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Abstract 
 
In many cases, masses in X-ray mammograms are subtle and their detection can benefit 

from an automated system serving as a diagnostic aid. It is to this end that the authors propose in 
this paper, a new computer aided mass detection for breast cancer diagnosis. The first step focuses 
on wavelet filters enhancement which removes bright background due to dense breast tissues and 
some film artifacts while preserving features and patterns related to the masses. In the second step, 
enhanced image is computed by Entropy Maximization Thresholding (EMT) to obtain segmented 
masses. The efficiency of 98,181% is achieved by analyzing a database of 84 mammograms 
previously marked by radiologists and digitized at a pixel size of 343µmm × 343µ mm. The 
segmentation results, in terms of size of detected masses, give a relative error on mass area that is 
less than 8%. The performance of the proposed method has also been evaluated by means of the 
receiver operating-characteristics (ROC) analysis. This yielded respectively, an area (Az) of 0.9224 
and 0.9295 under the ROC curve whether enhancement step is applied or not. Furthermore, we 
observe that the EMT yields excellent segmentation results compared to those found in literature. 
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I.   Introduction 
I.1 Necessity of computer aided diagnosis (CAD) tools 
 
During 2002-2006, 95% of new cases and 97% of breast cancer deaths occurred in American 
women aged 40 and older [1]. The seriousness of the prognosis of breast cancer which is also the 
most common type of cancer to affect women in the European Union (main cause of mortality (over 
12% of deaths) between 45 and 64 years old) depends mainly on how early the diagnosis is made 
[2]. Early detection of breast cancer is essential in reducing life fatalities [3]. When lesion is 
detected before cancer cells spread into the surrounding tissue, a 5-year survival rate is 97.9 % and 
drops sharply to 81.3% and 26.1% for regionally advanced and metastatic cancer, respectively. 
Mammography plays a vital role in disease diagnosis (treatment and control) and pretherapeutic 
management. The radiological interpretation of mammograms is a difficult task because 
mammographic appearance of normal tissue is highly variable. This explains why 10-30% of 
cancers that could have been detected are not achieved.  
Manual reading is very time consuming and because of the large number of normal patients in the 
screening programs, radiologists need adequate technical know-how to diagnose symptoms of 
breast cancer especially at an early stage of development when proper treatment is adequate 
although they may miss some subtle symptoms. It has been shown that double reading, which 
includes at least two radiologists, improves the detection rate. An alternative approach is to use a 
computer to pre-screen the mammograms to eliminate obvious cases and provide some key 
information before the radiologist analyzes them. This will also reduce the manpower involved in 
double reading. It has been shown that the performance of radiologists can be increased by 
providing them with the results of CAD systems [4], [5]. Automated  methods of diagnosis 
therefore  need to be established with the aim of improving diagnostic performance by indicating 
suspicious areas, and a variety of computer based methods have been proposed to improve  the 
radiologist’s performance in searching for small, subtle, masked or infrequent abnormalities [4], [6]. 
Recently, much research has been devoted to developing reliable CAD methods [7]. A detailed 
report on the performance of CAD systems has been published [8]. Recent research on the analysis 
of digital mammograms has stimulated the development of commercial CAD systems [9]. The basic 
information for this detection are small grains called microcalcifications and nodules called masses 
(see Fig. 1) which become visible in X-ray images acquired with mammographs. 
According to the type, the shape, the size and one-dimension (1D) topology of these lesions, the 
specialist decides to continue his investigations or not. 
There are several examples in the literature of increasing lesion detection through the use of CAD 
methods [10], [11]. However, nowadays there are few practical CAD systems for clinical use 
because (a) they have not achieved sufficient performance (sensitivity and specificity); b) they have 
poor reproducibility and adaptivity, i.e. have a great variation in performance for different 
mammograms at different time and/or sites; (c) their required processing is usually not cost-
effective. 
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                          a)                                                                         b) 

Fig. 1:   Examples of mammograms. 
                  (a) arrows indicate mass area;            (b) arrows indicate microcalcifications area. 

 
 
