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Abstract: Spiculated margins indicate a high risk of malignancy for breast cancer. Detection accuracy of current 

computerized diagnostic systems Computer Aided Detections (CADs) for spiculated margins is not high due to the existence of 

intensity heterogeneities, often subtle and varied in appearance. This paper presents an automatic system for Accurately 

Detection of Spiculated Margins (ADSM) by measuring its physical properties. In proposed system, a pre-processing step is 

performed to suppress background noise and enhance contrast. Spiculated margins are then segmented by a Maximum Fuzzy 

Entropy Partitioning (MFEP) algorithm whose parameters are optimized using the Quantum Genetic Algorithm (QGA). 

Afterwards, the characterization of spicule regions is completed using morphological operators, Steerable-Ridge-Filtering 

(SRF) and quantification of physical properties. A data set of 220 mammogram masses was used to evaluate the proposed 

system. Experimental results indicate that the ADSM system achieves a high accuracy level of Area Under the receiver 

operating characteristics Curve (AUC): 0.875 compared to state-of-art systems. By integrating the ADSM system, the 

performance of CADs could potentially be improved. 
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1. Introduction 

The American Cancer Society reported that 39, 620 
[23] women were died due to breast cancer and 232, 
340 new cases were diagnosed in the year of 2013. 
After lung cancer, it is the second leading cause of 
deaths. For early diagnosis, screening mammography 
[16] is widely considered as the most reliable and cost-
effective method. The detection and interpretation of 
suspicious abnormalities in mammograms is a difficult 
task for radiologists. Therefore, Computer Aided 
Diagnostic systems (CADs) [2] for mammograms have 
been developed to characterize [11] masses into benign 
and malignant. The current CADs [18] consist of 
different stages such as segmentation of masses, 
detection of the spiculation levels, extraction of 
clusters of microcalcification and final mass 
classification. Among these stages, the detection of 
spiculation margins [19] is one of the most important 
features indicating a high risk of malignancy. 
However, the automatic detection of spiculation 
margins is a very difficult task for CADs. 

To address this issue, several techniques [9, 13, 14, 
20, 21, 22, 25] have been presented. For instance to 
detect spiculation mass, wavelet pyramid 
representation [12] method is used. Sampat et al. [20, 
21, 22] measure the spiculation levels with some 
statistical characteristics such as spicule length, width-
base, width-tip, major axis, minor axis and the number  

of spicules. An aggregated function is developed in 
[22] to combine statistical characteristics and then 
determine the mass spiculation levels. To achieve this 
detection, the plane fitting method is developed in [9]. 
Unfortunately, this method removes many important 
features such as microcalcification and even spicules. 
A semi-supervised multilevel learning based 
segmentation technique for spiculated masses is 
presented in [14].   

The literature review shows that a significant 
research effort has been done for the development of 
segmentation methods for spiculated masses and the 
detection of spiculation levels. However, the design of 
an accurate and fast spicule detection system is still a 
challenging task due to the fact that spiculated margins 
are often subtle and varied in appearance.  

In this paper, an optimized and Accurate Detection 
of Spiculated Margins (ADSM) system is proposed by 
measuring physical properties of the spiculation levels. 
The ADSM system consists of preprocessing, 
spiculated mass segmentation by optimization of fuzzy 
parameters, extraction of spiculated regions, detection 
of spiculated lines in those regions and computation of 
physical properties steps. In preprocessing step, a 
contrast limited adaptive histogram equalization 
method [1], gamma correction and gaussian filtering 
techniques are applied to enhance the background and 
to reduce the influence of noise for the selected 
Region-Of-Interests (ROI). Next, the spiculated mass 
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segmentation step is performed by using the Maximum 
Fuzzy Entropy Parti-Tioning (MFEP) technique of the 
2D histogram. In general, the MFEP technique has also 
been used in several systems [4, 5, 6, 8, 15, 24, 27, 28]. 
By using the MFEP of the 2D image histogram, the 
lots of fuzzy subsets are generated, which are 
optimized using a Quantum Genetic Algorithm (QGA). 
Usually for parameters optimization, Genetic 
Algorithm (GA) [13] is mostly utilized but QGA is 
more convenient and efficient when solving 
optimization problems in many applications [12, 17, 
26] especially in image segmentation [10]. In ADSM 
system, QGA algorithm has been adopted because 
spiculated masses have intensity heterogeneities and 
irregular or fuzzy borders. Due to these reasons, QGA 
with MFEP based segmentation methods are used to 
provide an effective segmentation solution. To detect 
the spiculated region in the segmented area, 
morphological functions are used.  

