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According to clinical protocols, skin diseases are quantied by dermatologists throughout a treatment period, and then a statistical test on these measures allows to evaluate a treatment ecacy. The rst step of this process it to classify pathological interest areas.

This task is challenging due to the high variability of the images in one clinical data set. In this report, we rst review algorithms that exist in the literature and adapt them to our problem. Then we choose the more appropriate algorithm to design a classication strategy. Thereby, we propose to use data reduction combined with SVM to do a rst classication of the disease. Then we associate the obtained classication map with a segmentation map in an interactive classication tool in order to compromise between operator dependency and algorithm robustness.

In dermatology, one of the last steps to validate a new treatment is to test it on a sucient number of patients and assess if its ecacy is statistically better than a standard treatment or a placebo. Nowadays, for such a study, dermatologists have to clinically measure the severity of all the patients along the treatment period. Then, statistical tests such as the t-test [START_REF] Mood | Introduction to the theory of statistics[END_REF] are applied on the dermatologist measures to determine if the treatment is statistically ecient. In practice, specialists do not use an absolute measure to quantify the severity evolution of the studied treatment using a statistical test but, on the contrary, a relative measure with respect to a reference treatment or a placebo. Let's call this reference a comparator. For example, in the clinical study we consider in this report, patients are selected to present the same severity degree on the two cheeks. Then, one cheek receives the tested treatment that we will call active whereas the second cheek receives the comparator. It is the severity on the active treated area normalised by the comparator treated area that is used for the statistical test.

In order to automatise as much as possible the treatment evaluation process and to make it more objective, we propose to use images associated with a processing methodology. Images we use are multi-spectral. They consist of a collection of monochrome images taken at dierent wavelengths. With these images, we have both spatial and spectral informations of the skin.

Indeed, spectral information is crucial to analyse the skin. Figure 1 shows the theoretical absorptions of melanin and haemoglobin. In this gure, it appears clearly that without the spectral information it is dicult to unmix these two components.

To employ images for skin hyper-pigmentation evaluation, we propose the following scheme.

First, the pathological areas have to be segmented on images at the baseline visit. Then, a severity criterion has to be drawn and estimated to quantify the severities of pathological areas at each measurement time. These severity measurements can be used by clinicians to evaluate treatment ecacy or patient evolution. In this report, we focus on the classication part.

In the literature, methods have been proposed to segment skin lesions on color or spectral images [START_REF] Weatherall | Skin color measurements in terms of CIELab color space value[END_REF][START_REF] Stamatas | Non-invasive measurements of skin pigmentation in situ[END_REF][START_REF] Stamatas | In vivo measurement of skin erythema and pigmentation: new means of implementation of diuse reectance spectroscopy with a commercial instrument[END_REF]5,6,7,[START_REF] Schmid | Segmentation of digitized dermatoscopic images by two-dimensional color clustering[END_REF] A theoretical absorbency spectrum of the components of the skin is presented on gure 1. The simplest method to evaluate the pigmentation of a skin area is to select only one spectral value in an area of interest or to compute a ratio between two spectral measurements [START_REF] Stamatas | Non-invasive measurements of skin pigmentation in situ[END_REF]. Stamatas et al.

proposed an algorithm [START_REF] Stamatas | In vivo measurement of skin erythema and pigmentation: new means of implementation of diuse reectance spectroscopy with a commercial instrument[END_REF] to analyse the spectrum and determine the proportion of the principal skin components which are melanin and haemoglobin. The method consists in modelling the melanin absorbency as linear in the spectrum range of 630-700 nm:

A m (λ) = aλ + b, (1) 
where A m represents melanin absorbance, a and b are linear coecients and λ is the wavelength.

