tb nal compressed data.

Using the same approximate computation, the compression te of the patch-level com-
pression is shown in Fig.8.4.b. Since the blue line (the appkimate compression ratio) does
not consider the lossless compression of the clustering ¢ers, the real compression ratio
(in green line) of Paris data set is signi cantly higher than the approximate compression
ratio.

Compared with the pixel-level compression, the patch-ledecompression can directly
use the stored patches and needs less time when dealing witlatphes. However the price
is larger storage space for patch-level compression (it came seen by the comparison of
compression ratios in Fig.8.4.a and b).

Beyond the time and space consumptions, the di erence betweethe two compression
schemes is the di erence of the patcly, (i) and the reconstructed patchyocm(i). Both
Yeo (1) and y% (i) are the neighbors of pixelyg, (i), while they may present dierent
values. It is di cult to measure the di erence between y, (i) and yoCm (i) in a theoretical
way. We thus propose to do an empirical study of the di erencecomputed in the real
SAR data, Paris data set. The dierence betweeny,, (i) and yocm(i) is measured by
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10n
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Figure 8.6: The normalized histogram of di erence betweery, (i) and yocm (i) is shown
in blue line. If considering the comparison ofy., (i) and yOCm (i) as a change detection
problem, the threshold selected by the quantiles with = 0:01 shown in red line (the left
part is unchanged and the right part is changed).

Seir (Yen (1);Y%, (1)) given by Eq.(3.26). The blue line in Fig.8.6 shows the histogm
of this dierence. The comparison betweenyc, (i) and yocm(i) can also be seen as a
change detection problem. Therefore, change detection tbshold has been calculated using
synthetic data by the same method used in our proposed changdetection method in
chapter 6. We can nd that most pairs of y, (i) and y% (i) are unchanged(lower than
the threshold). Thus, pixel-level compression and patchdvel compression will lead to
similar performance in the patch comparison, which will ale be illustrated in the 2S-PPB
denoising experiments in section 8.3.2.

8.1.3 The relation with usual data compression schemes

Compression of audio, images and video data has been well diad in communication
eld and lots of mature algorithms and compression standarg@ have been proposed. They
can be divided into two groups: lossless compression and &scompression. Lossless
compression usually exploits the statistical redundancy ad represents data without losing
any information. Lempel-Ziv compression methods, Hu man oding and Burrows-Wheeler
transform [Burrows and Wheeler, 1994] are the most popular glorithms for lossless storage.
Lossy compression represents data with loss of some infortien, but the loss must by
acceptable under some conditions. For instance, the humarye is more sensitive to subtle
variations in luminance than it is to variations in color. Based on this fact, JPEG image
compression [Pennebaker and Mitchell, 1993] rounds o bit§or nonessential information.
Of course, there is a corresponding trade-o between preseing information and reducing
data size. JPEG image compression is also used in video compsion, like H.264/MPEG-
4 AVC [Wiegand et al., 2003] and H.265/HEVC [Sullivan et al., 2012]. More recently,
Donoho [2006] proved that compressed sensing can compressdareconstruct a signal
(audio, images or video) with even fewer samples than the sagsting theorem requires, if
the signal is sparse.

In summary, most ordinary data compression methods (lossyampression) aim at re-
ducing the size of data for easy storage and real-time trangpt. They nd a balance in
the trade-o between visual performance and reducing dataige. Unlike the visual perfor-
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mance considered by ordinary data compression methods, oproposed compression has to
preserve information that can be used in SAR re ectivity esimation and change detection.
Besides, our main purpose in this chapter is to speed up the peoessing steps when dealing
with long time series.

8.2 Updating method

After the compression of SAR time series, at each position we have the label series

present how the compressed data can be used to update the stabinformation by 2S-
PPB lIter and the unstable information by the proposed change detection/classi cation
methods.

