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Abstract—This paper shows how to obtain a binary change = Two images/; andI,, acquired before and after a disaster,
map from similarity measures of the local statistics of images are considered. Our goal is to detect abnormal changes be-
before and after a disaster. The decision process is achievedyyeen the two observations while remaining robushdomal
by the use of av-SVM in which a stochastic kernel has been L -
defined. Stochastic kernel includes two similarity measures, based changesLocal S|fn!lar|ty.measure§ are gsed as chgnge indica-
on the local statistics, to detect changes from the images: 1) ator. Through a sliding window of fixed size, the neighborhood
distance between marginal probability density functions (pdfs) of the current pixel is associated to a random variable (RV):
and 2) the mutual information between the two observations. namely X, (resp.X5) for pixels of I; (resp.l).

Distance between marginal pdfs is evaluated by using a series |5 this study, two measures have been investigated and
expansion of the Kullback-Leibler distance. It is achieved by ; . -
estimating cumulants up to order 4 from a sliding window of used together: 1) distance be_tween local pd_fs_ that give better
fixed size. Mutual information is estimated through a parametric Performances than the log ratio detector, as it is not limited to
model that is issued from the copulas theory. It is based on changes of the first order statistics only. The distance between
rank statistics and yields an analytic expression, that deper_1ds on distributions is evaluated by using cumulant expansion of
the parameter of the copula only, to be evaluated to obtain the e Ky|lback-Leibler divergence. It avoids local histograms
mutual information. Preliminary results are shown on a pair of . . o - . .
Radarsat images acquire before and after a lava flow. A ground eSt'm"?‘t'O,r?’ which is gomputatlonally demandlng andlsubject
truth allows to show the accuracy of the stochastic kemels and t0 variability when using small window size. 2) The distance
the SVM decision. between independence is used for its better point of view
than the correlation measure, since no linear relationship
|. INTRODUCTION may be found between SAR images when not acquired on
interferometric conditions. In that case, a parametric model of

Abrupt change detection in operational use requires, froiependency has been applied to yield a parametric expression
the techniques that have been proposed in the literature,ofothe local mutual information. Such a parametric model,
be able to process data within a limited time of computatiomhich is based on the copulas theo#}, [prevents from the
while the conditions of acquisition may be different. Severaise of large window size for parameter estimation.
papers have shown that the use of local statistics appears to b& decision process has to be applied to yield a binary change
relevant for radar image and multi-sensor data processing fnap. Nevertheless, the change area may not be statistically

, 3,4, 5. representative in comparison to the changeclass. That is

From local statistics, change indicators have to be definedvity a Support Vector Machines{SVM) [7] is applied here.
order to detect or, at least, to give contrasted output on abrdpte similarity measures have been included into the kernel,
changes while remaining robust to normal changes betwesmcalled stochastic kernels, to yield a change detection map.
the two acquisitions. Normal changes may be induced by the
normal evolution of landscape as well as by the different ]
modalities of acquisition of the two observations. Moreoveft: Comparison betwee; and X
no model may be applied for a parametric detection of thoseMost of relevant change detection techniques are based on
changes. the difference operator or, the mean log ratio when using

Il. SIMILARITY MEASURE FOR CHANGE DETECTION



radar imagesq, 5]. Nevertheless, on the case of multimodalhen copulas, also nameeépendence functionact as a para-
change detection, some changes may appear through a stmaetic model of the dependence between observations, what-
of texture while the mean reflectivity remains similar. Insteaglver the marginal distributions f]. By derivation, the density

of comparing the local means only, a Gaussian model maj/the copula may be written asfu;, us) = %(ul,ug),

be used to compare the local pdf. The comparison betweegomes:

two Gaussians may be expressed easily by considering th

Bhattacharyya dista)llflce][ Tr?e first two mgme):wts of; andg X1, (71, 22) = c((Fl(x1>’ F2(x2))fxl (1) fxa (22)- (4)

X, are required only for such a distance which make ilgsing eq. 8) and @) together, it comes the interesting property

estimation fast enough for operational use. thatZ is the entropy of the copula itself whatever the marginal
The results of (] have shown that the Kullback- pdfs:

Leibler distance gave better results by considering the de-
tection (R) vs. false alarm (B) response. The Kullback- Z(X, X5) :// c(uq, uz) log c(u1, ug)duidus.  (5)
Leibler divergence fromX, to X, is given by: [0,1]2

Ix, (z) As well as many parametric 1D pdfs exist: Gaussian, Gamma,
K(X2[|X1) = /Rlog Feo@) fx, (@)dz, (1) K distribution, also the Pearson of Fisher system of dis-
2