I.2 Previous works  
 
Many CAD methods are based on global multi-resolution analysis and local thresholding, 
difference image techniques, statistical approaches, neural networks, fuzzy logic, wavelet 
transforms and related techniques [12], [13], [14]. 
In [15] a uniform thresholding in a shift invariant expansion (dubbed translation invariant) built by 
Coifman and Donoho eliminates some unpleasant artifacts introduced by modification of the 
orthogonal wavelet expansion coefficients. P. Delogu et al. [16] built a CAD system for mass 
characterization. This is mainly on a segmentation gradient-based algorithm and on the neural 
classification of several features computed on the segmented mass. The value Az= 0.805±0.030 is 
achieved for the whole database, according to the correctly segmented masses [16]. Chan et al. [17], 
Davies et al. [18], and Karssemeijer [19], [20] amongst many others, have focused on 
microcalcifications. Kimme et al. [21], Giger et al. [22] and Miller et al. [23] have addressed 
asymmetry studies.  
Not so many works have been done or published in the identification of regular masses and stellate 
lesions. The study of Eltonsy et al. [24] investigates the significance of wavelet-based and MPEG-7 
homogeneous textural features in an attempt to improve the specificity of an in-house CAD system 
for the detection of masses in screening mammograms. The detection scheme presented relies on 
the concept of morphologic concentric layer analysis to identify suspicious locations in a 
mammogram. In the specific case of the detection of stellate lesions, Kegelmeyer [25], [26] uses 
Laws masks as a mechanism for detecting architectural distortions caused predominantly by the 
ductal patterns of the mammogram. Mudigonda et al. [27] propose the method for detection of 
masses in mammographic images that employs Gaussian smoothing and subsampling operations as 
preprocessing steps. The mass portions are segmented by establishing intensity links from the 
central portions of masses into the surrounding areas.  Pohlman et al. [28] used a region growing 
algorithm for tumour segmentation, and morphological features extracted from the segmented 
masses for classification. Kom et al. [29] developed a CAD scheme for breast masses detection in 
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which the local contrast of each pixel is first modified by a linear transformation filter in order to 
enhance the original image. The localization of suspicious masses is then done using a local 
adaptive thresholding technique. A region growing technique was implemented in the mass 
segmentation and two different neural networks were adopted in the classification by Kinnard et al. 
[30].  A method for computer-aided detection of mammographic masses based on content-based 
image retrieval is proposed and a prototype CAD system is presented by Jin et al. [31].                                                                
This paper addresses the first two problems described above (in I-1°) in mass detection aiming for 
improving its performance and robustness by making the CAD method adaptive and more 
generalizable. 
 
II. Basic information for diagnosis 

 
Variable application of the mammograph and also the type of patient may yield different imaging 
contrast (that depends strongly on the “aspect” of the background texture of breast tissue). The 
detection algorithms must be robust to address these variations. 
In studying mammograms, specific features are sought in routine examination as common 
indicators of malignancy [32] such as masses (of approximate regular spherical or stellate shape), 
microcalcification clusters and asymmetry between breasts. The low photographic density areas (as 
first candidates of masses) are detected with the help of a thresholding technique. This is because 
masses are assumed to be circular patterns that appear as white regions on mammograms. 
 
III.    Proposed computer-aided-detection system 
 
The Key element is the method of pinpointing suspicious regions. This paper presents a new 
algorithm (that operates in two phases), based on detecting masses as indicators of lesions.   
It shows the enhancement of mammograms using a biorthogonal wavelet decomposition filter. It 
further shows the detection of masses by entropy maximization thresholding.  All these are 
examined in the following section. 
 
III.1   General detection procedure scheme  
 
Figure 2 shows the CAD module (KOM-TIEDEU 1(KT1) algorithm) for mass detection. Here the 
scanning of clinical screen films lead to a digitize mammogram. The digitized mammograms may 
differ from each other due to the differences in film resources and digitizers. The variation of 
imaging procedure and characteristics of digitizer are also a contributing factor. To reduce the 
influence of non breast signals on mass detection, the digitized mammograms are “standardized” by 
a series of pre-processing of  breast area extraction; removal of Be-Be mark, noise suppression and 
image intensity normalisation. 
 
III.2 Enhancement by wavelet filters (WFs) 
 
Filtering is a technique that modifies or enhances an image. For example, an image can be filtered 
to emphasize certain features or remove other features. It is also a neighbourhood operation in 
which the value of any pixel in the output image is determined by applying some algorithms to the 
values of the pixels in the neighbourhood of corresponding input pixel. This paper uses the 
technique with wavelet filters.  
 
III.2.1 Construction of wavelet filters 
 
From a theoretical point, wavelets are used to characterize large sets of mathematical functions and 
are used in the study of operators linked to partial differential equations. From a practical view 
point, wavelets are used in several fields of numerical analysis, making certain complex 
calculations easier to handle or more precise. 
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Fig. 2: The CAD module ((KT1 algorithm) for mass detection. 
 
The continuous wavelet transform is a time-frequency decomposition which uses a basis of 
functions known as wavelets. The wavelet coefficients at the scale “s” in the transform are found by 
convolving the measured signal with each of the wavelets and are calculated most efficiently in the 
Fourier domain. 
 

C(w,s) = ê(w)φ*(sw)                                                                           (1) 
 

Here C, ê and $ϕ  are Fourier transforms of the wavelet coefficients C (t, s), the measured signal e (t) 
and the wavelet ϕ  at the scale “s”, respectively. The asterisk denotes complex conjugation. The 

family of wavelets $ ( )swϕ  are gener ated from a single characteristic mother wavelet ( )0 wϕ over a 

range of scales s chosen so that  $ ( )swϕ  span the Fourier transform of the signal and thus provide a 

Original X-ray mammography 

Digitization with a scanner 

Digitized mammogram 

Convolution with 
Decomposition high pass 

Wavelet filter 
 

Convolution with 
Decomposition low pass 

Wavelet filter 
 

Convolved Image 1 Convolved Image 2 

 Substraction 

Enhanced Image 

Entropy Maximization       
Thresholding 

Binary Image 

Noise Suppression 

Detected suspicious masses 

Difference Image 

Conversion of the result image  



6 
 

basis for T(w). The scales are often assigned to powers of 2 which is known as octave 
decomposition. The Fourier domain representation of time-varying filter is more complex and the 
reader is referred to [33] for details. 
For a minimal requirement on wavelet properties, it is easy to build a new wavelet but not very 
interesting except if it is adapted to a specific task. For example, we can obtain wavelets adapted to 
a given pattern, which can then be used for accurate pattern detection. For some applications you 
may not be able to find a suitable wavelet among the usual ones widely available. In this case, you 
can design a new wavelet adapted to the problem to be solved or the task to be processed. 
Designing new wavelets that are well suited for the discrete wavelet transform (DWT) is more 
delicate and, until recently, was exclusively a topic for wavelet specialists. The lifting method 
proposed by Sweldens [34] facilitates this kind of construction. It allows you to generate an infinite 
number of discrete biorthogonal wavelets starting from an initial one. The DWT is defined by four 
filters as described in the fast wavelet transform (FWT) algorithm.  
Two main properties of interest are: 

