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Introduction

In dermatology, specic protocols are established to quantify the evolution of lesion severity along a treatment period. In this report, we focus on a hyperpigmentation disorder called melasma. This disease produces darker and irregular spots on the face. Melasma has the specicity to be symmetric w.r.t the two cheeks. Thereby, the protocol consists in applying a studied treatment on one cheek, and a comparator treatment on the second cheek ( [START_REF] Pandya | Guidelines for clinical trials in melasma. pigmentation disorders academy[END_REF]). The comparator is often chosen as the medium used for the studied treatment without active product. To render a clinical study reliable, patients are randomized ( [START_REF] Pandya | Guidelines for clinical trials in melasma. pigmentation disorders academy[END_REF]). The ecacy of a treatment is then clinically measured by dermatologists. To this end, a clinical score is evaluated by one or several dermatologists on each cheek of each patient during several visits along the treatment. Finally, a statistical test such as the Student test or the Wilcoxon test ( [START_REF] Mood | Introduction to the theory of statistics[END_REF]) is performed on these measurements to obtain an evaluation of the studied treatment ecacy relatively to the comparator treatment ( [START_REF] Pandya | Reliability assessment and validation of the melasma area and severity index (MASI) and a new modied MASI scoring method[END_REF]). The most widely used score for melasma severity evaluation is the Melasma Area and Severity Index (MASI) ( [START_REF] Manaloto | Erbium:YAG laser resurfacing for refractory melasma[END_REF][START_REF] Hurley | Ecacy of glycolic acid peels in the treatment of melasma[END_REF][START_REF] Balkrishnan | Development and validation of a health-related quality of life instrument for women with melasma[END_REF]). It has been introduced in ( [START_REF] Ck Kimbrough-Green | Topical retinoic acid (tretinoin) for melasma in black patients. a vehiclecontrolled clinical trial[END_REF]). The MASI splits the face into 4 regions: forehead, left cheek, right cheek, and chin. For each region, three scores are evaluated: Area (A): Measure of the area aected by the disease. It is estimated on a scale ranging from 0 to 6 as: 0 = 0%; 1 ≤ 10%; 2 = 10 -29%; 3 = 30 -49%; 4 = 50 -69%; 5 = 70 -89% and 6 = 90 -100%.

Darkness (D):

Color of the pathological area compared with normal skin. It is graded on a scale from 0 to 4 as follows: 0=normal skin color without evidence of hyperpigmentation; 1=barely visible hyperpigmentation; 2=mild hyperpigmentation; 3=moderate hyperpigmentation; 4=severe hyperpigmentation. Homogeneity (H): Homogeneity of the hyperpigmentation, graded on a scale from 0 to 4 as follows: 0=normal skin color without evidence of hyperpigmentation; 1=specks of involvement; 2=small patchy areas of involvement < 1.5 cm diameter; 3=patches of involvement > 2 cm diameter; 4=uniform skin involvement without any clear area).

To integrate these three criteria measured on the four regions: forehead (F), left cheek (LC), right cheek (RC) and chin (C), the following equation is proposed in [START_REF] Ck Kimbrough-Green | Topical retinoic acid (tretinoin) for melasma in black patients. a vehiclecontrolled clinical trial[END_REF]: [START_REF] Aach | Statistical model-based change detection in moving video[END_REF] where D F , D LC , D RC , D C are darknesses measured respectively on the forehead, left cheek, right cheek and chin, H F , H LC , H RC , H C homogeneities measured respectively on the forehead, left cheek, right cheek and chin and A F , A LC , A RC , A C areas measured respectively on the forehead, left cheek, right cheek and chin. This MASI denition has been discussed in [START_REF] Pandya | Reliability assessment and validation of the melasma area and severity index (MASI) and a new modied MASI scoring method[END_REF]. The authors claim that the H criterion has signicant variations from one dermatologist to another.

M ASI = 0.3(D F + H F )A F + 0.3(D LC + H LC )A LC + 0.3(D RC + H RC )A RC + 0.1(D C + H C )A C ,
They then propose to remove the H criterion from Equation (1):

M ASI = 0.3D F A F + 0.3D LC A LC + 0.3D RC A RC + 0.1D C A C . imaging is motivated by the fact that we need more information than color imaging to evaluate the Melasma evolution. As an example, Figure 1 shows a time series of co-registered color images.

The diagnosis of the dermatologist is a decreasing of the Melasma over time. Looking at color images of Figure 1 doesn't allow to easily visualize such a decreasing.

The report is organized as follows: section 2 introduces the proposed methodology and the chosen algorithms to extract the disease information from multispectral images and dene the dierential score. In section 3, we present the experimental settings: we describe the two clinical studies that we work with and expose the protocol used to evaluate the proposed dierential score. In section 4 we expose the obtained results using the two clinical studies. Finally, section 5 discusses the proposed score and concludes this report.

Method

In this section, we introduce the methodology to score the disease evolution with a time series of multispectral images. After exposing the global scheme and the state of the art, we describe the selected algorithms for extracting the information needed to compute the dierential score from images.

Proposed approach and state of the art

The quantication of a treatment ecacy along a clinical study using imaging is the comparison of the disease severity along a sequence of images for each patient. To quantify this severity, we rst need to extract the pathological areas in the images, and then extract features describing the disease. Furthermore, we aim at measuring changes of the features from time t 0 to time t k .
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Figure 2 summarizes the proposed approach. In this scheme, a multispectral (MS) image has been taken for each patient at dierent periods (MS images t 0 , MS images t k , MS images t n ). We rst segment each image taken at baseline (t 0 ) in order to extract the pathological area that is the region of interest (ROI) where the disease severity evolution along the clinical study is measured. To be able to get the same ROI for each patient at dierent times, we co-register the sequence of images of each patient individually. This co-registration is done using the algorithm described in [START_REF] Myronenko | Intensity-based image registration by minimizing residual complexity[END_REF] initialized by an ane registration.

