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Measures of Acutance and Shape for
Classification of Breast Tumors

Rangaraj M. Rangayyan,*Senior Member, IEEE, Nema M. El-Faramawy,Associate Member, IEEE,
J. E. Leo Desautels, and Onsy A. Alim

Abstract—Most benign breast tumors possess well-defined,
sharp boundaries that delineate them from surrounding tissues,
as opposed to malignant tumors. Computer techniques proposed
to date for tumor analysis have concentrated on shape factors of
tumor regions and texture measures. While shape measures based
on contours of tumor regions can indicate differences in shape
complexities between circumscribed and spiculated tumors, they
are not designed to characterize the density variations across the
boundary of a tumor.

In this paper we propose a region-based measure of image edge
profile acutance which characterizes the transition in density of
a region of interest (ROI) along normals to the ROI at every
boundary pixel. We investigate the potential of acutance in quan-
tifying the sharpness of the boundaries of tumors, and propose
its application to discriminate between benign and malignant
mammographic tumors. In addition, we study the complemen-
tary use of various shape factors based upon the shape of the
ROI, such as compactness, Fourier descriptors, moments, and
chord-length statistics to distinguish between circumscribed and
spiculated tumors.

Thirty-nine images from the Mammographic Image Analysis
Society (MIAS) database and an additional set of 15 local cases
were selected for this study. The cases included 16 circumscribed
benign, seven circumscribed malignant, 12 spiculated benign,
and 19 spiculated malignant lesions. All diagnoses were proven
by pathologic examinations of resected tissue. The contours of
the lesions were first marked by an expert radiologist using X-
Paint and X-Windows on a SUN-SPARCstation 2 Workstation.
For computation of acutance, the ROI boundaries were itera-
tively approximated using a split/merge and end-point adjustment
technique to obtain the best-fitting polygonal approximation.

The jackknife method using the Mahalanobis distance measure
in the BMDP (Biomedical Programs) package was used for
classification of the lesions using acutance and the shape factors
as features in various combinations. Acutance alone resulted in a
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benign/malignant classification accuracy of 95% the MIAS cases.
Compactness alone gave a circumscribed/spiculated classification
rate of 92.3% with the MIAS cases. Acutance in combination
with a moment-based shape measure and a Fourier descriptor-
based measure gave four-group classification rate of 95% with
the MIAS cases. The results indicate the importance of including
lesion edge definition with shape information for classification of
tumors, and that the proposed measure of acutance fills this need.

Index Terms—Acutance, breast cancer, breast tumors, mam-
mography, shape analysis, tumor pattern classification.

I. INTRODUCTION

BREAST cancer is a leading cause of death among women,
and its incidence is rising. Recent statistics show that

approximately one in ten Canadian women will develop breast
cancer in their lifetime [1]. Although curable, especially when
detected at early stages, breast cancer is expected to account
for 28% of incident cancer cases and 20% of cancer deaths in
women [1]. Studies have shown that early detection of breast
cancer through periodic mammographic screening of asymp-
tomatic women can reduce breast cancer mortality. Mammog-
raphy is currently not only the most sensitive method for
detecting breast cancer, but also the most practical technique
for screening and follow-up [2]. Although mammography is
used as an adjunct in the diagnosis of malignant carcinoma,
it is not always effective in this role [3]. Thus the practising
radiologist often suggests biopsy in equivocal cases. Negative
biopsy to positive biopsy ratios have been about 5 : 1 and as
high as 11 : 1 in some clinics [4], although present-day ratios
are lower.

Mammography has been shown to be effective in screening
asymptomatic women to detect occult breast cancers and
to reduce mortality by as much as 30% in women aged
between 50 and 69 years [5], [6]. This apparent positive
benefit has resulted in a number of leading health care societies
recommending that all women aged 50–69 be screened using
mammography on at least a biennial basis. In order for mass
screening to be cost effective, means need to be developed
to achieve it with high accuracy and speed. Even if qualified
personnel are available, it is difficult for a radiologist to read
screening mammograms in large numbers, since most are free
of malignant features, and maintaining the required attention
level is extremely difficult. The debate as to the best means
for analyzing large numbers of screening mammograms has
now focused attention on the possible use of digital image
processing and computer vision techniques to serve as an
adjunct to visual analysis by a radiologist.

0278–0062/97$10.00 1997 IEEE
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The several types of breast abnormalities that are visible
in mammograms include asymmetry between the breasts,
distortion in the architecture of the breast, increase in breast
tissue density, masses, and calcifications [7]–[9]. Normally,
structures of the breast converge toward the nipple in a
smooth pattern. Tissues usually become more dense when
diseased. Often, surrounding tissues are pulled toward the
cancerous region, resulting in distortion. Masses are examined
for location, shape, density, size, and definition (sharpness)
of margins. Higher density is usually an indicator of ma-
lignancy, while lucent-centered lesions are usually benign.
Cancerous lesions generally have a more irregular shape than
benign lesions. Most benign masses are well-circumscribed,
compact, and roughly elliptical (possibly macro-lobulated).
Malignant lesions usually have a blurred boundary, an irregular
appearance, and are surrounded by a radiating pattern of
linear spicules [7]. However, some benign lesions may have
a spiculated appearance or blurred periphery, and round and
well-defined malignant lesions do exist [10], [11].

