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Abstract:

This paper presents a method for automatic detection of spicules in mammograms. The method consists

of two steps, enhancement and feature selection. First, spicule shadows are enhanced by a newly developed operation.

An opening operation is applied to remove noise and a direction map is made for feature selection. Second, a concentration

expression is given with gray levels and two features are selected for recognition of tumors with spicules. In the method,

not only is the direction of spicules considered, but also the density is utilized. The method was tested on 24 samples

which included seven tumors with spicules. The recognition rate for tumors with spicules was 100% without false

positives.

Key words:

1. Introduction

Breast cancer is one of the leading cancers in the female
population. Mammographic screening is the most effective
method of early detection; however, manually reading
mammograms is labor intensive. Several approaches to
analyzing mammograms by computer have been proposed
in the past [Brzakovic 90, Dhawan 86, Dengler 93, Dhawan
96, Highnam 94, Kegelmeyer 92, Kegelmeyer 93, Kobatake
96, Karssemeijer 96, Lai 89, Laine 94, Morrow 92, Ng 92,
Petrick 96, Qian 94, Spiesberger 79, Shen 94, Strickland
96, Sahiner 96, Zheng 96]. These approaches can be loosely
grouped into two categories, approaches for identifying
clustered microcalcifications [Dengler 93, Dhawan 96,
Spiesberger 79, Strickland 96, Zheng 96] and approaches
for tumor detection [Brzakovic 90, Kegelmeyer 92,
Kegelmeyer 93, Kobatake 96, Karssemeijer 96, Lai 89, Ng
92, Petrick 96, Sahiner 96].

Since the existence of spicules is one of most important
visual signs in diagnosing breast cancer, several of these
studies discuss the detection of tumors with spicules [Ng
92, Kegelmeyer 92, Kegelmeyer 93, Kobatake 96,
Karssemeijer 96]. A spine-oriented method for the

recognition of tumor with spicules has been presented by
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Ng [Ng 92]. Kegelmeyer suggested an approach to detecting
spicules based on analyses of local oriented edges
[Kegelmeyer 92, Kegelmeyer 93]. Kobatate proposed a
method for detecting spicules based on skeleton analyses
and Hough transformation [Kobatake 96]. And finally, a
method of detecting stellate distortions based on statistical
analyses of maps of pixel orientations has been proposed
by Karssemeijer [Karssemeijer 96]. All of the studies
suggested that the direction of spicules is useful information

for detecting of tumors with spicules.

This paper describes a method for automatically
recognizing spicule shadows in mammograms. The method
considers not only the direction of spicules, but also the
density for classifying tumors with spicules. In the next
section, we give an overview of the method. Section 3
discusses a method for enhancing spicule shadows, which
is modified based on gray scale reconstruction of
mathematical morphology and preserves gray levels of
spicule shadows. In Section 4, two features are provided
for classification of spicule shadows from others such as
blood vessels and mammary glands. Experimental results
as well as the results of a comparison with thresholding are

given in Section 5.

2. Method overview [Jiang 97a, Jiang 97b]

Most breast carcinomas appear as stellate lesions,
consisting of a central tumor mass surrounded by spicules.
Spicules have a star-shaped structure that emanates from

the central mass with sharp, dense, and fine lines. A model
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of a spicule is illustrated in Fig. 1 and is considered as a
ridge. The central tumor mass is an isolated shadow and
appears as a bright blob on mammograms. Candidate
shadows of central tumor masses can be detected by using
the method proposed by Yamamoto [Yamamoto 96]. In this
method, input images for recognition of spicules are
separated from original images based on the detected
locations of candidate central tumor masses. A flowchart of

the recognition process for spicules is shown in Fig. 2.

(@)

Fig. 1 The model of a spicule shadow,
(a) a bird’s eye view with gray levels,
(b) gray levels intersecting spicule at 4,
(c) gray levels along with spicule at 4.
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Fig. 2 Flowchart for recognition of spicules

The spicule recognition method we propose consists of
two steps, enhancement of spicule shadows and feature
selection. First, spicule shadows are enhanced by using a
newly developed operation. An opening operation is applied
to remove noise and a direction map is made for feature
selection. Then, a concentration expression of spicules
around a central mass candidate region is given with gray
levels and two features are selected based on the expression

for classification.

