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Abstract-A new mammography image segmentation method 

based on a perceptual and fuzzy approach is proposed The main 

idea is to exploit some properties of the Human Visual System 

namely the directional and frequency selectivity and the fuzzy sets 

theory in order to segment the mammography images into 

meaningful components. A contrast enhancement is used in the 

case of suspicious cases identified during the segmentation 

process. The performance of the proposed method is objectively 

evaluated using the just-noticeable difference measure expressed 

through a saliency map of the mammography image before and 

after processing. The obtained results confirm the efficiency of the 

method in segmenting the images into meaningful regions. 
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I. INTRODUCTION 

just-noticeable 

Digital mammography remains up to now the primary 
means for an effective imaging modality for detection of the 
cancer breast. Furthermore, an early detection of the small 
malignancies as the microcalcification is the best way to 
reduce a cause of mortality of the women. But in practice, 
the quality of mammography image is very poor. The low 
contrast between the normal glandular tissues and the 
malignant tissues makes the diagnosis ambiguous and 
difficult. Numerous contrast enhancement methods have 
been then proposed for mammography image. Some are 
based on a global analysis of the image [1] and others 
exploit some local characteristics of the image [2]. 

However, since the ultimate judge is the observer it would 
be useful to exploit some characteristics on the human visual 
system (HVS) such as its frequency and directional 
selectivity. Thus, several wavelet based methods for contrast 
enhancement have been proposed [3]-[7]. However, these 
transforms present some drawbacks such as the lack of 
rotation and the translation invariance. 

A new contrast enhancement method combined with a 
fuzzy-based segmentation process is used for detecting 
subtle details in low contrasted mammography images. The 
use of fuzzy logic in the contrast enhancement and 
segmentation process allows to deal with the difficulties 
related to vagueness and ambiguity encountered in 
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mammography tissues. The whole process is performed in a 
perceptual framework where the just-noticeable difference 
(JND) is used as an index of details visibility. The obtained 
results clearly demonstrate the efficiency of the use of fuzzy 
logic and some perceptual aspects of the HVS in detecting 
abnormal details in mammography. 

This paper is organized as follows: section 2 describes 
our approach to extract the microcalcifications/masses in the 
mammography image. A subjective evaluation is proposed 
in section 3, that evaluate the mammography image before 
and after both segmentation and enhancement treatment. The 
results are then discussed in section 4. Finally, a conclusion 
and some perspectives are given. 

2. THE PROPOSED METHOD 

The approach proposed here is based on an iterative 
scheme, consisting of fuzzy based segmentation and contrast 
enhancement methods. 

In the following the different steps are presented and 
discussed: 

2.1. Fuzzy segmentation method 

Several fuzzy segmentation approaches have been 
developed [8]-[9] for mammography images. Where, the 
fuzzy sets represent appropriately the different interrelated 
tissues present in the digital mammography. 

A new fuzzy adaptive contrast multi-directional and 
multiscale segmentation (F ACMS) method is proposed. It 
allows to segment the image into four regions as proposed 
by Bauer et al. in [10], where the mammography image is 
decomposed through its morphological characteristics 
tissues {Homogeneous Rio Edge R20 Raster R3 and aquarelle 
R4, as presented in Fig.I}. 

In contrast, in our approach the tissue classification is 
performed on the basis of biopsy feature {the background 
Rio healthy tissues R20 suspicious tissues R3 and affected 
tissues R4}. 
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Fig. 1: The four segmented regions (left to right) RI, R2, R3 and R.j 

The different steps of fuzzy segmentation method are 
defined in the following: 

2.1.1. Post-treatment Usually, the gray-level images are 
observed by the user on a computer screen as luminance. 
Furthermore, the dynamic range of the mammography image 
is often unbalanced leading to some loss of visibility of fine 
details. To cope with this limitation, the gray level image is 
first stretched to the whole gray-level range [0 255] and then 
converted into luminance range [Lmin Lmax], as follows: 

r [ im src(1,j) ] Y
i (1) l'src(i,j) :::: maxl/'rnin,J"l11a\." 255 j 

Where im,/"c (i, j) is the gray level of the pixel (i, j) , 

Lmin = 0.2 Cd/m
2

, Lmax = 100 Cd/m
2 

and r = 1/ 0.25 are 

the commonly used values for our computer screens. 