In this article, we investigate region-based techniques
to classify mammographic masses into two groups as
benign/malignant or circumscribed/spiculated, as well as into
four groups as circumscribed benign (CB), circumscribed
malignant (CM), spiculated benign (SB), and spiculated
malignant (SM). The techniques are based upon measures
of the morphology (shape) and radiographic appearance of
masses. We present an adaptive region-based edge profile
acutance measure [12] which quantifies the diffusion of the
density of a mass into surrounding tissue, and is expected
to discriminate between benign and malignant masses based
upon the radiographic definition (sharpness) of their edges. In
addition, we use shape factors such as compactness, Fourier
descriptors (FD’s), moments, and chord-length statistics based
upon contours of masses, as well as moments based upon
density distributions to aid in classification of circumscribed
and spiculated masses and four-group classification as
mentioned above [13]. The features are evaluated by pattern
classification experiments using the leave-one-out algorithm
and the Mahalanobis distance procedures in the BMDP
(Biomedical Programs) software package [14].

In Section II, we present a review of methods for analysis
of abnormal breast parenchyma and classification of mammo-
graphic masses. Details of the images and databases used in
this study are described in Section III. Details of the adaptive
image edge profile acutance measure are given in Section IV.
Shape analysis procedures based upon compactness, FD’s,
different types of moments, and chord-length statistics are
described in Section V. A brief discussion on the pattern
classification methods used is given in Section VI, and results
of the classification experiments are presented and discussed
in Section VII.

II. A NALYSIS OF ABNORMAL BREAST PARENCHYMA

In addition to microcalcifications, abnormal architecture in
breast parenchyma is an important indicator in the diagnosis
of breast cancer [3], [15]. As a result, a significant amount
of research work has focused on architectural distortion in
breast parenchyma. Early work by Winsberget al. [16] using

low-resolution imagery showed promise in detecting large
solitary lesions. Ackerman and Gose [17] developed computer
techniques for categorizing suspicious regions, marked by
radiologists, based on features in xeromammogram images.
Kimme et al. [18] proposed an automatic procedure for detec-
tion of suspicious abnormalities by identifying breast tissues
and partitioning them into up to 144 sections per breast. Ten
normalized statistics for each section were used as texture
features, and classification of 2270 mammographic sections of
eight patients yielded a false positive rate of 26% and a false
negative rate of 0.6%. Handet al. [19] and Semmlowet al.
[20] reported on an approach for detection and classification
of suspicious areas. The procedure included breast boundary
detection, suspicious area extraction, and abnormal region
classification by using global and regional features. Image
enhancement techniques such as segmentation, hill-climbing,
Sobel, and Laplacian filters were used for enhancement of
masses by Yabashiet al. [21].

Lai et al. [22] presented a method for detecting circum-
scribed masses. In this technique, mammograms were first
enhanced by the selective median filter, and then template
matching was used to identify candidate regions. Finally, two
tests (local neighborhood test and region histogram test) were
applied to reduce the number of false positives. Brzakovic
et al. [23] described a multiresolution and fuzzy-logic-based
detection technique, and a classification scheme based on a
series of deterministic and Bayesian tests of area, shape, edge
distance variation, and edge intensity variation. Gigeret al.
[24], [25] developed a technique for analysis of masses based
on bilateral subtraction and measures of circularity, compact-
ness, and irregularity of margins along with an artificial neural
network. Grey-level histogram analysis, bilateral subtraction,
and run-length linking of multiple subtraction images were
used by Yinet al. to locate potential masses [26].

Richter and Claridge [27] defined quantitative blur measures
for circumscribed lesions in mammograms. Lau and Bischof
[28] applied a transformation based on the outline of the breast
to identify asymmetries in breast architecture. Using a B-spline
model of the breast outline to normalize images, they com-
pared features including brightness, roughness, and direction-
ality to define asymmetry measures for breast tumor detection.

Kegelmeyer [29] proposed a method for detection of spicu-
lated lesions using a binary decision tree with features of local
oriented edges and Laws texture features. Koket al. [30] used
texture features, fractal measures, and edge strength measures
computed from suspicious regions for lesion detection. Fractal
measures and nonlinear filters were also used by Burdettet al.
[31] for characterization of lesion diffusion. Texture and fractal
features were used by Priebeet al. [32] for the detection of
developing abnormalities.

