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ABSTRACT

This paper focuses on segmenting dynamic magnetic resonance (MR) images of the human heat stored in a
database. Heat MR images are dynamic, as the size and shape of a person’'s heat vary in time. Active Shape
Model segmentation was used to segment dynamic images of the heat. The input datais a points file of a set of
randam points. This methodis ecnamicd since points of al the frames need na be placal in the points fil e for
seach. Segmented dynamic images of an organ such as a heat would help physicians to better understand
certain medicd condtions. The novelty of this approach is that it all ows automatic segmentation o thousands of
dynamic MR images in the database, visuadizaion d the shape variation and retrieval of similar cases of interest
from the image database.

Key words: Magnetic resonance imaging (MRI), shape model seach, database image storage and retrieval,
medicd image seach.

INTRODUCTION

In recat yeas, techndogicd advances have led to many reliable medicd imaging
techniques sich as computed tomography and magnetic resonanceimaging (MRI). MRI has
been shown to be dfedive in diagnostic imaging, which is concerned with detedion,
locdization, and tissue tharaderization. The number of medicd images acaimulated for
diagnostic purposes in haspitals is colossal. For example, the radiology department of
University Hospital of Geneva produced 12,000mages aday in 2002(Muller et a., 2004.

Due to the large mlledion d medica images, analyzing them to search for images that
are relevant to certain medicd condtions is time cnsuming withou automation. Research
iswidely condwcted using visual feaures such as color, texture and shape in addition to text
annaation to interpret image wntents. Fully automated segmentation d images into oljeds
is gill an ursolved problem. In addition, Muller et a. (2004 have highlighted that the
current image seach and interpretation techniques have till not solved the semantic gap
and sensory gap; medica expertiseis required to reduce these gaps.

Within humans, structures such as brain and bore can be static as they only vary in
shape from one individual to ancther. Organs auch as heat and lungs are dynamic as their
shapes change during contradion and expansion within an individual; also, they vary from
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one person to anather. Seaching for static images having matching segmented cortent is
complicaed. Similar seaching for dynamic images is even more diallenging and
complicaed.

The shape-based algorithm as introduced by Cootes et a. (1994 is able to segment
dynamic images auch as of the heat, thus reducing the semantic gap and the complexity of
segmentation. Segmenting dynamic images acairately will help physicians to find similar
cases of complicaions andto dagnose condtions. In this method, the inpu datais a points
file of randamly seleded pdnts. This is ecmnamicd since paints of all the frames nead na
be spedfied. The shape based algorithm depends on the energy minimization grinciple.
Once arough dredion is defined it will settle on the minimum energy as defined by the
boundiry of al the frames, which can amount to thousands. It can shrink and wrap onthe
region d interest, such as the heat. This novel approach allows the seach for objeds of
interest in MR images gored in databases and visualization d the tempora variation d the
shape.

The purpose of this research is to identify the objed in the region o interest in a given
set of MR heat images based ona model creaed from atraining set. The MR images were
obtained from alocd haspital, preprocessed, scanned and stored in a database. The objeds
in the region d interest chasen can dffer depending on the type of disease. We wish to
model the shape variation d the heat and use the resulting model to interpret MR imagesin
the database.

PREVIOUSWORK

Many different techniques have been introduwced for seaching medicd images in order to
retrieve, from the image management systems, images and records that have similar if not
exad content (Rui et a., 1999. A few of these techniques use semantic keywords or
content-based search using color, texture or shape; the latter is more complex than using key
words attadhed to images (Eakins and Graham, 1996 Vujovic and Brzakovic, 199§.

The segmented gray-level MR image encodes the brightness level observed at ead
point in a scene using a value usualy in the [0,259 range. Edges are image contours and
corners of the image wrrespondto sharp pdnts onimage edge mntours. Detedion d edges
and corners can help in image feaure matching. Rigid templates and correlation can be used
in image interpretation. However, the biologicd objeds often do na share an exad rigid
shape and are inherently variable in shape. Therefore, a flexible model has to be used to
alow for some degree of variability in the shape of the imaged ohjed (Sclaroff and
Pentland, 1994.

Kass et al. (1987 presented a simple and genera two-dimensional (2D) image
processng deformable model cdled “snakes.” Although popuar, “snakes’ was nat reliable
in identifying a particular classof objed to the exclusion d other strong image structures
(Cootes et al., 1999. The Active Shape Model (ASM) employs gatisticd models of shape.
The model can deform based solely on statisticd analysis of the training set, alowing a
compad and spedfic description d the shape variation. ASM is used to interpret 2D MR
images based onthe shape variation d the objeds in the region d interest (Cootes et al.,
19949.
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The shape model is creaed from the mean and covariance of the x and y coordinates of
points that lie on the boundiries of samples of the objed. Sampling the grayscde profile
along the normal to ead o the paints that define asample boundry credes the grayscae
model. ASM models of the shape of image sequences alow seach, reaognition,
measurement and clasdficaion d objeds. Statisticd analysis of objeds alows explicit
description d their shape variation, resulting in Active Shape models, which can deform to
redistic shapes (Coates et al., 1999. Therefore, the ASM approach is adopted as the
segmentation methodin this research.