Then, the spectrum can be corrected by subtracting the inuence of the estimated melanin:

A c (λ) = A(λ) -A m (λ). (2) 
Concentrations of oxy-hemoglobin and deoxy-hemoglobin can be calculated by solving a system given by the Beer-Lamber law applied to two specied wavelengths (λ 1 = 560 nm , λ 2 = 580 nm):

A c (λ) = [oxy_Hb] * oxy_Hb (λ) + [deoxy_Hb] * deoxy_Hb (λ), (3) 
where oxy_Hb and deoxy_Hb represent extinction coecients which are tabulated values. Finally, corrected melanin concentration cartography can be extracted by correcting the ane estimation of melanin concentration taking into account the deoxy-hemoglobin inuence in the 630-700 nm range: we propose to use a data reduction and classication scheme that we compare to the Stamatas et al. algorithm. We perform data reduction, and classication using Support Vector Machine (SVM). A lot of algorithms have been proposed to reduce the data dimension. The most popular are unmixing ones like PCA [START_REF] Jollie | Principal Component Analysis[END_REF], Kernel PCA [START_REF] Fauvel | Spectral and spatial methods for the classication of urban remote sensing data[END_REF], Diusion maps [START_REF] Lafon | Diusion maps and coarse-graining: a unied framework for dimensionality reduction, graph partitioning, and data set parameterization[END_REF], ICA [START_REF] Comon | Independent Component Analysis, a new concept ? Signal Processing[END_REF], endmember extraction [START_REF] Bioucas-Dias | A variable splitting augmented lagrangian approach to linear spectral unmixing[END_REF]. These algorithms tend to combine the spectral data into a new lower dimensional space by minimizing a criterion. Another family of algorithms aim to partition the spectrum and combine neighbouring spectral bands. This can be done manually by selecting spectral areas of interest and averaging neighbouring redundant bands or automatically with algorithms like the projection pursuit (PP) [START_REF] Mallat | Matching pursuit with time-frequency dictionaries[END_REF]. Both types of techniques have been tested in this study.

[M elanin] c = [M elanin] -[deoxy_Hb] * a[ deoxy_Hb ] + b[ deoxy_Hb ] , (4) 
This report is organized as follows: section 2 describes the chosen algorithm to classify the skin areas of interest and shows results on real data validated by experts. In section 3 we propose a classication strategy that tends to compromise between operator dependency and robustness.

Finally, in section 4, we conclude about the proposed method and obtained results. 

Data reduction with Projection Pursuit

The projection pursuit (PP) approach was originally proposed in [START_REF] Mallat | Matching pursuit with time-frequency dictionaries[END_REF]. An adaptation to multispectral images or hyper-spectral data has been proposed in [START_REF] Jimenez | Hyperspectral data analysis and supervised feature reduction via projection pursuit[END_REF][START_REF] Rellier | Texture feature analysis using a Gauss-Markov model in hyperspectral image classication[END_REF]. The PP method can be decomposed in two steps.

The rst step consists in partitioning the spectrum into groups. Originally each group contained the same number of bands. In [START_REF] Rellier | Texture feature analysis using a Gauss-Markov model in hyperspectral image classication[END_REF] a method that partitions the spectrum into various band number groups is proposed. It tends to minimize the variance σ inside each group. Such a partitioning is important in our application since we want to keep an interpretation of the spectral data due to the absorbency of melanin or haemoglobin (see Figure 1). The method in [START_REF] Rellier | Texture feature analysis using a Gauss-Markov model in hyperspectral image classication[END_REF] requires the input parameter K (number of groups). In [START_REF] Prigent | Spectral analysis and unsupervised SVM classication for skin hyper-pigmentation classication[END_REF] we proposed an alternative method. From an index I such as the Kullback-Leibler divergence, we measure the deviation between consecutive bands. It results in a function F I which describes the spectrum variations:

F I (k) = I(k -1, k), k = 2, ..., N b , (5) 
with N b the number of bands. F I (k) is low if the bands k -1 and k are redundant and high if the bands k -1 and k exhibits less redundancy. Thresholding F I (k) with a threshold T [START_REF] Prigent | Spectral analysis and unsupervised SVM classication for skin hyper-pigmentation classication[END_REF] allows to select the most signicant local maxima of F I . The location of these maxima gives the spectral bands to be chosen to partition the spectrum. The advantage of the parameter T is that it can be interpreted as the degree of redundancy accepted between each group.