) . tributions, many parametric copulas exist: namely Normal,
fx, (resp.fx,) being the pdf ofX, (resp.X). A symmetric Student’st, Frank’s, Clayton’s, Plackett’'s, Raftery’s, Farlie-

version of eq. {), as referred to a distance, can be stated tﬁ’umbel-Morgenstern’s, Fréchet's, Marchal-Olkin®s].[ The

writing: latter is used since it fits the best teenpirical copulathat
K(X1,X5) = K(X1|X2) + K(X2| X1). (2) characterized the non-parametric dependency between images
beforeand after, comparatively to the others.
The Marchal-Olkin’s copula is defined here with one pa-
([ﬁmeter only by:

In the general casé.,e. non Gaussian, eql) requires the
estimation offx, and fx,. But histogram estimation remains
a difficult task at local scale, whereas it is time consuming
larger scale. A cumulant-based approximation, up to order 4,  C(uy,us) = min (u%_gu%ulu%_e) , 0€]0,1] (B)
is used instead, as stated i
with is derivable on[0, 1] but for u; = us:

B. Dependence betweeyy and X,

Correlation is often used to characterize relationships be- (1- G)ufe if uy < uq,
tween two RVs. But in the case of radar images, as stated ~ ¢(41:42) = (1-0)0uy®  if w < us.
in [4], no linear dependency may be found; hence the cor- )
relation is being useless. Mutual informaticire(distance to AS it is the case for many copulas, Marchal-Olkispa-
independence) is defined with the Kullback-Leibler divergené@meter depends on thendall’'s ~ which is a concordance-

between joint distribution and the two marginal pdfs: discordance rank statistics:
(X1, Xa) ://10g Paoa@nTe) oo dede,, T Pr((x1 — X1)(X; — X3) > 0)
Rz Jxi(%1) fx, (@2)

3) _Pr((X1 — X)Xz — Xo) <0),
and is an interesting alternative for dependence characteriza- o

tion [3]. Unfortunately, eq. §) is even more difficult to be where(X;, X») is a pair of RV of the same law but indepen-
estimated. 2D histogram estimation requires window of larggent to (X, X,). An empirical estimator of- is:
size than in 1D. Cumulant-based approximations of &). ( Z1\7_1ZN o
exist (often used, for instance, for Independent Component Tempirical = 9= 115 72,i9 (7)
Analysis [L1]) but are limited to order 4 for symmetric (2)

distributions,not too farfrom the Gaussian. with 21,5 = 1if 1, < a1, ofr —1, andzy,;; = 1 if 29, <

X

A parametric model of dependency is proposed to estimqggj or —1 elsewhere. When using copula, the Kendat's
eq. @) through windows of limited size. This parametric modehecomes:

uses the copula theory. /

C(Ul,’LLQ)dC(Ul, 'LLQ) —1and theni7 (8)
[0,1]2 2 - 9
for the Marchal-Olkin’s copula.

Clur, ug) = PrUL < up, Uz < up). By using the Marchal-Olkin parametric model, ed) (

Such functions have the capability of giving an exhaustideecomes parametric alstd]:
description of the dependence between two RVs. Sklar has 1-0 9 02
shown that the link between any continuous joint &, x, (X, Xo) = 22 2 log (1 —6) — 3¢ + PEER 9)
and its marginal laws’x,, F'x, is achieved with a copula:

A bivariate copula is any cumulative density function on the 7 =4
unit square with uniform marginal functions]{

This parameterization is much more accurate than the correla-
Fx, x, (w1, 22) = C(FX1 (z1), Fx, ($2)>~ tion parameter, while keeping the same level of computational



complexity for small windows. Thanks to the copula theong. Integration intor-SVM

the estimation of the mutual information requires one param-gy\ classifications have been fully describe in previous
eter only which depends on the copula chosen. studies for remote sensing image classificatiof, [L7]. But
never for change detection from remote sensing data. The

description remains the same but the kernel used, here, a

clustering techniquell]. Kernels have to be defined in ordercombination:

to integrate the measures described previously (Distance be-
tween distribution through the Kullback-Leibler distance and®(@,y) = pkn(x, y) + (1 — pke(z,y), p€[0,1]. (12)

Distance to independence estimated with a copula). It is simply reminded here that the optimal separation

Kernels give an orthogonality point of view between Weyenyeenchangeandno changeclasses is performed by using

obser\;atipns:; andy projected into the feature space.and hq,.SVvM classifier []. Considering a set of training samples
Yy < R since they are two observations at two different pOS{-we}(KZgL in R2, associated to their label§y}o<r<z Of
tions of the imagedeforeand after. In our case, the featurevalueil, the problem is:

space is defined through the distance between distributions and
the distance to independence.