- The perfect reconstruction property 
- The link “True” wavelet (how to generate, starting from the filters, orthogonal or 

biorthogonal bases of the space of function of finite energy). 
To illustrate the perfect reconstruction property, the following filter bank contains two 
decomposition filters ah , ag and two reconstruction filters sh , sg . 

 
 

 
 
 
 
 

 
 
 
 

 
 
 

Fig. 3: Filter bank implementations of two-dimensional wavelet transform. 
 
The symbol ( )2↓  stands for down-sampling by 2; removing the odd-numbered samples.  

The symbol ( )2↑   stands for up-sampling by 2; inserting zeros between samples  
 
The perfect reconstruction property can be expressed by the quality es =  (up to an eventual 

shift or delay) where the two signals s and e are defined in Fig. 3. 
For many signals, the low frequency contains the most important part. It is what gives the signal its 
identity. The high frequency contains, on other hand, nuances. Consider the human voice, if you 
remove the high frequency components, the voice sounds different, but you can still tell what’s 
being said. However, if you remove enough of the low frequency components, you hear gibberish in 
the wavelet analysis. We often speak of approximation and details. The approximations are the high 
scale low frequency component of the signal. The details are the low scale high frequency 
components. Notice that the details coefficients (CD) are small and consist mainly of a high 
frequency noise while the approximation coefficients (CA) contain much less noise than does the 
original signal. 
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III.2.2    Implementation in mammography 
 
The filtering process in wavelet decomposition is implemented by convolving the signal with a 
filter. Down-sampling and up-sampling are normally re-employed in the forward and inverse 
wavelet transforms, respectively. In our work, however, we maintain full resolution throughout the 
sub-band, decomposition for two reasons. First, from the point of view of a human observer it helps 
to display the sub-bands at full resolution. Second, it is easier to combine the detected pixels from 
each sub-band when they are at the same resolution. The implementation of a filter bank is shown in 
Fig. 3. 
We can find in the literature [35], [36], [37] many families of wavelet (Daubechies, Coifflets, 
Symlets, Meyer, Biorthogonal etc…) built by specialists. We can see in table 1 below a sample of 
decomposition and reconstruction filter coefficients of biorthogonal wavelet basis we have used in 
the enhancement section. 
 

Table 1: Sample of wavelet decomposition and reconstruction filter coefficients (Biorthogonal). 

 
 
III.2.3    Enhancement algorithm based on convolution with wavelet filters 
 
The algorithm is implemented by convolving a digitized mammogram with, respectively, a high 
pass filter and a low pass filter which constitutes a particular wavelet decomposition filter. Steps of 
the algorithm are described as follows: 
Step 1: Load a mammogram. 
Step 2: Load a particular wavelet decomposition filter which gives two vectors: one containing 
coefficient for a high pass filter and the other, coefficients of a low pass filter. 
Step 3:  Convolve the original image respectively with the low pass filter and the high pass filter 
loading in step 2. 
Step 4: Find the difference between the two images obtained in step 3 to obtain an enhanced image. 
 
An example can be seen on the mammogram in Fig. 4. In the original image, the enhancement filter 
highlights the lesion and other dense adipose tissue from the rest of the parenchymal background. 
 
III.3   Entropy maximization thresholding 
 
In the localization of small mass regions in digital mammograms, it is essential that the expertise 
and experiences of the radiologists be incorporated into computer visualisation processes for 
improvements in segmentation accuracy. The problem we want to solve is to detect lesions in 
mammogram images which appear as small bright, spot-like protrusions in the breast tissue. These 
lesions represent small areas in the image (8 to 9%). A method suitable for such situations is 
thresholding by entropy maximization. 
 

 
 
Bior1.3 

ah  0 0 -0.7071  0.7071 0 0 

ag  -0.0884 0.0884 0.7071 0.7071 0.0884 -0.0884 

sh  -0.0884 -0.0884 0.7071 -0.7071 0.0884 0.0884 

sg  0 0 0.7071  0.7071 0 0 

 
 
Bior2.2 

ah  0 0.3536 -0.7071 0.3536 0 0 

ag  0 -0.1768 0.3536 1.0607 0.3536 -0.1768 

sh  0 0.1768 0.3536 -1.0607 0.3536 0.1768 

sg  0 0.3536 0.7071 0.3536 0 0 
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Fig. 4: An example of a mammogram on left and enhancement result on right. 

NB: Images are manually rescaled for better display. 
 