The second step is the estimation of the vectors that allow to project each group into one band. These vectors are estimated by maximising a distance between groups [START_REF] Jimenez | Hyperspectral data analysis and supervised feature reduction via projection pursuit[END_REF]. To estimate RR n°8105

D kb (a, b) = H kb (a, b) + H kb (b, a) 2 , (6) 
such as

H kb (a, b) = f a (x)ln f a (x) f b (x) dx, (7) 
where a and b are the projected groups of bands and f the density function of the distribution a (respectively b).

Data reduction with ICA

ICA is one of the most famous unmixing algorithm. It had been detailed in [START_REF] Comon | Independent Component Analysis, a new concept ? Signal Processing[END_REF]. For skin hyper-pigmentation application, we expect that a source will be representative of the melanin concentration. Mathematically, ICA models the unmixing problem as linear:

X i,j = AS i,j + N i,j , (8) 
where X i,j is a single pixel at the spatial position (i, j). This pixel X i,j is considered as a linear combination of independent components given by A. S i,j is the vector containing the linear mixing coecients (i.e. proportion of each component per pixel). The noise is modelled as additive by the vector N i,j . The coecients are quantities that should be positive and the sum of the proportions of all the components have to be equal to 1:

∀k ∈ [0.N b ], S i,j (k) ≥ 0 (9) 
and

N k=1 S i,j (k) = 1 (10) 
The unmixing model of equation ( 8) shows one indetermination. In fact, each permutation of the columns of matrix A gives a dierent result. Nevertheless, this indetermination only changes the order of the sources.

In order to solve the unmixing problem for the skin hyper-pigmentation with multi-spectral images, we compare two algorithms. FastICA [START_REF] Hyvarinen | Fast and robust xed-point algorithms for independent component analysis[END_REF] and JADE [START_REF] Cardoso | High-order contrasts for independent component analysis[END_REF]. The goal of these algorithms is to lter the noise N i,j , and then to nd  (an estimate of A). The proportion of each component per pixel (i, j) is then obtained by the inverse product:

S i,j = P X d i,j , (11) 
where X d i,j represents the denoised X i,j , and P the pseudo-inverse matrix of Â. FastICA performs the estimation of A in a similar way to the projection pursuit. In [START_REF] Hyvarinen | Fast and robust xed-point algorithms for independent component analysis[END_REF], the author proposes to get the component by maximazing the non-Gaussianity through a negentropy index. This index aims at measuring the deviation between the studied signal X and the entropy of a Gaussian distribution with the same correlation matrix. Indeed, each component (i.e. each column of A) is iteratively estimated with the constraint that each component has to Inria be orthogonal to all the other ones. To compare the data to a Gaussian distribution with the same correlation matrix, whitening is used in order to make the data covariance matrix equal to the identity matrix:

E(XX T ) = Id N b (12)
To compute the data whitening, the Principal Component Analysis (PCA) is used:

Z i,j = W X i,j , (13) 
with W the whitening matrix obtained by W = √ D -1 E T , where D is the diagonalized covariance matrix (X X T ) by PCA and E the eigen-vector matrix. At this step, one can keep only the rst components that give enough explained variance. This allows to reduce the data and the noise which is contained in low variance PCA obtained bands.

The JADE (Joint Approximate Diagonalisation of Eigenmatrices) algorithm proposed in [START_REF] Cardoso | High-order contrasts for independent component analysis[END_REF] consists in minimizing the fourth order cumulants in order to solve the linear ICA problem.

The author demonstrates that minimizing cumulants of order 1,2 and 4 (i.e. mean, covariance and fourth order cumulants) is mathematically equivalent to maximize the neg-entropy between components. JADE algorithm starts with a data whitening using PCA. Then, the problem can be written as follows:

Z i,j = W AS i,j (14) 
Where W is the whitening matrix and Z i,j the whitened data. The new mixing matrix W A is a rotation matrix since it links two white data. The last part of the JADE algorithm is to perform this rotation transformation optimizing the criterion:

φ(z) = ilkj =iikl (Q Z i,j,k,l ) 2 (15) 
where Q z i,j,k,l is the fourth order cumulant of Z:

