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Abstract— In this paper, we propose a new scheme to extrapo- a standard deviation proportional to the resolution. This c
late wavelet features with respect to the resolution. By eXitly  conveniently be modeled as
taking into account the acquisition process of satellite irages,

we compute how wavelet features behave when the resolution fr= of kp; 1)
changes. This approach is validated by classifying sateidi images
with different resolutions. where
K (xv) = X2+ y? )
|. INTRODUCTION (Gy)= 5= exp 22 @
Institutions such as the CNES (the French spatial agepcy), is the Dirac comb onZz2, that is,
have recently expressed the need to develop automatic in- X
dexing schemes to deal with huge databases of satellitesisnag P = (irjr )5
One particularity of these databases, compared to e.grahatu ij 2z

images databases, is that most of the time images have bggg e parametep is a characteristic of the acquisition
acquired by different satellites and therefore have diffieand Process (the smallgs, the more aliased is the image).

usually known resolutions. To index such images, one iethe
fore naturally led to consider resolution invariant featior to [1l. WAVELET FEATURES FOR TEXTURE INDEXATION

develop schemes to compare features at different resnfutio ‘Based on numerical experiments, Mallat [8] proposed to
Although many scale invariant features have been propesedyodel the empirical distributionis of wavelet coef cients of

the literature, see e.qg. [1], [2], [3], resolution invarié@atures natyral textured images by Generalized Gaussian Disioilsit
have hardly been studied. Indeed, this last problem is MQEGD) :

involved since it necessitates to take the image acquisitio h(u)= Ke (u=) - ©)
process into account. In [4], this process is modeled as a
convolution followed by a sampling and its effect on th&arameter is usually called ashape parameter, since it
computation of a characteristic scale is studied. In thjsepa modies the slope of the distribution, and is a scale
we make use of the same model and propose a methodpasameter, directly related to the variance of the distidiou
relate wavelet features obtained at different resolutions It is shown in [5], [7] that the parametersand of GGD
Many features have been proposed to index satellite imagean be used as ef cient features for texture classi catiris
In this work, only mono-spectral images are considered ap@ssible to compute these parameters from the estimation of
therefore texture features are chosen to classify themeldtv the rst and second oggder momentsjaf [8] : e denote them
features are chosen since they have been proved suitableréspectively bym; =  jujh(u)du andm, = u?h(u)du.
texture indexation or classi cation [5], [6], [7]. In this paper, for simplicity, we address the problem of
The plan of this paper is the following. The speci ¢ featuretelating featuresm; and m, to resolution changes. Since
extracted from wavelet decompositions are presented in Sparameters and may be computed only using; and
tion Ill. In Section 1V, a method is given to extrapolate thesmz, extrapolating these features with respect to the reswluti
features from a given resolution to another one.We validagstraightforward. This can be useful when using the Kutbac
these results with some numerical experiments in Section Meibler distance in a classi cation task, see [7].

We then conclude in Section VI. We denote by ¢ = fmy(r;t);mz(r;t)g the wavelet
features at scale extracted fronf, .
Il. MODEL OF THE ACQUISITION PROCESS In order not to be restricted to dyadic resolution changes,

We assume that the scene under study is represented lypatinuous wavelet transform ([9]) is used instead of theemo
continuous functiorf , and that the digital imagé, at reso- classical discrete wavelet transform. Moreover, we carsid
lution r is obtained by convolution and sampling. Moreovemother wavelets obtained as derivatives of a Gaussian lkiaerne
the convolution kernel is always assumed to be Gaussiah, whtorizontal, vertical and diagonal directions. This is matéd



by the simpli ed model for resolution changes presented iRurthermore, we also have that :
the previous section, as will be shown by the computations of

Section IV-A. my(ra;ty)=ri ma(rz;t2)=rz 8
Figure 11l shows a histogram of absolute values of wavelet Ma(ri;t)=r;  ma(ra;ta)=rs 9)
coef cients, illustrating the soundness of the use of GGBs t .
C with
model such distributions. 1 X .
ma(rt) = T JWairt )5
=——a =2.61,b = 12626 J rJ q
wherejf,j is the size of the discrete imade, and
1 X Y
mo(rt) = =—  jWgrt <
e
g
I _ Remark : A naive assumption could be drawn that for the
. — ) same scené, if we keep
(a) Marseille (b) Histogram

r t=¢C (20)