 
III.3.1  Basics on entropy maximization 
 
An image is characterized by its intensity distribution, which corresponds to the observation of an 
object distribution through an optical system. Maximum entropy generally furnishes solutions with 
many artifacts [38], [39] for aperture synthesis, mainly because of the presence of point-like sources 
in astronomical images.  
The algorithm of maximization [40] is a popular global thresholding technique. In this technique, 
two class problems are handled: one have typically a class with many candidates (background 
pixels in our case) and a class with a few candidates (mass pixels).  
Let 1C  and 2C  be classes of grey level in the original mammogram. Then the entropy of the image 
is evaluated by the following equation: 
 

( ) ( ) ( )21 CHCHTH +=                                                                      ( )2    
 
Here T is a variable representing pixel intensity, ranging between 0 and N. (Here, 255=N ),                                      

)( 1CH and )( 2CH  are the entropies of class 1C  and 2C  respectively, given by the relations: 
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Here “i ” is grey level index ranging between 0 and N, 
1C

Pi and 
2C

Pi  are probabilities of the grey 

level i  in the class 1C and class 2C , respectively. 
The value of T, which gives the maximal entropy, is defined as threshold. The logarithm function in 
relation (3) and (4) improve classes that frequency of apparition low. 
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III.3.2   Entropy maximization thresholding algorit hm 
 
Step 1: We build a histogram of image to segment. This gives grey level values within the range 0 
to N. 
Step 2: We group the grey level of the image into 2 classes with a threshold T chosen arbitrarily 
among pixels of our histogram. 
Step 3: We calculate the entropy ( )TH  of   the image for T varying from 0 to N. 

Step 4: We identify the value of  T  from which ( )TH is maximum as the threshold “s”. 
Step 5: According to the condition  si >  pixels are grouped into two groups which lead us to a 
binary image with suspicious masses. 
 
IV.    Results 
IV.1 Image database 
 
Mammograms used in the following experiments are X-ray radiography images provided by the 
radiology unit of Yaounde Gynaeco–Obstetric and Paediatric Hospital (YGOPH) in Cameroon. 
The databases consist of cranio-caudal and medio-lateral images which contained sometimes one or 
several masses marked by experienced radiologists.  The mammograms were selected from 
patient’s files based on visual criteria. The X-rays images were recorded with a kodak MXB film 
100/NIF/30 × 40 cm screen /film combination using analogic mammography equipment “GE 
SENO BUCKY 8 × 2y s/DAF 66”. These mammograms were digitized from a film using a high 
quality Acer 640 BT scanner operating at spatial resolution of 300 dpi × 300 dpi with 8 bits per 
pixel, with a sampling aperture of 85 µm in diameter and 12 pixels/mm sampling rate. An example 
of a mammogram and its detection result is shown in Fig. 5.  

image fi image filtrée avec le filtre médian

      
                       (a)                                  (b)                                (c)                                 (d) 

Fig. 5: Result of segmentation procedure. 
(a) Original image which includes mass; (b), (c) and (d) Result of ROIs segmented with CAD system 
 
We carried out an evaluation of EMT algorithm (KT1) we built in terms of:   
• its capacity to detect all masses,  
• its capacity to maintain the size of detected masses.  
We compared the size of detected masses marked by radiologists with those found by our 
algorithm. We carried out this comparison study in the case when enhancement step is not applied 
and when the enhancement step is included in the process. This led to the evaluation of the 
importance of the enhancement step. 
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IV.2 Mass detection ability  
IV.2.1 In terms of number of masses detected 
 
The data set in this study included 84 mammograms. The 84 mammograms contained 56 masses 
determined visually by a team of radiologists in mammography interpretation. The mammograms 
used in this research were divided into sets. The first set, named training database with 21 
mammograms, contains 6 normal mammograms and 15 abnormal mammograms with 17 masses. 
This database was used to train our algorithm in order to identify the wavelets families which lead 
us to the best enhancement and therefore to the best threshold which gives the perfect segmentation 
of the mass. It is also used to select the best iteration to stop automatically our program in order to 
have the best segmentation. In this way, we noticed that with all orders of Daubechies wavelets, 
Coifflets wavelets, Discrete Meyer wavelets and Symlets wavelets, the enhancement algorithm does 
not change significantly an original mammogram. But the use of biorthogonal wavelets (bior1.3, 
bior1.5, bior3.1, bior3.3 …etc and bior2.2, bior2.4 …etc.) gives satisfactory results with the best 
contrast between the surrounding background and regions of interest that highlights masses. The 
second set named testing database, generated independently, consisting of 34 normal images and 29 
abnormal images with 39 masses, was used to test the overall detection procedure. Table 2 below 
recapitulates figures of detection results for both sets whether enhancement step is applied or not. 
An image can contain one or more masses (positives) or no mass at all (negative), and a decision for 
a detection result, can either be correct (true) or incorrect (false). A decision for detection result, 
therefore, will be one of four possible categories: true positive (TP), true negative (TN), false 
positive (FP), false negative (FN). FN and FP are two kinds of errors. A FN error implies that a true 
mass was not detected and FP error occurs when a region which is not a true mass is labelled as a 
mass. A TP decision is a correct judgement of an actual mass, and a TN decision means a region 
that does not correspond to a mass was correctly labelled. We have the following standard 
definitions:   

Sensitivity: TP/(TP+FN)                                                                     (5) 
 

Specificity: TN/(TN+ FP)                                                                   (6) 
 

Table 2: Number of suspicious mass regions in each data set. 
 