Petrosianet al. [33] investigated the usefulness of texture
features based on spatial grey-level dependence matrices for
classification of mass and normal tissue. Their results of apply-
ing this technique to 135 regions of interest (ROI’s) indicated
89% sensitivity and 76% specificity in the training step, and
76% sensitivity and 64% specificity in the test step using the
leave-one-out method. Co-occurrence statistics computed as a
function of distance and orientation were used by Krasneret al.
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[34] to analyze lesions in sonographic breast images. Kildayet
al. [35] studied the use of tumor boundary roughness, circular-
ity, and other shape factors for classification of mammographic
lesions as fibroadenomas, cysts, and cancers. Karssemeijer
[36], [37] reported on the use of scale-space operators and line-
based pixel orientation maps to detect spiculated distortions.
Woods and Bowyer [38] used 24 features including local edge
orientation, moments, contrast, compactness, and texture mea-
sures for detection and classification of spiculated lesions. Parr
et al. [39] studied Gabor enhancement of radiating spicules
and spicule structure parameters for the detection of spiculated
lesions. Claridge and Richter [7] proposed measures of lesion
edge definition, extent, and texture.

A technique based on adaptive thresholding and segmenta-
tion using a modified Markov random field (MRF) was used
for tumor detection in digital mammography by Liet al. [40].
The detected masses were classified using measures of shape
complexity and mean gradient of region boundary (the latter
computed using the Sobel operator at boundary pixels) with a
fuzzy binary decision tree. Their results with a database of 95
images indicated that a 90% sensitivity could be achieved in
the detection of masses at the expense of two falsely detected
signals per image.

Pohlmanet al. developed a technique based on shape mor-
phology for classifying breast lesions as benign or malignant
[41]. A measure of tumor circularity as well as a measure of
surface roughness were used in their work, the latter computed
as the percentage of angles with multiple boundary points.
Forty-three lesions from mammograms of 39 patients were
analyzed, resulting in an accuracy expressed as the area under
the receiver operating characteristic (ROC) curve of 0.94.

III. I MAGES AND DATABASES

Thirty-nine mammographic images including 16 CB, four
CM, 12 SB, and seven SM biopsy-proven tumors were
selected from the Mammographic Image Analysis Society
(MIAS, UK) database [42]. The images are all of mediolateral
oblique (MLO) views. The scanner used was a Joyce-Loebl
SCANDIG-3 microdensitometer, which has a linear response
in the optical density (OD) range 0 to 3.2. Each pixel is 8-b
deep and at a resolution of 50m 50 m.

Although a majority of malignant masses encountered in
mammographic screening are spiculated and a majority of
the benign masses encountered are well-circumscribed, the
MIAS database has a relatively large number of SB masses. In
order to augment the numbers of the two types of malignant
tumors in the MIAS database, 15 images from Screen Test:
Alberta Program for the Early Detection of Breast Cancer
were digitized using an Eikonix 1412 scanner (Eikonix Inc.,
Bedford, MA.) and a Plannar 1417 light box (Gordon In-
struments, Orchard Park, NY). This set (to be henceforth
called the Calgary database in this paper), includes three
CM and 12 SM biopsy-proven tumors. Either of the two
standard views—MLO or cranio-caudal (CC)—was used. The
15 images were of fifteen different patients. The Eikonix
scanner uses a charge coupled device (CCD) array with 4096
elements, which is scanned over 4096 steps (rows). The

scanner provides 12-b/pixel output; however, our tests with
grey scale test patterns [43] indicated that the data are good
only to 10-b/pixel (due to noise), covering a dynamic range
of 0.02 to 2.52 OD. (The incremental response of the CCD
decreased after 2.52 OD and was further affected by increasing
amounts of noise; see Kuduvalli and Rangayyan [43] for
details.) In this work, the mammograms were digitized to 4096
pixels per row, and as many rows as required to cover the
image (up to a maximum of 4096 rows), and the pixels were
stored at 8 b/pixel (to be comparable with the MIAS database).
The effective spatial resolution is about 62m 62 m. The
resulting data were stored in a 40964096 12-b frame buffer
and displayed on a MegaScan 2111 (Advanced Video Products
Inc., Littleton, MA). This monitor is capable of displaying a
2560 2048 8-b/pixel image.

Sections of interest of the mammographic images were
displayed on a Sun SPARCstation 2 (Sun Microsystems Inc.,
Cupertino, CA) and the boundary of each ROI, i.e., the
tumor, was traced and input to the computer by an expert
radiologist specialized in mammography (JELD) using the
XPAINT software for X-Windows. (Outlining the boundaries
of the malignant tumors was inherently difficult due to the
complexities of their shape, size, and number and nature
of spiculations. It was impossible to outline the boundaries
of two of the spiculated malignant tumors—cases mdb178rs
and mdb179ls—in the MIAS database, which have not been
used in this study.) The and coordinates and intensity of
each boundary pixel were stored for further processing. This
step of manual input of the tumor boundary was chosen in
this work as the aim here is to analyze the effectiveness of
the proposed measures of acutance and shape roughness in
classifying tumors, rather than detection of tumors.