8.2.1 2S-PPB ltering for stable information updating

When a new SAR imagey;, +1 IS acquired, we rstly nd similar information in the
database to denoise it. Taking a pixely;, +1 (i) as an example, the original 2S-PPB |[-

be given by:
S(Yty+1(1);Yem (1)) = Sorr (Yiy +1 (1); Yen (1)) (8.12)

whereSg_r () is the generalized likelihood ratio (GLR) based similaritygiven by Eq.(3.26).
Like the temporal step of 2S-PPB Iter, S(yt, +1(i);Yc, (1)) is thresholded to determine if
Yen (i) is similar with (or unchanged compared with)yt, +1 (i). The center pixels associated
to the similar/unchanged patchesyg, (i) are then combined with the new pixely, +1 (i)
with the following expressions:

" #
hd

Vs 0= 3 Lot on 0+ (S04 ():Yen D) Lo (0Yer ()

" m=1 (8.13)
Z=Lyal)+ 1Sy 1 )iy () Lan (i)
m=1
where

(St ()iyen () = & T SWw e (Yen (1) >3 (8.14)

0; otherwise

Yty 4, (1) IS the temporal estimation and Eq.(8.13) is also the temporbkstep of the 2S-PPB
using the compressed data.Z is the normalization parameter and corresponding to the
number of looks[Cy, ,, (i) = Z associated toyt, ,, (i). The threshold is selected by the
same way as presented in section 4.2.1. Note that the threslib varies pixel by pixel,
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since it depends on the number of looks of patclyy, +1 (i) and y¢, (i). The temporal mean
image 4, ,, iS obtained by applying Eq.(8.13) on each pixel of the new imge. We can
nally get the 2S-PPB denoising result by applying the spatial denoising step of 2S-PPB
on the temporal mean imagey:, ,, (details presented in section 4.2.2).

The change criterion given by Eq.(8.12) consists of only th&sLR similarity, instead of
the combination of GLR similarity and KL similarity of the or iginal 2S-PPB presented in
section 4.2.1. The reason for only using GLR similarity is toreduce the time consumption
of the denoising step.

8.2.2 Change detection for updating

To detect changes between the new imagg, +1 and one of the previous imagey;, using
the change detection method presented in chapter 6, we neea treconstruct imageyi, .
The reconstructing process is the same as to obtain the recstiucted patches illustrated
in Fig.8.5. Each labell;, (i) (associated to pixely;,(i)) at time t, is replaced by the
associated clustering centeryc,, (i) with m = I, (i) (yc, (i) is the center pixel of patch
Ve, (i) or yOCm(i)). We then have the reconstructed imageyton (associated toy;, ), which
consists of pixelsyc,, (i) with di erent number of looks. The changes between imagq&
and new imageyy, +1 can be detected by the following steps:

denoiseyton by the spatial step of the 2S-PPB lter;
denoiseyy, +1 by the 2S-PPB lter presented in section 8.2.1;

calculate the change criterionRALRT given by Eq.(6.3) or RERT given by Eq.(6.7)
presented in section 6.1 and 6.2 respectively;

threshold the change criterion using the quantiles method pesented in section 6.3.

8.2.3 Change classi cation for updating

Following the idea of change detection in previous sectiorwe can also apply the change
classi cation on the compressed data when a new SAR image isquired. The processing
chain are given in the following:

reconstruct each previous imageyton (associated to original image yi,;n =
1,2;:::;N);

denoise eacryton by the spatial step of the 2S-PPB lter;
denoiseyy, +1 by the 2S-PPB lIter presented in section 8.2.1;

calculate the change criterion matrix of each positioni by Eq.(7.1) presented in
section 7.1;

classify the changes by the NORCAMA algorithm presented in kbapter 7.

8.2.4 Database updating

After dealing with a newly acquired SAR image, the stable andunstable informa-
tion should be added to the database (or the compressed datdpr the processing of
next new images. According to the change classication redts (the new label series
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if lgy,, () is a new label (i,,, (i) & I, (i)jn=1:2:::n), @ new clustering center
You +1 (1) = Yy +1 (i) or ye, +1 (i) = Yty +1 (i) will be added to the database.

if Ity ., (i) = It, (i), the associated clustering centeyc,, (i) or y¢, (i) (m = Iy, (i)) will
be updated by:

Ly .o (DYiy +1 () + Ley ()Yer (1)
Ly, () + Ley (i)

Lty DYty +2 () + Ley ()Yen (1)
Ly, () + Ley (i)

Yo (1) = , for pixel-level compression,
(8.15)

, for patch-level compression.