3. Enhancement of spicules

A new operation, called top-hat by partial reconstruction
(TPR), is proposed for enhancing the image of the spicules.
This operation is based on gray scale reconstruction of
mathematical morphology [Vincent 93]. In this section, we

first review gray scale reconstruction and provide a modified

gray scale reconstruction, i.e., gray scale partial
reconstruction and 7PR. Then we apply an opening operation
to remove noise and make a direction map of spicules for

the next step of classification.

3.1 Gray scale reconstruction
Vincent provided two definitions of gray scale
reconstruction [Vincent 93]. Let F and S be two gray scale
images defined on the same domain and S(p) < F(p) for
each pixel p. The gray scale reconstruction R can be given
by
R(S)={1.,=(1®B)0 F,until =1} (1
where [ P B is the dilation of /_ by structuring element B,

I,=S,and [ stands for pointwise minimum.

The gray scale reconstruction R of F from S is obtained
by iterating gray scale geodesic dilations of S under F until
stability is reached. The regional domes of image F can be
extracted by subtracting the reconstructed image from the
original image; i.e., the components with high frequency
can be effectively detected based on the gray scale
reconstruction. This operation is called top-hat by

reconstruction.

On the other hand, spicules are the components with high
frequency, but the lines with directions. So that it is difficult
to extract spicules by gray scale reconstruction because two
dimensional flat structuring elements are used in the
definitions. For example, Fig.3 illustrates gray scale
reconstruction applied to a spicule. At point A4, the peak does
not appear in the cross section along the spicule in Fig.1(c),
although it does appear in the cross section intersecting the
spicule in Fig.1(b). The top of the spicule (broken line of
Fig.3(c)) can be extracted, but the shoulder with the higher

gradient can not be extracted and is reconstructed by iterating

gray scale geodesic dilations.

le}cted image

(b) (c)

Fig. 3 Gray scale reconstruction of spicule shadow,

(a) bird’s eye views of F and S with gray levels,
(b) gray levels intersecting spicule shadow at 4,

(c) gray levels along with spicule shadow at 4.
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Fig. 4 Top-hat by partial reconstruction

3.2 Top-hat by partial reconstruction

Since spicules are long and slender shadows and have
directions, the operation for enhancing spicule shadows is
based on gray scale reconstruction that preserves the
direction, length and density of spicules. The operation is
shown in Fig. 4. The modified gray scale reconstruction,
i.e., gray scale partial reconstruction PR, is given by

PR=Min {R (S,B)} (k=1,2,3,4) 2

where B, is structuring element with direction as shown in
Fig. 5 and Min is minimum operation. The top-hat by partial

reconstruction 7PR is given by

TPR =F - PR. 3)
° ° °
oo o | o 2 ® 3 ° 4
® o °

Fig. 5 The structuring elements of four directions for gray scale

partial reconstruction

\ P4
Reconstruted image
(a) (b) (c)
Fig. 6 Gray scale partial reconstruction,
(a) bird’s eye views of F'and S with gray levels,

(b) gray levels intersecting spicule at 4,

(c) gray levels along spicule at 4.

Fig. 6 illustrates the TPR operation. Let us first prepare
four different structuring elements (Fig. 5) and generate a
seed image S by subtracting a constant /4 from original image
F. We then carry out the gray scale reconstruction for each
structuring element and operate pointwise minimum of the
four reconstructed images to obtain PR. Finally, we subtract

the image of PR from the original image F' to enhance the

spicules so that they are below the gray level 4. For example,
at point 4 in Fig. 6, the output of the PR operation using the
structuring element, which is parallel to the spicule, is higher
than that of the other three structuring elements. The original
image is reconstructed (just like the gray scale reconstruction
of Fig. 3(c)). However, the output using the structuring
element, which is perpendicular to the spread direction of
the spicule, is lower. Therefore, the spicule shadows are
enhanced and the difference 4 is preserved by minimum
and TPR operations (Fig. 6).

3.3 Seed image selection

The seed image S uses the image subtracted from the
original image with constant 4 because it can be
automatically obtained and the details of the spicules are
preserved. So that the seed image is included in the original
image and the gray levels of the spicules enhanced by TPR
operation are restricted to be below 4. In our experiments,
h is selected based on the gray levels measured from spicules

in the original images.

3.4 Opening operation and direction map

After the TPR operation, an opening operation is applied
to suppress noise and a direction map is made for classifying
tumors with spicules. A flowchart showing the opening

operation and direction map generation is shown in Fig. 7.