Q Z i,j,k,l = E(Z i Z j Z k Z l ) -E(Z i )E(Z j )E(Z k )E(Z l )- E(Z i Z k )E(Z j Z l ) -E(Z i Z l )E(Z j Z k ) (16)

SVM classication

SVM [START_REF] Vapnik | Statistical learning theory[END_REF] is the most wildly used method for classication on multi-spectral images. SVM classify a data set into two classes by computing a separating hyperplane. A class is associated to each pixel depending on its position w.r.t the hyperplane. This algorithm is widely used in various domains to classify images (see for instance [START_REF] Fauvel | Spectral and spatial methods for the classication of urban remote sensing data[END_REF][START_REF] Zammit | Burnt area mapping using support vector machines[END_REF][START_REF] El-Naqa | A support vector machine approach for detection of microcalcications[END_REF][START_REF] Padilla | Nmf-svm based cad tool applied to functional brain images for the diagnosis of alzheimer's disease[END_REF][START_REF] Rojo-Álvarez | Support vector analysis of color-doppler images: A new approach for estimating indices of left ventricular function[END_REF]). The condition for a good classication is to nd the optimal hyperplane that separates at best two classes dened by training pixels. To do this, we seek to maximize the margin between the separating hyperplane and the points of the two training sets. If we denote the margin 2 || ω|| , the hyperplane equation is:

ω. x + b = 0. ( 17 
)
To estimate the hyperplane separator (i.e. estimate ω and b), a label y = -1 or y = +1 is associated to each training pixel depending on its class. Then the hyperplane estimation problem reduces to minimize || ω|| 2 such that:

ω. x + b ≥ +1 if y i = +1 ω. x + b ≤ -1 if y i = -1 (18) 
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It is not straightforward to minimize the expression of equation [START_REF] Prigent | Spectral analysis and unsupervised SVM classication for skin hyper-pigmentation classication[END_REF]. Nevertheless, the transformation into the dual space with Lagrange multipliers makes it a quadratic problem easy to solve:

max λ W (λ) = - 1 2 Np i=1 λ i λ j x i . x j + Np i=1 λ i . (19) 
with Np i=1

λ i y i = 0, 0 ≤ λ i , ∀i ∈ [1, N ] ( 20 
)
where N is the number of training pixels.

In order to classify non linear problem, a kernel is introduced in the equation ( 20):

max λ W (λ) = - 1 2 Np i=1 λ i λ j K( x i , x j ) + Np i=1 λ i (21) 
We choose the Gaussian kernel because, in our experiments [START_REF] Prigent | Multi-spectral image analysis for skin pigmentation classication[END_REF], it outperforms linear, polynomial or angular kernels [START_REF] Zammit | Burnt area mapping using support vector machines[END_REF]. Whatever the classication method we use, it needs an additional lter to compensate the volumes of the face. The literature proposes several minimisation methods to solve the shape from shading inverse problem [START_REF] Zheng | Estimation of illuminant direction, albedo, and shape from shading[END_REF][START_REF] Bichsel | A simple algorithm for shape from shading[END_REF][START_REF] Crouzil | A multiresolution approach for shape from shading coupling deterministic and stochastic optimization[END_REF] introduced by Horn in [START_REF] Horn | Shape from shading: A method for obtaining the shape of a smooth opaque object from one view[END_REF]. Most of these methods tend to solve the eikonal equation. For image processing, with the Lambertian surface hypothesis the eikonal equation for a pixel at the position x, y is:

Face volume compensation

I(x, y) = I 0 (x, y) p 2 (x, y) + q 2 (x, y) + 1 (22) 
where p 2 and q 2 are the derivatives of the Lambertian surface in x and y directions respectively, I 0 the albedo and I the image intensity.