IV. EDGE DEFINITION AND ACUTANCE

The need for a measure to characterize the sharpness or
crispness of an image has been recognized by a number
of researchers, and many different objective measures of
image quality have been proposed (see Rangayyan and El-
kadiki [44] for a detailed review on this topic). Higgins and
Jones [45] proposed a measure of “acutance” based upon
the mean-squared gradient along knife-edge spread functions
of photographic films, and showed that their measure of
acutance correlated well with subjective judgment of sharpness
of images on films. Rangayyan and El-kadiki [44] extended
the concept of gradient-based acutance to two-dimensional (2-
D) ROI’s in images, and presented a region-based measure
of image edge profile acutance. In this algorithm, the 2-D
acutance measure is based on grey-level variations across the
object or ROI boundary. A region-growing method is used
for edge detection. The normal to the ROI at each boundary
pixel is approximated using twenty possible pixel triplets.
Groups of four pixels inside the ROI and four pixels outside
the ROI along the normal at every boundary pixel are used
to compute averaged differences between the ROI density
and the background density. The final measure of acutance is
obtained by calculating the root mean squared (rms) value of
the averaged differences over all boundary pixels of the ROI.
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Results obtained by Rangayyan and El-kadiki [44] showed that
the acutance measure can reflect changes in the appearance of
objects due to blurring and sharpening.

It is established that while most benign masses are well-
circumscribed with well-defined borders, malignant tumors
often possess fuzzy and blurred boundaries; density variations
from inside a malignant tumor to the outside are usually
smooth and gradual. While shape factors can characterize
the shape complexities of tumors, they do not address the
above-mentioned difference. Although edge-strength measures
were proposed to address this point by Koket al. [30], the
measures were based on derivatives limited to four directions
at boundary pixels. We present in this section a modified
measure of acutance where inside-to-outside differences be-
tween the density of a tumor and surrounding tissues are
computed along normals to the ROI boundary, rather than with
3 3 masks for a limited number of directional gradients. The
advantage of the proposed adaptive measure of acutance lies in
its capability to quantify density variations across the boundary
of an ROI along normals that could lie in any direction.
We hypothesize that the sharpness of a tumor ROI across its
boundary can be an indicator or index of the diffusive nature
of malignant tumors and, hence, aid in distinguishing between
benign masses and malignant tumors. Further, such a measure
could complement shape factors in classification of masses,
and aid in classification of masses into four categories (CB,
CM, SB, and SM) as described earlier.

A. Polygonal Approximation of Tumor Boundaries

Segmentation of mammographic tumors is a difficult task,
and no widely tested and successful automatic method has
been reported yet for this application. In our present work, we
have chosen to manually identify the tumor ROI by drawing
the ROI boundary using XPAINT. We have also chosen to
approximate the ROI boundaries by polygons; this step is
useful in the computation of acutance as it facilitates derivation
of the equations of the normals to the ROI boundary based
upon the known equations of the sides of the polygon.

Ventura and Chen [46] presented an algorithm for segment-
ing 2-D curves in which the number of segments is pre-
specified. The algorithm combines a split-and-merge method
and an end-point adjustment procedure. The first step in
the algorithm is an initialization process, which consists of
dividing the boundary points into a prespecified number of
nonoverlapping segments. The second step is an iterative split-
and-merge procedure. In this step, the arc-to-chord residue
of each boundary point is calculated, and the variance or
integral squared error is computed over all boundary points.
The segment with the maximum residue is split at the point
of maximum residue. One of the adjacent segments is merged
with the point of maximum residue such that the maximum
error norm is decreased. This process is iteratively performed
until no further improvement is possible (for the specified
number of segments). The third step consists of shifting the
end points of each segment to the left or to the right point-by-
point until the error norm of every pair of adjacent segments is
minimized. The algorithm stops when no further improvement

Fig. 1. A 720�720 section of MIAS case “mdb193ll” with a spiculated be-
nign mass. The black contour represents the boundary input by the radiologist.
The white contour represents polygonal approximation of the boundary using
20 segments. The white bar in the lower-right corner represents a length of 1
cm. (A = 0:561; C = 0:931; FF = 0:527;MF1–3 = 0:128:)

is possible. The algorithm provides the best fit possible for
the prespecified number of sides of the polygonal approxima-
tion. No difficulties were encountered in convergence of the
algorithm in the present application to tumor boundaries.