To evaluate the severity, we rst extract a spectral feature that provides a local severity indicator on each pixel of the image. we then calculate the severity evolution using some change detection approaches. A binary change detection is used to measure a global evolution of the disease, and a multi-level change detection is used to evaluate the local temporal evolution. Segmentation Numerous methods have been proposed to classify or segment multispectral and hyperspectral images. Since the spectral space is large, a dimension reduction is usually performed to avoid the Hughes phenomenon ( [START_REF] Hughes | On the mean accuracy of statistical pattern recognizers[END_REF]). Classication or segmentation methods can then be partitioned into three groups.

The rst group is only based on spectral features (for instance kmeans [ [START_REF] Jain | Data clustering: A review[END_REF]), fuzzy-Cmeans ( [START_REF] Bezdek | Pattern recognition with fuzzy objective functions[END_REF]), mixture analysis ( [START_REF] Celeux | A classication EM algorithm for clustering and two stochastic versions[END_REF]), mean shift ( [START_REF] Comaniciu | Mean shift: a robust approach toward feature space analysis[END_REF]), k-nearest neighbors ( [START_REF] Cornuéjols | L'apprentissage articiel concepts et algorithmes 2ème édition[END_REF]), maximum likelihood ( [START_REF] Mather | Computer Processing of Remotely-Sensed Images: An Introduction[END_REF]) or SVM ( [START_REF] Vapnik | Statistical learning theory[END_REF]) ]. The second group consists of the methods that extend the gray scales image algorithms to spectral images [ Markov random elds ( [START_REF] Hazel | Multivariate Gaussian MRF for multispectral scene segmentation and anomaly detection[END_REF][START_REF] Rellier | Texture feature analysis using a Gauss-Markov model in hyperspectral image classication[END_REF]), extension of split and merge algorithms ( [START_REF] Jimenez | Integration of spatial and spectral information by means of unsupervised extraction and classication for homogenous objects applied to multispectral and hyperspectral data[END_REF][START_REF] Zhang | Object-oriented subspace analysis for airbone hyperspectral remote sensing imagery[END_REF][START_REF] Tilton | Image segmentation by region growing and spectral clustering with a natural convergence criterion[END_REF][START_REF] Valero | New hyperspectral data representation using binary partition tree[END_REF]), and extension of morphological mathematics ( [START_REF] Plaza | Spatial/spectral endmember extraction by multidimensional morphological operations[END_REF][START_REF] Benediktsson | Classication of hyperspectral data from urban areas based on extended morphological proles[END_REF])].

Finally we can nd some combination of the two previous groups [( [START_REF] Benediktsson | Classication of hyperspectral data from urban areas based on extended morphological proles[END_REF][START_REF] Van Der Linden | Classifying segmented hyperspectral data from a heterogeneous urban environment using support vector machines[END_REF][START_REF] Tarabalka | Spectral-spatial classication of hyperspectral imagery based on partitional clustering techniques[END_REF])].

In this report, we propose to extract the relevant information using a projection pursuit algorithm, to remove the shading artifacts using a compensation and then to perform the segmentation using a SVM that embeds non linear separable classes ( [START_REF] Prigent | Classication of skin hyper-pigmentation lesions with multi-spectral images[END_REF]).

Feature extraction Several approaches have been proposed to analyse the spectrum of the skin from multipsectral images. The most popular spectral analysis algorithm for the skin is probably the one proposed in [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]. The authors model the skin absorbency as a mixture of melanin, deoxy-haemoglobin and oxy-haemoglobin components. A linear regression associated with the Beer-Lamber law provides the proportions of these three components at each pixel. More generally, feature extraction for spectral images has been widely studied. Methods of features extraction considering a linear combination of spectral bands are PCA ( [START_REF] Fauvel | Spectral and spatial methods for the classication of urban remote sensing data[END_REF]), NAPCA ( [START_REF] Green | A transformation for ordering multispectral data in terms of image quality with implications for noise removal[END_REF]), SVD ( [START_REF] Ball | Hyperspectral pixel unmixing via spectral band selection and DC-insensitive singular value decomposition[END_REF]), or ICA ( [START_REF] Cardoso | High-order contrasts for independent component analysis[END_REF][START_REF] Hyvarinen | Fast and robust xed-point algorithms for independent component analysis[END_REF]) that tend to extract features by minimizing the correlation or higher order statistics. The NMF approach ( [START_REF] Paatero | Positive matrix factorization: A non-negative factor model with optimal utilization of error estimates of data values[END_REF]) searches for features by factorizing the signal matrix into two non negative matrices. This factorization can be done by minimizing the mean square error or the Kullback-Leibler divergence for example ( [START_REF] Dhillon | Generalized nonnegative matrix approximations with Bregman divergences[END_REF][START_REF] Lee | Learning the parts of objects by non-negative matrix factorization[END_REF]). Algorithms such as N-FINDR ( [START_REF] Winter | Fast autonomous spectral end-member determination in hyperspectral data[END_REF][START_REF] Dobigeon | Joint Bayesian endmember extraction and linear unmixing for hyperspectral imagery[END_REF][START_REF] Chang | Random N-Finder (N-FINDR) endmember extraction algorithms for hyperspectral imagery[END_REF]), PPI ( [START_REF] Boardman | Mapping target signatures via partial unmixing of AVIRIS data[END_REF][START_REF] Plaza | A Fast Iterative Algorithm for Implementation of Pixel Purity Index[END_REF]) or VCA ( [START_REF] Nascimento | Vertex component analysis: A fast algorithm to unmix hyperspectral data[END_REF]) analyse the geometry of the data set in the spectral N b dimensional space to extract features dened as extreme points in this set. We can also cite supervised methods like DAFE ( [START_REF] Landgrebe | Signal Theory Methods in Multispectral Remote Sensing[END_REF]), NWFE ( [START_REF] Lee | Feature extraction based on decision boundaries[END_REF][START_REF] Lee | Decision boundary feature extraction for neural networks[END_REF]) or a maximum likelihood based approach ( [START_REF] Riedmann | Supervised band selection for optimal use of data from airborne hyperspectral sensors[END_REF]).
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In this report, to reduce the computational time induced by the huge volume of multispectral images, we propose to select the best band with respect to the contrast criterion. We have shown in [START_REF] Prigent | Estimation of an optimal spectral band combination to evaluate skin disease treatment eciency using multi-spectral images[END_REF] that although simple, this approach provides results comparable to more sophisticated techniques such as ICA.

