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Abstract. A multiscale method for segmenting and enhancinglesions of varioussizesin mammogramsis
presented. The method uses two stages. Thefirst stage applies amultiscal e automatic threshold estimator
based on histogram moments to segment the mammogram at multilevels. The second stage converts the
segmented image using pseudo-colour mapping to produce a colour image.

An algorithm is presented as well as experimental results. Mammograms are digitalised using atable
scannerswith a transparency adapter and the algorithm isimplemented in Borland C++ 4.02 on a486 PC.
Theresultsare anal ogousto abreast map which provide an adequate basisfor radiological breast tissue dif-
ferentiation and analysisin digital mammography. Experimental results and judgments from radiological

experts are very encouraging.

1 Introduction

Mammaography is an effectiveimaging modality for early
breast cancer detection [3, 10]. Despite the advancesin
mammography, human interpretation still remains very
difficult. An estimate of about 10% to 30% of tumorsare
missed during human interpretation and about 40% of the
missed tumors appear as masses [8]. Computer aided di-
agnosis such as mathematical morphology [12], wavelet
transforms[ 7], neural networks[1], filtering [8] have been
proposed for enhancement [ 7, 11], microcal cification seg-
mentation [4], detection and extraction [1, 2, 8] and clas-
sification [9, 12].

One of the most important steps in digital mammog-
raphy is an adequate segmentation of possible tumors.
This obviously minimises errors in further stages such as
inclassification. However, several factors, some of which
are listed below affect the proper segmentation of mam-
mograms.

Mammograms contain low signa to noise ratio
(low contrast) and a complicated structured back-
ground. Breast tissue contrast and density vary
with age, thusmammography producesvaryingim-
age qualities. In addition, mammographic images
are not bimodal. As a result, any segmentation
method which utilises an a-priori or single thresh-
old value method is highly likely to generate se-
rious segmentation errors. This paper overcomes
these problems by utilising automatic thresholds
derived from theimage, and the multi scale segmen-
tation approach eliminates errorswhich are usually

presented by single threshold methods.

Objects such as microcalcification have very small
and varying sizes. The sizes could be about 0.7mm
with a diameter of 0.3mm. An adequate method
must be capable of segmenting objects with very
small and varying sizes. Thispaper utilisesamulti-
scal e segmentation method based on histogram mo-
ments to overcome these problems. This permites
the segmentation of objectswith variousformsand
sizes.

Tumors or calcifications are embedded in an inho-
mogeneous background. In mammograms, back-
ground objects may even appear brighter. There-
fore, global threshold methods suffer considerable
drawback. Adaptive neighbourhood segmentation
methods attempt to overcome such drawbacks, but
implementational issues such as neighbourhood
sizes and the determination of regionswhere back-
ground objects are brighter till pose a difficult
problem. These problems are resolved by using a
multiscale segmentation method and the resulting
thresholds are mapped using pseudo-colour image
processing techniquesto enhance human visualisa
tion.

The proposed method utilises two stages. The first
stage segments the mammogram at multiscale using an
automatic threshold estimator based on histogram mo-
ments derived from the characteristics of the mammo-
gram being processed. The second stage uses a pseudo-



colour mapping scheme to generate a colour image of the
segmented image. All objects of small and varying sizes
are segmented and enhanced. An algorithm is presented
as well as experimental results. Mammograms are digi-
talised using atable scanners with a transparency adapter
and the algorithm is implemented on a 486 PC. Thefina
resultsare analogousto abreast map which providean ad-
equate basis for radiological breast tissue differentiation
and analysis in digital mammography. Experimental re-
sults and the judgment from radiological expertsare very
encouraging.

Thispaperisarranged asfollows. Section 2 provides
the definitions and the mathematical theory of moments
for an automatic threshold val ue determination [ 13] based
on mean, contrast and skewness. Section 3 givesamulti-
scale segmentation and enhancement algorithm. Section
4 presents experimental results and some advantages.