         *: Algorithm 1 of   KOM-TIEDEU                                                             **: Wavelet Filters (Enhancement step) 
 

 With   WFs** Without WFs**  

 Trai-
ning 
Data-
base 

Testing 
 
Data-
base 

Overall  
 
Data-
base 

Trai-
ning 
Data-
base 

Testing 
 
Data-
base 

Overall  
 
Data-
base 

Number of images 21 63 84 21 63 84 

TP 17 37 54 17 36 53 

FP 2 1 3 3 2 5 

TN 3 41 44 2 41 43 

FN 0 1 1 1 2 3 

Diagnostic of the 2D Tool : 
Number of masses detected 
by  par   KT1* 

19 38 57 20 38 58 

Radiologists diagnostic : 
Number of masses marked 

17 39 56 17 39 56 

Sensitivity  ( %) 100 97,368 98,181 94,444 94,736 94,642 

Specificity (%) 60 97,619 93,617 40 95,348 89,583 
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Sensitivity and Specificity are respectively the aptitude to detect mass and the aptitude to not detect 
mass when there is none effectively. They are computed according to the formulas below. 
Table 2 recapitulates the detection ability of our detection approach concerning the number of 
detected masses TP (true positives), FP (false positives), FN (false negatives) and TN (True 
negatives). 
The mass detection system is first evaluated with the training database. We found with this data set 
a sensitivity of 100%.  It is then tested independently using the testing database. A good 
generalization performance was obtained with a sensitivity of 98,181% and specificity of 93,617%.  
From this table, for each database, we see the increase of sensitivity when enhancement step is 
applied or not (Fig. 6). This shows the influence of wavelet filters on the detection procedure. We 
also notice that, with the enhancement step, we obtained a fewer number of   FP and FN.  

                                                       

Detection ability of proposed system (KT1*)

88

90

92

94

96

98

100

102

With WFs without WFs

S
en

si
ti

vi
ty

 (
%

)

Training Dataset

Testing Dataset

Overall dataset

 
Fig.  6: Detection ability of proposed system (KT1*) for each database 

(With and Without Wavelet Filters (WFs)). 
 
IV.2.2 In terms of size maintain by a mass detected 
 
Areas of masses detected by the proposed method were compared to those marked by radiologists 
throughout table 3 (without WFs) and table 4 (with WFs). 
 

Table 3: Comparison of masses’ areas (Without WFs). 
                                                                            

Mammo-
graphy  
Pi of    
patient i 

N ° of 
 
Detec- 
ted 
mass 
  

Area 
 Of 
 Mass 
 Marked 
 by radio 
logist :SR 

(in    cm²) 
  

Area  
of mass 
 detec- 
ted by  
 par   
KT1* :SA 

(in    cm²) 

Relative 
 error 
 on  
mass  
area : 
 
(in  %) 

    
P1 
  

1 8,382 7,671 8,482 

2 5,911 5,261 10,996 

3 11,777 10,483 10,987 

P2 1 12,133 11,012 9,239 

  
  
P3 
  

1 5,884 5,194 11,726 

2 6,7 5,803 13,388 

3 7,333 6,296 14,141 

4 Not 
marked 2,563 

 

P4 1 11,04 9,955 9,827 

  
P5 
  

1 2,118 1,69 20,207 

2 6,306 5,643 10,513 

3 5,15 4,061 21,145 

  
P6 

1 2,123 1,876 11,634 

2 3,592 3,158 12,082 

  
P7 
  

1 3,375 2,988 11,466 

2 3,736 3,279 12,232 

3 4,472 3,634 18,738 

P8 1 20,491 18,067 11,829 

P9 None    

P10 None      

 P11 None     

P12 None      

P13 None      

SS/∆



12 
 

  
P14 
  

1 6,766 5,321 21,356 

2 11,175 9,67 13,467 

3 10,835 9,183 15,246 

P15 1 18,435 16,009 13,159 

P16 1 7,14 8,2164 15,0756 

P17 None      

P18 None      

P19 1 9,46 7,896 16,532 

P20 1 3,72 2,98 19,892 

P21 1 4,75 4,364 8,126 

P22 1 5,413 4,333 19,951 

P23 1 15,471 13,825 10,639 

P24 1 6,355 4,934 22,360 

P25 1 4,122 3,413 17,200 

P26 1 12,835 10,959 14,616 

P27 1 Not 
marked 3,311 

 

P28 None      

  
P29 

1 5,924 4,546 23,261 

2 6,51 5,126 21,259 

P30 1 7,276 5,962 18,059 

  
P31 

1 7,768 6,227 19,837 

2 24,977 22,233 10,986 

P32 None      

  
P33 

1 7,506 6,246 16,786 

2 6,48 5,191 19,891 

P34 None      

P35 None      

P36 None      

P37 None      

P38 1 8,734 7,813 10,544 

P39 None      

P40 None      

P41 1 10,135 8,717 13,991 

P42 None      

P43 None      

P44 1 4,743 Not 
detected 

 

P45 1  Not 
marked  2,177 

 

