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Abstract - This paper aims to develop a methodology to
register pairs of temporal mammograms. Control points based
on anatomical features are detected in an automated way.
Thereby, image semantic isused to extract landmarks based on
these control points. A referential is generated from these
control points based on this referential the studied images are
realigned using different levels of observation leading to both

rigid and non-rigid transforms according to expert
mammogram reading.
Keywords - registration; control points; mammogram;

anatomical features
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mediolateral-obliqueMLO) view. The method is inspired by
experts reading methods and based on the patiatdrap.
After presenting the problem of mammogram registrain
section 2, our contribution will be detailed in ec 3. The
results are discussed in section 4.

II. MAMMOGRAM REGISTRATION

The mapping of information given by several multi o
mono modal images has been an active researchitothie
biomedical field. If no registration is applied,igt difficult
to localize and compare regions of interest on imwages,
as differences of size, orientation or other digtos may
have occurredBrown [2] defines the transform associated

Breast cancer is the most prevalent cancer amonfith @registration as follows:

women [1]. The majority of new breast cancers are

to= argmaxer S( I tQJ)) 1)

diagnosed as a result of an abnormality seen on gherel andt(J) are the referent and transformed images,
mammogram, it is at the moment the best way toctlete compared using a similarity measure S

breast cancers in early stages. This has yieldadésultant
improvement in survival rates. Mammograms areéay

It consists in an estimation of an optimal transfdr

images, wherep-objects such as pectoral muscle, nipple pelonging toT, which allows the mapping of two images

and adipose tissue, are projectedondimensions (see Fig.
1).
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Figure 1 — Example of a MLO view mammogram

. . 1
Several mammograms are done during a woman life. H

Such temporal information is used by radiologisit®
provide an efficient solution to the problem of qmmison
of digital mammograms, a registration step is neags It is

useful toreduce differences due solely to positioning the !
respect to the device while preserving

breast with
differences in mammograms caused by breast chahges
to the apparition or progression of a diseaBeis is an
important issue before a computed-aided diagnaaisbe
performed.

and J; and argmax represents a resolution strategy. As
illustrated by Figure 2, a transformh can be rigid
(translation, rotation), or non rigid (affine : gkl linear
transformation ; deformation field). On the one dhangid
and affine transforms are widely used to recoveabal
deformations, e.g. for intra-patient registratidgtowever,
they do not cope with local deformations. On thbeot
hand, non-rigid transforms address the problem ocfll
deformations; however they match contours of stmect
with local irregularities due to the high numberd&grees
of freedom.
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Figure 2 — Types of transformations

Various methods have been developed to correlatesar
in mammograms in order to detect differences thatikely

The purpose of this paper is to develop an autamateto be associated with an abnormality. A survey lese
method to register a couple of temporal mammograms methods can be found in [1].



Most of the rigid methods rely on extraction of
corresponding landmarks (points, curves or surjaddwese
landmarks quality plays an important role in thigrahent
accuracy. Tedious is manual landmarks generatidnitais
a time-consuming task, therefore a large numbenathods
are based on an automated extraction of landmarks
mammograms. According to [3], the only
corresponding landmarks for mammogram registraticm

robust

Most of the registration methods look for matching
images either at a global level or at a local lesglording to
a function to be optimized. Of course this is nohsistent
with expert
Different observation levels have to be taken atoount. A
global view focuses on anatomical elements thatezesily
be matched and that give sense to the differeris pérthe

VISUAL PERCEPTION DRIVEN METHOD

anatomical features such as breast boundary, peCtORoast Indeed, texture must not be used at thes &s it is

muscle, nipple, crossing points of horizontal arettical
structures, fibrous tissue, ducts and vessels |atest are
less robust in case of controlateral
registration, due to the natural dissymmetry betwe# and
right breasts. A lot of methods have been develojged
extract robust anatomical features [4, 5, 6]. Thedmist

too much involved in the defaults that are the aofréhe

mammogram reading. In a second step, some senlantica
MammograMgneaning is associated with each region, with pbssitore

local processes. A raw matching is then done based
rigid anatomic referential (a primary model) asatexd with
each breast.

anatomical features are not homogeneously spatially 14 simulate the estimation of a deformation fietine

distributed. Therefore a rigid registration of maograms
needs an intelligent use of these anatomical featur

Most of non-rigid registration methods are iteratand
minimize a cost or an energy function defined irmte of
the intensity difference between images. The siihla
criterion may involve mutual information (2) thahplies
entropy computation (3):

IM(1, J) = H(l) + H(J) - H(1,J) (2)
H() = — Xc pi -log(pi) Q)

wherel andJ are the processed imagés,s the set of n
gray levels, andis comprised between 1 and n.

Other similarity measures can be used such asutime s
of absolute differences, the sum of squared diffegs, a
correlation coefficient or the Wood's criteria [As these
methods imply an iterative minimization of an energ
function, they are quite time consuming. To deczeti®e
iteration number, some methods use a rigid appraach
initialise the search in a non-rigid method [8]. tdover,
some biomechanical models [9, 10] have been prabtise
improve non-rigid registration, with adaptation hboeast
compression that implies deformation of the sofsue.
Another drawback of non-rigid methods is the pasdnt
modification of abnormalities evolving over time.