MODELING TECHNIQUE

The region o interest or objed modeled in MR heat images is the heat. The heat ASM
model is used to classfy MR heat images dored in the database. Software tods used to
conduwct this gudy are Microsoft Windows 2000, Matlab version 5.3,ASM Todkit (ISBE,
1999 and Microsoft Access 2000. Image modeling and clasdficaion involve image
aqquisition, modeling segmented MR images, credion d heat shape model and
clasdficaion o matching images as shownin Figure 1.

Image Acquisition
A set of 27 MR transverse-slice heat images of a hedthy male was used for this gudy. The

heat is chosen as it is a dynamic organ and the variation in shape of the heat model from
one MR image to ancther can be tradked through a sequence of MR heat images.

Image Modeling MR Heart Shape Classification of
acquisition heart image model matching images

Figure 1. Image modeli ng and search methoddogy

Modeling MR Heart Images

A subset of 10 MR images was sleded from the database to buld a shape model. Modeling
the MR images was carried ou by labeling points along the strong edges of the heat shape
in the images. Eadh image was labeled with 15landmark points, making the shape explicit.
Good seach performance of the model depends on the acwracy and consistency of the
labeling (Cootes et al., 1994. These points were stored in a points distribution fil e.
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The shape model data file was creaed to keep tradk of the locaion o images, model
file, partsfile and pantsfile. The parts file kegps tradk of the number of points marked. The
points file keegs tradk of the wordinates of the marked pdnts in order to seach for the
shape variationin a given MR image. The second anel of Figure 1 shows the labeled heat
shape.

Heart Shape Model

Active Shape Models are statisticd models of the shapes of the objeds in the region d
interest in agiven MR image. Each oljed in the training image set is represented by a set of
15 labeled landmark poaints, which is consistent from one shape to the next. Each shape is
represented by avedor x of landmark paints coordinates: X = (Xo, Yo, X1, Y1,-+-Xn, Yn) -

The movement of the landmark points together with the shape variation is described by
the linea deformation modes and is represented by the e@genvedors p; of the covariance
matrix. The asciated eigenvalue A is equal to the variance in ead linea deformation
mode. Ead shape x of the training set is computed as a weighted sum of eigenvedors p; and

the mean x:
X=X +Pb (1
where x isthe mean of the digned training MR image set,

P = (p1 p2 ps...py) IS the matrix with the @genvedors as its columns, and
b = (b, b, bs ...b)" isavedor of weights for shape parameters.

Equation (1) is used to cdculate the shape parameters that are gproximated using the
mean shape and weighted sum of deviations from the modeled landmark points <atered
aroundthe region d interest in the training sets. By varying the value of b, new shapes that
are similar to the training set can be generated for the heat model (Coates, 200). The third
panel in Figure 1 shows the heat model creaed.

Classification of Matching I mages

The ASM static seach is an iterative refinement of the heat model poses (rotation 6,
trandlations t, and ty, scde s) and shape parameter b. Starting from a spedfied pose (region
of interest), the MR image was fached for instances of the spedfied heat model. Upon
completion, the final model pose was returned, along with a vedor of shape parameters
which describe the model shape. This all owed the search and clasdfication d images with
the same shape dassas defined by the model. The remaining 17 MR images in the database
were dassfied using the same method. The dasdfied images were auttomaticdly added to
the training set to further refine the model.
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RESULTS AND DISCUSSION

A simple database was creaed to store MR heat images and models, a subset of apatient’s
diagnosis report and the type of treament given. Twenty-seven MR heat images were
stored in the database. Prototype software was developed to link ASM Toadlkit with the
database asin Figure 2.
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Figure 2. Prototype devel oped to seach the MR images from a database

The heat model creaed was loaded into the prototype software to classfy the new heat
images using the iterative seach method. Initially, the iterative seach makes larger steps,
quickly finding arough estimate of the region d interest. Asthe seach progresses, the steps
bewmme smaller alowing for a refined fit. All the seventeen images were successully
clasdfied using this method. Figures 3, 4 and 5 show the iterations of seach performed
using the model.

The MR heat images were linked to patient records and once the model fitted into the
region d interest of a seleded MR image, the related medicd records of the patient were
retrieved and dsplayed by the prototype. Using the prototype, the Active Shape Models can
be indexed to interpret diff erent shape dasses of MR images and to retrieve relevant records
from the database.
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Figure 5. Fitting of the model with the heat objea

CONCLUSION

In this gudy, we have focused onthe dynamic heat ASM model of ahedthy male and used
the resulting model to interpret other MR heat images in the database. Once defined, such
models can be used to classfy and index the thousands of images and petient records in a
database. This approac can be extended to study the MR images of other dynamic organs.
The semantic gap (lossof information through image representation) may not be aproblem
as medicd expertise is used in creaing a new model. Future work would include studying
the dficiency of this method in storage and retrieval of matching images from large
database systems in haspitals. This would require the following appli cations: easy database
conredion, threedimensional (3D) modeling and Augmented Redity (AR). However, these
fedures would require high-end procesors and graphics cards.
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