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Abstract

We present anovel approach to model-based pattern recognition where structural information and
spatial relationships have a most important role. It isillustrated in the domain of 3D brain structure
recognition using an anatomical atlas. Our approach performs segmentation and recognition of the
scene simultaneously. The solution of the recognition task is progressive, processing successively
different objects, and using different pieces of knowledge about the object and about relationships
between objects. Therefore, the core of the approach is the knowledge representation part, and
constitutes the main contribution of this paper. We make use of a spatial representation of each piece
of information, as a spatial fuzzy set representing a constraint to be satisfied by the searched object,
thanksin particular to fuzzy mathematical morphology operations. Fusion of these constraints allows
us to select, segment and recognize the desired object.
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1. Introduction

Structural recognitionisauseful step in automated image description and interpretation.
Structural recognition makes use of spatial relationships between the several components
of an image to improve the recognition of every individual component and to provide a
reliable global understanding of the image. We are interested in model-based structural
understanding. Such systems may be of great interest in many domains, for instance in
aerial imaging, computer vision or medical imaging, for al problemsfor which some prior
knowledge about the observed sceneisavailable. Thiswill beillustrated herein the domain
of 3D brainimagery.

Most image understanding methods are separated into two stages. (i) detection of
candidate objects and (ii) recognition of these objects. The former is considered a low
level processwhereasthelatter is performed at ahigh level, and as such, they are often dealt
with by different layers of software, for instance the former is performed in a preprocessing
algorithmic level whereasthe latter is done by a rule-based system. To compensate for this
stratification, in some cases, afirst interpretation allows areturn to the low level processto
improve detection and a moderate number of iterationsis performed.

Our approach is completely different. It may be seen as a sSimultaneous segmentation
and recognition process of the scene, and the solution of the recognitiontask is progressive,
processing successively different objects. The method starts with one object, expected to
berather easy to detect. Thisobject is detected and recognized by gathering and comparing
on the one hand information extracted from the image and, on the other hand, knowledge
derived from the model or from the domain. Then the method addresses the recognition of
another object using its own properties (radiometry, morphology) and also some relations
(connectivity, relative position) with the previously recognized object. The process is
then iterated to extract objects that are more difficult to detect, but using more structural
information since the context is better known. If variability is expected between model and
scene, registration can be initialized and refined at each recognition step using the newly
obtained correspondence between a model object and a scene object. We suggested this
approachin [1]. Hereit will be more elaborated and detailed.

A second important characteristic of image understanding methods is the way
spatial information is handled. Many structural recognition methods are based on graph
representations. Relaxation and optimization techniques (i.e., modifying iteratively the
recognition function) are often used to satisfy structural constraints. Others use constraint
networks or Delaunay triangulation to capture and manipulate the spatial context. In this
paper, we directly make use of the image array to gather and combine the pieces of
information including structural ones which are therefore al converted into a spatially
encoded structure.

Thelast important characteristic of image understanding methods that will be discussed
here is the chosen framework for knowledge representation and management, including
imprecision and uncertainty. Rule-based systems often rely on propositional logics.
Probabilistic reasoning, and more specifically Bayesian reasoning, benefit from a large
body of theoretical and experimental results. Bayesian networks for instance were found
to be well adapted for reasoning in complex situations where many objects are present
[2]. The Dempster—Shafer evidence theory [3,4] is able to represent not only uncertainty,
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but also ignorance and thus better models some human deductions. In this paper we have
chosen to rely on the fuzzy set framework [5,6] for two main reasons:

(1) fuzzy sets are well adapted to provide a framework for the representation under a
common language of heterogeneous pieces of knowledge about radiometry, space,
morphology or structure, and for the combination of these;

(2) fuzzy sets appropriately model information imprecision which results from image
noise, unknown radiometric characteristics due to the image acquisition process,
variability between model and scene or between different instantiations of the model,
and intrinsically vague knowledge.

We make use here mainly of aspatial representation of fuzzy sets, which already has proved
to be of use in image processing [ 7], and answers to both spatial information handling and
imprecise knowledge representation problems.

Brain imaging has been chosen to illustrate the methodology presented hereafter
because of the importance of structural information in the detection and recognition of the
different componentsof the brain.? Segmentation of brain structuresis of primeimportance
for many different applications: morphometry, pathology detection and measurement,
diagnosis, surgery and radio-therapy planning, functional imaging, neuro-sciences and so
forth. A large body of literature has been devoted to brain image segmentation (see, e.g., the
synthesesin [8,9]). We will deal with magnetic resonanceimages (MRI). For these images,
the classes that can be observed are, for the outer part of the brain: air, skin, muscle, fat
and the skull. As for the brain itself, white matter, grey matter and cerebro-spina fluid
can be observed. Although the radiometry of these classes can be described by statistical
distributionsthat significantly overlap, classifiers can separate the three main brain tissues.
In the fuzzy set framework, fuzzy clustering, e.g., [10,11] has been widely used for this
purpose. Unfortunately, recognition of internal structures remains difficult. For instance,
the different grey nuclei which are constituted of grey matter cannot be distinguished using
only radiometric information. Therefore the use of models is amost always necessary.
Modelsused in theliterature are implicit, like physics-based deformable models (e.g., [12,
13]), or explicit in atlas deformation techniques.

