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Abstract -This paper presents an ew unsupervised algorithm for classifying pixels in color images, by means of a hierarchical analysis of color bi dimensional histograms. The algorithm proceeds in two steps : a learning step and a decision step. It provides a number of classes which is fu nction of an adjustable parameter (threshold S) depending on the precision required in terms of differenciation between colors.
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I -INTRODUCTION

A pixel in a color image can be considered as a three dimensional (JD) vector whose components depend on the color space used (RGB, HSV, ... ). Due to this vectorial nature, the pixel classification algorithms based on histogram analysis can be divided in three categories : (i) marginal algorithms in which the mono dimensional (ID) histogram of each color plane is handled separately [l -5] ; (ii) full vectorial algorithms working on the color JD-histogram ; and (iii) intermediate algorithms using bi-dimensional (2D) histograms by projection onto two of the three color planes. The first type (i) inherits all the existing work on monochrom images, but it does not take into account the correlation between color planes [START_REF] Uchiyama | Color image segmentation using competitive learning[END_REF], unlike the second type (ii). However, handling a color JD-histogram is not an easy task, due to the huge required memory space [START_REF] Ciement | Un histogramme compact pour /'analyse d'images multi-composantes[END_REF]. The difficulty can be overcome by requantifying each color component on a lower level number [START_REF] Xuan | Maximum likelihood clustering method based on color features[END_REF]. The third way (iii) has not been explored very much to date [START_REF] Schmid | Segmentation of Digitized Dermatoscopic Images by Two-Dimensional Color Clustering[END_REF]IO]. We propose here a new unsupervised algorithm for classifying pixels in color images, based on the hierarchical analysis of 2D-histograms (section 2).The results are illustrated by applying the algorithm to the so-called image peppers (section J).

II -CLASSIFICATION

The objective is to merge into distinct classes the pixels that present similar colorimetric characteristics in a color image, in an unsupervised way Whatever the 2D-space used (RG, RB ot GB), Ne increases when S decreases. Obtaining a given number of classes is insensitive to S on a range �S which tends •to decrease as S decreases. For example, one obtains two classes for S ranging from 13% to 23% (classification by RG-histogram, see figure 3), or for S ranging from 9% to 23% (classification by RB histogram, see figure 4). . • --Q:-: .... .ii "\ , . ') -":"'. /" 

Figure I :

 I Figure I : An example of hierarchical decomposition. The circled leaves (part b) correspond to signifi cant peaks as obtained at the end of the iterative decomposition (part a), whereas leaves marked <S (part b) correspond to unsi gnificant peaks (dotted lines in part a). The number of classes Neis taken equal to the number of kernels (the class corresponding to kernel Kt is noted C;). Therefore Ne depends on the threshold S, i.e. on the precision the image colors are analyzed with. B -Decision step The mass center µ(K;) of each kernel K; can be calculated in the color 2D-space. Let us design by B the color corresponding to the point of coordinates (xi.x2) in the color 2D-space. Two cases happen : if (xi,x2) belongs to K;, color B is attributed to class C; ; if not, let us design by Pk the peak (xi.x2) belongs to; color B is attributed to class C; corresponding to kernel K;, son of Pk, such that d[µ(K;), (xi.x2)] is minimum, where d[a,b] is the distance between a and b. Many choices of distances are possible (e.g. Euclidean distance, Mahalanobis distance, ... ).

Figure 2 :

 2 Figure 2 : Image peppers. The thresholds S to be explored range from Smin to Sm ax , where Smax is the minimum threshold leading to one class only (no classification) and Smin is the maximum threshold corresponding to the detection of the less populated class. Since ac lass contains one pixel at least, we have in our case : [ 100 ] smi n <!: = 0.00038% 512x512 Table l gives the values of Smax, Smin and Ne max (the maximum number of classes, obtained for S = Smin), when the image peppers is classifi ed from its RG-, RB and GB-histograms respectively.

Table 1 :17528

 1 Threshold ranges and maximum number of classes for image peppers classified from its RG-, RB-and GB hi sto.erams.If all the allowed colors in the RG (or RB, or GB) space were present, the maximum number of classes would be 256 2 = 65536. It is never the case in practice[START_REF] Ciement | Un histogramme compact pour /'analyse d'images multi-composantes[END_REF], leading to much lower values of Ne max (last column oftable 1). The variation of the number of classes Nca s a function of the threshold S is presented on figures 3 to 5 (for thresholds such that Ne is lower than 100).

Figure 3 :Figure 4 :

 34 Figure 3 : Number of classes as a function ofS (RG histogram).
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 5 Figure 5 : Number of classes as a fuction of S (GB histogram).
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 6 Figure 6: RO-histogram (image peppers).

Figure 7 :

 7 Figure 7 : RB-histogram (image peppers).

Figure 8 :

 8 Figure 8: GB-histogram (image peppers).

(a) 2 Figure 9 :

 29 Figure 9 : Classification from the RG-histogram (image peppers, B-component forced to zero). The starting image (figure 2) provides the 2D histograms shown on figures 6 to 8. The results of the classification obtained from the RG-histogram are shown on figures 9a to 9d, for thresholds leading respectively to 2, 3, 4 and 10 classes (since the classification is operated from the RG-histogram, the component B has been forced to zero on figures 9a to 9d). Operating with the RB-histogram provides similar results in terms of class numbers, as can be seen by comparing the curves Nc(S) on figures 3 and 4. This follows from the fact that the RG-histogram (figure 6) and the RB-histogram (figure 7) are similar for the image peppers. Moreover, in the case where two classes are detected, the classification is practically the same, whatever the 2D-space used (RG or RB). This can be seen by comparing figure 9a (two classes in
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 10 Figure 10: Two classes o b tained in the RB-space (S = 16%, G component forced to zero). �� . ... -.. /-� ...._,. ....... . , '�/Jr / _.,

Figure 11 :

 11 Figure 11 : Image of pixels ( b lack points) attri b uted to different classes on figures 9a (RG-space) and 10 (RBspace).