Change detection In the literature, numerous methods have been proposed to quantify the changes between two images. They consider the image either globally using pixelwise operations such as subtraction or division ([33, 50, 54, 32, 31]) or locally with a window that browses the image ( [START_REF] Poor | An Introduction to Signal Detection and Estimation[END_REF][START_REF] Aach | Statistical model-based change detection in moving video[END_REF][START_REF] Rignot | Change detection techniques for ERS-1 SAR data[END_REF][START_REF] Bruzzone | An adaptive semiparametric and context-based approach to unsupervised change detection in multitemporal remote-sensing images[END_REF][START_REF] Inglada | A new statistical similarity measure for change detection in multitemporal SAR images and its extension to multiscale change analysis[END_REF][START_REF] Yakimovsky | Boundary and object detection in real world images[END_REF]). In each cases, a change map is thresholded to obtain a binary map of changes.

To take into account spatial information we adapt in this report the SPM approach developed to analyze fMRI data ( [START_REF] Friston | Statistical Parametric Mapping: The Analysis of Functional Brain Images[END_REF]). This last step represents our main contribution that leads to a dierential score quantifying the eciency of a treatment.

Segmentation

The goal of the segmentation step is to select a region of interest in each image at baseline (t 0 ) to be followed during the time sequence. In this paragraph, we summarize a work detailed in [START_REF] Prigent | Multi-spectral image analysis for skin pigmentation classication[END_REF] and [START_REF] Prigent | Classication of skin hyper-pigmentation lesions with multi-spectral images[END_REF]. The segmentation of skin hyperpigmented areas is performed in three steps.

First, the image spectrum dimensionality is reduced in order to remove redundancy and avoid the Hughes phenomenon using a projection pursuit algorithm ( [START_REF] Prigent | Multi-spectral image analysis for skin pigmentation classication[END_REF]). Second, the shading eect due to the volumes of the face (nose, eyes) (see Figures 3(a segmentation task dicult. To be sure the pathological area is detected on each image, we created an interactive software that allows a human operator to manually correct the segmentation if necessary. We generate two other segmentations by Gaussian mixture analysis associated with the connected component analysis using two sets of parameters ( [START_REF] Prigent | Classication of skin hyper-pigmentation lesions with multi-spectral images[END_REF]). We also partition the SVM segmentation using the connected component analysis. We then get three segmentation.

These maps allow an operator to select the area of interest by clicking the components to be kept.

Figures 3(c), 3(f ) and 3(i) show the obtained segmentation on three dierent patients. Figure 4 shows an example of correction of the segmentation using the two additional segmentation.

Spectral criterion: contrast

To extract a spectral feature of the studied disease, we assume that we have extracted a region of healthy skin and a region of pathological skin for each series of co-registered multispectral images. For a given patient, at a given time t k , we thus have four regions: I pS the pathological and healthy regions on the cheek treated with the comparator treatment.

We consider these four regions to compute the weights of a linear combination M of the spectral bands:

M (I) = N b b=1 m b I(b), (3) 
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(a) (b) (c) (d) (e) (f) (g) (h) (i)
I pS t k , I hS t k , I pC t k , I hC t k .
The rst normalization combines the healthy and the pathological areas. We can either consider only the pathological area or compute the dierence between healthy and pathological areas. The second normalization combines the studied treatment S and the comparator treatment C. We use the method proposed in clinical protocols that calculates the dierence S -C. Depending on the use or not of the healthy area, S = µ

M (I e,pS t k ) or S = µ M (I e,hS t k ) -µ M (I e,pS t k ) and C = µ M (I e,pC t k ) or C = µ M (I e,hC t k ) -µ M (I e,pC t k
), we have two possible normalizations:

D e t k = µ M (I e,pS t k ) -µ M (I e,pC t k ) (4) 
and

D e t k = (µ M (I e,hS t k ) -µ M (I e,pS t k )) -(µ M (I e,hC t k ) -µ M (I e,pC t k )), (5) 
where D e t k denotes the darkness for the patient e at time t k and µ M ( 4) or (5) depending on the chosen normalization, and using the equation ( 6) to dene the linear combination M .