Atlas-based methods are generally divided into two steps. The first one consists in
aligning the atlas and the 3D image using a rigid or affine matching. The second one
consists of an elastic matching to achieve a better correspondence between objects. The
underlying assumption is that the topological structure is the same in both volumes, and
that variability is limited. Several methods have been developed, that can be classified
according to four main aspects: the physical model used to model the deformations, the
similarity criterion to be maximized, the anatomical structures used for this optimization,
and the possible use of a multi-resol ution approach to reduce the computation cost. Among
thefirst worksin thisdomain, it isworth mentioning the approach described in [14], which
is based on local elastic deformations which are computed based on brain and ventricle

2 1t should be considered only as anillustration of the proposed approach, the focus being the methodol ogical
aspects, not the clinical ones.
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surfaces. Extensions of this approach have been proposed, e.g., in [15]. A probabilistic
model to estimate the deformation has been proposedin [16], which allowstheintroduction
of prior information. Deformations based on viscous fluid equations have been proposed
in [17] in order to better preserve the topology of structures. Most methods rely on the
matching of homologous points [18], surfaces [19], or the whole volume [16,17]. Atlas-
based approaches can segment all structures in a global way but have to deal with the
difficult problem of anatomical variability. Contrary to the existing atlas-based methods
which try to find a global deformation between the atlas and the image, our method is
sequential: one step aims at recognizing one single anatomical object and then refines
the correspondence between the image and the atlas. Therefore it strongly relies on the
topological arrangement between structures as given by the atlas, but alows for local
variations due to diversity of structures, and takes into account specificities of each of
them, including their variability. It relies on both surfaces and volumes, and takes into
account spatial relationships between structures, which are not explicitly included in other
atlas-based approaches.

In Section 2 we discuss the types of information and knowledge that are used in model-
based structural recognition, and propose an original representation as fuzzy volumes
of interest in the image space. A unified approach is proposed to the representation of
many spatial conceptsviamathematical morphology and its fuzzy extension. Mathematical
morphology is well adapted to deal with shapes, spatia representations, and spatia
relations. Moreover its use guarantees good algebraic properties, and benefits from
algorithmical development to compute morphological operations in an efficient way. In
Section 3, we describe how thisinformation is combined and used to drive the recognition
process. In Section 4, weillustrate the proposed approach with the example of recognizing
some brain structuresin 3D T1-weighted MRI using an anatomical atlas.

2. Knowledgerepresentation using spatial fuzzy sets and fuzzy mathematical
mor phology

This section aims at describing the type of information and knowledge used in scene
recognition based on amodel. Wefirst give some general characteristics of theinformation.
Then, because of the heterogeneity of the knowledge used for recognizing an object, we
propose a common framework based on fuzzy set theory for its representation. We then
detail the proposed representation for different types of knowledge and information.

2.1. General characteristics of information

There are many different properties which allow the classification of the information
used in a pattern recognition task. In the case of model-based scene recognition, we
consider three main families of properties, which help to answer the following three
questions: What is the information about? Is it generic or factual? Under which form is
it currently provided?
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What s the information about?Two typesof information areclassically used in structural
shape recognition. The first concerns information about the object to be recognized (its
shape, topology, grey level, position), while the second concerns its relationships to
other objects in the scene (distances, adjacency, relative directiona position). Structural
information is mostly encoded within thislast category and in the sequel we will take care
to preserve thisinformation.

Section 2.3 describes knowledge about objects, while Section 2.4 describes knowledge
about relationships between objects.

Is it generic or factual? The answer to this question mainly depends on the information
source. Information extracted from the image is factual since it concerns the particular
scene to be interpreted. As an example take the grey level of a region in the image: it
certainly pertains to the data. However, information about the image itself (for instance
about its acquisition) is more generic. It pertains to domain or contextual information.
A typical example is the prior knowledge about expected grey level of a given structure
given the type of acquisition. It is generally less specific than factual information and may
be revised in the light of image information. Information contained in or derived from the
model is generic, since it should apply, within somelimits, to any image. For instance, the
proposition object A is to the right of objeciB in the models generic, and we expect the
objects in the scene correspondingto A and B satisfy asimilar relation.

Under which form is it currently provided?We have a great variety of answers to
this question which makes the representation and combination of information difficult.
Classicaly it can be a number (as the mean grey level of an image region, or a distance
between two objects), a distribution (for instance to represent the grey levels of the pixels
in aregion) or a binary value (as for the inclusion relationship of an object in another
one). But wewill aso be concerned with imprecise values and with propositional formulae
which are often used by expertswithin a given application. Imprecise values are expressed
sometimesin linguistic terms: for instance the expected grey level of a structure, which is
either absolute (bright, dark, medium ...), or relative (darker than ...), or the expected
distance between two objects (close far, ...). They can also be expressed as an interval
(an object thickness is between 3 and 5 mm). Propositional formulae (objectA is to the
right of objectB) usually express rather complex ideas which need much prior knowledge
to be correctly interpreted.