Yem (1) =

8.3 Experiments of compression and updating

We test our compression and updating methods on both synthét images and real SAR
time series.

8.3.1 Time and space consumptions

Compression. We apply the proposed compression method on th®aris data set, 21
single-look TerraSAR images. Only the rst 20 images are ugkin the compression and
the last image is considered as the newly acquired image whievill be used in the updating
step. Each image in theParis data set has 2048 2048 pixels and the data type of SAR
intensity value is Float. The saved labels are integer and we save them as Integer datge.
Table 8.1 shows the time consumption using Intel Core 2 Quad PU (Q9550) 2.83GHz and
the compression ratio of the proposed patch level and pixekelel compression compared
with MAT format (a lossless data compression applied by theSavefunction of MATLAB,
Versions 7.3 or later)!. The patch size in the patch level compression is selected & 7
the same size as used in 2S-PPB lter.

The higher compression ratio denotes less cost of storagease. About the time con-
suming of the compression, since it performs pixel by pixelane parallel algorithms can
be used to speed up the compressing step.

File size (MB) | Time consumption | Compression ratio
Original data 320.00 - 1.1
MAT c MATLAB 108.00 2.5s 2.963:1
Patch-level compression 163.95 54.21mn 1.952:1
Pixel-level compression 21.71 50.38mn 14.75:1

Table 8.1. The time consumption and compression ratio of theoroposed patch-level and
pixel-level compression compared with MAT ¢ MATLAB lossless compression.

Denoising and change classi cation. We compare the time consumption of 2S-PPB
Iter and NORCAMA change classi cation using compressed dda and original SAR time
series. Table .8.2 shows the details. Note that the time comsnption here does not include
the compression process. The SAR time series tested here isetParis data set with
the last image as the newly acquired image. The time consumjan of change detection

The save function of MATLAB uses GZIP (level-3) compression to save variables to les. GZIP is
based on the DEFLATE algorithm, which is a combination of LZ7 7 and Hu man coding. http://www.
mathworks.com/help/pdf_doc/matlab/matfile_format.pd f
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includes the denoising process of the two images and the chga classi cation also includes
the denoising of all the images. All of these processes arexpl by pixel, some parallel
algorithms can be used to reduce the cost of time.

2S-PPB denoising| Change detection| Change classi cation
Original SAR data 28.57h 30h 58.12h
Patch-level compression 1.38h 2.75h 27.75h
Pixel-level compression 1.89h 3.21h 29.56h

Table 8.2: The time consumption of 2S-PPB ltering, change dtection between 2 dates
and change classi cation using all dates.

8.3.2 Updating results

Denoising. We rst test on synthetic images corrupted by multiplicativ e single-look
speckle noise. in which the classical noise-free imageuseis used. We use the same noise-
free image to synthesize a temporal image set, which meansete is no temporal changes.
The synthetic multi-temporal images have 10 dates (imagesand the rst 9 images are used
in the compression step, the last one is considered as timew image. The denoising results
of the new image are shown in Fig.8.7. The visual performancand the numerical results
(SNR) show that 2S-PPB Iter using patch/pixel-level compr ession data has comparable
performance with 2S-PPB using original SAR time series. Hoewver, the time consumption
is much less than using original SAR time series (note that te time consumption does not
count the compression time consuming).

(a) Original SAR data (b) Patch-level compression  (c) Pixellevel compression
SNR: 16.67dB SNR: 16.42dB SNR: 16.51dB
time: 9.77mn time: 53.30s time: 80.41s

Figure 8.7: 2S-PPB denoising using (a) original SAR time sées, (b) patch-level compres-
sion data and (c) pixel-level compression data.

Paris data set has also been tested here. The last image Paris is considered as the
new one and Fig.8.8 shows the denoising results. Comparingittv 2S-PPB using original
SAR time series, the visual performance 2S-PPB using patchraoixel level compressed
data can achieve comparable results. Some regions have bestrown in Fig.8.9. The result
using patch-level compressed data is close to using pixedel compressed data. Using
original SAR time series, homogeneous regions have less igace than using pixel/patch-
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level compressed data, while in regions rich of texture or apks, the three results have
comparable visual performance.