I hS t k ) (respectively µ M (I e,pS t k ), µ M (I e,hC t k ), µ M (I e,pC
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Change detection

In this section, we describe the two selected methods that we use to extract a binary change map and a multi-level change map. The binary change map aim at measuring the global area of changes whereas the multi-level change map intends to evaluate the local changes.

Binary change detection: area

Averaging on a local window to quantify the changes according to each pixel neighborhood tends to a loss in spatial accuracy that is critical. We perform change detection by subtraction to avoid the noise induced by division:

F e t k/0 = M (I e t k ) -M (I e t0 ), (7) 
RR n°8745

where M (I 

B e t k/0 (x) = 1 if F e t k/0 (x) > τ and C e t0 (x) = 1 0 otherwise (8)
where x denotes the position of any pixel in the image. The choice of τ is crucial. We propose a method that computes one threshold τ per image series estimated on the histogram of F e t 1/0 . First, we assume that the histogram of F e t k/0 is monomodal, symmetric and centred in zero in the case of no changes. This assumption is justied since F e t k/0 is a centred noise in the case of no changes. Then, we assume that there are no signicant changes in the negative part (i.e. the disease does not become worst). Thus, in the case of no disease decreasing, the number of positive and negative pixels in F e t k/0 should statistically be the same.

The threshold τ is calculated such that: card{x : 0 < F e t k/0 (x) < τ } = card{x : F e t k/0 (x) ≤ 0}.

A drawback of the thresholding methods for change detection is their sensitivity to noise. To decrease the noise, we lter the change map B e t k/0 with opening and closing from mathematical morphology operators ( [START_REF] Soille | Morphological Image Analysis: Principles and Applications[END_REF]) using a disk of two pixels as a structural element.

To calculate an area criterion, we propose to compute the spatial changes between t k and t 0 . Let us denote C e t0 a segmentation mask at t 0 for the patient e obtained by the proposed method.

Then, the area criterion is dened as follows:

A e t k/0 = card{x : B e t k/0 (x) = 1 ∧ C e t0 (x) = 1} card{x : C e t0 (x) = 1} . (9) 

multi-level change detection: homogeneity

To measure the homogeneity we propose to use a multi-level change detection approach. We consider the statistical framework based on a contextual hypothesis testing similarly to the Statistical Parametric Mapping (SPM) ( [START_REF] Friston | Statistical Parametric Mapping: The Analysis of Functional Brain Images[END_REF][START_REF] Poline | Combining spatial extent and peak intensity to test for activations in functional imaging[END_REF]) approach in functional MRI. We model the change map as a realization of a Gaussian random eld under the null hypothesis. Then a multiscale analysis partition this map into regions and a probability is assigned to each region. These probabilities measure the likelihood for the regions under the null hypothesis to be a realization of the random eld. For our application, we apply this methodology on each change map F e t k/0

. To model F e t k/0 as a Gaussian random eld, we need to normalize it. Then we apply the multi-scale analysis to get regions and calculate probabilities.

Map normalization

The SPM methodology, makes the hypothesis that data follow a highly correlated standard Gaussian distribution. To satisfy this assumption, we smooth the image F e t k/0 with a Gaussian convolution lter to increase its spatial correlation. Second, as the interest area of F e t k/0 comes from a unique class, its histogram can be modelled as monomodal in the hypothesis of no changes. We use a histogram specication to transform it into a Gaussian distribution.

We center and reduce the specied histogram to get a standard Gaussian distribution. In the following we will denote F N e t k/0 the normalized change map.

Change map thresholding On the normalized map F N e t k/0

we apply the Gaussian eld theory ( [START_REF] Alder | The Geometry of Random Fields[END_REF]). An interesting characteristic of a Gaussian eld F of size S is the DT (Dierential Topology) characteristic. We rst dene the excursion set A u for each threshold u as follows:

A u = {s ∈ S, F (s) ≥ u}. (10) 
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For each connected component C u (j) of A u , the DT characteristic is given by:

χ(C u (j)) = (-1) (d-1) d-1 k=0 (-1) k χ k (C u (j)) ( 11 
)
where u is a given threshold, d the dimension of the eld and χ k (A u ) the number of points s ∈ C u (j) satisfying the conditions:

F (s) = u F (i) (s) = 0, ∀i ∈ [1, d -1] F (d) (s) > 0 the (d -1) × (d -1
) matrix of second order partial derivatives of F(s) has exactly k negative eigenvalues.

In the above expression, F (i) denotes the i th partial derivative of F with respect to variable s. In the 2D case (i.e. d = 2), for a given threshold u the expectation of the DT characteristic of a centred and reduced Gaussian eld can be written as follows ( [START_REF] Alder | The Geometry of Random Fields[END_REF]):

E χ(Au) = S(2π) 3 2 |Λ| 1 2 σ -3 ue -u 2 2σ 2 (12) 
with S the surface of the eld, Λ the 2 × 2 correlation matrix of the eld derivatives, and

σ 2 = E(F 2 ).
In order to estimate the likelihood of a connected component of F N e t k/0 above the threshold u under the Gaussian eld assumption, we compare its characteristic with the DT characteristic.