In the present work, the boundary of each ROI was polygon-
approximated according to the algorithm discussed above.
The number of sides of the polygonal approximation to each
tumor boundary was manually increased in proportion to
the complexity of the ROI shape until the result indicated
satisfactory approximation (as judged visually). Fig. 1 shows
a segment of a mammogram with a spiculated benign mass
(selected from the MIAS database), with the original ROI
boundary input by the radiologist shown in black, and the
polygonal approximation shown in white. The numbers of
segments (sides) used are 20, 80, and 140 in Figs. 1, 2,
and 3, respectively. It is seen that the polygonal approxi-
mation in Fig. 3 is fairly accurate. Figs. 4–6 show sections
of mammograms with CB, CM, and SM tumors with their
manually input boundaries as well as the corresponding (final)
polygonal approximations. The original and approximated
boundaries overlap closely, and it is clear that the polygonal
approximations match the hand-drawn tumor boundaries very
well in each case (with varying numbers of sides). The
numbers of sides of the polygonal approximations were in
the range 20–50 for circumscribed masses and 40–150 for
spiculated tumors.

B. Adaptive Computation of Region-Based
Edge Profile Acutance

Two innovations are proposed in the present paper to
the algorithm for computation of region-based edge profile
acutance proposed by Rangayyan and El-kadiki [44]. First, the



RANGAYYAN et al.: CLASSIFICATION OF BREAST TUMORS 803

Fig. 2. Same image as in Fig. 1, but with the polygonal approximation
obtained using 80 segments.

Fig. 3. Same image as in Fig. 1, but with the polygonal approximation
obtained using 140 segments.

ROI boundary is approximated by a polygon, as described in
the Section IV-A; this facilitates computation of the equation
of the normal to the ROI boundary at each pixel, instead of
using 9 9 blocks to approximate the normal as done in the
original algorithm. Second, the number of pixels along the
normal used to compute the differences between the object
and the background is adaptive in relation to image resolution
and to ROI shape complexity. However, an equal number of
pixels along the normal from inside the ROI and from outside
the ROI are used at every boundary pixel.

Fig. 7 shows a generic polygonal approximation of an ROI,
along with the equations to a side and the corresponding

Fig. 4. A 512�512 section of MIAS case “mdb010rm” with a cir-
cumscribed benign mass. The black contour represents the boundary
input by the radiologist. The white contour represents polygonal ap-
proximation of the boundary using 40 segments. The white bar in
the lower-right corner represents a length of 1 cm.(A = 0:588;
C = 0:225; FF = 0:194;MF1–3 = 0:025:)

Fig. 5. A 912� 912 section of Calgary case “fh161 878” with a
circumscribed malignant tumor. The black contour represents the bound-
ary input by the radiologist. The white contour represents polygonal
approximation of the boundary using 100 segments. The white bar
in the lower-right corner represents a length of 1 cm. (A = 0:471;
C = 0:614;FF = 0:340;MF1–3 = 0:065.) This tumor was misclassified
as benign in the experiment documented in Table III; as spiculated in
the experiment documented in Table VI; and as spiculated-benign in the
experiment documented in Table IX.

normal at the point marked (1). The equation of each side
of the polygonal approximations to the tumor boundaries was
easily calculated, and so was the equation of its normal.
Differences along the normal at each boundary pixel were
computed in an inside-to-outside fashion [44]. The number
of pixels to compute the differences along each normal was
calculated adaptively according to tumor shape, subject to a
prespecified maximum. The tumor edge thickness to be used
for computation of edge strength or acutance was approxi-
mated by the radiologist to be in the order of 8–10 mm, and
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Fig. 6. A 1024�1024 section of Calgary case “S-404-94-4” with a
spiculated malignant tumor. The white contour represents the bound-
ary input by the radiologist. The black contour represents polygonal
approximation of the boundary using 120 segments. The white bar
in the lower-right corner represents a length of 1 cm. (A = 0:328;

C = 0:788;FF = 0:468;MF1�3 = 0:037.)

thus the maximum number of pixels to be used to compute
differences along normals was specified to be 160 pixels for
the images used in this study, as shown at points marked (1)
and (2) in Fig. 7. At concavities and narrow spicules, it will
not be possible to obtain 80 pixels inside and 80 pixels outside
the ROI along the normal without the normal crossing another
side of the polygon; at such points, as shown by points marked
(3) to (6) in Fig. 7, as many points as available are used. In
case of normals at angles other than 0, 45 , 90 , or 135 , the
nearest available pixels were used to compute the differences.

