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Abstract

This paper presents a new approach to multi-
modal image fusion and visualisation using
knowledge-based image processing. The task is
to reconstruct the human cerebro-vascular system
from the partial information collected from a va-
riety of medical imaging instruments and then re-
combine these limited models into an anatomically
accurate one. Good visualisation of the vascula-
ture is essential in the diagnosis and treatment of
a variety of brain" disorders.

Introduction
Recent developments in medical imaging instrumenta-
tion provide the physician with large amounts of data
containing 2D or 3D anatomical information. Different
imaging procedures capture different anatomical fea-
tures in different ways and with different resolution.
For example blood vessel imaging can be performed by
MR angiography which creates images of blood flow
with true 3-D information. However, these are low res-
olution and relatively noisy images. X-ray digital sub-
traction angiography creates images of a contrast ma-
terial, an injected dye,in the vascular system at high
resolution but with poor 3-D information where the
projected image depicts overlapping structures. The
challenge of proper pre-therapeutic planning is the ex-
traction, combination and interpretation of these often
disparate images. Combination of different types of im-
ages is currently accomplished visually by the neurovas-
cular radiologist during the planning and execution of

an interventional procedure with little computational
assistance. Ongoing research in computer science aims
to develop automatic image processing techniques for
visualising complex structures.

Most approaches to medical image processing are
’data-driven’ in the sense that visualisation techniques
do not use anatomical knowledge, but rely solely on the
content of the image. However, when a trained radiol-
ogist examines an MltI image, he or she has in mind a
model of brain structures and will look for known fea-
tures. Model-driven image processing makes it possible
to reduce noise and to conjecture the presence of fea-
tures when they are obscured or are not clear because of
poor resolution or overlapping anatomy in a particular
image.

Humans readily use information from different
sources to compensate for inadequacies in other sources.
However, to combine information from different im-
ages of the same objects and to recognise these ob-
jects is a difficult computational task since images
of the real-world contain uncertainties and inaccura-
cies that can only be overcome by the use of knowl-
edge of the world. The importance of using high-
level knowledge or shape constraints in image process-
ing was pointed out by Selfridge [Selfridge e. al., 1981]
and Brinkley [Brinkley, 1988]. The use of knowledge
during image processing was reported in numerous pa-
pers. Kobashi [Kobashi and Shapiro, 1992] provides an
example of how to use anatomical knowledge in low-
level image processing. His segmentation method used
progressive land marking, thus reducing computational
complexity. High-level knowledge was also employed
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n an ESPRIT project, Multi Sensor Image Process-
ng System MuSIP [Sawyer and Mason, 1992]. This is
generic knowledge based-system for 2D multi- source

mage processing. The two year, 29 man-year project
was aimed at developing data fusion techniques for the
:xploration of multi-sensor and multi-temporal images
md the integration of images with non-image informa-
,ion. Most of the work, so far, has been directed to-
yard finding appropriate knowledge representation for-
nalisrns and mechanisms for using the knowledge.

The Problem
"or many brain dysfunctions, especially for arteriove.
1ous malformation (AVM), it is important to rninirnise
he duration of the interventional procedure. A recon-
truction of the human cerebro-vascular system from a
,ariety of medical imaging instruments can help dur-
ng the diagnosis and during the treatment. AVMs are
.ongenital malformations in which ’short circuits’ exist
~etween arteries and veins. With age the AVMs may
~ecome larger, often leading to neurological problems.
~)od visualisation of the vasculature is necessary to Io-
ate and to approach the blood vessels with minimum
isk to the patient [Cline and Lorensen, 1991].

There are a few examples of 3D reconstruction of
erebral blood vessel. Computer graphics methods,
ombined with stereo pair x-ray angiograms, provide a
epresentation for the display of the cerebral blood ves-
els [Barillot and Coatrieux, 1985]. Anatomical knowl-
dge was used to register 3D blood vessel data de-
ived from digital subtraction angiography with MR
mages [Hill and Hawkes, 1991]. Other work proposed
he use of MR angiography volume data for struc-
ural descriptions of the cerebral blood vessel tree
~zekely and Gerig, 1993].
Unlike Hill, where brain anatomical knowledge and

dR imaging provide explicit information of brain struc-
ure, we use MR angiograms, where only the informa-
ion of the ’vuculature is captured. In comparison with
he work of Szekely and Hill, we use a symbolic ap-
.roach for image fusion.

Information Sources
:he task for knowledge-based image processing and fu-
ion is to reconstruct the human cerebro-vascular sys-
em from the partial information collected from a var/-
ty of medical imaging instruments and then recombine
hese limited 3D models into an anatomically accurate
ne. Because of the biological variability of the vascu-
tture among patients, it is unrealistic to attempt voxel
0 voxel standard registration of blood vessel patterns
i MRA and x-ray angiograrus. However, a descrip-
ion based on topological features rather than on exact
eometry lends itself well to efficient matching. These
~pological features are represented symbolically. Un-
ke most other approaches to image fusion, we perform
Itegration of information sources at the level of the
ymbolic representation, rather than at the voxel level.

Three main sources of information in this procedure
are:

I. A structural model of the cerebral vasculature, de-
rived from text books on anatomy and on the advice
of a neurovascular radiologists. This provides a sym-
bolic description of the vasculature, constituting the
domain knowledge for our system.

2. A series of x-ray angiograms of the patient’s brain
which can distinguish arteries and veins, but are only
2D overlapping projections of 3D structures. Several
sets of x-ray angiograms are taken from different an-
gles.