Two parameters can be used to compute this likelihood: the maximum intensity and the spatial extent of the considered neighbourhood above u. Let x 0 denotes the maximum intensity of R x0 u a region above the threshold u. The likelihood of this region under the Gaussian eld assumption is ( [START_REF] Poline | Combining spatial extent and peak intensity to test for activations in functional imaging[END_REF]):

P (R x0 u ∈ F ) = E χ(Ax 0 ) E χ(Au) = x 0 u e u 2 -x 2 0 2 . ( 13 
)
Let S 0 denotes the spatial extent of R S0 u a region above the threshold u. The expectation for this region under the Gaussian eld assumption is ( [START_REF] Poline | Combining spatial extent and peak intensity to test for activations in functional imaging[END_REF]):

E(R S0 u ∈ F ) = E(N u ) E χ(Au) , (14) 
where E(N u ) is the expectation to have N u pixels above the threshold u in a Gaussian random eld F . As F follows a standard normal distribution,

E(N u ) = S ∞ u (2π) 1 2 e -x 2 2 = SΦ(-u) (15) 
then,

E(R S0 u ∈ F ) = Φ(-u) (2π) 3 2 |Λ| 1 2 ue -u 2 2 . ( 16 
)
RR n°8745 Thus, the number of pixels in a region above the threshold u has an exponential distribution with the parameter λ u = 1/E(R S0 u ∈ F ). We can then write the probability of a region R S0 u to appear in a realization of the Gaussian eld by:

P (R S0 u ∈ F ) = e -λuS0 = e (2π) 3 2 |Λ| 1 2 S 0 ue -u 2 2 Φ(-u) (17) 
Finally, the probability for a spatial region above u with maximum intensity x 0 and spatial extend S 0 , to be in F is:

P (R x0,S0 u ∈ F ) = min(P (R x0 u ∈ F ), P (R S0 u ∈ F )). (18) 
Thereby, to detect changes between t 0 and t k we dene a family of n thresholds U = {u(1), ..., u(n)}. For each u(i), we consider the connected components R u(i) of the map F e t k/0 thresholded at u(i). Then we assign a probability P (R x0,S0 u(i) ∈ F ) to each region R x0,S0 u(i) (see Figure 5). This process gives a statistical change map between t 0 and t k for each threshold of U . A nal change map denoted SM e t k between t 0 and t k is obtained by merging the change maps obtained for each thresholds of U . This merging consists of stacking the changes maps sorted in increasing value of u. This stacking method allows to get all the obtained regions in a single map showing level set of the pathology changes. The algorithm 1 summarizes the procedure for obtaining SM t k between I 0 and I k for a given patient.

normalization The statistical approach proposed in Section 2.4.2 makes the hypothesis that changes are rare events. In our images, a large part of the pathological area can change. That breaks this assumption (see Figure 6 d to f ). This result is an underdetection of the changes. Homogeneity variations cannot be quantied in these maps. We propose then to introduce the following normalization:

F N d e t k/0 = F N e t k/0 + 1 N r t k r=t0 µ Ct 0 (F N e t r/0 ) -µ Ct 0 (F N e t 1/0 ) (19) 
where N r is the number of time measurements between t 0 and t k . µ Ct 0 (F N e t r/0 ) (respectively µ Ct 0 (F N e t 1/0 )) denotes the average of the pixel intensities in the ROI of F N e t r/0

(respectively F N e t 1/0 ) delimited by C t0 . As the normalized data using Equation [START_REF] Hazel | Multivariate Gaussian MRF for multispectral scene segmentation and anomaly detection[END_REF] do not respect the rare event Inria Homogeneity criterion To quantify the homogeneity evolution we integrate the multi-scale change maps into a scalar value. To do so, we dene a function f e s (p) that represents the spatial repartition of the changes by:

f e s (p) = card{x : SM e t k (x) ≤ p} card{SM e t k } . ( 20 
)
f e s (p) is an increasing function from [0, 1] to [0, 1]. To be able to represent the homogeneity with respect to the surface, we prefer to work with f pe t k (s) that is the inverse function of f e s (p). A linear interpolation is used to calculate f pe t k (s) with a regular sampling along (s i ). f pe t k (s) is also an increasing function from [0, 1] to [0, 1]. In the following, we use f pe t k (s) for both calculating a graphical representation of the homogeneity criterion (see section 5), and a scalar H e t k describing the homogeneity of the patient e at time t k .

To integrate f pe t k (s) in a scalar H e t k ∈ [0, 1], we compute:

H e t k = 2 1 0 |f pe t k (s) -s|ds i 2|f pe t k (s i ) -s i |(s i+1 -s i ). ( 21 
)
H e t k
represents the area between the function f pe t k (s) and the identity function Id(s) = s. Id corresponds to the most heterogeneous repartition that can be expected. Then, more homogeneous changes yield higher values H e t k .

Experimental settings

In this section, we introduce the database constituted of two clinical studies that is used for validating the proposed method and we expose the protocol that we use to evaluate it.

RR n°8745 for the three time t 1 , t 2 and t 3 without using the normalization of Equation ( 19) w.r.t g-i) homogeneity maps SM e t k for the three time t 1 , t 2 et t 3 using the normalization of Equation ( 19).

(a) (b) (c) (d) (e) (f) (g) (h) (i)
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Database

The database we use it made of 2 clinical studies. The rst one involves three active treatments that are denoted S t , A d1 and A d2 . Each treatment is tested on a population of 16 patients.

For each patient, one cheek receives one of the treatments S t , A d1 or A d2 and the second cheek receives a comparator. The study lasts 3 months and two multispectral images are taken for each patient (one per cheek) every month. Thus, we have 3 * 16 * 2 = 96 series of four images corresponding to times t 0 = baseline, t 1 = after one month, t 2 = after two months and t 3 = after three months. The total amount of images of the rst clinical study is therefore equal to 384. The images are of a size of 1200*960 pixels, and contain 18 spectral bands with wavelengths varying from 405 nm to 970 nm. For this rst clinical study, the dermatologists conclusions state that S t has no ecacy whereas A d1 and A d2 have ecacy. Furthermore, A d2 has a stronger eect than A d1 .