In the next step, Gaussian Steerable Filtering (GSF) 
[7] is utilized. This GSF technique is extended to 
develop a Steerable Ridge Filtering (SRF) method that 
can effectively segment spicule lines. Afterwards, the 
mass spiculation levels are quantified by measuring the 
physical characteristics of spicule lines. To test the 
performance of ADSM system, a data set of 220 
mammogram masses is used that obtained from Digital 
Database for Screening Mammography (DDSM) [3]. 
To assess accuracy level of the ADSM system, Area 
Under the receiver operating characteristics Curve 
(AUC) technique is used with 95% confidence level. 
Furthermore, the comparisons with state-of-the-art 
techniques such as spiculated mass detection by Jiang 
et al. [9, 21] are performed.  

The remainder of the paper is organized as follows. 
In section 2, the proposed ADSM system is described 
in detail with selected dataset. In section 3, the 
experimental results are presented. Finally, discussion, 
conclusions and recommendations for future work are 
given in section 4. 

2. Materials and Methods 

2.1. Data Set  

The performance of the proposed ADSM system is 
evaluated on 220 ROI images from selected 
mammograms obtained from DDSM [3]. This DDSM 
dataset contains 2,620 study cases, but we have 
selected images that contain spiculated and non-
spiculated masses. In DDSM dataset, the images are 
stored using lossless JPEG compression format. Each 
mammogram image has a large size due to the 
scanning resolution (between 42 and 100 microns). To 
uncompress these images and to reduce size of each 
image, the software provided by michael heath of the 
USF Computer Vision Laboratory has been used. After 
that these images are sub-sampled by an average value 

of (8×8) window and the size of (300×300) pixels is 
selected from each sub-sampled image. 

2.2. Methods 

2.2.1. Pre-Processing 

In this step, the contrast of the ROI image is enhanced 
by utilizing a technique developed in [1]. Abbas et al. 
[1] used a histogram equalization, gamma correction 
and gaussian filtering methods to develop a contrast 
enhancement solution without affecting breast mass 
features and after applying the enhancement technique 
[1], the contrast is more cleared compare to 
surrounding areas of the ROI image. For detailed 
implementation, Abbas et al. [1] are requested to study 
the description of this contrast enhancement technique 
in the paper. 

2.2.2. Spiculated Mass Segmentation 

After preprocessing step, the MFPE [24] procedure is 
used for segmentation of spiculated mass, with its 
fuzzy parameters optimized through a QGA [10]. The 
MFPE technique is applied to select the threshold 
value to segment the grayscale mammograms in an 
optimized framework. The MFPE segmentation 
technique is divided image into fuzzy pixels of three 
classes of the form of Dark gray (D), Medium gray (M) 
and white (H) with a membership function Z-function, 
П-function and S-function, respectively. Afterwards, 
the Total entropy (T(P)) for the 2D histogram of the 
fuzzy partition is calculated by adding the entropy of 
these member functions. 

The T(P) can be regarded as a measure of the whole 
information for the 12 parameters of the grayscale 
image based on the fuzzy partition P={D, H, M}. Since, 
our aim is to find the maximum information based on a 
fuzzy partition, this algorithm is called MFPE. 
Therefore, the optimization process consists of 
searching for an optimal combination of 12 parameters 
such that the T(P) is maximized. According to this, the 
pixels can be classified into three classes based on the 
maximum membership principle: if µD(i, j)≥0.5, the 
pixel is classified as belonging to the dark part D. If 
µM(i, j)≥0.5, the pixel belongs to the medium gray part, 
otherwise it belongs to white part H. Due to large 
number of combinations of the 12 parameters in a 
multidimensional fuzzy partition; it is not feasible to 
evaluate each and every parameter configuration. Thus, 
a QGA is used to optimize these parameters QGA is 
based on quantum vectors representing chromosomes 
by qubit coding method, updating them by a quantum 
rotation gate. The best threshold is expressed by the 
binary numbers. It must be noticed that the process of 
encoding parameters into an alphabetic string has been 
performed same as explained in [26]. Some other QGA 
parameters have been empirically fixed such as 
maximum number of generations=1000, population 
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size=40 and dimension of parameters=12 such that 
qubit string (k =12×8=96). 