In the image mammograms registration, very impartan

is to preserve differences caused by breast chamgrew
disease appearance or progress of existing disfase.
preserve as much as possible
differences not caused by positioning, we propodallg
automated coarse-to-fine registration method. based on
robust anatomical features linked to intensity aonl
semantical interpretation. We have been inspiredxpert’s
perception and reasoning way.

Then local non-rigid transforms are possible. Thiat]
use of a global rigid registration followed by aab affine
method will allow us to simulate a deformation dievhile
maintaining the processing speed of rigid methods.

these mammograms

independent affine transforms are applied to regiorked
to this referential, as the experts practice. Tégproach
allows simulation of elastic deformation and maimaa low
computation time.
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Figure 3 — Block diagram process

First, the anatomical elements enable the buildih@
referential associated with each breast image. Oieast
boundary, the pectoral muscle, the nipple, the fo(fed
between the belly and the breast) and higher limitshe
breast (see Fig.4) can be extracted in a robust Wagy are
referential points commonly used by experts.

As the paper aim is not anatomical features extract
we only here describe briefly this step.

Higher limit —

: Breast boundary
Pectoral ranscle //f

Lower limit Hipple

Belly .7

Figure 4 — Anatomical features extracted

Thresholding enables the breast boundary extraction

The nipple detection is based on a patch learnioggss.

reasoning and human vision processing.



Random forests are used to generate decision thegs
determine which region contains the nipple. A
approximating the pectoral muscle is obtained lgy afsthe
Hough transform.

This line is used as the Y axis of the referentiabe
built. The line perpendicular to Y axis and goihgough the
nipple centre of gravity is chosen as X axis (siee ). The
lower and higher limits of the breast are localizedler and
above the nipple axis where the breast thickneissatte
from boundary breast to Y axis) is the smallest.

up ¥
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Figure 5 — Orthogonal system used as referential

The referential highlights two parts in the bredahg

The breast referential allows to reduce differendes

linesolely to positioning (orientation) of the breasiridg the

acquisition step (see Fig.6), this is the coarggstetion
step. Then, during the fine registration step,
deformations are locally defined.

the

o)

Referential in
Image |

Referential in
Image J

Image | registered
in Image J

Figure 6 — Registration process of image | in image

IV. RESULTS

Evaluating registration algorithms is difficult dte the
lack of gold standard in most clinical procedurg$]] The
bronze standard is a real-data based statistictianehat

upper 4 and the lower part,ZVhereas they have the same provides an alternative registration reference upho a

texture, they are not deforming in the same waypialicg to
the acquisition process.
The registration is based on a patient referestia a

computationally intensive image database regisinati
procedure. It is a statistical procedure whose gaeps to
estimate the registration algorithms performances b

two-step matching process. The first matching, escalconsidering the exact result as a hidden variaslenated

independent, is a rigid transform. A translatiogtches the
origins of the referentials and a central rotasaperimposes
the axis. Let F be this transform. In the secorag,sonly
local processes are considered. The regions ap@edsby
the way the experts are reading the images. Therexp
vertically scan the image, therefore the Y axiprismoted.

from a large enough data s&te developed method was
tested on 30 couples of temporal mammogramslio
view. Experts have selected manually five landménkisro
calcifications, macro calcifications ...) present both
images. Distance before registration is computed by
superimposing, in an absolute and global way, the t

Then the scanning is modeled by way of horizontaimages of each couple, independently of their austeln
rectangular zones {(Z more precisely the zones are one pixelorder to evaluate our results (see Table 1 and7)igve

high. The images | and J are defined as:
I=UeiZy I =Uiey Zy 4)
wherel is the index of the zorigalong the Y axis.

As noticed above, the stretching along the Y axiaat
the same in upper part, and in lower part Z Note these
two pressures ¥, and \z. V4 (Z;) will be registered on £
with a taking Z, or Z value.

The transformation between two segments with egual
coordinates is modeled by a linear scaling, in Xhaxis
direction. The scale changes are not identicablalhg the
breast, figuring the different pressure the breastives. We
note Hy, the scale change applied on the horizontal \with
ordinate.

Let Sbe a horizontal segment in image | :

S = Va[Hs(9)] ©®)

wherea designates Zor Z andb is they coordinate o5
in the referential of image J.

compare them with those obtained with a globaldlietion
matching the nipples in the two images, as pradfiae a
mental way, by radiologists.

The results show a diminution of the mean distance
between the selected landmarks. Our method giverbe
results than a rigid registration either for medstahce
between landmarks or standard deviation. Maximuior és
also reduced (Fig. 7).

. Before Translation Our
Distance . : . .
registration | registration | method

Mean 1.02 0.68 0.62
Standard

Deviation 0.58 0.40 0.33
Mean execution

time (sec) - 3.05 3.95

Table 1 — Comparative results: mean distance (aheaecution time
(sec) for a couple of temporal mammograms
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