2.1.2. Background substraction The image is first 
thresholded using a threshold deduced from the gray-level 
histogram in order to extract the target (breast) from the 
background. This results in a binary Black and White mask 
(BW). Then, a morphological opening operation is used to 
remove spurious points in the background and in the region 
background (black region). A connected component labeling 
process [11] is then applied to isolate the different classes so 
as to extract the region of interest and to remove the 
radiopaque artifacts that may appear on the top of the 
mammography images. Note that in the case of the 
mediolateral-oblique (MLO) mammography, the pectoral 
muscle is extracted and removed from the image. Indeed, the 
density of pectoral muscle region is very close to 
masses/microcalcifications regions within the mammography 
image and may induce erroneous diagnosis. Fig.2 represents 
this post-treatment on a typical mammography image. 
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The radiopaque artifacts The pectoral muscle 

(a) (b) (c) 

Fig. 2: The mammography image before (a) and after (e) background 

removal, Region of interest according to BW (b) 

2.1.3. The multidirectional and multiscale luminance 
contrast There is no universal definition of contrast that is 
appropriate for all visual stimuli. The well known contrast 
measures introduced by Weber-Fechner and Michelson are 
adapted to simple stimuli. For real and complex images, 
numerous measure definitions of contrast are proposed [12]­
[13]. However, these contrast are isotropic and do not take 
into account the directionality sensitivity of the HVS. In [14] 
a directional bandlimited contrast has been introduced using 
Gabor filter decomposition. Here, the local bandlimited 
directional contrast is computed using the Steerable pyramid 
transform (SPT) [15]-[17] as alternative to Gabor 
decomposition. The SPT decomposes the image into high­
pass and low-pass components, and then the low-pass 
component is decomposed into K oriented sub-bands 
components and another lower-pass component. The 
construction of the pyramid is done by repeating recursively 
the process starting from a down-sampled image of the last 
lowest-pass component. Therefore, the multidirectional and 
multiscale contrast ctr is defined as follows: 

Where N and K are the number of levels and directions, 

respectively. Bnk (i, j), Ln (i, j) represent the sub-bands and 

low SPT luminance components, respectively. 

2.1.4. Fuzzy segmentation The fuzzy approach used for 
segmenting the mammography image is based on the 
classical fuzzy rules. Starting from the three inputs: 
luminance (Ln), Black-white (BW) and contrast ctr, one 
output s is computed. Four regions are then defined. The 
shapes of the membership functions of the inputs and the 
output variable are presented in Fig.3. The corresponding 
fuzzy rules that cover all possible combinations are: 
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If (L/1 is Low and BWis background) Then s=� 
_ 1 5 5 

If (L ' L£ d d . H' h d BW 
.

) 
Where l(i, j)=- ""im"c(i-3+k,j-3+1).Lo(k,l) (5) 

/1 IS me an clrlS 19 an IS target or 32f;;tft 
If (Ln is High and ctris High and BW is target) Then S= R2 and Lo{l, k) is low-pass fiIter. 
If (Ln is Med and ctr is Low and BW is target) Then S=R3 

If (Ln is High and ctr is Low and BW is target) Then s=� 
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(4) 

Fig. 3: Membership functions (1). (2). (3) and (4) of 

Ln, BW, ctr and s, respectively 

2.2. Fuzzy JND enhancement method 

A fuzzy adaptive just-noticeable contrast enhancement 
(F AJNDE) method is proposed. It enhances locally the 
segmented regions as obtained in the previous step 
according to the JND visibility map. 

2.2.1. Just-Noticeable Distortion The just-noticeable 
distortion JND is a saliency map correlated to the HVS 
observation. In fact, the HVS is insensitive to the intensity 
changes around a pixel below the JND threshold due to their 
spatial sensitivity and masking properties [18]. Here we use 
the spatial JND model as proposed in [19] and defined as 
follows: 

{T (i, j) 
JND(i ') = I 

,J /3+3 

ifT,(i,J) 2. TtU,J) 
(3) 

if TZ U, J) < Tt U, J) 

Where, f3 = 2.5, � (i, j) represents the visibility 

thresholds for the background luminance masking and 
T, (i, j) denotes the maximum intensity change in the SPT 

bands-pass components for a pixel (i, j) as given by: 

lI7(1- [Jc0)J + 3 
l' (' ') - VU7 

I 1, J -
_
3
_ (JU, J) -127 )+ 3 
128 

if f(i, j) "" 127 

otherwise 
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(4) 

The JND saliency model highlights the areas which are 
more attracted by the HVS. The idea is to use this map in 
order to enhance adaptively the mammography image. 
Furthermore, the highly contrasted areas are de-enhanced in 
order to make them less attractive and to attenuate their 
masking effect on subtle details. 

2.2.2. Fuzzy contrast enhancement rules The FAJNDE 

method uses two inputs s, JND and delivers an output Q. 
The shapes of membership functions of the input and output 
variables are shown in FigA. The corresponding fuzzy rules 
are: 

If (s is RI andJND is High) ThenQ=ej 

If (s is R2 andJNDis High)or If (s is R2 andJNDis Low)or 

If (sis R2) ThenQ=e2 

If (s is R3 and JND is High )orIf (s is R3 and JND is Low) 

ThenQ=e3 

If (s is R4 and is High)or If (s is R4 andJNDis Low)or 

If (sis R4) ThenQ=e4 

/l(JND) 

1.0 
Low Hi h 

Q = {0,04,07 and I} 

(2) 