The structuring element of opening is eight bars with
different directions and the length of bars is experimentally
determined to remove noise and preserve the enhanced
spicules. The opening operation is carried out by using each
structuring element and an opening image is obtained by

pointwise maximum of intensities from the eight images.

Eight direction codes are given according to eight

structuring elements with different directions as shown in
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Output of top-hat by
partial reconstruction
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Fig.7 Opening operation and direction map

Fig. 7. If a maximum output of the opening operation using
a structuring element is obtained from outputs of the opening
operation using eight structuring elements at a pixel, the
direction code of the structuring element is considered as a
direction unit vector of a spicule at the pixel and recorded

in the direction map (Fig. 7).

4. Feature selection and classification

In this section, we give the concentration expression of
spicules based on the enhanced image and direction map

and select two features for classification.

4.1 Concentration expression of spicules
Let S, express the degree of concentration of spicules for

a selected region i, which can be given by

Si :mél Si (m,n) 4)
5 cosa 0 bo (x,y)
Si (m,n) = = ! 5
5 bo r(x,y[ Q)
X,y

where bo(X,y) is the gray level of pixel (X,y), O is the angle
between the line from pixel (m,n) to (x,y) and the direction
unit vector at pixel (X,y), and r is the distance between pixel

(m,n) and (x,y).

Term §, is measures the concentration behavior of the
radiating line pattern around a central region. The term cosa
is a measure of the convergence from pixel (x,y) to pixel
(m,n). If it is close to 1.0, it means that the direction vector
points to the pixel (m,n) (Fig. 8(a)). The direction map is
applied to calculate cosa. The term bo(x,y) is the gray level
of spicule at pixel (x,y) and is the output of the opening
operation. The term //r is the amount the influence of the
pixel is suppressed as the distance increases. The
denominator of equation 5 normalizes the degree bounded
between 0 and 1.0.

4.2 Mask selection

Two masks are selected for classification of spicules. One
is for the concentration region of spicules and the other is
for the existence region. The concentration region is the
domain of pixel (m,n) and the area of a circle with radius r,
from central point O of the tumor candidate region, which
is previously determined. The value of r, is experimentally
determined. The discussion with respect to 7, is also in the
following section. The existence region is the domain of
point (x,y) and the bounded area of circles from radius r, to
r,. The radius 7, is also experimentally determined, but it is

large enough to include the central mass and spicules.

4.3 Classification

To suppress the reflections of noise such as from blood
vessels and fibrous tissues, the existence region is not
directly used to calculate the degree of concentration.
Instead, the existence region is partitioned into eight small
regions R, (i=1,...,8) having the same size (Fig. 8(b)) and
the degree of concentration of each region S, (i=1,...,8) is
calculated individually by equations (4) and (5). Then two
features are selected to classify spicules and others such as

blood vessels and mammary glands.

[l Concentration region of spicules

E] Existence region of spicules

(a) Two masks of concentration and
existence regions of spicules

(b) 8 small regions partitioned from
existence region of spicules

Fig. 8 The masks and regions for feature selection

Let us denote the mean and the minimum of S, by §

mean

and § . The two features are given as
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S = (SHSH.4S)/8 (6)

S . =Min(S.,S,....S) @)
where Min is minimum operation. It is clear that the values
of §

mean

and S are close and large for spicules and the values
are small for others such as blood vessels and mammary

glands.

5. Experiments
5.1 Experimental data set

The mammograms used in the experiments are computed
radiography (CR) images from a data base published by the
Japan Society of Computer Aided Diagnosis of Medical
Images. The spatial resolution is 0.1 mm and the size of
each CR image is 2550% 2100 pixels with 10-bit accuracy.
We used 24 samples to evaluate the performance of the
proposed method. The original images of the samples are
partitioned 512% 512 sized areas based on the positions of
candidate regions identified as containing central tumor
masses [ Yamamoto 96]; i.e., seven samples that include
tumors with spicules, five samples that include tumors
without spicules, eight samples of mammary glands, and

four samples of blood vessels.

5.2 Experimental conditions

The position of a candidate region of a central tumor mass
is first detected by using Quoit filtering [ Yamamoto 96].
Quoit filtering is effective for detecting isolated shadow-

like central tumor masses.

The # of generating seed image is 10 for enhancement of
spicules and the value is the mean of gray levels of 10 places
selected from the original images with spicules. The length
of the bar filter used in the opening operation is 20 pixels.
The radii 7, and 7, of the mask radius are respectively 38
and 200 pixels. The central point O is the center of gravity
of the tumor candidate region. The radius 7, is determined
based on the consideration that the maximum diameter of
concentric circles formed by spicules is less than 40 mm.
The value of 7, is experimentally determined based on the

following discussion.