The second clinical study compares two treatments denoted T and A. Each treatment is tested on a population of 22 patients. Thus, the clinical study involve 44 patients. For each patient, one cheek receives one of the treatments T or A and the second cheek receives a comparator.

The protocol of this study is the same as for the rst clinical study. Then, this study involve 352 multispectral images.

Evaluation protocol

The proposed dierential score composed of three criteria (darkness, area and homogeneity) appears as a numeric equivalent of the MASI criterion dened by dermatologists. We evaluate the three components individually. In order to evaluate the accuracy of the severity changes of this new score, we used it on the clinical studies cited above. For each of these two clinical studies, dermatologists scored the MASI for each patient at each visit. From the obtained table of scores, we are able to compute statistical hypothesis tests to evaluate if a treatment had an eect or not, due to the MASI criterion. After the hypothesis testing, if the p-value of the test is below 0.05, we consider that the score signicantly changed between two measurements and then conclude that the treatment had an eect. In the experiment section, we run the proposed dierential score on the whole dataset of the clinical studies. With the obtained table of scores, we can perform the same statistical testing as with the dermatologists scores. If the results of the statistical tests using the dierential score and the dermatologists diagnosis match, then we conclude that the proposed dierential score is accurate. As they are parameters to calibrate in order to obtain the dierential score, we propose to use the two clinical studies as follows:

the rst clinical study is used to tune the parameters. This means that, we experimentally test dierent sets of parameters to nd which one gives conclusions similar to the dermatologists scoring. Then we run the dierential score on the second clinical study with the same set of parameters, to validate the proposed method. If the same set of parameters provides the same conclusions as the dermatologists on the second clinical study, we conclude that the proposed dierential score accurately quantify the Melasma evolution.

4 Results

Darkness

In order to compare the features extraction methods detailed in section 2.3 we calculate the spectral feature for each treatment S t , A d1 and A d2 of the rst clinical study individually. Then we compute the features in all the images of the study on the four segmented regions

I pS t k , I hS t k , RR n°8745 
Figure 7: Spectral features obtained by the studied methods.

I pC t k , I hC t k
. this results in a darkness measurement D e t k for each patient. We nally apply a Wilcoxon hypothesis test for each treatment between t 0 and t k to get a quantication of the treatment ecacy. Table 1 shows the p-values obtained by the Wilcoxon test with the proposed method, with the ICA and with the luminance that we use as a reference feature. Equation ( 5) is used for normalization. As one can see, all the features agree with the clinical conclusions. The dierence is in how fast we can detect an ecacy of the treatment. The method based on the objective function optimization gives a faster detection compared to the ICA-based method and the luminance. To understand this dierence, we plot the features obtained by all the methods in Figure 7. As the luminance coecient is not linear, we use its linear approximation Y . We observe that the feature obtained by f selects a specic band at 590 nm for the treatments S t , and A d2 and the band 645 nm for the treatment A d1 . ICA selects spectral bands mainly around 600 nm, but sets signicant coecients to wavelengths between 400 and 600 nm. The Y feature selects bands in the 500-600 nm wavelengths. Due to the Stamatas et al. model for pigmentation ( [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]) we should focus on the wavelengths between 600 and 700 nm. Thus, a possible interpretation to explain why the ICA based method and the Y features detect later the treatments ecacy than the feature estimated by f , is there high coecients in the spectral ranges out of 600-700 nm. Table 2 shows the results obtained with the Wilcoxon test on the same studies with the normalization given by Equation ( 4). The results are comparable to the ones obtained with the normalization given by Equation ( 5). This means that the calibration of the camera is robust and that the normalization using the healthy area is not mandatory. As this normalization can introduce noise due to the variation of the healthy area, we prefer to use the normalization given by Equation (4). To validate the spectral features calculated on the rst clinical study, we apply them on the second study described in section 3.1. The p-values of the Wilcoxon tests on the second study are shown in Table 3. For f we choose the feature b 590 -b 405 .

Obtained results are totally coherent with the clinical analysis. We can then conclude that the proposed darkness criterion using the f feature is accurate and consistent with the dermatologist diagnosis.

Inria 

Area

The area criterion does not have parameters to calibrate. Thus, we can test this criterion directly on the second clinical study. Figure 8 d-f ) shows obtained results for an image time series. For this patient, dermatologists clinically measure a decrease of the pathology. As one can see, the area measured by the algorithm shows a signicant evolution at time t 1 and then a gradual evolution of the pathological area. To validate this area measurement, we calculate change areas

A e t k/0
for all the patients of the second clinical studies. As for the darkness measurement, we compute the Wilcoxon test for each treatment between t 0 and t k in the area measurements.

Results are shown in Table 4. Results show that the treatment T has an eect whereas the treatment A does not has any. This is in agreement with the dermatologist diagnosis.