In our application, we need to compensate the shading on multi-spectral data. Then, the idea is to analyse the spectrum to nd which spectral area is better adapted to estimate the shading variations. Figure 2 shows the ve bands obtained after the reduction of an 18 spectral band data cube. As one can see the last band depicted on 2(e) mainly contains the shading variations. In fact, it is justied by Figure 1. For near infra-red wavelengths (900nm), melanin and haemoglobin absorptions are very low. So the main skin components do not react to this wavelength and then the obtained image contains mainly the shading. If we assume the skin in the near infra-red image to react as a Lambertian surface, equation [START_REF] Vapnik | Statistical learning theory[END_REF] gives that we can compensate the spectral band shading by the near infra-red image. Consider that the light illuminating the skin is partly reected by the surface and partly penetrates the skin before being reected. The signal reected by the skin surface can be used as a model of the shading. The interference theory states that in this case, the signal amplitudes exhibit the following relationship:

A 2 0 = A 2 01 + A 2 02 + 2A 01 A 02 cos(φ 1 -φ 2 ), (23) 
where A 0 is the amplitude of the global signal, A 01 and A 02 the amplitudes of the two reected light rays, and cos(φ 1 -φ 2 ) the phase angle between the two light rays. As a rst approximation, if we neglect the phasing angle, the relation between the shading and the skin absorption information is additive. This is why we propose to compensate the shading by subtracting the near infra-red band to all the others bands:

I c λ = I λ + z[max(I IR ) -I IR ] (24) 
with

z = max(I λ ) -min(I λ ) max(I IR ) -min(I IR ) (25) 
where I c λ and I λ denote respectively the compensate band and the band at the wavelength λ, and I IR the near infra-red band. The factor z allows to take into account how deep the light penetrates the skin depending on the wavelength. So the interference term that we neglect is partially taken into account in this z term. Figure 3(c) shows the eect of the subtraction based compensation on a spectral band. With this method, both shadows on the border of the image and the face volume shading are compensated. Then, when we apply this method in the PP and SVM scheme or on the ICA and thresholding classication, we have an accurate detection both on the at areas and on areas where artefacts are caused by the volume shading.

Experimental results

The proposed classication methods have been tested on 96 images. These are multi-spectral images that contain 18 spectral bands of 1000*1000 pixels. On this data set the PP plus SVM method and the ICA based method are competitive and give equivalent quality results. The main dierence between these two methods is the operator dependency. In fact SVM ask the operator to select training pixels whereas the ICA thresholding ask the operator to choose the value of the threshold. The second method is easier for an operator to use but include subjectivity.

To evaluate the classication on these 96 images, we partition them into 3 groups. The rst one contains 27 images that are qualied as easy in the sense that these images contain mainly skin in the at area of the cheek. The second group qualied as intermediate contains more artefacts like eye, hair or nose. This group represents 37 of the 96 images. The third group contains 31 images with a lot of artefacts.

As the Stamatas et al. algorithm and the ICA based methods are equivalent from an operator input point of view, we propose to compare them rst. For both method, we estimate the threshold that maximizes the correspondence with the dermatologist analysis in term of surface. Now, we compare the surface evaluation of ICA based method and SVM on the whole set (ie. 96 images). Table 1 shows the percentage of correspondence between the dermatologist area estimation in a scale from 0 to 6 and the algorithm surface estimation in percentage for both the ICA based method and PP-SVM. It is natural in the table 1 that the percentages for the ICA based method are better since this method use the dermatologist clinical analysis to calculate the pathological area size. Although the correspondence between obtained classications and dermatologist measurement is quite satisfactory, some over-estimation of the pathological area appears mainly for the groups 2 and 3 where the correspondence percentage decrease.

Finally, experiments show that the ICA based method and the PP-SVM suit well our problem.

However, these techniques are not robust enough to the data variability appearing in a clinical 3 Generalisation to a complete study

The classication scheme proposed in the previous section is not usable on a full study. First, the algorithms are not robust enough to image set variability. Second, for the ICA based method, the operator has to select a source and a threshold for this source. For the SVM, the operator has to select training pixels on each image. This is not compatible with a practical use on a whole study, containing about 100 subjects. In this section, we propose a protocol that allows both to automatize the algorithms as much as possible and improves the robustness of the classication.

We focus on the SVM based method since it is the one that seems to be the easier to automatize.