In this work, the acutance measure was evaluated by first
calculating the sum of differences along the normal to
each boundary point , where is the
number of boundary points of the ROI, as

(1)

where and are pixels along the
normal inside and outside the ROI, respectively [44]. is
the number of pixel pairs along the normal used to compute
the differences for the th boundary pixel, and is subject
to a maximum of (in this work) as mentioned
earlier. The division by is included to account for increasing
distances between pairs of pixels along the normal, and

, as increases. The indexincreases in a direction away
from the boundary point going both inside and outside the ROI
as marked on the detailed representation for normal line (1) in
Fig. 7; the boundary point itself is not used in computing the
differences [44]. Due to the division by, pixel pairs at larger
distances from the boundary contribute progressively lesser

amounts to ; note, however, that the density differences
between such pixels could also be larger than those for pixels
closer to the boundary. The normalized value of was
then computed over all boundary pixels to obtain the acutance
measure as

(2)

where is a normalization factor dependent upon the
maximum grey-level range and , such that is limited
to a maximum value of one.

In this work, acutance is used as a measure of edge strength
or diffusion of a tumor or mass into the surrounding regions
in the mammogram. Given that malignant tumors have fuzzy,
ill-defined boundaries, we expect the acutance value to be low
for malignant tumors and high for benign masses, within the
range (0, 1).

V. SHAPE ANALYSIS

It is well established that benign masses are usually round
or macro-lobulated in appearance, and well-circumscribed
with smooth contours. On the other hand, malignant tumors
typically possess rough or irregular boundaries, including
micro-lobulations, spicules, and concavities [47]. In comput-
erized shape analysis, it is desirable to classify objects using
robust features which are independent of scaling, translation,
and rotation [48], [49]. Compactness, FD’s, central invariant
moments, and chord-length distributions are the most com-
monly used methods for shape analysis.

A. Compactness

Compactness is a simple measure of contour complexity
versus the enclosed area, defined as , where and

are the object perimeter and area, respectively. A malignant
tumor with a number of concavities or spicules could be
expected to possess a highervalue than a smooth and round
benign mass. In order to restrict the range ofto (0, 1), and
to obtain increasing values with increasing shape complexity
or roughness, we use the following, modified definition of
compactness [50]:

(3)

The modified compactness value is zero for a circle, and
increases with shape elongation or roughness. We have previ-
ously used the modified measure of compactness as a feature to
discriminate between benign and malignant calcifications [50].

B. Fourier Descriptors

Persoon and Fu [51] showed that the FD’s may be used to
characterize skeletons of objects, with applications in character
recognition and machine-part recognition. Lin and Chellappa
[52] showed that classification of 2-D shapes based on FD’s
is accurate even when 20–30% of the data are missing. In
the computation of FD’s, the coordinates of each point
in the periodic array of boundary points of an object are
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Fig. 7. Polygonal approximation of a stellate shape with selected normal lines indicated by dashed lines.

represented as complex values, given by
. The FD’s are defined as

(4)
Using only the magnitude of the FD’s, normalized FD’s
(NFD’s) may be obtained as [53], [50]

NFD

(5)

Emphasizing low-frequency components, we derived an FD-
based shape factor as [50]

(6)

The advantage of this measure is that it is not sensitive to noise,
which would be caused if weights increasing with frequency
were used. is invariant to translation, rotation, starting
point, and contour size, and becomes larger as the object shape
becomes more complex and rough, and is limited to the range
(0, 1). Tumors with micro-lobulations and jagged boundaries
are expected to have larger values than masses with
smooth or macro-lobulated boundaries. We have successfully
applied to shape analysis of mammographic calcifications
[53], [50].

C. Moment-Based Shape Factors

Various moments may be computed from an object’s silhou-
ette or boundary; the former is less sensitive to noise and is
an indicator of gross shape, while the latter is more sensitive
to high-frequency edge details. Computation of moments is
simple, but has three disadvantages: the first is the difficulty in
associating the moments with perceptual correlates; the second
is the need of a large dynamic range for higher-order moments;
the third is the sensitivity of the higher-order moments to
sampling error in digitizing the object boundary [54], [55].

The 2-D th-order (grey-level-based) moment and
the centroid of an object are defined as

(7)

(8)

where the summation is over all pixels in the ROI silhouette
or boundary, and is the image intensity at the pixel

[56], [57].
As tissue density usually reduces as one moves outwards at

the boundaries of malignant tumors, we computed a variation
of the moments as a function of the absolute difference of
the grey-level of each pixel in the ROI with respect to the
average grey-level of the ROI as

(9)

Gupta and Srinath [55] used moments of distributions of
distances from each boundary point to the ROI centroid
for classifying closed planar shapes. We modified the methods
of Gupta and Srinath [55], and proposed a new shape factor
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based upon low-order moments and as [50],
[53]

(10)

(11)

(12)

(13)

where is the number of boundary pixels. Note that this
measure is independent of pixel intensity. We have previously
applied this shape factor to analysis of mammographic calcifi-
cations [50], [53]; results indicated excellent correlation of this
feature with the roughness of the calcifications and robustness
with respect to object size, rotation, and translation.

