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ABSTRACT cancers [3-5]. Computer-Aided Detection (CADe) systems

We have invented a new class of linear filters for the dehave been developed to aid radiologists in detecting mam-
tection of spiculated masses and architectural dist@stion mographic lesions that may indicate the presence of breast
mammography. We call these Spiculation Filters. These filcancer [6—8]. These systems act as a second reader and the
ters are narrow band filters and form a new class of wavelefinal decision is made by the radiologist. Most studies have
type filter banks. In this paper, we show that unmodulatedhown that CADe systems, when used as an aid, have im-
versions of these filters can be used to detect the central magroved radiologists’ accuracy in the detection of breast ca
region of spiculated masses. We refer to these as toroidakr [9]. Masses with spiculated margins carry a much higher
gaussian filters. We also show that the physical propertiessk of malignancy than other types of masses or calcifica-
of spiculated masses can be extracted from the responsestiins. However, current CADe systems are dramatically bet-

the toroidal gaussian filters without segmentation. ter at detecting micro calcifications than masses.
We have been developing new methods for the detection
1. INTRODUCTION of spiculated masses (SM) and architectural distortioris)(A

For this task, we have developed a two step algorithm for the
The American Cancer Society estimates that 211,240 detection of spiculated lesions. In the first stage, we ecdéan
women will be diagnosed with breast cancer in the U.S. irpiculations on mammograms using a new enhancement al-
2005 [1] and 40,410 women will die of the disease. In thegorithm. This entails filtering in the Radon domain. The goal
U.S., breast cancer is the most common form of cancer amorlj the second stage is to detect the spatial locations where
women and is the second leading cause of cancer deaths, aftee spicules converge. For this purpose, we have invented a
lung cancer [1]. Early detection of breast cancer incretises new class of filters and filter banks that are specifically dune
treatment options for patients and also increases thevalirvi to match the physical structures that define spiculatedresi
rate. Screening mammography, which is x-ray imaging olVe call these as Spiculation filters (SFs) and Spiculaticerfil
the breast, is currently the most effective tool for earltede  banks (SFBs). These filters are narrow band filters, which are
tion of breast cancer. Screening mammographic examirstiorslesigned to match the physical structures of these lesiuhs a
are performed on asymptomatic woman to detect early, cliniform a new class of wavelet-type filter banks. A key aspect of
cally unsuspected breast cancer. Two views of each breast dhis work is that the parameters of the detection algorithen a
recorded; the craniocaudal (CC) view, which is a top to botbased on measurements of physical properties of spiculated
tom view, and the mediolateral oblique (MLO) view, which lesions. These measurements were made by two experienced
is a side view. Radiologists visually search mammograms fofadiologists (GJW, TWS). A detailed description of this algo
specific abnormalities. Some of the important signs of ireagithm can be found in [10, 11]. The goals of this paper are as
cancer that radiologists look for are clusters of microifialc follows. Previously, we have focused on the detection of the
cations, masses, and architectural distortions. Caltificea  region where the spicules converge. In this paper we show
are tiny deposits of calcium, which appear as small brighthat the gaussian toroidal filters can be used to detect the ce
spots on the mammogram. A mass is defined as a spacéal mass region of SM. Secondly, we show that the physical
occupying lesion seen in at least two different projecti@s  properties of SM can be extracted from the responses of these
Masses are described by their shape and margin characteriters. To verify the accuracy of these automatically eotied
tics. values, we compared them to the measurements made by the
However, mammography is not perfect. Detection of susradiologists, using a statistical test of equivalence.

picious abnormalities is a repetitive and fatiguing taskr F
every thousand cases analyzed by a radiologist, only 3 to 4
cases are malignant and thus an abnormality may be over-
looked. As a result, radiologists fail to detect 10-30% of



2. THEORY 3. METHODS

In this section we present a review of the SFs. A SF cann this section, we describe the methodology used to detect
be described as a Gaussian-modulated sine torus. The $fe central mass regions of SM on the complete mammogram.
consists of quadrature components which are the cosine SKe also describe the methods to extract the properties of SM