2 Mathematical Theory of Moments

This section provides the definitions and the mathemati-
cal theory of moments|[5, 13] upon which multiscal e seg-
mentation and enhancement is based. The reason for us-
ing multiscale segmentationisbased onthefact that mam-
mograms are not bimodal, thus overcoming the problem
of undesirableresults produced by single threshold meth-
ods.

Definition 1
Given a histogramwith two modes a and b, the segmenta-

tion error can be minimised by minimising the cost func-
tion,
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Definition 2

The rt* moment M, is defined as
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where N = KL isthe total number of pixelsin the im-
age, h(i) istheit" histogram value which is the number
of pixelswhich have f(k,1) = i, and P is the number of
grey levels.

Definition 3

The central moments H,. of the histogram are defined as
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wherer = 1,2, ... andm isthe mean of the distribution.

- H; isthe central histogram mean of the distribu-
tion.

- H, isknown asthe variance and givesthe measure
of gray level contrast.

- Hj3 isthemeasure of the skewness of the histogram.

Further information on the derivation, analysis and prop-
erties of central moments can be obtained from the book
by Gonzalez [6].

Minimisation [13, 14, 15] of the segmentation error
e using the cost function in Equation (1) gives
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Thethreshold value[13, 14, 15] is given by
T'=05(a+b)+m 9)

Let us examine the nature of 7" in equation (9). The
deviation of athreshold value T' from the mean of thedis-
tribution m depends solely on the variablesa and b. Con-
sider the following theorem.

Theorem 1

If an image has constant intensity, the central moments
H,.=0forr > 1.

From Equation (3),
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Since the image has constant intensity, f(k,!) = m and

thus H. = 0 for r > 1. Noteasothat (a + b) = 0 since
both ¢; and ¢» are zero, hence the threshold value which
minimises the segmentation error is m.

3 Multiscale Segmentation and Enhancement

The mathematical basis presented above can be it-
eratively used to automatically generate threshold values
Tj,j = 0,..., P for multiscale segmentation. For such
an automatic process, the following convergence criteria
arerequired.



(1) T; > P—1. Thethreshold valueis greater than the
maximum pixel intensity.

(2) T; < Tj—1. In practice, this rarely occurs. This
would occur if (a 4+ b) < 0, and this casein treated
below.

(3) (a +b) < 0. We note from Theorem 1 that m
is the threshold value for an image with constant
intensity. Equations (5) and (6) demonstrate that
(a < b), and from Equation (1), both (a,b) > 0. If
(a + b) < 0then (a < 0) which contradicts Equa-
tion (1) and multiscale segmentation terminates.

Algorithm 1 computes the various different thresh-
oldvaluesT}, j = 0,...,k wherek < P for multiscale
segmentation.

Algorithm 1
1 Computethehistogramhli],i =0,...,P—1,0f f(I, k).

3If((T; >P—-1)or(a+b) <0or (T; <Tj_1))goto
step 7 else goto step 4.

4 M, =3 >21"p h(i)(i —m)", where W is the number
of pixelsin the image with grey level i > T}.

5 Tj+1 = 05(a + b) + m.
6 Goto step 3.
7 exit.

However, for a proper segmentation, histogram post-
processingisrequired. A adaptive histogram equalisation
method is used to correctly assign pixels to their correct
classes defined by the thresholds. To segment at thresh-
old value T}, a histogram equalisation is applied in the
interval T, to T4, before segmenting. This is based
on the observation that intensity values may sometime be
higher at the center of lesions and gradually decrease out-
wards to the periphery and spikes. This operation there-
fore attempts to segment the cancer and spikes into the
same class. This can be regarded as region growing.

Multiscal e segmentation produces a mammographic
map v(k,l) = T, based on the various thresholds
with varying object sizes. This mammaographic map can
be used by a radiologist to interpret the mammogram.
All objects are identified even when the background is
brighter than objects.

Minimisation of incomplete segmentation is
achieved by an adaptive histogram equalisation method.
However, noise appear as spike-like regionswhich can be
eliminated on the basis of size.