Hu [58] (see, also, Gonzalez and Woods [59] for details)
derived a set of seven low-order, central invariant moments,
which are functions of the second-order and third-order central
moments

(14)

(15)

(16)

(17)

(18)

(19)

(20)

where

, and . The
invariant moments to are not independent of object
contrast, and are numerically sensitive. Size normalization
is achieved by dividing each of the factors by , where

.
In this work, the shape factors listed above were

computed for each tumor ROI to obtain the set
, and computed

as follows: was computed using (10)–(13);
were obtained using (7) and (14)–(20) using only the ROI
boundary pixels with their grey-level values; are
similar to , but do not use the grey-level values;
were obtained using all the pixels within the ROI along with

their grey-level values in (7) and (14)–(20); were
obtained as , but without the grey-level values; and

were obtained using all the pixels within the ROI
along with their grey-level values in (9) and (14)–(20). Here,
the superscript denotes use of boundary pixels only,
denotes use of grey-level or density,denotes use of the
entire region, and denotes use of the difference in grey-level
with respect to the ROI mean as in (9).

D. Chord-Length Statistics

Discrimination of 2-D closed shapes using their chord-
length distributions was discussed by You and Jain [60]. A
chord-length measure is defined as the length of the line
segment which links a pair of boundary points, normalized by
the length of the longest chord. The complete set of chords for
a given object consists of all possible chords drawn from every
boundary pixel to every other boundary pixel. You and Jain
[60] considered the unique chords of the
boundary points of an object as a sample distribution set and
computed Kolmogorov–Smirnov (K-S) statistics of the chord-
length distribution as shape factors. The technique was applied
to boundary maps of seven countries and six machine parts
with different levels of resolution, and the results indicated
good discrimination between shapes. The method is invariant
to size, translation, and rotation, and is stable with respect to
noise and distortion in the shape boundary. The method has
two main disadvantages: it is possible for two different shapes
to have the same chord-length distribution, and the method is
computationally expensive. Shape features may be computed
from chord-length distributions as

(21)

(22)

(23)

(24)

The measures listed above, in order, represent the mean, vari-
ance, skewness, and kurtosis of the chord-length distributions.

VI. PATTERN CLASSIFICATION

The shape factors ,
, and to , and acutance were

computed for each tumor or mass for use as features in pattern
classification. Cases selected from the MIAS database were
treated as one set; the combination of the Calgary database
with the MIAS database was treated as a separate second set
(called the “combined” database) in the pattern classification
experiments. This was done in order to provide separate results
for the MIAS database as it is well-known and available
world wide for research. However, the numbers of CM and
SM tumors are low in the MIAS database; hence we have
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TABLE I
NUMBERS OF DIFFERENT TYPES OF TUMORS

IN THE DATABASES USED IN THE STUDY

supplemented it with a few selected local cases to form the
combined database. Table I shows the numbers of the various
types of cases in each dataset.

The BMDP “7M” step-wise discriminant analysis program
[14] was used to perform pattern classification experiments.
The program requires the feature set to be specified, and
provides measures of performance of each feature in the
classification task. Other methods, such as genetic algorithms,
could be used to preanalyze the features and select the most
discriminant features [61]; this step has not been done in
the present work. The 7M program performs a jack-knife
validation procedure (leave-one-out algorithm). It computes
the Mahalanobis distance to each group mean and the posterior
probabilities of belonging to each group. Then, it classifies
each case into the group with the highest posterior probability
according to classification functions computed from all data
provided except the case being classified.

Many different combinations of the features were used
in classifying each tumor as benign/malignant, circum-
scribed/spiculated, or CB/CM/SB/SM in two-group and
four-group classification experiments with the two databases.
Given the large number of features in the study, it is not
practical to test all possible combinations. Various feature
groups were formed with representation from each type of
feature studied. The results for only some of the interesting
combinations tried are reported in the next section.

VII. RESULTS AND DISCUSSION

A. Benign/Malignant Classification

The benign/malignant classification results for the MIAS
and combined databases using the acutance measure only
are given in Tables II and III, respectively. The percent
accuracy rates of benign/malignant classification using all
of the features in selected combinations are given in Table
IV. The acutance measure alone gave 94.9% and 92.6%
correct benign/malignant classification rates for the MIAS
and combined databases, respectively, which are the best
rates achieved with the various combinations of the features
used in this study. True negative (TN) and true positive
(TP) classification rates are 92.9% and 100% for the MIAS
database, and 92.9% and 92.3% for the combined database,
respectively, as shown in Tables II and III.