IIl. STOCHASTIC KERNELS FOR CHANGE DETECTION

L
. N Z Aidjyiyik (i, ;) (13)
A. A kernel for the marginal pdf i,j=1

This kernel is an contrast measure between two Kullback- ~ subjectto Vle[L L], 0< A, <1/L

Leibler distances. The kernel is simply defined as an RBF L L
kernel, as: Z Ae>v and Zye)\z =0.
=1 =1
km(z,y) = e_W\/’C(Xl’ X2)K (Y1, Y2), (10) The decision function becomes:

. . . . . L
It is not a Kullback-Leibler kernel by itself1f] since it o
achieves comparison between two Kullback-Leibler distances. f(@) =segn| > Ayek(we,@) +0 |,
It is easy to show that eq.l() satisfy Mercer's eligibility ) =t o
conditions. but we will also evaluate the compete accuracy by considering

the distance to the hyperplane as a new measure for change

B. A kernel for the dependency detection.

The comparison of dependency could be defined the same IV. APPLICATION

way as eq. 10) but it is more relevant to define a stochastic We sh le of licati f this algorithm t
kernel that makes the comparison of the two copulas. It ¢ show an exampe of appiication ot this algorithm to

egures the asumpton ha he margins are denica, bufife e, & PO o 1% o1 B Rdeat e, scufed
not, eq. (0), would informs the SVM optimization. By using f Congo) which occurred in January 2002, have been uéed
I

the Bhattacharyya distance and the Marchal-Olkin model § 1 shows the two images to be compared with the Redion
eg. ©), it yields the simple expression: 9 'mag X P 9
of Interest (ROI) defined to train the support vectors. The

B(fx, xas fyivs) images have a ground resolution of 10 m and cover an area
' ' of 4 x 8 km.
= // \/le’X2(£C1,l'g)fyl’yz(.’thfl'g)ditldl'z Results of the detection have to be seen on %igThe
R? ground truth has been superposed to the distance to hyperplane
= // \/CXL,XZ (w1, uz)cy; v, (U1, ug)duy dusg image for comparison. The area at the bottom right corner of
[0,1]2 the ground truth mask corresponds to an area where a severe
_ \/(1 —0x,.x,)(1 — Oy, v,) mis-registration exists due to the lack of a proper digital terrain
’ ’ model. By using the distance to hyperplane, it is possible
< 1 + L 1 ) to apply several thresholds and to evaluate the compromise
1-© 2-06 (1-0)(2-0))"  between good detection and false alarmg\@sus R), since

with © — %(9x1,x2 4+ 6y, y,). Since this distance is boundeothe ground truth is known. Such a result is presented orBfig.

by 0 and1, it can be easily integrated into a kernel, such as:
V. CONCLUSION

This paper has proposed the use of stochastic kernel for
The use of the Bhattacharyya distance between two copussart decision by SVM of similarity measures to detect
in eq. (L1 justify a posteriorithe use of the square root onchanges between two images. This stochastic kernel integrates
eq. (L0). This analogy gives also the best decision level, astlae distance between local pdf, estimated with an Edgeworth
trade-off between Pversus R. series expansion of the Kullback-Leibler distance, and also

kc(ill,y) = G_WB(fXI,waYh}@)_ (11)



ground truth superposed to the distance

SVM change detection
to hyperplane

before after

Fig. 1: Beforeimage on the left: Radarsat F5 mode datdter image on the right:

Radarsat F2 data. Superposed on red: the training samples to defideangeclass

shown on the imagéefore (2623 samples), and the training sampleschéangeclass
shown on theafter image (1258 samples).

Fig. 2: SVM classification on the left, and the distance to hyperplane on the right to

be compared to the ground truth, superposed on red. Distance to hyperplane has to be

seen as follows: white areas correspond todhangeside of the hyperplane, grey is the

transition area, dark corresponds to tie changeside of the hyperplane in the feature
space.

the distance between copulas as a contrast measure of the
mutual information. First results has shown the availability df1] J.-F. Cardoso, “High-order contrasts for Independent Component Anal-

the technigue since it yields a relevant binary change mgPZ]
Other experiments intend to show its ability for multisensor

change detection.
[13]
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Fig. 3: ROC plots when considering distance to hyperplane as a new change detector. It

proved the decision, performed by margin maximization, is almost optimal.
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