(&) New noisy image (b) Original 2S-PPB

(c) 2S-PPB using patch level compression (d) 2S-PPB using pixel level compression

Figure 8.8: 2S-PPB denoising using original SAR time serief), patch level compression
data (c) and pixel level compression data (d).

Change classi cation.  After the compression, the change classi cation oParis data
set can be obtained and shown in Fig.8.10.a. When the new imag(the last image of
Paris) is acquired, the change classi cation results using pixelevel compression data will
be updated and shown in Fig.8.10.b.

To analyze the classi cation results, we select some intesting patch series (7 7 pixels)
and plot their mean of the intensity values by using time as cordinate axis X, as shown
in Fig.8.11. The 21 values associated to 21 dates and the lashe is associated to the
new image. In Fig.8.11.a, there is a boat in the river represting itself as impulse change
without the new information of the new date, however after the updating it turns to be
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(a) Boats in the river.

(b) Metro crossing the river and the Ei el tower.

(c) Square (Champ de Mars).

(d) Paris Military school (1).

(e) Paris Military school (2).

Figure 8.9: 2S-PPB denoising results oParis data set. From left to right, 2S-PPB using
original SAR time series, 2S-PPB using patch-level compragon data, 2S-PPB using pixel-
level compression data, the di erence mapjf1  y2j) between rst and second image, the
di erence map between rst and third image, the di erence map between second and third

image.
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(@) Change classication by NORCAMA of the (b) Updating of change classi cation with the new
rst 20 images of Paris image (the 21-th image) of Paris

Figure 8.10: Change classi cation updating ofParis. (a) Classi cation results by NOR-
CAMA presented in chapter 7. (b) Updating of classi cation with the pixel-level com-
pressed data.

Figure 8.11: Change classi cation updating ofParis. From top to bottom: Boat in the
river (impulse change! circle change; Moving trains (no change step change); Moving
Car on the street (step changel impulse change).
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(a) Huangshi (b) Daye

Figure 8.12: Sentinel-1 images oHuangshi and Daye in Hubei province, China acquired
at 8th October 2014.

circle change since its repeated showing up.

8.4 Experiments of Sentinel-1 images

Sentinel-1A, the rst Sentinel-1 satellite launched in April 2014, carries a C-band SAR
sensor. Sentinel-1 (combination of Sentinel-1A and Sentai-1B) can provide continuous
radar mapping of the earth with enhanced revisit frequency ¢ days) and long time serie%.
The data used in this experiment is Level-1 Ground Range Detged (GRD) product, which
has been projected to ground range using an Earth ellipsoid adel such as WGS84. Thus,
these multi-temporal images can be easily registered to elamther manually (or with the
help of some ground control points [Sester et al., 1998]).

Fig.8.12 shows two regions acquired at 8th October 2014 bfuangshicity and Daye city
in Hubei province, China. There are 7 images of the two regi@acquired at 8th October
2014, 20th October 2014, 1th November 2014, 13th November 20, 25th November 2014,
7th December 2014 and 19th December 2014 respectively. Theedial resolution is 5m 5m.
The proposed methods (2S-PPB Iter, NORCAMA change detectbn and classi cation and
updating) have been tested on the Sentinel-1 images.

Multi-temporal denoising of Sentinel-1 images

The patch size is selected as 55 pixels since the spatial resolution is lower than the SAR
images tested in chapter 4. Fig.8.13 compares the 2S-PPB deising results using original
time series (7 images) and the 2S-PPB denoising results ugjrthe compressed data. The
di erence map shows that the two results have close performace in homogeneous areas.
More details can be found in Fig.8.14.

2More information can be found in https://directory.eoportal.org/web/eoportal/
satellite-missions/c-missions/copernicus-sentinel-1
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(a) Original 2S-PPB (b) 2S-PPB in updating (c) Dierence map

(d) Original 2S-PPB (e) 2S-PPB in updating (f) Di erence map

Figure 8.13: Multi-temporal denoising results. From left to right: 2S-PPB ltering re-
sults using original time series, 2S-PPB denoising resultasing the compressed data and
di erence between the former two results.