P46 None      

P47 1 6,63 5,387 18,748 

P48 None      

P49 None      

P50 None      

P51 1 3,876 3,212 17,131 

P52 None      

P53 1 10,764 9,064 15,793 

P54 1 10,287 8,866 13,813 

  
P55 

1 7,656 6,503 15,060 

2 9,738 8,431 13,421 

P56 None      

P57 None      

P58 None      

P59 None      

  
P60 

1 7,108 6,076 14,518 

2 5,825 4,574 21,476 

P61 1 11,44 10,361 9,431 

P62 1 22,48 20,006 11,005 

P63 None    

P64 1 
12,36 

Not 
detcted 

 

P65 None      

P66 None      

P67 None      

P68 None    

P69 None      

P70 1 Not 
marked   4.236 

 

P71 None    

P72 None      

P73 1 15,38 13,892 9,674 

2 16,54 14,732 10,931 

P74 None      

P75 None      

P76 None      

P77 1  Not 
marked 

 5,852  

P78 None      

P79 None      

P80 None      

P81 none    

P82 None      

P83 1 8,334 7,47 10,367 

P84 None      
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Table 4: Comparison of masses’ areas (With WFs). 
 
Mammo- 
Graphy 
 Pi of    
patient i 

N °  
of  
Detec- 
ted 
mass 
  

Area 
 of  mass  
Marked 
 by radio- 
logist :SR 

(in    cm²) 
  

Area  
of  mass 
 Detec- 
ted by  
 KT1* : 
SA 

(in    cm²) 

Relative  
error  
on  
mass  
area : 
 
(in  %) 

  
P1 
  

1 8,382 7,971 4,9034 

2 5,911 5,882 0,4906 

3 11,777 11,252 4,4578 

P2 1 12,133 11,753 3,1320 

  
  
P3 
  

1 5,884 5,66 3,8069 

2 6,7 6,56 2,0896 

3 7,333 7,301 0,4364 

4 Not 
marked 1,958 

  

P4 1 11,04 10,987 0,4801 

  
P5 
  

1 2,118 2,2544 6,4400 

2 6,306 6,134 2,7276 

3 5,15 4,943 4,0194 

  
P6 

1 2,123 2,091 1,5073 

2 3,592 3,426 4,6214 

  
P7 
  

1 3,375  3,412  1,0963 

2 3,736 3,588 3,9615 

3 4,472 4,421 1,1404 

P8 1 20,491 19,482 4,9241 

P9 1 Not 
marked 2,386 

  

P10 None       

P11 None       

P12 None       

P13 None       

  
P14 
  

1 6,766 6,423 5,0695 

2 11,175 10,964 1,8881 

3 10,835 10,33 4,6608 

P15 1 18,435 18,303 0,7160 

P16 1 7,14 6.891 3,4874 

P17 None       

P18 None       

P19 1 9,46 9,032 4,5243 

P20 1 3,72 3,701 0,5108 

P21 1 4,75 4,772 0,4632 

P22 1 5,413 5,406 0,1293 

P23 1 15,471 15,14 2,1395 

P24 1 6,355 6,081 4,3116 

P25 1 4,122 3,934 4,5609 

P26 1 12,835 12,056 6,0693 

P27 None       

P28 None       

  1 5,924 5,529 6,6678 

P29 2 6,51 6,222 4,4240 

P30 1 7,276 7,161 1,5805 

  
P31 

1 7,768 7,364 5,2008 

2 24,977 23,318 6,6421 

P32 None       

  
P33 

1 7,506 7,345 2,1450 

2 6,48 6,237 3,7500 

P34 None       

P35 None       

P36 None       

P37 None       

P38 1 8,734 8,808 0,8473 

P39 None       

P40 None       

P41 1 10,135 9,822 3,0883 

P42 None       

P43 None       

P44 1 
4,743 

Not 
detected 

  

P45 None       

P46 None       

P47 1 6,63 6,455 2,6395 

P48 None       

P49 None       

P50 None       

P51 1 3,876 3,742 3,4572 

P52 None       

P53 1 10,764 10,156 5,6485 

P54 1 10,287 9,974 3,0427 

  
P55 

1 7,656 7,569 1,1364 

2 9,738 9,268 4,8265 

P56 None       

P57 None       

P58 None       

P59 None       

  
P60 

1 7,108 6,879 3,2217 

2 5,825 5,486 5,8197 

P61 1 11,44 11,391 0,4283 

P62 1 22,48 21,11 6,0943 

P63 None      

P64 1 12,36 12,062 2,4110 

P65 None       

P66 None       

P67 None       

P68 None    

P69 None       

P70 1 Not 
marked   3,869 

  

P71 None       

P72 None       

SS/∆
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P73 1 15,38 15,092 1,8726 

2 16,54 15,897 3,8875 

P74 None       

P75 None       

P76 None       

P77 None       

P78 None       

P79 None       

P80 None       

P81 None    

P82 None       

P83 1 8,334 7,844 5,8795 

P84 None       

 
 

 
In order to compare the area of masses marked by the radiologist with those detected by our 
algorithm, we sketched the histograms giving the number of masses according to relative 
error on mass areas (see Fig. 7 and Fig. 8). 
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Fig. 7: Relative error on masses’ surfaces (Without Wavelets Filters). 
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Fig. 8: Relative error on masses’ surfaces (With Wavelets Filters). 
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On the histograms below we notice that, without enhancement step applied on EMT 
algorithm, relative error is always higher than 8% and reached the level of 24% (see Fig. 7). 
On the other hand 8% is the superior limit when wavelet filters (enhancement step) is a part of 
the segmentation process (see Fig. 8). Observations on   Fig. 7 and Fig. 8 lead us to the 
conclusion that the enhancement step increases the precision in the detection of masses. The 
efficiency of the new algorithm we built also being pointing out according to the fact that, 
almost all the masses are still detected without enhancement step applied. 
 