Homogeneity

To validate the proposed homogeneity criterion, we rst calibrate the parameters of the model using images series from patients of the rst clinical study. These patients were selected to be identied to have a decreasing pathology by the dermatologists. We then apply the homogeneity calculation on the second study. The homogeneity measure makes sense only when some changes appear in the image between t 0 and t k . A margin is then xed at 10% of the pathological Inria . To qualitatively evaluate the homogeneity criterion, we plot its evolution for the population of patients whose pathology evolves. Due to the darkness and the area criteria, the considered patients are those who received the treatment T in the second study. Figure 9 shows time plots of the homogeneity measurement for each patient of the group receiving the treatment T . If the treatment has an eect, we expect to see the homogeneity measurement growing. In this population of 22 patients, the H criterion is not interpretable for 7 patients. Indeed, for ve patients less than 10% of the pathological area changes at time t 2 = 8 or t 3 = 12 and for two patients there were less than 10% of the pathological area that changes in all the time sequence. For the other fteen patients we globally observe the expected growth of the homogeneity with time. For most patients (in blue) main changes occurred in the second measurement time t 1 = 4, and for 4 patients (in red), main changes occurred in time t 2 = 8. These results show that the homogeneity criterion gives relevant interpretation of disease regression during treatment. This criterion is by denition interpretable only on patients whose pathology has evolved.

5 Discussions and Conclusions

Discussions

In this report we proposed a dierential score that allows computing the evolution of the Melasma severity along a clinical study. This dierential score is composed of three independent scores that are the darkness, the area and the homogeneity. The MASI described in [START_REF] Pandya | Reliability assessment and validation of the melasma area and severity index (MASI) and a new modied MASI scoring method[END_REF] and [START_REF] Ck Kimbrough-Green | Topical retinoic acid (tretinoin) for melasma in black patients. a vehiclecontrolled clinical trial[END_REF] calculates a linear combination of darkness, area and homogeneity measurements (see Equations ( 1) and ( 2)). For the proposed dierential score, such a combination does not have any meaning. Indeed, the three criteria have dierent dynamics, and combining them can bias the nal measurement. That is why we prefer to use the three measurements independently.

Besides, in practice the homogeneity of the MASI is usually not used by dermatologists and removed from the global score. shrinking the representation area using a curve with a shape given by:

D G = D √ 1 + D 2 . ( 22 
)
The darkness bar contains a chip with a color from red (-12) to blue (+12). This chip position on the bar depends on the D G value from -12 to 12. t 1 -t 0 , t 2 -t 0 and t 3 -t 0 , d-f ) graphical representation of the dierential score for the three times t 1 , t 2 and t 3 .

pathology decreases is shown in Figure 13 and an example for a patient whose pathology does not decrease is shown in Figure 14. As one can see, with this graphical representation, we can both quantify and qualify the patient pathology evolution.

Conclusion

In this report, we proposed a strategy to calculate the severity of skin hyperpigmentation using multispectral images. The proposed criterion called dierential score has been developed to be a computer score related to the clinical MASI criterion. The proposed dierential score has been tested on a full clinical study and has given relevant results with respect to the clinical analysis.

Advantages of our method are that it can estimate the spectral feature of diseases through the training phase using the reference data set, and that no prior knowledge is required in the spatial 

( 2 )

 2 In this report, we propose a new computer based score called dierential score that measures the variation of the pathology between two visits. The idea is to consider multispectral images from which we automatically compute a severity score containing area (A), darkness (D) criteria as dened by the MASI. As the homogeneity (H) criterion is expert dependent, we introduce a new Inria (a) baseline (b) after 1 month (c) after 2 months (d) after 3 months

Figure 1 :

 1 Figure 1: Time series of color images for a patient whose pathology was diagnosed as decreasing.The diagnosis of the dermatologist using a scale from 0 to 3 was 2 (moderate) at baseline and 0 (cleared) after 3 months.

Figure 2 :

 2 Figure 2: Proposed scheme to evaluate a treatment ecacy on a clinical study

  ), 3(d) and 3(g)) is compensated to ensure an accurate segmentation. We rst remove the background inhomogeneity using a Fourier high pass lter and subtract the near infrared spectral band from each of the other bands. The near infrared has been chosen to remove shading since this band contains few skin pigmentation information. On this transformed dataset, the segmentation is performed using support vector machine (SVM). The SVM is trained on a few representative normalized images of the clinical study. The SVM can then generalize to segment all the images. Examples of training data are shown in Figures 3(b), 3(e) and 3(h). The variability of the disease between patients makes this

  regions on the cheek treated with the studied treatment, and I

Figure 3 :

 3 Figure 3: Images used for the global training. (a,d,g) are color reconstructed images by spectral integration. The color reconstruction is used only for visualization. (b,e,h) are ltered images by volume compensation and Fourier high pass lter at 40%, red rectangles show training pathological areas, and blue rectangles show training healthy areas. (c,f,i) are the surrounding of the pathological area detected by the proposed method.

  t k )) is the spatial average of the spectral feature M over the area I e,hS t k (respectively I e,pS t k , I e,hC t k , I e,pC t k).

Figure 4 :

 4 Figure 4: Screenshot of the software that allows to do the interactive segmentation, rst example. Top left: segmentation obtained with a rst set of parameters, top right: segmentation obtained with a second set of parameters, bottom left one band of the original image, bottom right SVM chosen component. The user can add a region in the top row to the segmentation obtained from SVM.

Figure 5 :

 5 Figure 5: Muli-scale analysis illustration. Green: map thresholded at u(1), red: map thresholded at u(2) > u(1), and gray: regions below u(1) and u(2). A probability is assigned to each region above the thresholds u 1 and u 2 .

Figure 6 :

 6 Figure 6: Changes map of the dierential score for a patient whose pathology decreases during the treatment period. a-c) equalized dierence image on the spectral feature map between each time t 1 , t 2 and t 3 and t 0 , d-f ) homogeneity maps SM e t k

Figure 8 :

 8 Figure 8: Changes map for a patient whose pathology decreases during the treatment period. a-c) equalized dierence image on the spectral feature map between each time t 1 , t 2 and t 3 and t 0 , d-f ) change detection map used to measure the area for each times t 1 , t 2 and t 3 . Changed areas are drawn in black.

