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INTRODUCTION

Medical automatic diagnosis is still considered as a hard task. In fact, medical diagnosis requires an expert able to cope with the uncertain cases only by eyeing the visible symptoms. Such performances are difficult to achieve using an automatic system for diagnosis. Breast cancer is a vital problem needing quick handling and treatments. The cytological step of the diagnostic is the first step done to make a first approach of the case. It consists of the extraction of some cells of the lesion. Various tests performed to make a first appreciation of the case but the ultimate diagnosis may be sometimes difficult to obtain, even for a medical expert.

This work is part of an experiment aiming to make the later process of diagnostic automatic. Many studies have been oriented to do pattern recognition processes such as template matching [START_REF] Ballard | Generalizing the Hough Transform to Detect Arbitrary Shapes[END_REF], or active contours [START_REF] Lee | An adaptive ressource allocating network for automated detection, segmentation and classification of breast cancer neuclei[END_REF], but the images used in these works were not. In the majority of cases similar to the ones obtained in reality but simpler. The point is that the digitizing of the observed samples of lesions and their preprocessing leads to images on which the cells have different shapes and sizes, they are sometimes condensed and the edges and limits of each one can't often be detected. There are also residual cells, which hadn't any thing to do with the lesion such as blood ones for example (Figure 1). This entire make the process of classification of the images into benign or malign cases very difficult because of the absence of an easy mathematical formalism that can characterize the objects in the observed images.

Considering these constraints, the adopted solution in this work is the texture-analysis -based feature extraction. In reality there is no formal or complete definition of texture. Many researchers have described texture using various definitions. Russ [START_REF] Russ | The image processing handbook[END_REF] defined image texture as a descriptor of local brightness variation from pixel to pixel in a small neighborhood through an image. Texture can be also described as an attribute representing the spatial arrangement of the gray levels of the pixels in a region of digital image [START_REF] Bharati | Image texture analysis : methods and comparisons[END_REF]. There are four categories of methods used to extract textural features: statistical methods, structural methods, model based methods and finally transform-based methods [START_REF] Zizzari | detection of tumor in digital images of the brain[END_REF]. In our work, we are interested in the use of wavelet based method for texture feature extraction. The wavelet transform analysis has shown better performances than other methods in many cases [START_REF] Bharati | Image texture analysis : methods and comparisons[END_REF]. The basic idea is to generate textural features from wavelet coefficients at each resolution. Each texture has its unique distribution of features at all resolutions. Appropriate frequency spectrum decomposition leads necessary to different features for different textures.

In fact, the wavelet transforms has been widely used for description of images texture [START_REF] Pietikainen | Texture analysis in machine Vision[END_REF]. Numerous decompositions schemes have been proposed for the purpose of texture characterization [START_REF] Esgiar | texture description and classification for pathological analysis of cancerous colonic mucosa[END_REF], two approaches can be detected: the first is a numerical description mainly based on second order or higher statistics of the wavelet coefficients. The second approach is a quantification of the textures in the way human can see them as coarse, regular, directional and symmetric etc. In the first approach, the texture description is based on the computing of some parameters called Haralick features on the regions of the transformed image such as wavelet entropy, wavelet energy, angular moments at second and higher orders, correlation, and mean wavelet coefficients etc.

The second method of feature extraction is performed using wavelet packet decomposition of the studied image. The wavelet packet decomposition is an extension of the discrete wavelet transform in a way that each subband obtained is generated by a tree of low pass and high pass operations. From this tree, some textural parameters such as directionality and regularity are extracted [START_REF] Vetterli | Wavelets and subband coding[END_REF]. In this paper, the two approaches are adopted to extract some parameters characterizing the breast cancer cytological images. This work had led to nine textural features; the obtained results will be used in next works to achieve the classification of images using their texture descriptions. In texture classification the goal is to assign an unknown sample image or an image block to one of a set of known texture classes.

The paper is divided in three sections. In the first one, we introduce the wavelet transforms and the characteristics of the ones used in this work. In the second section a description of the principles of texture wavelet based analysis and the features extracted from the application of such process. Finally, we introduce texturewavelet-packet-decomposition based analysis has been done and the obtained features for the studied images are exposed. 

TEXTURE METHOD BASED ON WAVELET TRANSFORM

The evaluation of texture feature is an important step in the image processing of the studied images. The texture analysis is the basis of pattern recognition and classification especially in medical domain. The ability of classifiers depends on the quality of feature used as well as the amount of the data available to them [START_REF] Sharma | evaluation of texture methods for image analysis[END_REF]. There are many texture extraction methods such as autocorrelation based texture features, Co-occurrence matrices texture features [START_REF] Shim | Image indexing by modified color co-occurrence matrix[END_REF], edge-frequency based texture features, etc. In this work, the texture analysis has been done using a based transform method of feature extraction. The used transforms in this paper, are discrete wavelet transforms. In all this work the obtained results have been achieved using two kinds of transforms: the first one is the Daubechies wavelet at level 2 (db2) which is an orthogonal and compactly supported wavelet, and the second one is the B-splines biorthogonal wavelet (bior) which is a biorthogonal and compactly supported pairs of wavelets. In the two cases the Fast wavelet transform (FWT) is used, with finite impulse filters (FIR filters), the first one is however an asymmetric wavelet with poor regularity and orthogonal proprieties while the biorthogonal wavelet is symmetric but without orthogonality [START_REF] Misiti | wavelet toolbox for use with matlab, the MathWorks[END_REF].