Fig. 1. (a) Image of Marseille at resolutioB:707m ( c CNES); (b) : :
Histogram (blue bars) of (a) at scafe(horizontal) and the approximation whereC is a constant, the parameter set will also be constant

by GGD (red curve). (after the correct normalization). However, this assuopis
not suf cient (especially on remote-sensing images) beeau
considers the resolution change simply by a zooming, which
IV. EXTRAPOLATION OF WAVELET FEATURES THROUGH is not consistent with the acquisition process modeled in
RESOLUTIONS Section II.

A. Resolution Invariance B. Extrapolation of wavelet features

T_he_ discrete v_ersion of t_he (_Baussi_an kernel with standardThe aim of this paper is to propose a way to extrapolate
deviationt (t being given in pixels) is denoted b§ We o elet features (i.e. the rst and second order moments
therefpre havek, ki . Let us dene the discrete V\,’av?letandmz) from a resolutiorr; to a different resolutiom,. From
coef cient as (recall that the wavelets we use are derieadit/ equations (5)—(9), we deduce the following scheme : assume
the Gaussian kemel) : that we havd , the image at resolutior; of a given scene,

Wort = oRe fr = Ry of (4) and that we want to predict its f(_aatures at resolutign .
— Compute the wavelet coef cients fdf, at scaleg;,i =
whereqis 0 or 1 and 4 stands for the difference between 1:2:3: 0N ;

adjacent pixels in the horizontatj(= 0) or vertical ¢ = — Estimate the parameters;,, from the wavelet coef -
1) direction. Next, we assume that the inversion between cients at scales for resolutionry :
convolution and sub—;a_mpling _is licit for pon—aliased. ire8g  — For resolutiorr,, compute the scale$ corresponding to
such ak f. The validity of this assumption on real images t; with the help of the function (see Equation (6))
has been checked in [10]. In addition it is assumed (again, S
for well-sampled images) that the derivative of the corinsi o 2., 5 5

i i ot tr= S{tf+p) p (11)
and discrete versions are the same up to a normalization due rs

to the zooming of factor. The validity of this assumption will
be con rmed by the numerical experiments of the following — Dene ~,0= ., at scaleg?.

sections. Writing@ = @ and@ = @, this yields : Thanks to the previous process, it is now possible to com-
pare, on similar bases, images taken at different resolsitio
Wort Tk k @F = kP e~ @F: and, for instance, to train classi cation methods on a set of

images at only one resolution and to apply the recognition

We therefore deduce that : L i _ :
criteria to images at different resolutions.

Weq-r
gt kPors @f: (5)
r P V. EXPERIMENTS AND RESULTS

Assume now that we have two imagks andf,, of the A validity of the extrapolation of features

same scene at resolutionsandr,. From (5), we deduce that In thi i lidate th d ext lati
if we choose scale; andt, such that - n this section, we validate the proposed extrapolation

scheme with some numerical experiments. The CNES (the
q q ; i .
r t2+pi=r, t2+p2 (6) French spatial agency) has provided us with images of severa
scenes (such as elds, forests and cities, see Figure V-&{a)
then : at various resolutions. It is important to note that contiolu
Woirpit, =M1 Weir,it, =2 (7) kernels used by the CNES are far from being Gaussian.
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Per———— T Fig. 3. Extrapolation ofm; ((a)-(c)) and extrapolation oMy ((d)-(f) ),
: .| starting from resolutiorim up to 3:175m for the images shown in Figure V-
A(a)-(c). Dash lines show the extrapolation results ofetdiby using the
scheme proposed in Section IV-B but replacing Equation l();a}’ = riti=ry
(the naive normalization). Solid lines : in each gure, thare in fact two
B T Ml F T eia® © " lines which perfectly coincide with each other. They reprisespectively the
(9) (h) 0] moments estimated directly on the images at resolutidXaf5m (the ground
truth) and the extrapolation results obtained by using theme proposed in
Section IV-B.