The features of S, and § = are calculated from samples
with spicules by changing the value r,. The average of
distance in the class of tumors with spicules is calculated
based on the two features. Fig. 9 shows the result and there
is a minimum at »,=38; i.e., for the optimal classification of

tumors with spicules, the radius 7, should be 38 pixels.

Class Average Distance
0.0

0.030
0.028
0.026

00245 20 40 60 80

r; mask radius

Fig. 9 Relationship between the mask radius of concentration

region and average distance in class.

5.3 Results

Fig. 10 shows a series of images for classification based
on the proposed method. Fig. 10(a) is the input image and
is enhanced by TPR processing as shown in Fig. 10(b). The
gray levels of the image are bounded from 0 to 10. The
values of spinal axes of spicules and local maxima are close
to 10. The result of opening operation is shown in Fig. 10(c)
and the noises such local maxima are mostly suppressed.
Fig. 10(d) shows the direction code at each pixel in the
direction map for the right lower frame in Fig. 10(c). The
code corresponds to the direction code of Fig. 8. The code
at a pixel is the mean, if the number of the code with the
same maximum in opening operations of eight directions is
appeared in multiple times from 2 to 4. The sign - means
that there is not a spicule pixel and the - is given if the number
of the code with the same maximum is appeared more than
5 times among eight directions of opening operation. Fig.
10(e) and (f) are the two masks, one for the concentration

region and one for the existence region.

(d) (© ®

Fig. 10 Series of images for recognition of spicules,

(a) original image,

(b) enhancement,

(c) opening operation,

(d) direction map,

(e) concentration region of spicules,

(f) partitioned existence region.
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(Normal to principle axis)
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1.36 Smean - Smin = 0.33
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mean
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T
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Fig. 11 Classification graph

Table 1 Classification results

Input image Classification| vy ors with spicules The others
Tumors with spicules 7/7 0/7
The others 0/17 17/17

The experimental results for the 24 samples are shown in
Fig. 11 (the axes are §, and §

min

). Tumors with spicules
and others such as blood vessels and mammary glands are
classified according to the following condition. The sample

is classified as a tumor with spicules if the features S and

mean

S . are respectively larger than 0.652 and 0.521. Table 1
shows the classification results for this condition.

The discrimination function is normal to the principle axis
obtained based on the two features and is given by
S .T1368 =142

mean (8)
5.4 Discussion

In equation (5), not only is the direction of spicules
considered, but also the gray level of each pixel for feature
selection. The effectiveness of introducing gray levels of

the enhanced spicules is discussed as follows.

An appropriate threshold is selected for the binarization
of the enhanced spicules, which is 8 in our experiments.
Other conditions are the same as the experiments above.
The experimental results shown in Fig. 12 clearly show that
the separation between the sets of tumors with spicules and
other sets such as blood vessels and mammary glands is not
good, i.e., it is difficult to find a function that classifies them.
It can be found from the original images and the enhanced
images that there are small spicules with weak contrast

around the central mass. Therefore, the threshold selection

is very difficult and the gray levels are important for
classifying tumors with spicules.
Discrimination axis

(Normal to principle axis)

0.87 Smean + 2.43 \Smin =2.01 P

0.6

g
g 041
wn
02
7 . . .
Principle axis
2.43 Smean - Smin=1.10
0.0 T T |
0.5 0.6 0.7 038

Smean

* Tumor with Spicules

o Tumor without spicules
2 Mammary glands

® Blood vessels

Fig. 12 Classification graph using a binarized image

6. Conclusion

In this paper, a method for automatic detection of spicules
in mammograms has been proposed. The spicule shadows
are first enhanced by using a newly developed operation
called top-hat partial reconstruction. The operation can
preserve the length of spicules. An opening operation is

applied to remove noise and a direction map is made for
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feature selection. Next, a spicule concentration expression
is given and two features are selected for classification that
characterize the radiating structure of spicule shadows. Not
only is the direction of spicule shadows considered but also
the density is utilized for classification of tumors with
spicules. Experiments to test the performance of the
proposed method have been presented. Twenty-four samples
including seven tumors with spicules have been classified
perfectly without false positives. In the next step, we will
increase the number of samples considerably to verify the
robustness of the proposed method, and evaluate the

performance in comparison with other methods.
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