3. A 3D volumetric representation of the blood vessels of
the patient’s brain, derived from magnetic resonance
angiogram (MIRA) slices. MRA shows blooci vessels,
but not tissue and also cannot distinguish between
arteries and veins when flow is unidirectional.

The most critical part of this project is the symbolic
representation of the anatomical knowledge in a way
that can be useful during image fusion. There are two
main components of the representation:

A structural representation of the brain, including its
numerous features. This is organised as a hierarchy
with the brain at the root and branching into large
structures such as the left and right hemispheres with
sub-branches continuing down to individual features.

¯ A symbolic representation of the slices depicted in
the Talalrach atlas. Different sets of slices represent
views from three different angles. Slices in each set
are grouped according to their approximate location,
e.g. front or back, left or right, etc (see figure I).
This segregation is used to assist in matching slices
with the structural representation of the brain.

We have chosen to use a frame system to implement
the above representation, the reason being that it is
easy to map the hierarchical structure onto frames and
the same structure can be displayed graphicMly.

The second and the third sources consist of angio-
graphic images. To be able to create tree-like represen-
tations or symbolic models from both MRA and x-ray
images, low-level image processing is required.

A set of X-ray angiograrns, taken under known an-
gles, are preprocessed and prepared for the reconstruc-
tion procedure. This procedure computes 3-D repre-
sentatious from pairs of projections which helps to con-
struct the 3D model of the original [Higgins, 1981]. Be-
cause the reconstruction techniques only produce ap-
proximations, MRA information is used to resolve am-
biguities [Hiller and Mankovich, 1994]. A structural
description of the vasculature assists in constructing
a partial symbolic blood vessel tree from x-ray an-
giogram images. The tree is incomplete because x-
ray angiogrsms are selective, showing only those vessels
down stream from the site of injection.

The MRA information will be processed following the
method suggested by Szekely [Szeke]y and Gerig, 1993]

55



Figure I: Three different simbolic representations and their interaction.

which we summarise below.
The MRA information must be processed by hystere.

sis thresholding which was reported to be most suit-
able for these type of inmges [Szekely and Gerig, 1993].
However, finer segmentation is neccesary for reliable
extraction of very thin vessels. Following coarse seg-
mentation, s thinning algorithm produces single voxel
wide segments of the blood vessels, thus creating
a skeleton vessel structure [Szekely and Gerig, 1993],
[Tsso and Fu, 1981]. An estimation of the width of yes-
sets must be performed for a complete geometrical de-
scription of the cerebra] vessel tree.

The skeleton represented by voxets must be converted
to a graph structure by connecting the voxels into se-
quences which are assigned to edges and vertices of a
graph data structure. The resulting graph is a symbolic
representation of the blood vessel tree. However, since
MRA images have low resolution, the fine blood vessels
are not yet represented since they cannot be detected
by this technique. The fine vasculature can only be ob-
rained by combining information from x-ray angiograms
with the symbolic blood vessel tree.

Symbolic Fusion
Unlike most other approaches to image fusion, we sug-
eat integration of information sources at the level of
the symbolic representation, rather than at the voxel
level. Integration is achieved by grafting the blood yes-
sel tree derived from x-ray angiograms onto the blood
vessel tree derived from MRA images. This grafting is
achieved by matching graph structures using domain

knowledge to limit the search space. One source of
knowledge is information about the blood vessel into
which the contrast material was first injected.

Angiographic temporal sequencing provides the
starting point for the search to match corresponding
sub-trees. Other sources of knowledge include the spa-
tial orientation and the relationship of the x-ray images
to the MRA slices. The symbolic representation of the
vascular tree contains additional information about the
spatial relationships among the branches of the tree.

Initially s frame system is built to represent the ref-
erence model of the brain’s topological and vascular
structure (see figure I). The links between slice frames
and spatial brain description frames indicate on which
slices we would expect to find a particular blood vessel
or brain feature. The information about which blood
vessels can be expected in a particular slice is also cap-
tured. Frames representing blood vessels indicate the
number and the names of the branching vessels and the
relative spatial relations with the surrounding vessels
and brain features. This reference model is used for
interpreting, i.e. labelling images and for image fusion.

Interpretation of images corresponds to finding links
between the slices in the volumetric representation and
features in the structural representation. For a par-
ticular patient, we have a set of MRA slices and an
unlabened blood vessel tree, as described earlier. The
first stage, constructing a model of the patients brain,
is to label the patients blood vessel tree. This is done
by matching the unlabelled blood vessel tree with the
reference model tree.



The tree.matching search starts by locating, in the
~IRA graph, the region covered by the x-ray graph.
[’he search proceeds by tracing the blood vessels in
,oth graphs until a point is reached where there is no
Qformation in the MRA graph. That is, the higher
esolution of the x-ray angiograms has found fine blood
easels which the MRAis not capable of recording. In
his manner the x-ray angiograms are used to resolve
aps in MRA slices and to extend beyond MRA reso-
ltion. The result of the grafting procedure is detailed
1formation of the vasculature in the region of interest.
br visualisation purposes, the missing information in
Be MRA graph is augmented by the x-ray graph. Fi-
ally, the integrated symbolic description is coverted to
3D graphical representation.

Conclusion
’he work reported here is still in an experimental stage.
sing a structural model of the vasculature and the
rmbolic models derived from two image modalities we
ill combine these limited 3D models into an anatom-
ally accurate one. X-ray angiograms are used to re-
~]ve gaps in MRA slices and to extend beyond MRA
~olution. The result of this image fusion allows 3D vi-
mlisation with detailed information of the vasculature
L the region of interest.
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