Fig. 4: Membership functions (1) and (2) of JND and Q, 

respectively 

Finally, the transformed luminance Lenh is converted back 
into gray-level as follows: 

1 

im (i ,') = 
255 

[L""" (i,n )" 
ellil . , . Lnllix (7) 

The proposed method starts by segmenting the 
mammography image into four fuzzy regions, and then we 
check the number of regions obtained. If this number is two 
{the background and the healthy tissues}, the enhancement 
process would not be applied and the image is classified as a 
normal mammography image. Otherwise, the segmented 
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image is enhanced according to its JND map. Then used as 

the initial input image for the segmentation process. Again 

the number of regions is checked and the step 

enhancement/segmentation is repeated until three distinct 

segmented regions {the background, the healthy tissues and 

the affected area} are obtained. Then, this image is classified 

as a suspicious mammogram. 

This algorithm allows us, to segment, to enhance, to 

detect the region of interest and classifY the type of 

mammography. The functioning scheme of the proposed 

method is illustrated in the block diagram.l. 

3. RESULTS AND DISCUSSION 

To evaluate subjectively our iterative FACMS and 

FAJNDE methods together, a JND measure is used as a 

saliency map extracted before and after each application of 

the algorithm. The idea is to extract the saliency map in 

order to observe the evolution of the highlight areas after 

application of the F ACMS and F AJNDE methods. 

Another subjective evaluation is used by comparing the 

segmented image before and after application of both 

FACMS and FAJNDE methods. 

The MIAS database [20] is used to test our approach. It 

has 320 mammograms which are classified according to 

their features and radiologist interpretation. In the present 

paper, two mammography cases are presented in Fig.5.a 

(mdb035, Dense and normal) then Fig.6.a (mdb209, Fatty­

glandular, with calcifications malignant). For these 

examples, the luminance contrast is computed by SPT 

decomposition of the luminance image with four directions 

K={O°, 45°, 90° and 135°} and one level N=I, respectively. 

Experimentally, only three iterations are sufficient. It 

could be noticed for the mdb035 case, the enhanced process 

is not applied because after checking the number of 

segmented regions, only two regions are found (Fig.5.d). But 

for mdb211, its contrast enhanced images Fig.5.(e-h) show 

progressively the subtle details corresponding to affected 

areas. They are more better pointed out compared to the 

initial mammography image Fig 5.a. 

One can observe that the results of the fuzzy segmentation 

method Fig.5.(i-l) compared to the initial image are 

progressively matching with the "ground truth" given by the 

radiologist and mentioned with a blue circular in Fig.5.a. It 

is again more efficient than the Kmeans segmentation 

method initiated with four regions (Fig.5.e and Fig.6.e). 

Moreover the saliency maps reveal a better visibility 

Fig.5.(m-p) of the suspicious lesion in the mammography 

images after each iteration for both FACMS and F AJNDE 

methods. 
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Stretch ing process 

Gray-level to luminance conversion 

Background substraction 

Multiscale & multidirectional 

decomposition 

Contrast BW JND 
computation computation computation 

Normal 

Mammography 

Suspicious 

Mammography 

Fuzzy JNC 
Enhancement 

Luminance to gray-level image conversion 

Block diagram.! The functioning of the proposed method 
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4. CONCLUSION AND PERSPECTIVES 

This approach represents an efficiency treatment where 

the enhancement process is adjusted for each pixel 

according to their corresponding segmented region and 

visibility. This approach allows to enhance and to filter the 

noise. The obtained results confirm that the proposed 

algorithm is efficient in enhancing the subtle details and 

segmenting the mammography image making thus the 

diagnosis easier. 

As perspective, an objective quality metric of 

mammography images correlated with the subjective 

assessment of radiologist and doctor will be developed. 

This approach could be adapted to other medical images 

and especially 3D IRM images that are often difficult to 

analyse. 

Another issue to be considered in a future work is the 

optimization of the computational load. 
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(a) Original image (b) The BW mask 

(c) The result of (d) The 

applying the mask to segmentation 

(a) results with the 

proposed approach 

( e) The results of 

segmentation 

using Kmeans 

method 

Fig. 5: Simulations results of healthy case 
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(a) Original image (b) BW of (a) 

(d) The segmented ROI 

with Kmeans method 

(c) The region of 

Interest (ROI) 

(t) The enhancement of 

ROI 

(i) The enhanced 
version of (f) 

(I) The enhanced 

version of (i) 

(d) The segmentation 

results of the proposed 

approach 

(g) The segmentation 

results of (f) with the 

proposed approach 

(1 sl iteration) 

(i) The segmentation 

results of (i) with the 

proposea approach 

(2sd iteration) 

(m) The segmentation 

results of (1) with the 

proposed approach 

(3,d iteration) 

Fig. 6: Simulations results of affected case 

(e) The Vmap of (c) 

(h)The Vmap of (t) 

(k) The Vmap of (i) 

(n) The Vmap of (1) 
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