Change detection of Sentinel-1 images

We applied the proposed change detection methodRCRT ) on two Sentinel-1 images
acquired at 8th October 2014 and 19th December 2014 respeatly. The change criterion
maps are shown in Fig.8.15. Since the time interval betweenhe two images is not long,
the changes between the two dates mainly takes place at rivefdue to the boats) and
paddy elds. Fig.8.17 also show some details of the change tetion results. In the right
of Fig.8.17, the changes are detected by thresholding the ahge criterion RCLRT with

= quantile(R; 0:001).

Change classi cation of Sentinel-1 images

The rst 6 images in the time series are considered as imagesa@uired at previous dates,
and the last image acquired at 19th December 2014 is seen asthew image. Fig.8.16.b
and e show the change classi cation results using the previs images (before updating).
When the new images are acquired, the change classi catioresults are updated, as shown
in Fig.8.16.c and f. Since most changes are boats, these cly@ms are classi ed as impulse
or complex changes (marked in green and yellow color). Moreethils can be found in
Fig.8.18.
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@

(b)

(©

(d

(e)

®

Figure 8.14: Multi-temporal denoising results. From left to right: noisy images, 2S-PPB
Itering results using original time series, 2S-PPB denoighg results using the compressed
data and di erence between the former two results.
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(a) Noisy image at 8th Oc- (b) Noisy image at 19th (c) Change criterion map
tober 2014 December 2014

(d) Noisy image at 8th Oc- (e) Noisy image at 19th De- (f) Change criterion map
tober 2014 cember 2014

Figure 8.15: Multi-temporal denoising results. From left to right: 2S-PPB ltering re-
sults using original time series, 2S-PPB denoising resultasing the compressed data and
di erence between the former two results.

(a) One of noisy images (b) Before updating (c) After updating

(d) One of noisy images (e) Before updating (f) After updating

Figure 8.16: Updating of change classication results. Fren left to right: one of the
noisy images, the change classi cation results using the st 6 images, the updated change
classi cation results with the new image acquired at 19th Deember 2014.
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@)

(b)

(©

(d)

(e)

)

Figure 8.17: Change detection between date 8th October 201and 19th December 2014.
From left to right: noisy image acquired at 8th October 2014,noisy image acquired at
19th December 2014, change criterion mapsR(C-RT ), and change detection results with
threshold = quantile(R;0:001).
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@

(b)
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Figure 8.18: Updating of change classi cation results.
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8.5 Conclusion

Based on the clustering of pixel series proposed in chapter This chapter introduces a
patch or pixel level compression for multi-temporal SAR imayes and applies it to up-
date stable information (re ectivity estimation) and unst able information (change detec-
tion/classi cation map) when a new SAR image is acquired. Catrary to ordinary data
compression mainly concerned by the compression ratio, thicompression considers both
time consumption of dealing with new image and space consurtipn (corresponding to the
compression ratio) of saving the old SAR time series. The exgimental results show that
the denoising and change detection performance using the mpressed data are comparable
to those obtained using the original SAR time series. We alstested our proposed meth-
ods (2S-PPB Iter, NORCAMA change detection and classi cation, updating method) on
C-band SAR data from the newly launched Sentinel-1A sensor.




135

Chapter 9

Conclusion

This chapter concludes this thesis by summarizing and dis@sing the results obtained in
the development of the di erent research topics. Finally, t gives an outlook for future
work.

9.1 Summary

This thesis focuses on the information exploitation of mult-temporal synthetic aperture
radar (SAR) images. More speci cally, the exploited information is 1) redundancy infor-
mation in both spatial and temporal domains for re ectivity estimation of SAR since the
specklenoise corrupts SAR images and makes their interpretation ug di cult, 2) change
information for analyzing the di erence between two dates ad monitoring the urban de-
velopment and 3) similar information for compressing the miti-temporal SAR images to
reduce the space and time consumption.