By using MEFP and QGA based segmentation 
techniques, the three fuzzy regions are obtained. The 
white-segmented fuzzy area represents the spiculated 
mass and region. By performing a linear search 
method, this white-segmented region is detected. There 
are also some small irregular objects that could have 
high gradient intensity as the spiculated lines such as 
micro calcification. In the proposed ADSM system, we 
are interested in the detection of spiculated lines and 
therefore a simple technique based on morphological 
processing has been used to separate spiculated mass, 
and its surrounding region from the background. In the 
subsequent two sections, the detection detail about 
spiculated mass and region are described. 

2.2.3. Spiculated Mass and Region Detection             

MFEP and QGA techniques divide the ROI image into 
three groups according to the gray level of the pixels. 
The detection of Spiculated Mass and Region 
Detection (SMRD) step is carried out based on the 
group of white pixels in this ADSM system. Two types 
of information are considered by the SMRD process: 
Spiculated-Mass Area (SMA) showing high gradient 
information across boundary points, and the Maximum 
Spiculated-Area (MSA) around the corresponding 
spiculated mass boundary. We extracted SMA through 
optimal searching of spiculated lines in the ROI image. 
To detect SMRD regions, a morphological 
reconstruction functions is used to the white group of 
pixels. Morphol-ogical operators are used in many 
different fields such as MRI image segmentation [8] so 
these are adopted for the final segmentation of 
spiculated mass and region. 

To segment the SMA, morphological area-opening 
and hole-filling operations are utilized. With the area-
opening function the algorithm removes from white-
pixels group image all connected components that have 
fewer than Pobj pixels based on 8-connectivity. Let Cc 
be the connected components defined for image B(i, j), 
S be the area of each Cc component, smaller objects are 
filtered as follows: 

               ( , ) ( )
( , )

0

objB i j if area S P
f i j

otherwise

≥
=
 
 
 

 

To avoid holes in the detected area of f(i, j) image, the 
hole-filling function is applied as follows:   

   ( , ) 255 ( ( , )) 255
( , )

         0

f i j + if surrounding_area f i j =
f i j =

otherwise
′

 
 
 

  

MSA is also obtained by morphology: Area-opening, 
dilation and hole-filing functions. After getting f(i, j) 
image, dilation is applied based on the circular 
structuring element SE of radius 9 pixels domain 

ESD , 
which is given by:    

    { }( )( , ) ( , ) | ( , )
EE S

f S i j max f i i j j i j D′ ′ ′ ′⊗ = − − ∈  

However, the final MSA region is obtained by adding 
the area segmented by morphological function and 40 
pixels around that area. Finally, the two segmented 
regions, SMA and MSA are superimposed on the 
contrast enhanced ROI image. Actually, SMA 
describes the spiculated mass segmentation step and 
MSA area is subsequently used to detect the maximum 
detection area of the location of spiculated lines. To 
attain improve accuracy; the spicule lines are 
segmented from inside SMA up to boundary of MSA. 

2.2.4. Detection of Spiculated-Lines and Level 

After identifying spiculated mass and region, the 
detection of spiculated lines and level step is 
performed. There are some linear structures within the 
spiculated lesion and the surrounding region that 
describe spiculated lines. To extract the spicules, a new 
linear structure or ridge detection filter is proposed 
based on the gaussian steerable filter, i.e., Steerable 
Ridge Filter (SRF). The SRF filtering provides the 
advantage of steerability to enhance, while detecting 
the linear structures.   