To this end, we propose a scheme to train a SVM once for all the images, and then, we add a interactive classication step to avoid possible over or miss-classication. 
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Global training

To make a global training for all the images, we rst need to normalize them. Images have more or less shading and non skin elements. Moreover, natural skin darkness is dierent from one patient to another. Let's detail the two steps:

Fourier ltering

In order to remove as many artefacts as possible in all the images, we propose to add a Fourier ltering step between the projection pursuit and the face volume compensation. Indeed, in our images, we observe that the main undesired parts are in the low frequencies areas. The eyes, the nose, or the lips are inside the face volume (in opposition to the at area of the cheek), and the face volume represents low frequency variations in our images. Another remaining artefact not Inria completely corrected by the face volume compensation step is the lighting inhomogeneity which is also contained in low frequency in our images. To make the Fourier ltering, let's consider I R a reduced image by projection pursuit. We rst apply a Hamming 2D window to each band I R (b) of I R to avoid oscillations [START_REF] Gonzalez | Digital image processing[END_REF]:

∀b ∈ [0, n b ], HI R (b) = I R (b).HW, (26) 
with n b the total number of bands of I R , and

HW (i, j) = 0.54 -0.46 * cos   π * i -n l 2 n l 2 + i -nc 2 n c 2   (27) 
where n l and n c are respectively the number of lines and columns of I R . Then, we apply a 2D Fourier transform to each band b of HI R [START_REF] Gonzalez | Digital image processing[END_REF]:

F (HI R )(u, v, b) = 1 nl * nc nl x=1 nc y=1 HI R (x, y, b)e -2iπ( ux nl + vy nc ) (28)
Finally we apply a low frequency mask M in the Fourier space and compute the Fourier inverse transform to obtain I R F [START_REF] Gonzalez | Digital image processing[END_REF]: 

∀b ∈ [0, nb], I R F (b) = F -1 (F (HI R )(b).M ) , (29) 

Global training

In this section, we propose to use SVM with a single training for the whole studies. SVM is applied on the ltered images obtained with the method described in section 3.1.1. To this end, each band has to be radiometrically normalized. In fact, the SVM will dene a single separator for the whole data set. To perform this normalization, we use a histogram specication [START_REF] Gonzalez | Digital image processing[END_REF] that makes each band of I R F having a at histogram. An example of a ltered and normalized band is shown in Figure 7(d). The image 7(e) shows how important the Fourier ltering is. If there is not such a ltering, the histogram specication doesn't eliminate enough shading. When images are ltered and normalized, we train the SVM on selected training images. These images have to be selected carefully. The images must not be too atypical otherwise the SVM will not be able to generalize to the whole study. Then, on each chosen image, an operator species healthy and pathological areas. Finally, all the marked pixels are concatenated and used to train a SVM. All the images can then be classied with this SVM. 

RR n°8105

Interactive classication tool

The classication proposed in the previous section can still fail for non typical images. If there are too many artefacts in an image or if the contrast between healthy and pathological area is to low, the trained separator will not be adapted to classify correctly the image. Furthermore, the SVM classier has a non zero over or miss-classication rate. In our application, we need to be sure that the classied areas are pathological to correctly evaluate a treatment. This is why we propose a protocol that we call interactive classication to allow an operator to easily make corrections w.r.t the classication.

There are two types of corrections that can be chosen by the operator: remove over-segmentation and add miss-classication.

To enable the operator to remove over-segmentation, we perform a connected component analysis [START_REF] Gonzalez | Digital image processing[END_REF] on the SVM classication map. Then the operator can click on a component he/she wants to add or remove from the nal classication.

If the SVM miss-classies an area, a segmentation map is needed to allow the operator to add a segment to the classication. For our application we perform the segmentation on I R F . In the literature a lot of segmentation algorithms have been proposed to deal with multi-spectral images [START_REF] Tarabalka | Spectral-spatial classication of hyperspectral imagery based on partitional clustering techniques[END_REF]. The two main methods are split and merge segmentation or unsupervised classication associated with connected component analysis [START_REF] Gonzalez | Digital image processing[END_REF]. To reduce the computation time as much as possible we use the second approach. We use the Gaussian mixture classication algorithm as proposed in [START_REF] Tarabalka | Spectral-spatial classication of hyperspectral imagery based on partitional clustering techniques[END_REF]. We rst perform a classication on I R F with a Gaussian mixture model. Each obtained component is partitioned with connected component analysis. The nal segmentation map is obtained by concatenation of the segments of each Gaussian component on a single map.

