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Abstract—The problem of detecting abrupt changes in a set within an operational framework. This is the case of the
of Synthetic Aperture Radar (SAR) images is carried out by cartography of damages caused by a major natural disaster

comparing the results of segmentation between images with (o ption. fl rina th i f crisis man n
different modalities acquired before and after a disaster. In- (eruption, flood, ...) during the period of crisis manageme

dividual segmentations are not considered by themselves since 1he recent state of the art from P. Coppt al. [5]

they yield surface map characterization while the goal is to underlines the deficiencies in the use of radar data for tiema
detect a temporal evolution of soil characteristics. Hence, we applications of change detection. Indeed, studies related
propose to use the modification of class statistics in the imagesgatellite-based SAR imagery are much fewer and more re-
in order to characterize potential changes and to prevent from cent [6][10]. Due to their all-weather mapping capabhility

false alarms that may be induced by the specific modality of each . .
SAR acquisition. these sensors hold a strong potential for change detection

The change detection process is divided in two steps: 1)studies and can guaranty operational systems also in m@sen
segmentation of the observations in order to have an estimation of critical atmospheric circumstances and night condgion

class; 2) comparison of the pdf from different images to detect yisastar 4|l the information available must be use, even if
changes by means of evidential and paradoxical reasoning. ! '

This two-stages process has been applied on Radarsat imageghe first operational acqyisition comes from a ragar. Howeve
(F2 and F5) of the Nyiragongo volcano, DR Congo, erupted on the problem of automatic detection of changes is made more
January 2002. The results obtained outperform simple strategies difficult, mainly for the following reasons:

based i diff ing/ratioing. . . . .
ased on image difierencingiratioing « the image modality with the presence of speckle inherent

I. INTRODUCTION to the backscattering mechanisms;
Satellite remote sensing change detection of the Earth sure the incidence (angle of sight and ascendlng/de§cend|ng
face is a central task for many kinds of monitoring purpottes. ~ Orbits) of the two images acquired by the sensor;

uses temporal series of images taken on the same geographict problems related to the difference in generation of radar

area at different dates. These changes can be divided oarse S€nsors, problem which can occur when the two images
in two types : are separated from several years (spatial resolution; inte

calibration, ground segment, final product...);
« the “natural” evolution of the observed scene (slow phe-
nomenon) should not be confused with abrupt changes
(fast phenomenon) we are looking for.

« slow and thin changekke seasonal vegetation change or
the evolution of rotations in agriculture, in which case
it is necessary to have a time series of images to detect
these evolutions;

« spectacular and fast changdike damages due to a Hence, there is a need for the development of change
natural disaster (earthquake, flood) or of anthropic origitetection methodologies adapted to SAR imagery. Basjcally
(deforestation, forest fire), and, in this case, two imagé§ange detection techniques rely on some clustering scheme
acquired before and after the event can be enough. that identify the coordinates of pixels that have changed

In this work, we are mainly concerned with the second typggtween two dates. There is loosely three sets of methods :

qualified as abrupt, which does not mean of big scale butrathee. the classification of some feature maps, such as image
instantaneous. differencing or ratioing, selective PCA [2] or mutual
In the past years, most of the proposed change detection information [11], into ‘change’ and ‘no-change’ classes;
techniques has been devoted to the analysis of mono- and the comparison of the individual classifications (Post
multi-spectral optical data and for specific change detacti Comparison classification) to identify changed areas [12];
applications [1]-[4]. It is however clear that the intrindimits « the direct and joint multidate classification of the pair of
of these sensors, in particular their dependence to weather images [9], [13]. Classes where changes are occurring are
conditions, are particularly constraining and not venylistia expected to present statistics significantly differentrfro



where change did not take place. point of view from the sensors and also the evolution of pdf

In this paper, we propose a novel strategy that consistsiffiuced by the ground itself.
combining several unsupervised classification of SAR irsage
that have been geometrically corrected and co-registé&ieel. I1l. CHANGE SIGNATURES
proposed technique is based on comparisons of pdf issued
from the segmentations. Those comparisons take into considTwo points of view may be adapted to characterize some
eration the difference of point of view from the sensors anshange signatures from the image map segmentations. The firs
give some candidates of ground change. one characterizes globally the evolution of the statistibe
other takes care of the pixel realizations in a stochastintpo

II. IMAGE MAPPING .
of view.

Lets consider two SAR images, and/;, acquired before
and after an event. It is assumed that the images are register o
and each pixel is co-located even if the geometry differmfro™ Distance between distributions

one image to the other. The change detection technique start| ets consider the Battacharyya distance between twofpdf

by performing classification of each image. The classitwgti 5nd 4, which is defined asf \/f(x) g(z) dz. We define the
yield ground state maps that will be used in a stochastictpoig|iowing change detection criteria :

of view to perform change detection.