(feosine(r,0; 70, 0,w)) and the sine SF from regions of interest (ROIs) containing SM.
(fsine(r,0; 70, 0,w)). These components are shown in Fig. 1
and are defined as follows: 3.1. Data Description
Jeosine(r, 0510, 0,w) = g(r; 10, 0) * cos(wl) (1) Theimages for this study were obtained from the Digital Pata
Fsine(r, 0570, 0,w) = g(r;710,0) * sin(wh) (2)  base for Screening Mammography (DDSM) [12]. The DDSM
g(r;ro,0) = exp[—(r —1r9)%/(2 % o)) (3) s the largest publicly available dataset of digitized masam

grams and consists of 2,620 cases. Each case consists of four
where:r = /22 + 42, § = arctan(y/z) ando is the stan-  mammograms: a CC and MLO view of each breast. The out-
dard deviation in pixels. The parameteris a size parame- |ines of the abnormalities are stored in “chain code” and are
ter measured in pixels, and is the modulation frequency available in the database. From this “chain code”, borders
measured in cycles per circumference. The Gaussian torig the abnormalities can be reconstructed. After reconstru
is defined by equation (3). The complex SF form a new clasfg the border, the interior of the outline is filled to create
of quadrature filters and have the advantage that the sum @hask” of the mass. A mass is said to be detected if the output
the squared responses of the two quadrature componentsgfthe detection algorithm lies within this mask.
phase independent. A detailed description of the SFs and fil-  To report the performance of the detection of the central
ter banks can be obtained in [10, 11]. mass region of SM, Free-response Receiver Operating Char-
acteristic (FROC) curves were generated. A FROC curve is

obtained by plotting sensitivity on the y-axis and the numbe
of false positives per image on the x-axis. For this study, th
different points on the FROC curve are obtained as follows.
As mentioned in Section 3.3, we find the tBpmaxima for
each image. The value d¥ was varied froml to 25. For
each value ofV, the sensitivity and the number of FPI were
plotted to obtain the FROC curve.

To evaluate the performance of the central mass region de-

_ _ tection algorithm, a set of images consisting of 45 images of
(a) Cosine SF (b) Sine SF SM was used. These images were scanned with a single dig-
itizer, contained a single lesion and were randomly setecte

Fig. 1. Example of a Spiculation filter (SF): Figures (a) and '€ radiologists (GJW and TWS) had measured the proper-

(b) show the two quadrature components of the SF, namel ies on a different set of 12 SM. This set was used to extract

the cosine SF and the sine SF, respectively. he properties of the SM from the filter responses.

(a) Toroidal gaussian (b) 1st derivative of
filter toroidal gaussian filter 3.3. Detection of central massregion of SM

3.2. Measurements of properties by radiologists

The physical properties of SM measured by the radiologists
(GIJW and TWS) were: the major axis of the central mass
region, the number of spicules and the length and width of
spicules. These measurements were made on regions-gdsnte
(ROIs) containing a SM. We used the ROl Manager plugin
of NIH ImageJ (http://rsh.info.nih.gov/ij/) to allow a use
make these measurements. A statistical test for equivalenc
was applied and it was shown that the measurements of the
two radiologists were equivalent [13].

Fig. 2. Fig. (a) shows the toroidal gaussian filter and the firsPreviously, we have used the SFs for the detection of SM,
derivative of this filter is depicted in Fig. (b). which are marked by converging lines or spiculations. For
the detection of the central mass region of SM and to extract



the information about the central mass region of a SM we
use the first derivative of the gaussian torus. §ét;rg, o)
denote the first derivative of the toroidal gaussian (w)reind

be defined as:

g (r;r0,0) = =(r=ro)/(0®)xexp[—(r—r0)*/(2x0?)] (4)

Each image is filtered with the filteg/(r; ro, 0)). If the filter
“matches” a SM, a peak is obtained at the spatial location cor :
responding to the center of the SM. Thus, suspicious regions  (a) Idealized mass (b) Filter Outputs
can be identified by detecting the local peaks in the overall

output. The larger the output at a particular spatial lacati
the higher the likelihood that the spatial location cormsts

to the center of a SM.