Let ( , )spM x y be the maximum spiculated region 
segmented from the previous step. Then, the second 
derivative of Gaussian-smooth steerable filer is given 
by: 

 2 2 2 2 2 2 2 2
( , ; ) (( )( ))/ 2 ( )/ ( )( )g x y x y y exp x yφ φ φ σ φ φ φ πσ φ φ σ φ= − − − +  

It has the separability property so we can obtain: 

                { }
,

( ) ( ( ); ) ( )spR x max g x M xφσ φ
σ φ= ⊗  

And 
                { }

,
( ) ( ( ); ) ( )spR y max g y M yφσ φ

σ φ= ⊗  

Where σ and ϕ are the scale and the orientation of the 
detected lines in both x and y direction, respectively 
and⊗ denotes convolution operation. The ϕ varies from 
0 to 2ᴫ such that: 

             ( , ) ( ) ( )mapE x y cos R x sin R yφ φ′ ′ = × + ×  

The ( , )mapE x y′ ′  edge map effectively detects 
spiculated lines in all directions, but there are also 
some blood vessels, which are thicker than spiculated 
lines that are also detected by Equation 7. Therefore, to 
separate these thicker lines, first a gaussian filtering 
operation with a weight towards the centre of the 
detected spiculated region Msp(x, y) is performed, which 
is defined as: 

 2 2
( , ) ( ) / (2 )

2 2
( )map

x y
B x y cos cos exp x y

π π
α

α α
′ ′ = × − +

   
   
   

   

Where α is a fixed parameter with a value of 0.5. 
Therefore, from the extracted lines from Emap(x', y') 
edge map, the algorithm discards all lines from Bmap(x', 
y') of Equation 8. 

(8) 

(1)

(2)

(3)

(4)

(5)

(6)

(7)
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              ( , ) ( , ) ( , )sp map mapLines x y E x y B x y′ ′ ′ ′= −  

However, this procedure might detect blob like 
structures such as spiculated mass boundary lines. To 
avoid this situation, mass contour pixels are extracted 
from Equation 1 in the canny edge map and compared 
it pixel-by-pixel with ( , )spLines x y  function, which is 
described as follows: 

_( , ) ( , ) ( , )
( , )

0

sp lines canny edgemap
SRF

Lines x y if any pixel of S x y f x y
Spicule x y

otherwise

∉
=
 
 
 

 

These lines are provided an evidence for the presence 
of a spiculated mass. The spiculation levels of the mass 
are quantified by measuring various physical 
characteristics of the detected spicule: The spicule-
length, spicule-width, spiculated-max (area), 
spiculated-min (area), major and minor axes and the 
number of spicules. Thus, we obtained: 

     

,

( ),

( ) ( ),

, ,

,

Spicule- length, Spicule-width

Spiculated - min area

Spiculation_level i = Spiculated - max area

Major-axis Minor-axis

Num-Spicule

 
 
 
 
 
 
 

 

3. Experimental Results 

The proposed ADSM system has been tested with the 
dataset obtained from the DDSM, which is the largest 
publicly available data set of digitized mammograms. 
To evaluate the performance of the algorithm, two sets 
of ROIs masses have been used from this data set. One 
set contained 110 spiculated ROI masses and the other 
contained 110 non-spiculated ROI masses from a total 
of 220 mammogram images. The experiments are 
performed on a 2.3GHz Core2 Duo 32bit Intel 
processor with 1GB DDR2 RAM. The ADSM system 
is implemented in MATLAB 7.6.0.324® (The 
Mathworks, Natick, MA). 

On average, 14.996 (s) are required in total for 
ADSM system to perform the steps on a (300×300) 
pixels ROI image. To differentiate between spiculated 
and non-spiculated masses, the physical measurements 
such as spicule-length, spicule-width, spiculated-min 
(area), spiculated-max (area), major-axis, minor-axis 
and num-spicule have been calculated. These 
properties are used to establish the spiculation levels, 
and subsequently to differentiate between spiculated, 
and non-spiculated masses. The higher the spiculation 
levels mean that the greater the risk of malignancy. To 
test the performance, the comparisons from ADSM 
system with state-of-the-art systems such as Jiang et al. 
[9, 21] are also performed. Figures 1-a, b and c 
visually represents results of the three ROI images by 
using ADSM, SampatSL and JiangSL systems, 
respectively. From this figure, the ADSM system is 
accurately detected every type of spiculated lines 
(thick and thin) compared to other two systems. 
Moreover, the average and standard deviation of 
measurement properties of the 110 spiculated masses 
and 110 non-spiculated masses are also calculated. In 