A. Mixture estimation through SEM D(f,g)=1- / vV f(x)g(x)de.

A contextual Stochastic-Estimation-Maximization (SEM)
method is used to perform a mixture estimationfofclasses This criteria is based on the evolution of the pdf : it growd to
of the initial image (;,). Each classv, (0 < k < K) is to express a difference between the two pdf, and decreases to
characterized through a Gaussian probability densitytfanc 0 when the distributions remain similar. It is necessarydimp
(pdf) fto(zy,|wk). The classification by itself is defined by aout thatD is linked to an evolution of pdf that may be induced
posteriori condition: by ground maodifications but also by sensor parameters.

Ciy(i,j) =wp, it Vke{0,...,K}, andk # ko

. o : o B. Pixel point of view
P10 Ly (i, ) wro) = £1° (L (i, ) ) S | | .
Lets define a criteria dedicated to pixels’ behavior. If agpix
remains the same while the pdf of its class has changed, its

, hat viel ' odf: £ ] ; rmembership to the class will differ; also if a pixel has cheohg
image, that yie d; aset @f’ pd f (4, |wp), 0 < £ < K '_At between the two acquisitions while the pdf of its class hds no
this point, it is of interest to consider the result of cléisation been modified dramatically, its membership will differ also

attg to initialize the SEM estimation dt. Furthermore, some Then a significance measurement of a pikelj) for images
extra classes have to be considered to characterize anyogroP and I’ may be defined through the pdf and g;. as:
evolution. The procedure to initialize SEM on image by '

for all pixels (4, 7).
A similar SEM mixture estimation is apply to the othe

creating new classes is the following: we start by assuming S C — (I (I
K = K, and, for0 < (< K (fI,gﬂ)(Z J) fI( (7’ .7)) g1 ( (27.]))
1) consider th'e.histogram df, restricted to pixel(s, j) Furthermore, a contrast measurement may be defined to
S0 'thatcto (z,?) = wy. ) _ . induce a potential change of the pixgl j). The membership
2) while the histogram appears multimodal, split it b¥:hange of a pixeli, ) between two imagegand!” is defined
1 /
creating a new classy:. Incrementi”. through a contrast measure between the two fdénd g;-

Multimodality test is achieved by using zero-crossing o thgs:
first derivative of the empirical histogram.

B. Joint estimation P(fr.g:) (4 j) =1 —min (gp ) A) ) :

The SEM algorithm is also applied to the couple of images
(I, I1,) in order to take into consideration the evolution of Those measures characterize the evolution of the classes’
laws induced by the difference of the acquisition condiionpdf and the evolution of each pixel into its class. For change
This vectorial SEM is performed in a way similar to theletection application, lets consider them between the sagm
scalar SEM by considering 2D Gaussian laws. The SEM yieltigions of I;, and I;, and the pdf: f (xo|ws), [ (z1|w))

a set of pdf characterizing each class§, 0 < ¢ < K’: and the two components of the 2D pdifot (zo, z1|w}) =
floti(zy,, 24, |wl). The initialization uses the classification Fi ™ (@ |wf), F10" (:ct1|w}’)). Those evolutions are not

. . . . (0] - 1 d
Ci, with K’ classes. Then, contsuilerlng the tWtO ?bservatlons ecessary linked to ground change but give potential candi-
gether, the couple of 1D ptﬁfﬁt’ N lwg), £ (e, M’)) dates to ground evolution. That is why those indicators are t

integrates the evolution of pdf induced by the difference dfe considered into an evidential and paradoxical reasoning