Fig. 2. (a)-(c) Three images ¢ CNES); (d)-(f) graph ofmy(r;t)=r as
function of r, ang(g)—(i) graph ofmz(r;t)=r2 as function ofr. We display
the case whem2  t2 + p? is kept constant (witp = 1 :3) with solid lines,
and the case whert is constant with dash lines extracted at different resolutions.

We built a database composed of images at different re-
solutions (see Figure 4 and Table ). We intend to clas-
However, we will see that the approximate acquisition modggy it into three classes : elds, forests and cities. The
of Section Il yields good numerical results. examples are extracted manually frofnkinds of satellite
In Figure V-A(d)-(f)(resp. (9)-(i)) graphs omi(r;t)=r images (respectively a8 resolutions) : Quickbird Panchro-
(resp.mp(r;t)=r?) as functions ofr are presented whert  matic (0:61m) [11], Quickbird Multi-spectral 2:44m) [11],
is kept constant (that is wher}J using the naive normalizati®poT 5 THR 2:5m) [12] and SPOT5 HMA %m). First
of Equation (10)) and whem t?+ p? (herep = 1:30) and second order moments of wavelet coef cients are used
is kept constant (see Equation (6)). The resolutioranges for characterizing this images. We recall that derivatiogs
from 0:707m to 2:5m. For the image at resolutio®:707m  Gayssian kernels are used as wavelets (in the horizontal,
(the highest available resolution)), and m; are computed yertical, and diagonal directions). Since rotation ingade
at scale5 and in the horizontal direction. It may be seeny important (objects of the same type may have different
that using Equation (10) (that is forgetting the convolntiogrientations), the mean values in the four directions akerta
step in the model of resolution change) does not vyield g& features.
constant parameter set, especially when the resolutiongena  First, the performance of classi cation is tested on the
is large. In such cases, one must use Equation (6) to exa®@okpOT5 HMA images by cross validation, using wavelet coef-
features. cients at scalesl, 2 and 4. Then all the images of SPOT5
Next, Figure V-A(a)-(c)(resp. (d)-(f)) show the extrapolappa are used for training the classi ers in order to classify
tions of my (resp.my) from a resolution ofim to a resolution the other images (i.e. the Quickbird Panchromatic images,
of 3:175m according to the scheme presented in Section I¥he Quickbird Multi-spectral images and the SPOT 5 THR
B, as well as the results obtained by the same scheme exGgpiges). For this purpose, the rst and second order moments
that Equation (11) is replaced Wf = riti=ro. It can be m, andm, for these three kinds of images are computed at
seen that when taking into account the convolution step égales ranging fron to 64. They are then compared with the
the resolution change, the parameter sets extracted fram §&atyres extracted from SPOT5 HMA images for classi cation
different resolutions are nearly identical, which enables  \ve compare the classi cation results obtained respegtivel
classi cation of images at different resolutions. whenp = 0:00 (i.e. when using Equation (10)) anu= 0:50
(when using (6)). Notice that the value pfis smaller than
in Section V-A, because the images for classi cations are no
In this subsection, we carry out the supervised classiarati obtained by the same captors as the images used in Section V-
of satellite images. The features we use are the rst andrebcdA. The images used here are more aliased (consequently less
order momentan; and m,, and we use the extrapolationblurred) than those shown in Figure V-A.
scheme proposed in Section IV-B to compare parameter setn Table I, the classi cation results using KniK (nearest

B. Classi cation
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TABLE I
CLASSIFICATION RESULTS(KNN, k = 1))

image type
resolution

QB_PAN
0:61m

QB.MUL
2:44m

SPOTATHR
2:5m

SPOTSHMA
5:0m(c.v.)

wavelet
(p=0:5)

84.12%

82.97%

85.33%

96.63%

wavelet
(p=0:0)

84.12%

80.85%

82.67%

96.63%

classi cation of images at several resolutions. The claasi

tion performances are slightly improved by our scheme, com-

pared to a naive approach where resolution change is simply

modeled by a zoom. We believe that these improvements can
@) be much more signi cant on larger databases and plan to carry

out such experiments. We are also currently comparing the

proposed approach with the use of different texture feature

(such as Haralicks features, [13]).
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