The shape measures that depend on boundary information
only, namely, , and to in
different combinations gave benign/malignant classification
rates of no more than 69.2% and 75.9% for the two databases,
as shown in Table IV. The shape factors based upon
the whole ROI but not including the density did not fare any

TABLE II
DETAILS OF THE BEST BENIGN/MALIGNANT

CLASSIFIER FOR THE MIAS DATABASE

TABLE III
DETAILS OF THE BEST BENIGN/MALIGNANT

CLASSIFIER FOR THE COMBINED DATABASE

TABLE IV
BENIGN/MALIGNANT CLASSIFICATION RATES

FOR SELECTED COMBINATIONS OF FEATURES

better than the shape factors based on boundary information
only as above. Addition of information on boundary pixel or
ROI density to the shape factors in computing ,
and did not provide benign/malignant classification
accuracies of more than 74.5% for the MIAS database and
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TABLE V
DETAILS OF THE BEST CIRCUMSCRIBED/SPICULATED

CLASSIFIER FOR THE MIAS DATABASE

TABLE VI
DETAILS OF THE BEST CIRCUMSCRIBED/SPICULATED

CLASSIFIER FOR THE COMBINED DATABASE

70.4% for the combined database, as shown in Table IV.
Further, the chord-length measures did not fare any better than
the other shape measures.

The benign/malignant classification experiments, thus, show
that ROI shape and density information do not directly provide
good results. The acutance measure, being based on adaptively
computed directional derivatives along normals to the ROI
boundary and representing boundary fuzzyness of the ROI,
provides the best classification rate.

B. Circumscribed/Spiculated Classification

The best circumscribed/spiculated classification rates of
94.9% for the MIAS database and 94.4% for the combined
database were obtained using the combination ,
and to , as shown in Tables V and VI. The accuracies
of classification for some of the many combinations of the
features that were tried are given in Table VII. The simple
measure of compactness alone gave a high accuracy of 92.3%
with the MIAS database, but a lower rate of 88.9% with the
combined database. The combination of and
gave a high circumscribed/spiculated classification rate of
92.3% for the MIAS database. The chord-length features gave,
on their own, lower circumscribed/spiculated classification
rates of 79.5% and 87% for the two databases, respectively.
As expected, acutance alone did not perform well in circum-
scribed/spiculated classification (see Table VII).

The results indicate that the extremely simple shape mea-
sure of compactness provides high accuracy in circum-
scribed/spiculated classification; also gave similar results.
The contribution of to and in achieving the
highest rate may be considered to be marginal.

C. Four-Group Classification

The best four-group (CB, CM, SB, and SM) classification
result of 94.9% for the MIAS database was obtained using

TABLE VII
CIRCUMSCRIBED/SPICULATED CLASSIFICATION

RATES FORSELECTED COMBINATION OF FEATURES

TABLE VIII
DETAILS OF THE BEST FOUR-GROUP CLASSIFIER FOR THEMIAS DATABASE

, and , as shown in Table VIII. The best rate for
the combined database was obtained usingand , and was
slightly lower at 88.9%, as given in Table IX. The accuracies
of four-group classification using a few selected combinations
of the features are given in Table X.

The features extracted from the normalized invariant central
moments and chord-length statistics (in various combinations)
did not give four-group classification rates of more than 64.1%
for the two databases, as shown in Table X.

While acutance alone does not fare well in four-group
classification (with about 63% accuracy), it is important to note
that the shape factors (with or without density information) do
not provide four-group classification accuracy beyond 76.9%.
Thus, the results establish the complementary roles of acutance
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TABLE IX
DETAILS OF THE BEST FOUR-GROUPCLASSIFIER FOR THECOMBINED DATABASE

TABLE X
FOUR-GROUPCLASSIFICATION RATES FORSELECTEDCOMBINATIONS OF FEATURES

and shape factors in distinguishing between the four types of
tumors.

VIII. C ONCLUSION

Characterization of mammographic masses and tumors and
their classification as being benign or malignant is difficult. In
this paper, we have proposed a new measure of edge strength
or acutance of the tumor ROI to characterize the fuzzy nature
of malignant tumor boundaries and the sharply defined nature
of benign masses. Acutance alone gave a benign/malignant
decision accuracy of about 95% with 39 cases from the MIAS
database and 93% with the combined database of 54 cases.

We have also analyzed the effectiveness of a number of
shape factors in distinguishing between circumscribed and
spiculated tumors. The simple measure of compactness pro-
vided a high level of accuracy in this task, achieving an
accuracy of 92.3% with 39 cases from the MIAS database.

More complex shape measures based on FD’s and moments
did not give any higher accuracy. Chord-length statistics did
not perform well on their own.

We have demonstrated that four-group classification of
tumors and masses as CB, CM, SB, and SM requires the
combined application of acutance and shape measures. The
combination of acutance, moment-based shape factors, and
FD’s gave a high four-group classification accuracy of about
95% with 39 cases from the MIAS database.

This paper has, therefore, established the usefulness of the
proposed acutance and shape measures in tumor classification.
A limitation of this work has been in the use of manually-input
contours of the tumor ROI’s. We intend to develop methods for
automatic detection of tumor areas as well as for the derivation
of their boundaries.
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