TABLE |

IV. CHANGE DETECTION WITH PARADOXICAL THEORY
MASS ASSIGNMENT FOR COMPARINGl ¢, AND It .

A. Dezert-Smarandache theory

. Hypothesi
The Dezert-Smarandache (DSm) theory can be c0n3|dercq')ypo = Bnass (by definition)
as a generalization of the Dempster-Shafer (DS) one. In this ' o " R
new theory, the rule of combination takes into account both % (L-p(f (Tq (3, 7)lw), £51 (It (3, 5w )),)
R . . . . XD(fO(Ito(l7J)|W)7f (It (4, 5)|w ))
uncertain and paradoxical information [14]. Let considez t
simplest frame of discernmer® = {fcn, Ono cn} iNvolving Ono ch P(fto(fto(m)lwt)o,f“({ni(i,j)\wt’l)) o
only two elementary hypotheses (‘change’ and ‘no change’), X (1= (1% (T (6 D), 11 (T2 (6 D))
with no more additional assumptions ég, and o cr. DSM Behrino ch p (1o (It (it,j)|w),'ft'1 (Itl(it,j)\w’)) o
theory deals with new basic belief assignment§) € [0, 1] XD (f10 (1o (i, ) w), £ (It (3, ) |w"))
in accepting the possibility for paradoxical informationch Ochonoch | (1= p (F10 (Lo (5, 3)|w), F11 (I, (5, 5)]w")))
that: X (1 =D (f*0(Ito (i, 4)|w), F1 (I, (1, 5)|w")))
m(ech>+m(9no ch)+m(90hU9no ch)+m(90hm9no ch) =1 (1)
TABLE I
O denotes the finite set for exhaustive elements. The power MAss ASSIGNMENT FOR COMPARING¢, AND Iy, INTO THE JOINT
set 2° will be defined through the DS theory byp® = SEGMENTATION.
{0, Bch, Ono chy Bch U Ono cn}- The DSm theory introduce the no-
tion of hyper-power sgD@ through all composite propositions y,,qihesis | mass
from elements o with U andn operators such thaP® = 0 0 (by definition)
{@, ech N eno chy 9(;}17 9n0 chy ech U eno Ch}' ThIS COﬂStltUteS Wha.t to,t1 L ” to,t1 L. 9
is calledfree DSm modeM/ (©) and allows to work with ~ n p (£ (Lo (i, D), £{0° (Iy (5, )"
fuzzy concepts which own a continous and relative intrinsic xD (ff(?’tl(fto(i,j)lw”%fff’tl(ln(i,j)\w”))
nature. However, when elemends are truly exclusive, the xS(fttg’tl(ItO(i,j)\w”), ff’tl(ltl(i,j)lw”))
hyper-power setD® reduces naturally to the power s2? oty e
and the free DSm model goes down to the Shafer's modefoe (1’p(fto (o (& "), fi™ (T (3 5) ")
MO (©). However, between the free DSm modét/ (©) x (1= D (01 (B iy ), £ (T (i, )w)) )
and the Shafer's modeM® (©), hybrid model may be de- x (1= 8 (£ (g (@ )", S22 (e (i, ) ))
fined to introduce exclusivity constraints and non exisé&nt X
. echmno ch m (echﬁno ch)
constraints.
The generalized belief and plausibility functions are d&fin  6chonoch | » (ffg”“(lm (i, 9)|w"), £ (In(z‘,j)lw”))
in almost the same manner as within the 8, % (1 ) (ftté),h(lto (i’j)lw//Lfttlmh(ltl(i’j)lw//))>
BellA)= > m(B) and PlA)= Y m(B), xS (13711 (g (1)), £ (1 i )l
BCA BNA#D *  m (Ochnino ch) is adjusted in order to respect eq. (1).
BeD® BeD®

while the classic DSm rule of combination between two

sources of evidence8; and 55 follows: significance measurement of a pixel may be use to reduce
o ambiguity. The mass assignment is proposed in table II.