The human visual system can only discern alimited
number of gray scale. Therefore, representing the results
from multiscale segmentation in gray scale mode does not

actually produce sufficient contrast and tissue differenti-
ation for a adequate radiological interpretation and anal-
ysis. An adequate manner is to map the multiscale seg-
mented mammogram based on the various threshold val-
ues using pseudo-colour image processing techniques[ 6]
to produce a colour image. Consider distinct threshold
values T, and distinct colour values C; for j = 0,...,n
wheren < P, then pseudo-colour mapping is achieved

by

f(k,1) =C; where T; < f(k,l) < Tji1 (12)
where f(k,1) is the original image. There is no signifi-
cance to the colours attributed. The main purpose is to
improve visualisation for human mammaographic inter-
pretations. However, further research being undertaken
aimsto classify these results and attribute meaning to the
colours attributed. Judgments from radiological experts
are very encouraging with the use of pseudo-colour im-
age representation.

4 Experimental Results

The agorithm was implemented on a 486 PC using
Borland C++ 4.02. Experiments were conducted on two
sets of images of atotal of 50 mammograms. The maxi-
mum size of the digitalised mammogramsconsidered was
128 x 128 pixels.

Thefirst set of experiments on 25 images were con-
ducted in a local clinic. The mammograms were dig-
italised by an ordinary table ScanJet 4C scanner from
Hewlett Packard with atransparency adapter. Analysisof
resultsby radiological expertswerebased onthreecriteria
compared to direct radiological mammographic interpre-
tation. Of the 25 mammograms tested, the results from
expert radiological analysis were as follows:

e Bad. The multiscale segmentation and enhance-
ment method did not detect all lesions visualy
identified by an expert radiologist in the process of
visual inspection. No result was registered in this
category.

e Equal. In addtionto thefacility provided by colour
enhancement, all the lesions identified by the ra-
diologist were detected by the method and colour
mapped. In this category, 21 mammograms were
registered.

e Better. Inaddtion to thefacility provided by colour
enhancement, lesions were detected which the ra-
diologist did not identify or had uncertainty in the
visual inspection of the mammogram. 4 mammo-
grams were registered.

The results presented in Figure 1 and Figure 2 repre-
sent the different multilevel threshol ds obtained by Algo-



rithm 1 starting with the original digitalised mammogram
on the top-left corner.

T
= bl h S (e s A

Lol b [ [ i

Figure 1: Category Equal

Figure 1 depictsthe resultsin the category Equal, in
addtion to producing a colour segmented image which fa-
cilitates radiological inspection. The multi threshold val-
ues obtained in this case by Algorithm 1 are 54,96, 118 e
131.

Figure 2 depicts the results in the category Better
which show lesions not clearly detectable by visual radi-
ological interpretation.

The second set of experiments were conducted on
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Figure 2: Category Better

images obtained from the mammographic database of the

University of South Florida. These database contains
mammograms and results provided by radiological ex-
perts. Of the 25 tests conducted, the results were in ac-
cordance with the information provided in the database
by radiological experts. Because the images are of high

resolutions, the results were even more impressive. Fig-

ure 3 depicts an axample of amultiscal e segmented mam-
mogram obtained from the database. In the course of all
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Figure 3: Segmented and Enhanced Image, Courtesy USF

experiments, all objects of small and varying sizes are
segmented and enhanced. In addition to the algorithm,
a user friendly window based graphical interface is pro-
vided. Thefinal results produceabreast map as can be ob-
served in the figureswhich provides an adequate basis for
visual radiological breast tissue differentiation and analy-
sisin digital mammography.

5 Conclusion

A multiscale method for segmenting and enhancing ob-
jects of various sizes in mammogramsis presented. The
method utilises an automatic threshold estimator based on
histogram moments to segment the mammogram at mul-
tilevels. Finally, the segmented image is converted using
pseudo-colour mapping to produce a colour image.

Analgorithmis presented aswell asexperimental re-
sults. The results produce a breast map which provides
an adequatebasisfor radiological breast tissue differentia-
tion and analysisin digital mammography. Experimental
results and judgments from radiological experts are very
encouraging.
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