general, the measurements of spiculated mass regions 
are higher than those of other mass regions. In this data 
set, the average spicule-length, spicule-width and num-
spicule values for the 110 spiculated masses are 12.4, 
2.4 and 176.4, while those of 110 other masses are all 
zeros, respectively.  

   
a) Proposed ADSM. b) SampatSL [21]. c) JiangSL [9] systems.                                    

Figure 1. Some of the results obtained from spiculated mass 
segmentation and line detection systems.  

When a threshold (0.5 or 95% confidence interval) 
is applied to simply classify between the groups 
containing spiculated and non-spiculated mass regions 
by using physical properties of spicules, 84.2% rate of 
correct classification is obtained with 82.2% sensitivity 
and 92.85% specificity. To show this performance on 
the 220 ROI spiculated masses, we have computed the 
ROC curve as shown in Figure 2. It shows the overall 
performance of this ADSM system is also effectively 
distinguished between spiculated and non-spiculated 
mass regions. The computed area under the ROC curve 
AUC value is 0.875. As a result, the proposed system 
is highly accurate for measuring the spiculation 
margins. Due to use of fuzzy entropy, QGA and 
morphological edge detection techniques, our 
computer-based system is reliable segmented the 
maximum spiculated area and spiculated mass. The 
proposed spiculated line detection algorithm is 
effectively segmented the spiculated lines than blood 
vessels. Furthermore, the developed system is focused 
on more physical properties of measuring the 
spiculation levels compared to other techniques. 
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Figure 2. Receiver-operating characteristic curve for distinguishing 
between spiculated and non-spiculated mass regions. 

4. Discussions and Conclusions 

Mass spiculation levels are widely recognized feature 
for the classification of mammographic masses. It is 
also a very important index of malignancy for breast 
cancer. Thus, the detection of spiculated mass regions 
has attracted substantial research interest in the past. 

(9) 

(10)

(11)
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The literature review suggests that the detection 
accuracy of spiculated masses is approximately 72%, 
which is not satisfactory possibly due to the difficulty 
of spiculated mass segmentation, intensity 
heterogeneities, ill-defined and fuzzy borders, tissue 
noise, and similarity of spicules and blood vessels, 
which reduces the detection accuracy. The proposed 
ADSM computerized system is an effective spiculated 
mass and level detection system with the following 
unique features compared to existing techniques. A 
new ill-defined and fuzzy spiculated mass segment-
ation algorithm is developed using fuzzy entropy and 
GA that can reliable segment spiculated area of mass. 
This segmentation algorithm is outperformed than 
state-of-the-art mass segmentation techniques. It 
increases the detection accuracy of mass spiculation 
levels from 72% to more than 85% due to use of robust 
segmentation technique and a new steerable line 
detection algorithm. The main advantage of our 
proposed spiculated line detection algorithm as 
compared to other methods is that it is effectively 
segment the spiculated lines than blood vessels. The 
developed system is focused on more physical 
properties of measuring the spiculation levels 
compared to other techniques. As a result, it increases 
the performance level of mammography CAD systems. 

In different type of mammographic masses, the 
spiculated mass regions are accurately detected. But, it 
might be possible that if spiculated mass is highly 
surrounding by breast dense tissue and blood vessels 
then our segmentation algorithm may not detect proper 
boundary of mass. Other limitation of this algorithm is 
that the preprocessing step may enhance all linear 
structures, with similar width to those of spicules. 
Another limitation of the current study is that the 
measurements were made on a small number of cases, 
and thus we are planning increase the data set size to 
better tune our algorithm. We strongly believe that the 
systematic study and quantification of the physical 
parameters of spiculation levels would be used by 
many future researchers in CAD systems. 
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