Since masses can be of various sizes, we first filter th
image with a set of filters with different radiyy,. For each
pixel, we find the maximum response across the set of filtere
images. Thus, we obtain a single image where the intensity
at each pixel denotes the maximum response obtained at that
particular pixel. Finally, we find the topV maxima in this imaging. Thus one can reject the null hypothedi&) if
image‘ A pixe| is On|y marked as a potentia| mass, if it Wasthe p-Value obtained for this statistical test is less th&@%.0
more than a fixed distance from previously marked points; thé\IS0, note that smaller values 6fimply a stricter criteria for
distance was set by the average size of a SM measured in c¢hieving equivalence.
measurement study.

Filter output at center of image
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Radius of idealized mass = 140 pixels

R ized mass = 140 pixels.

Fig. 3. Fig. (a) shows the an idealized mass (radius =140 pix-
els) with additive gaussian noise. The response of thedilter
at the center of the image) of different radii is depicted in

ig. (b). The maximum response is obtained when the filter
Haldius is matched to the size of the idealized mass.

4, RESULTS
3.4. Extraction of physical properties of SM

We first describe our approach to extract the size of thd'he results of the detection of the central mass region &€ pr
central mass region of the SM. For this task, we use the firstented in the form of a FROC curve. This is shown in Fig. 4.
derivative of the gaussian torus. Each ROl is filtered withta s A sensitivity of 90% was achieved at 20 FPI. For the extrac-
of filters with different radiiro. If the filter is matched to the tion of the parameters of the central mass region, a statisti
size of the mass, the response of the filter at the center of tHest of equivalence was used to compare the results of the al-
image would be high. Thus, the size of the mass is the radiu@orithm and the measurements made by the radiologists. Ta-
of the filter that generates the maximum response. Figure i3le 1 shows these results. We show that the measurements are
(a) shows a ideal mass, modeled as a disc and the response€@givalent for reasonable choices of the parameter
the filters (at the center of the image) is show in Figure 3(b).
For this task, we used a set of 18 filters with different raglii
The radius parameteg was varied from 80 to 188 pixels.

To determine the accuracy of these measurements, we com-
pared them to the physical measurements made by our radiol-
ogists (GJW and TWS). This was done by applying a statis-
tical test for equivalence. The null hypotheéid,) was that
the measurements made by the radiologist and the algorithm
are not equivalent and the alternative hypoth¢#fs) was
that they are equivalent. The test statistjofas computed as
follows:

Sensitivity

t=(Vn(T+£9)/s) (5)

whereZ = the mean of the differences between the measure-
ments of the radiologist and the algorithm.

s = standard deviation of the differences between the mea-
surement of the radiologist and the algorithm.

6 = 0.3 (or 0.25)x mean of the radiologist’s measurement.
The factord accounts for the expected variability, based on
our knowledge from other measurement studies in medical

5 10 15 20 25
# False Positives per Image

Fig. 4. FROC results for the detection of the central mass
regions of spiculated masses.



0 p-value
0.20 * GJW mean| 0.024
0.25* GJW mean| 0.005
0.30 * GJW mean| 0.001

Table 1. Results of the statistical test for equivalence for the
measurement of the major axis. The null hypothdsiswas

that the estimates obtained from the algorithm and the mea-
surements made by the radiologist are not equivalent.

Some researchers have used the difference of gaussian (DoCi@,] T. W. Freer and M. J. Ulissey,

5. DISCUSSION

filters for the detection masses [14]. The DoG filters and the
toroidal filters are band-pass filters but the toroidal geunss

a more specific narrowband filter. Thus these filters are more
specific in their response and respond strongly to masses of a

particular size. Also, the DoG filters are not well suited for[10]

the extraction of properties of masses because of theirdack
specificity.

In conclusion, we have shown that the gaussian toroidal

(6]

[7]

(8]

filter can be used for the detection of the central mass region

of SM. We also show that these filters can be used to extra
physical properties of SM accurately, without segmentatio
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