The global classication scheme is drown in Figure 8. Figure 9 and Figure 10 show screen-shots of the classication GUI we developed. To maximize the chance to segment the area of interest, Inria and the interactive selection tool. In fact, for the rst study we got 58.7% of correlation between the SVM algorithm (see table 1) and the clinical analysis. For the second study (see Figure 13)

we got only 45.1% of correlation between the SVM algorithm and the clinical analysis. Let add two remarks about the presented results. An important point is that the interactive classication tool makes the operator work at the output of the algorithm. This insure a minimisation of over and miss classication not possible with the SVM algorithm alone. A second remark is that, even though the correlation curves in Figure 6 seems better than the one in Figure 12, the classication in the second case ts better the pathology. This dierence is due to the method used to compute the threshold to obtain the results in Figure 6 knowing the dermatologist analysis.

Conclusion

In this report, we have proposed a new scheme that allows to classify hyper-pigmentation lesions of skin using multi-spectral images. The obtained results on two clinical studies tend to show that the method is robust. The fact that the operator interacts at the last step of the classication can be seen as a positive thing. It allows both to make a miss or over-classication control and avoid the classication to be based only on machine learning techniques which are often contested Inria in medical applications. From the obtain classication, severity criteria can be designed to characterize the disease and evaluate a patient evolution or a treatment ecacy. For example, we designed a contrast criterion in [START_REF] Prigent | Estimation of an optimal spectral band combination to evaluate skin disease treatment eciency using multi-spectral images[END_REF] and are currently working on spatial and homogeneity criteria. (a) [7] B.F. Jones. A reappraisal of the use of infrared thermal image analysis in medicine. IEEE Inria

  . The most popular solution is to transform the RGB representation of a color image to the standard CIE L * a * b representation. Then the luminance band L * or the RR n°8105 IT A index [2, 3] computed with the L * and b * bands of the CIE L * a * b representation can be thresholded to give a classication map of the disease. Concerning the spectral analysis of the skin, several methods have been proposed to evaluate the quantity of a skin component. This problem can be referred to as unmixing or source separation, applied on the measured spectrum.

  where a[ deoxy_Hb ] and b[ deoxy_Hb ] are coecients from the linear model of the deoxy-hemoglobin absorbance in the range 630-700 nm. Considering the problem of pigmentation, with multispectral data, this algorithm provides a quantication map of the melanin. Thresholding this map gives a classication map of the pigmentation. Other algorithms, initially proposed within the signal processing community, can provide unmixing on multi-spectral data. In this report,
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 1 Figure 1: Theoretical absorption of melanin and haemoglobin (Y-axe) depending on the wavelength (X-axe)

  An example of classication by PP and SVM is shown in Figure4(b), and a reference manual classication is shown in Figure2(f ). As one can see, the classication is quite accurate in the at areas whereas there is no detection of the pathology in areas corrupted by the volumes of the face.Concerning ICA, experimentations show that a single component is suciently representative of the melanin concentration in the skin. This is the reason why we perform a classication in a single component. This classication can be done by SVM. Nevertheless, we observe that thresholding this component provides accurate results. In Figure5(b) the classication is accurate in the at areas, but there are a lot of false detections in areas concerned by shading.

  Figure 7(a) shows the second band of the reduced data cube. Figure 3(b) shows the result obtained when dividing the second Inria band of the reduced cube by the near infra-red band of the reduced cube. As one can see, shading on the border of the image are well compensated. They became white in the compensated image and are now not interfering with the dark gray of the pathological areas. But the compensation is not ecient in the areas where the shading is caused by the volume of the face. If we perform such a compensation and compute a classication we obtain false classication (see Figure 4(c) and Figure 5(c))We thus have rejected the Lambertian assumption.