IV.3   System performance 
IV.3.1 Computation of ROC curve 
 
The comparison of the CAD method was made by computing the ROC (Receiver Operating 
Characteristic) analysis. The ROC curves were generated by varying the output threshold 
level. ROC analysis is based on statistical theory decision [41]. The scale of test measure can 
be binary, giving way to a positive and negative verdict which greatly facilitates the 
interpretation. But for most cases in real processes, things are not clearly defined. The 
distinction between positive and negative in a segmentation result is sometimes artificial 
because it is not always easy to confirm that a mammogram has a mass or not. When the 
result of this test is categorical or continuous, a break point must be found which is used as a 
decision threshold. The ROC curves of discrimination between mass and normal tissue 
regions with size feature are generated by setting different discriminating thresholds.  
After bright regions were segmented on the image, the size criterion was used to determine 
whether the region corresponds to a mass or not. We obtained a total of 93 bright regions of 
interest (ROIs) that contained a range of obvious to subtle masses. 
Knowing that a mass significant for diagnosis has a size between 3mm and 50mm  [42] and 
taking into account that those boundaries are somehow not always certain, we divided this 
range into smaller intervals with attributes (1) through (5). 
 
(1): Definitely normal                              size < 2mm or size >60 mm 
(2): Probably normal                                50 mm < size<60 mm  
(3): Uncertain                                             2 mm<size < 10 mm or 40 mm<size <50 mm  
(4): Probably abnormal                            10 mm<size < 20 mm or 35 mm<size <40 mm 
(5): Definitely abnormal                          20 mm < size< 35 mm 
 
The real status for each ROI (bright region) is given by radiologists (biopsy proven) it is 
either a mass (class1) or not a mass (class2). Hence we found classification tables of detected 
ROIs according to scale (1) through (5) for each database from which we computed pairs of 
sensitivity (TPF: True Positive Fraction) and “1-specificity” (FPF: False Positive Fraction). 
From values of TPF and FPF, ROC-curves that are plotted are given in Fig. 9 and Fig. 10. 
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Fig.  9: Result of ROC curves analysis showing performance of databases 

(With Wavelets Filters). 
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Fig. 10: Result of ROC curves analysis showing performance of databases 

(Without Wavelet Filters). 
 
ROC curves (Fig. 9 and Fig. 10) show that, at the low specificity levels the two schemes (with 
or without enhancement) have a similar performance. No significant difference is found 
between the two schemes when the false positive rates are lower than 5%. At the higher 
specificity level levels, however, the scheme with enhancement step performs better than the 
one without the preprocessing. 
Therefore, there is not much difference in Az value for the ROC curves with or without 
enhancement step. We can see in the legend section in Fig.9 and Fig.10 where their Az values 
increased from example, for the overall database, from 0.9224 to 0.9295 when the 
preprocessing step is absent or not. 
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IV.3.2   Complexity of our algorithm  
 
Operations on the images shown above are costly in computing time, as they are applied to 
each pixel, one by one. Therefore it is obvious that the higher the resolution of the image, the 
higher the number of pixels, and thus more computing time will be required. However, there 
are differences between the application of a filter, a loop, etc. and a basic operation 
(arithmetic, assignation, control statements, etc.).  
An algorithm is considered good, not only  if it answers correctly to the problem to be solved, 
but also if it is faster (execution time or number of operations performed by the algorithm) 
and does not use too much  memory (memory size or size needed to store different data 
structures for execution).  
Hence we introduce the use of terms time complexity to evaluate what will be the fastness in 
computing time of an algorithm based on one or more parameters or dependent on input data 
and spatial complexity to evaluate the memory space that will require an algorithm according 
to some parameters. But today the memory is no longer a restricting parameter, although the 
price of RAM (Random Access Memory) has dropped dramatically in the last twenty years 
(furthermore, virtual memory is another answer to this problem).  
 Whatever the measure chosen, it is clear that the quality of the algorithm is not absolute but 
depends on the input data. The efficiency measures are functions of entry data. The 
algorithmic complexity is used to measure the performance of an algorithm.  
The complexity analysis is usually done either in the best case (where the data are most 
favorable for the problem: number of elementary operations minimum) or in the worst case 
(where the data are the most ill-disposed for the problem: number of elementary operations 
maximum).  
For our work presented above, we evaluated the execution time in the worst case because it is 
an upper bound of the execution time of any entry of a given size. We therefore guarantee that 
the algorithm will never take longer than the worst case for an instance of the same size. 
 After applying all the rules of customary calculation of the complexity [43], [44] we found 
that our main algorithm (including all sub algorithms which we have alluded to above) has a 
quadratic complexity O (n×m) where n and m are the dimensions (width and height) of 
images we used (here, 575×375). This result, compared to the characteristics of low-end 
computers currently available (Pentium I, II, III, IV, etc.), shows that our algorithm is 
efficient even though the execution time is relatively  low.  
 