For the db2 transform the high pass filter is h0 and the low pass filter is h1; given by: h0 = [ -0.483 0.8365 -0.2241 -0.1294] h1 = [-0.1294 0.2241 0.8365 0.483] For the bior transform the high pass filter is h2 and the low pass filter is h3; given by: h2= [0 0 0 0.3536 0.7071 0.3536 0 0 0 0] h3 = [0 0.03315 -0.06629 -0.1768 0.4198 0.9944 0.4198 -0.1768 -0.0663 0.0331]

In this section, we will expose the 2D wavelet transform method and show the features extracted by this analysis are shown.

2D Discrete Wavelet Transforms (DWT)

2D DWT Method

The classical 2D wavelet transform is performed by two separate 1D transforms along the rows and the columns of the image data, resulting at each step of decomposition in a low pass image or the coarse scale approximation and tree detail images as shown in the figure 2. So, the two-dimensional wavelet transforms decomposes an image into four frequency bands called subbands, each one quarter the size of the original as shown in Figure 2. LL subband contains the original image filtered and subsampled by a factor of 2; the HL, LH and HH subbands contain details in the horizontal, vertical and diagonal orientations [START_REF] Moyano | efficient 3D wavelet decomposition for video compression[END_REF]. LL subband is a coarse scale approximation of original image and the rest of frequency bands are detail signals. The transform can be applied recursively to the LL subimage to obtain decomposition at coarser scales, yielding a hierarchical decomposition or pyramid representation. The number of levels to apply depends of the original image size. The last LL band is a coarse approximation to the original image corresponding to low frequency, and all the others bands, the most part in the decomposition, are detail information corresponding to high frequency. The high frequency bands have small magnitudes and become zero if the quantization step of a loss coder is applied. So, the high frequency bands are very easy to compress [START_REF] Moyano | efficient 3D wavelet decomposition for video compression[END_REF].

Features extracted using DWT

The extracted features obtained by the DWT on the studied images are statistical ones and based upon the wavelet coefficients.

A -Mean

It consists in the computing of the mean values of the approximated subband and the detail subbands. The obtained results show that for begnin cases the maximum values of the mean and of the approximated coefficients are bigger than the one for malign cases. Besides, for benign distribution of the mean of these coefficients there is some regularity in the obtained shapes; which is not the case of the malign samples.

B -Second central moment

The second central moment is the variance computed using a divisor of n rather than n-1, where n is the number of rows in the matrix X. In this case, the variance is computed for all the obtained subband coefficients using Daubechies wavelet transform at level 2 and biorthogonal wavelet transform.

  2 n x E m   
Where m is the central moment of order 2 of the matrix x, and  is the mean value. The computing of the variance of the approximated coefficients for malign images using db2 transform and biorthogonal transform had shown a tendency of these values to have a distribution very similar to Gaussian distribution, which is not the case of benign cases.

C -Entropy

Entropy is a common concept in many fields, mainly in signal processing. There are different entropy criteria, many others are available and can be easily integrated. In the following expressions, s is the signal and (si)i. Its coefficients are an orthonormal basis [START_REF] Misiti | wavelet toolbox for use with matlab, the MathWorks[END_REF].

The entropy E must be an additive cost function such

that E(0) = 0 and       i i s E s E .
-The normalised Shannon entropy is given by :
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With the convention 0log 0=0 -The log energy entropy is given by :

    2 i i s log s 2 E        i 2 i s log s 2 E

D -Energy

This section consists in the computing of the energy percentage corresponding to the approximations vectors and the details vectors. In the following table are shown the computed values of entropy and energy obtained using a biorthogonal transform on the image for a malign sample and a benign one.

Malign sample Benign sample

Entropy shannon -1.39 10 6 -6.031 10 Table1: Entropy and energy for a malign and a benign case for db2 transform.

From the obtained results, we deduce that the entropy of Shannon, the log energy entropy and the energy of approximated coefficients are, greater for the benign cases.