Figure 6 (

 6 Figure 6(b) shows the correlation curves between the dermatologist estimation of the pathological

Figure 2 :

 2 Figure 2: Spectral bands of the reduced data cube by projection pursuit (a-e), and a manual classication of the hyper-pigmentation (f ).
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 23 Figure 3: Inuence of the shading compensation on the second band of the reduced data cube

  SVM segmentation with shading compensation by the division based method (d) SVM segmentation with shading compensation by the substraction based method

Figure 4 :

 4 Figure 4: Classication results with projection pursuit depending on the shading compensation method

  (a) Reconstructed color image (b) ICA based segmentation (c) ICA based segmentation with shading compensation by the division based method (d) ICA based segmentation with shading compensation by the substraction based method

Figure 5 :Figure 6 :

 56 Figure 5: Classication results with the ICA based method depending on the shading compensation method

withF - 1 (F

 1 I (u, v)e 2iπ( ux nl + vy nc )[START_REF] Crouzil | A multiresolution approach for shape from shading coupling deterministic and stochastic optimization[END_REF] where I represents a monochrome image and F I its Fourier transform. An example of the ltered image is shown in Figure7(c). As one can see, the surrounding of the eye and the nose are better ltered than with the face volume compensation method alone shown in Figure7(b).

  (a) Initial band (b) Band with infra-red compensation (c) Band with infra-red compensation and Fourier ltering (d) Band with infra-red compensation, Fourier ltering and histogram specication (e) Band with infra-red compensation and histogram specication

Figure 7 :

 7 Figure 7: Inuence of ltering on one band.

Figure 9 :

 9 Figure 9: Screenshot of the software that allows to do the interactive classication, rst example. Top left: segmentation obtained with the Fourier lter that cut 20% of the low frequencies, top right: segmentation obtained with the Fourier lter that cut 40% of the low frequencies, bottom left one band of the original image, bottom right SVM chosen component

Figure 10 :

 10 Figure 10: Screenshot of the software that allows to do the interactive classication, rst example. Top left: segmentation obtained with the Fourier lter that cut 20% of the low frequencies, top right: segmentation obtained with the Fourier lter that cut 40% of the low frequencies, bottom left one band of the original image, bottom right nal classication. The nal classication has been obtained by clicking two regions in the segmentations map (regions in white on the top quadrants).

Figure 11 :

 11 Figure 11: Images used for the global training. The rst row shows color reconstructions of the initial images. The second row shows a ltered band with the location of the training areas. Red rectangles show training pathological areas, and blue rectangles show training healthy areas.

Figure 12 :

 12 Figure 12: Correlation between the clinician and algorithm measurements on (a) rst study containing 48 patients and (b) the second study containing 44 patients.

Figure 13 :

 13 Figure 13: Correlation between the clinician and surface measurements based on a SVM algorithm trained on each images of the second study containing 44 patients.
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Table 1 :

 1 Correspondence of surface measurement between dermatologist and algorithms

		ICA PP-SVM
	Group 1	81.5%	63%
	Group 2	75.7%	62.2%
	Group 3	62.5%	52%
	Total	73%	58.7%
	study.		
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classicationIn order to classify pathological areas on multi-spectral images we use the classical scheme which consists in rst, reducing the spectrum and then classifying the reduced data with a supervised Inria

Prigent & Descombes & others this distance, the most common indices are the Bhattacharyya distance and the Kullback-Leibler divergence[START_REF] Rellier | Texture feature analysis using a Gauss-Markov model in hyperspectral image classication[END_REF]. For classication purpose more specic indices can be used. For example, an index based on histogram analysis is proposed in[START_REF] Gomez | Precise acquisition and unsupervised segmentation of multi-spectral images[END_REF]. Nevertheless, such indices require manual parameter specication, and do not improve signicantly the classication accuracy. This is why we prefer to use the symmetrical Kullback-Leibler deviation:
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we perform twice the segmentation: one with a Fourier high-pass lter that cut 20% of the low frequencies and one with a Fourier high-pass lter that cut 40% of the low frequencies. The operator can click on the segment of these two maps to add it in the nal classication, or chose the SVM classication. On the Figure 9 

Obtained results

We use the proposed classication approach on two clinical studies. The rst one contains 48 patients, with two images per patient. The second one contains 44 patients, with two images per patient. We trained the SVM only once for both studies with three patients selected from these studies. These three patients (see Figure 11