Two-steps multi-temporal non local means. Non local means (NLM) search redun-
dant pixels in a non-local or global area and average them tostimate the noise-free values.
Under the NLM framework, we investigated NLM's successful etension to SAR images
(patch-based probability (PPB) Iter) and developed it to de al with multi-temporal SAR
images. The proposed multi-temporal Iter is based on a two g&ps multi-temporal NLM,
dividing the denoising process into two main steps: tempotastep averaging temporal pix-
els with binary weights and spatial step averaging spatial jxels based on the PPB lter.
The patch comparison criterion used in PPB Iter has been deeloped to handle patches
with di erent levels of noise. We also extended the proposedienoising framework to the
case of miss-registered SAR images by adding an o set estirti@an step. This 2S-PPB
approach is one of the major contribution of the PhD and has ben published in [Su et al.,
2012, 2014b].

Likelihood ratio test based change criteria. The change detection problem between
two SAR images has been considered through a likelihood ratitest. To calculate the
likelihood ratio, various estimation or approximation of noise-free parameters have been
proposed in the literature. In this work, we proposed to use or multi-temporal denoising
results to estimate the parameters of the likelihood ratio. Two change criteria have been
proposed: 1) the approximate likelihood ratio, in which the noise-free value is directly
replaced by the denoised value; 2) the generalized likeliloa ratio, in which we estimated
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the noise-free parameters using both the denoised value arige noisy value by a maximum
likelihood estimation.

Change classi cation by normalized cut on change criterion m atrix. In this part,
we focused on the temporal behaviors of changes and clasgl éhem into step, impulse,
circle and complex changes. To classify the changes, we rsepresented the full change
information of a pixel time series by a matrix of change criteion based on the proposed
change criteria. A normalized-cut was then applied on the chnge criterion matrix to
cluster the pixels in each pixel series and the changes werecognized according to their
clustering labels. This part is the second major contributon of this PhD and has been
published in [Su et al., 2013, 2014a, 2015].

SAR time series compression and information updating. We focused on the big
data problem of multi-temporal SAR images in this work and proposed patch level and
pixel level compressions to reduce the space and time consption when dealing with
SAR time series. When a new SAR image is acquired, the compiesd data can be easily
and quickly used to estimate the re ectivity of a new SAR image and update the change
classi cation maps, without processing the whole stored SR time series.

9.2 Perspectives

Re ectivity estimation of SAR data. Di erent denoising approaches have di erent
advantages when ltering noisy images. For instance NLM hifly reduces the local vari-
ance, regularity based methods enhance image details, dichary based methods handles
well the rare features of noisy images and so on. Best Iter may consist of a combination
of these methods. The challenges are thus what to be combinezthd how to combine. A
research axis inspired from [Sutour et al., 2013] could pragte improved results for multi-
temporal denoising.

SAR change information analysis. Our preliminary results are promising but should
be validated on more data sets, for instance more Sentinel-images etc. A short term
perspective of this work is to improve the pixel level changeclassi cation by introduc-

ing shape information. Our results rely on pixel based claggation but shape analysis
could help the change classi cation and could be a way to intnpduce semantic information.
Markov Random Fields, Conditional Random Fields and so on a e cient frameworks

for this aim. Another short term perspective is the validation and extension of the work
on long multi-temporal series. In particular 'smooth' changes, useful for vegetation and
agricultural areas could be introduced.

Extensions to other remote sensing data. The multi-temporal SAR images concerned
in this thesis are from the same sensor with the same spatiaésolution, the same incidence
angle, the same ascending/descending mode and the same potfetric mode, and have
been nely registered (except in section 4.4). However the wmiti-temporal SAR images
in reality are much more than that. Applying the proposed methods to complex multi-
temporal SAR data, specially with di erent incidence angles and di erent track directions
will be a challenging task. The full interest of the 'World-SAR' concept, combining dif-
ferent SAR acquisitions rely on these new approaches to be wdoped. And some new
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developments should be proposed to deal with these complergut data. In addition, op-

tical images and other modes of remote sensing images canalse e ciently. Among the

possible methods to achieve this aim, learning approache®uld help our understanding
and the de nition of new methods.
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