IV.4 Comparison with literature and discussion  
 
We developed a CAD system for the detection of mammographic masses with the aim of 
supporting radiologists in the visual diagnosis of mass. Several expert systems with a similar 
purpose have been recently discussed in the literature.  
The mass detection algorithm built by Mudigonda et al. [27] could detect all the 13 malignant 
tumors in their database successfully, but achieved a success rate of only 63% in detecting the 
benign masses. The morphologic concentric layer detection scheme developed by Eltonsy et 
al.  [24], achieved 93% mass detection rate with 4.8 FPs/image. The experiment results 
showed that the system proposed by Jin et al. [31] can achieve a ROC area index AZ =0.84 for 
detection of mammographic masses. In the paper by Timp and Karssemeijer [45] the 
influence of the segmentation method on the performance of a CAD system was investigated, 
obtaining Az=0.74, 0.72 and 0.67 for segmentation based on dynamic programming, on the 
discrete contour model and on region growing, respectively. Christoyianni et al. [46] 
extensive experiments in MIAS (Mammographic Image Analysis Society) database achieved 
a recognition accuracy of 88.23% for the detection of all kinds of abnormalities on breast 
which outperforms standard textural features, widely used for cancer detection in 
mammograms. Sahiner et al. [47] discussed the effect of mass segmentation on 
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characterization: texture, morphological and spiculation features were extracted from masses 
segmented by a computerized technique and by the radiologist, obtaining Az =0.89 and 0.88, 
respectively. The performance of CAD methods for retrospective case studies, for either mass 
or microcalcifications cluster detection has been shown to depend on the size of image data 
used for testing the CAD method [48]. An advantage of our approach compared to some 
recent publications is that, the mass detection method proposed in this study is applicable to 
all types of masses (spiculated and non spiculated masses, stellar and non stellar masses, 
rounded masses) and independent of the size of image data. The performances it reaches are 
in the same range of most of the previously reported results. Compared to previously reported 
CAD methods, a significant improvement is made in the sensitivity of detection and reduction 
of the FP detection rate. The number of FP per image increased from 0.036 with enhancement 
step to 0.059 without enhancement step; however the number of FN per image increased to 
0.012 with enhancement step to 0.036 without enhancement step. Our experimental results 
above showed that the system achieves a ROC area index (AZ =0.9295 or 0.9224) for 
detection of mammographic masses, which is better than the best results achieved by the other 
known mass CAD systems. One of the major causes of missing mass detection is due to the 
location of masses on boundary, the extremely small size (< 2mm) and the lower contrast. The 
new CAD method for mass detection we developed has the following particularities: 

- The segmentation of suspicious regions is adapted to accommodate different 
characteristics of masses and mammograms. 

- The method used combined “hard” and “soft” decision making in discriminating 
between mass and normal tissue regions. 

- Some tumours in this diagnostic database were more subtle and difficult to detect.  
 

V.  Conclusion and perspectives  
 

We have proposed a computer system devised to support a radiologist in a small field digital 
mammography for breast cancer detection. 
We focused on the detection of masses. The proposed algorithm operates in several phases. 
First the contrast of the whole mammogram is enhanced with wavelet filters. The 
enhancement process is based on convolution with wavelet filters. Then follows the 
segmentation of the enhanced image with the EMT system we built. Finally, the regions of 
interest detected pass through a noise suppression filter and give detected suspicious masses. 
As a result, a good generalization performance was obtained with a sensitivity of 98.181% 
and a specificity of 93.617%. The computation of ROC curves, show that, according to the 
overall database, Az values increase from 0.9224 to 0.9295 whether the preprocessing step    
(enhan-cement by wavelets filters) is absent or not. 
Compared to the radiologist point of view, their results show that the system introduces an 
improvement in breast cancer detection. A significant improvement in the sensitivity of 
detection and a reduction of FP detection rate was obtained by comparing the EMT system to 
previously reported CAD methods. 
With the ultimate goal of discriminating benignancy from malignancy, further research work 
will be needed so that CAD can be an integrated and clinically useful application. 
 
VI. Summary 

 
A new CAD module for breast masses detection has been developed and integrated as a part 
of a tool to diagnose cancer on mammography. The great variability of the appearance of 
masses is the main obstacle for building a mass detection method. The aim of this work is to 
merge the knowledge and experience of radiologists in the field of reading and interpretating 
mammograms with the automated mass detection system we have built. Original images are 
first enhanced by wavelet-based filters. The resultant image is then segmented using an 
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entropy maximization thresholding (EMT) algorithm. As a result, over 84 mammograms on 
which masses had been previously marked by experienced radiologists, a good generalization 
performance was obtained with a sensitivity of 98.181% and a specificity of 93.617%. The 
computation of ROC curves show that according to the overall database, Az values increased 
from 0.9224 to 0.9295 when the preprocessing step (enhancement by wavelets filters) is 
absent or not. 
A significant improvement in the sensitivity of detection and reduction of FP detection rate 
was obtained by comparing EMT system to previously reported CAD methods. 
Compared to the radiologist point of view, their results show that the system introduces an 
improvement in breast cancer detection. 
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