Discrete Wavelet packet decomposition of cytological images (DWPD)

DWPD method

The wavelet packet decomposition is a method based on algorithms tests the replicability in computer graphics applications. It's a generalization of the method of multiresolution decomposition and comprises the entire family of the subband-codded tree [START_REF] Balmelli | wavelet domain features for texture description, classification and replicability analysis[END_REF]. The decomposition leads finally to a complete wavelet tree. The original discrete texture image I[m,n] characterize only the original space o V , while the set of approximation spaces   j V is

j j 1 j W V V   
, where j W is the detail space. In the case of wavelet packet decomposition each projection space is denoted by the relation q , p j W , where j is the resolution and p,q are subband indices, each space is a sum of four subspaces [START_REF] Balmelli | wavelet domain features for texture description, classification and replicability analysis[END_REF]:

1 q 2 , 1 p 2 1 j 1 q 2 , p 2 1 j q 2 , 1 p 2 1 j q 2 , p 2 1 j q , p j W W W W W            
The figure 5 shows the subspaces as the outputs of bandpass filters used to extract detail coefficients and detect image edge orientations along different orientations. Ai is an approximation subband while Di is corresponding to detail subband.

2.2.2.Feature extraction using DWPD of the cytological images

The objective of the feature extraction from this decomposition is to computie the vector:  is the standard deviation. The texture is a phenomenon that depends on the region, so the edge variation estimates must be considered in a region of size k in the image. So that, the function   i ck measuring the correlation between the rows (columns) of detail coefficients within a region of size k is computed [START_REF] Balmelli | wavelet domain features for texture description, classification and replicability analysis[END_REF]:

         k i 1 i j k j , i c k 1 i c
For this experiment k=2 l where l=1,2,3,4,5 has been applied on 3 horizontal subbands (packet (2,1) or 6, packet (2,4) or 9, packet (2,5) or 10) and 3 vertical ones (packet (2,2) or 7, packet (2,8) or 13, packet (2,10) or 15). In figure 6, is shown the obtained tree of a malign image using db2 wavelet packet decomposition with the Shannon entropy criterion for the optimization of the tree. The estimates vertical edge correlation and horizontal edge correlation for a benign sample and a malign one has been done, in the figure 7, an example of the obtained results. The obtained results for the malign sample using both the wavelet transforms are similar. The values of vertical edge directionality are very low in the case of malignity and benignity. For horizontal edge directionality the directionality varies between 0.5 and -0.2. This is the fact that the studied image has a non directional texture or a very limited one. In benign samples, the obtained results for vertical edge correlation and horizontal edge correlation are higher than the ones obtained for malign samples.

B -Regularity

Regular textures have a structural element that is repetitive in the image. The correlation k c has a dominant spectral component corresponding to the frequency of the structural element's repetition, so it can be used to detect the regularity of a texture. The first step is finding the maximum component of the power spectrum given by k c :

2 k sc and the computing of the ratio, between the energy contained in the maximum component and the overall spectrum of energy:

  2 k 2 k N k sc sc max e
N is the resolution used for power spectrum estimation. K=2 l , l=1,2,3,4,5.

To estimate regularity the following parameters are computed for the same previous horizontal and vertical subbands which lead to six parameters. Where m r is the maximum value of k e , s r is the region for which the maximum value is obtained and f r is the normalized frequency at which m r is obtained. Table2: regularity parameters for a benign and a malign case The obtained regularity parameter rm is more important in the case of benign samples than in the malign ones.

CONCLUSION

At the end of this work, eighteen textural features have been computed using methods based on Daubechies wavelet transform at level 2 and biorthogonal wavelet transform. The step of feature extraction is the first one; the next step of this work would be the classification of cytological images based on evolutionary methods such as neural networks.
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 1 Figure 1: an example of an observed cytological sample
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 2 Figure 2: 2D Discrete Wavelet Transforms after one application
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 3 Figure 3: mean of the four obtained subbands using db2 transform for (a) a malign case and (b) a benign case
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 4 Figure 4: Variance of the obtained coefficients using db2 transform of (a) a malign sample and (b) A benign sample.
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 5 Figure 5: separable 8-subband filter bank

  features along the vertical axis.A -DirectionalityDirectionality function along the x denoted by dx is based on the correlation between the wavelet coefficients of the successive columns in the horizontal subbands. Similarly the directionality functions along the y axis dy is based on the correlation between wavelet coefficients in the successive rows in the vertical subbands. To obtain the dx and dy parameters we compute in a first step the normalized lag0 -correlations   j , i c between the rows (respectively the columns) of detail coefficients: of the wavelet coefficients within the row i (or the column) and j,  . E is the expected value and  .

Figure 6 :

 6 Figure 6: packet wavelet decomposition of a malign sample using db2 wavelet transform.

Figure 7 :

 7 Figure 7: -malign case (1-a) vertical and horizontal edge correlation for a region of size 8 using db2; (1-b) vertical and horizontal edge correlation for a region of size 8 using bior transform. -benign case (2-a) vertical and horizontal edge correlation for a region of size 8 using db2; (2-b) vertical and horizontal edge correlation for a region of size 8 using bior transform.
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  Entropy log energy -1.72 10 6 -4.96 10 5

	Energy app	99.341	99.923
	Energy h	0.05228	0.0076
		0.2629	2.0351
	Energy v	0.0527	0.0060
		0.2568	1.0232
	Energy d	0.0045	0.0006
		0.0360	0.0040
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