VC e D”, m(C)=[m &ms](C) :Z my(A) ma(B). Finally, the decision is taken through the maximum of

gfggg credibility, i.e. when Be(fcn) > Bel(fno cn)-

B. Mass belief assignment V. RESULTS

Lets consider first the comparison between the two The technic is now illustrated with the couple of images in
SEM. A ground evolution may be expected at a pixdtig. 1 which shows RADARSAT images acquired before and
of position (4,j) when the distance between the two pdéfter an eruption of the Nyiragongo volcano (R.D. Congoj tha
D (fo(Iy (4, 7)|w), f1* (I, (i, j)|w’)) and the contrast betweenoccurred in January 2002. The (a) image comes from archive
the membership valueg (ft (I, (i,7)|w), f* (I, (i,7)|«’)) data (F5 mode) whereas the (b) image is a F2 beam.
become significant. Furthermore, the decision may be takerFig. 2 shows the results of decision making on the maximum
when there is a contradiction between the distance and thfebelief by using the two sources of evidences shown previ-
contrast indicators. Then, we propose in table | the masasly. It appears that even if changes were not fully detecte
assignment for comparing,, andI;, in a change detection there are almost no false alarm. Even if this method takes a
perspective. strong decision, it is possible to analyse the belief respanr

When considering the evolution of pdf issued from the joirthe interval [credibility, plausibility] to introduce a confident
SEM mixture estimation, only one map is to be considerégdterval into the decision (as in most of DS applications). |
and so an unique class” for each pixel(i, 7). Then, the the example shown, the top of the airport runway has been



(b) image,g1

(a) imagel,,

Fig. 1. Images to be used for change detection.

covered by lava or mud but has not been affected.to In

fact, the analysis of the confident interval shows a high eegr

of uncertainty in the decision process. An additional sewt
evidence may then be used to help decision...

VI. CONCLUSION

Change detection in multitemporal SAR images is a chalg]
lenging problem since thematic changes that have to be
detected are hidden by several sensor-inherent and ajpmtica

. A . &
(a) Decision: (b) Belief on change:

Fig. 2. Change detection resultsefter seen in colgr

[2] J.-F. Mas, “Monitoring land-cover changes: a comparisgnchange
detection techniques/nt. J. of Remote Sensingol. 20, no. 1, pp.
139-152, 1999.

[3] A. A. Nielsen, K. Conradsen, and J. J. Simpson, “Multia#ei alteration

detection (MAD) and MAF processing in multispectral, bitermrglo

image data: new approaches to change detection studiesy. Sens.

Environ, vol. 64, no. 1, pp. 1-19, 1998.

R. Wiemker, “An iterative spectral-spatial bayesiandhihg approach for

unsupervised robust change detection on remotely sensepectral

imagery,” inProc. of the 7th Int. Conf. on Computer Analysis of Images

and Patterns (CAIP 1997Kiel, Germany, Sept. 1997, pp. 263-270.

dependent factors such as ascending or descending orl, P. R. Coppin, I. G. Jonckheere, and K. Nachaerts, “Digitaange

several incidences, strong speckle noise...In this wdrg, t
joint characterization method do not consider pixel-base
changes, but rather thematic changes as a modification bf bot

spatial and temporal distributions of classes in the imagkes

proposed solution is based on the analysis of the evolutio[e]

detection in ecosystem monitoring : a reviemt. J. of Remote Sensing
vol. 24, pp. 1-33, 2003.
] J. Inglada, “Change detection on SAR images by using anpetréc
estimation of the Kullback-Leibler divergence,” Proc. of the IEEE
Geoscience and Remote Sensing Symp. (IGARSS, 2063lpuse,
France, July 2003.
L. Bruzzone and D. F. Prieto, “Automatic analysis of thdfatience

of the pdf yielded by the segmentation procedures to detect image for unsupervised change detectidBEE Trans. Geosci. Remote
ground changes. The results we obtained are encouraging and Sensingvol. 38, no. 3, pp. 1171-1182, May 2000.

the method should be further tested by using data sets wi A
ground truth and associated to different sources of eviglenc

It is important to note that this technique remains valid
for multidate (i.e. more than two dates) change detectio
problems, and can even help to automatically decide when the

F. T. Bujor, J.-M. Nicolas, E. Trow, and J.-P. Rudant, “Applica-
tion of log-cumulants to change detection in multi-temporal RSA

images,” inProc. of the IEEE Geoscience and Remote Sensing Symp.

(IGARSS 2003)vol. 2, Toulouse, France, July 2003, pp. 1386-1388.
] S. Derrode, G. Mercier, and W. Pieczynski, “Unsuperdisehange
detection in SAR images using a multicomponent HMC model,” in
Proc. of the 2nd Int. Workshop on the Analysis of Multiterap&emote

change occurs in a sequence of several ‘before’ and sev?lrg]l Sensing Images (Multi-Temp 2008pra, Italy, July 2003.

‘after’ images.
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