Figure 9 :

 9 Figure 9: Time sequences of the homogeneity measurements for the patients of the group for which an evolution has been measured by the area and darkness criteria.

Furthermore, the proposedFigure 10 :Figure 11 :

 1011 Figure 10: Darkness graphical representation. a) for a patient whose pathology became darker, b) for a patient with stationary darkness, c) for a patient whose pathology decreases.

Figure 10

 10 shows three examples of darkness representation bars. Area representation The area criterion we proposed has values in the interval [0, 1]. The graphical representation we have chosen is then a percentage bar. Figure 11 shows examples of graphical representation of the area criterion.Homogeneity representation For the graphical representation of the homogeneity criterion, we propose to use f pe t k (s). In fact this information is richer than H e t k. The graphical bar of homogeneity is then a plot of f pe t k (s) with a gradient color. Values of f pe t k (s) close to zero are shown in blue and values of f pe t k (s) close to one are given in red. Intermediate values are represented with the jet colormap. If the gradient is all red, that means there is no homogeneity variation. The slower the gradient changes from blue to red, the more heterogeneous the variation is. Figure12shows examples of the homogeneity bar.Dierential score representation Finally, a dierential score representation can be the combination of the three bars of darkness, area and homogeneity. An example for a patient whose

Figure 12 :Figure 13 :

 1213 Figure 12: Homogeneity graphical representation. a) for a patient without evolution of the pathology, b) for a patient with heterogeneous variation of the pathology, c) for a patient with homogeneous variation of the pathology.

Figure 14 :

 14 Figure 14: Graphical representation of the dierential score for a patient whose pathology did not decrease during the treatment period. a-c) equalized dierence image on the spectral feature map: t 1 -t 0 , t 2 -t 0 and t 3 -t 0 , d-f ) graphical representation of the dierential score for the three times t 1 , t 2 et t 3 .

  

  e t k ) (respectively M (I e t0 )) is the spectral feature M of I e

	equation (3). A threshold τ on F e t k/0	t k allows to get the binary change map: (respectively I e t0 ) dened in

  Merge the obtained connected clusters obtained with the family U to get SM e t k

	Algorithm 1 Multi-scale analysis Require: I 0 , I k , M p0 1: F e t k/0 = I k -I 0 2: Smooth and normalize F e t k/0 to get F N e t k/0 3: Choose a family U = u 1 , ..., u nu 4: for i = 1 to n u do 5: Compute the connected components above u i (see section 2.4.2) 6: for each connected component do 7: Calculate x 0 and S 0 8: Calculate P (R x0,S0 ∈ F ) with eq. 18 u 9: end for 10: end for 11:

Table 1 :

 1 P-values obtained by the Wilcoxon test on the rst clinical study with the normalization of Equation (5) for the darkness criterion.

	Feature Treatment t1 -t0	t2 -t0	t3 -t0
		St	7.959 10 -1 5.014 10 -1 7.173 10 -1
	L	A d1	3.793 10 -1 1.128 10 -2 8.793 10 -2
		A d2	9.798 10 -2 3.204 10 -3 5.312 10 -4
		St	1.476 10 -1 1.089 10 -1 7.563 10 -1
	f	A d1	5.571 10 -2 3.400 10 -2 4.373 10 -2
		A d2	8.360 10 -3 3.204 10 -3 9.350 10 -4
		St	5.349 10 -1 8.767 10 -1 9.176 10 -1
	ICA	A d1	4.080 10 -1 2.987 10 -2 9.798 10 -2
		A d2	7.873 10 -2 5.233 10 -3 9.350 10 -4

Table 2 :

 2 P-values obtained by the Wilcoxon test on the rst clinical study with the normalization of Equation (4) for the darkness criterion.

	Feature Treatment t1 -t0	t2 -t0	t3 -t0
		St	7.959 10 -1 6.791 10 -1 6.416 10 -1
	L	A d1	1.306 10 -2 2.289 10 -2 9.798 10 -2
		A d2	1.788 10 -1 7.169 10 -3 1.918 10 -3
		St	7.173 10 -1 5.349 10 -1 5.014 10 -1
	f	A d2	2.289 10 -2 1.737 10 -2 3.400 10 -2
		A d3	1.997 10 -2 1.609 10 -3 9.725 10 -3
		St	6.416 10 -1 5.694 10 -1 5.014 10 -1
	ICA	A d1	1.997 10 -2 3.400 10 -2 8.793 10 -2
		A d2	1.476 10 -1 7.169 10 -3 1.123 10 -3

Table 3 :

 3 P-values obtained by the Wilcoxon test on the second clinical study for the darkness criterion.

	Test Treatment t1 -t0	t2 -t0	t3 -t0
	L	A T	8.455 10 -1 7.210 10 -1 1.270 10 -1 9.741 10 -1 9.397 10 -3 1.637 10 -3
	f	A	1.116 10 -1 5.373 10 -1 9.777 10 -2

Table 4 :

 4 p-values of the Wilcoxon tests on the second clinical study for the area criterion.

	Criterion Treatment	t 1 -t 0	t 2 -t 0	t 3 -t 0
		A	2.840 10 -1 3.986 10 -1 1.045 10 -1
	Area	T	4.552 10 -1 3.478 10 -3 2.438 10 -4
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