The pertinent trandation of these heterogeneous pieces of information and their easy
combination will dictate the choice of an adequate representation framework.

2.2. Fuzzy sets as a representation framework

In the conventional approach to pattern recognition where the two stages of detection
and recognition are separated (as for instance in graph based recognition methods), what
is needed is away to assess the similarity between degrees of satisfaction of relationships
between the model and image objects. In the approach proposed in this paper, the driving
ideais different. The different types of knowledge haveto serve asaguidefor (i) exploring
the image space and (ii) segmenting and recognizing a specific object. Therefore, the
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assessment of similarity is far from being enough. We have to detect regions of interest, to
select possible candidates and to measure their match to the model.

To detect regions of interest and to sel ect possible candidates, we proposeto trandate all
available knowledge into a spatial representation. Then, fusion combines al these regions
of interest in order to focus attention by reducing the search space and restricting it to the
areathat satisfies most relationships. Since many pieces of information are delivered in an
imprecise way, we make use of the framework of fuzzy sets.

This modeling is well adapted to information derived from the model. Models exhibit
two different kinds of imprecision. They are generic, i.e., they do not represent every
sample of the family but an “average” object which probably does not even exist with
exactly the same shape and properties. They are selectively simplified and schematized to
bring the essential information to the fore.

The image aso suffers from imprecision for several reasons, some related to the
observed phenomenon, others to processing artifacts. For instance, a soft transition
between tissues (e.g., healthy and pathological tissues) is surely a cause of classification
imprecision inherent to the nature of the observed objects. It may also happen that for
some modalities, tissues have similar characteristics. Thus the images obtained with this
modality will poorly discriminate between the tissues, resulting in uncertainty on the
belonging of a pixel to one or the other class. Another cause of imprecision comes from
the discrete nature of digital images, resulting in a delocalization of information contained
in asmall volume at only one point. The partial volume effect (presence of several tissues
in one pixel or voxel) also participates in this type of spatial imprecision. Other image
imperfections can be caused by numerical reconstruction algorithmsin computed imaging
(for instance the Gibbs effect that may appear in MRI around sharp transitions), or by
processing algorithms (e.g., filtering, contour detection, registration between images, etc.)
which all suffer from false alarms and delocalization.

In this context, the theory of fuzzy sets appears to be well suited. Indeed, it provides
a good theoretical basis to model the imprecision of the information at different levels
of representation. It constitutes a unified framework for representing and processing both
numerical and symbolic information. Structural information (constituted mainly by spatial
relationshipsin image processing) iswell represented by it. Moreover, fuzzy set theory has
benefited from the many recent developments in information fusion, in the definitions of
combination operators, of similarity measures, and in decision tools[20]. Thiswill be used
in Section 3.

The numerical representation of membership values assumes that we can assign
numbers that represent degrees of satisfaction of a relationship for instance. These
numbers can be derived from prior knowledge or learned from examples, but usually there
remain some quite arbitrary choices. This might appear as a drawback in comparison to
propositional representations. However, it is not necessary to have precise estimations of
these values, and experimentally we observed a good robustness with respect to these
estimations, in various problems like information fusion, object recognition and scene
interpretation. This can be explained by two reasons: first, the fuzzy representations are
used for rough information and therefore do not have to be precise themselves, and second
several pieces of information are usually combined in a whole reasoning process, which
decreases the influence of each particular value (of individual information). Therefore the
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chosen numbersare not crucial. What isimportant is that ranking is preserved. For instance
if aregion of the space satisfies a relationship to some objects to a higher degree that
another region, then this ranking is preserved in the representation, for all relationships
described in the following sections. Assuming the existence of ranking is reasonable for
the type of relationswe consider.

Intherest of thispaper, theimageto be processed will be denoted by 7 (herewe consider
the case of 3D images, the most general case for medical imaging), and a point (volume
element or voxel) in thisimage, by v. For each piece of knowledge, we consider its“natural
expression”, i.e., the usual form in which it is given or available, and trandlate it into a
spatial fuzzy set in the image space, the membership of which is denoted by ftknowledge
[21]. This membership function assigns to each voxel of 7 adegreein [0, 1]:

1 —1[0,1],
v = Uknowledge(V).

HMknowledge - { 1)
For instance, if the knowledge expresses some constraint, (tknowledge(v) is the degree to
which this constraint is satisfied at point v. In this representation, each piece of knowledge
becomes a fuzzy region of the image space, which bridges the gap between linguistic
expressions and numerical representations. If the knowledge is considered as a constraint
to be satisfied by the object to be recognized, this fuzzy region represents a search areaor a
fuzzy volume of interest for this object, where this constraint is satisfied (to some degree).
Several such regions, representing different available pieces of knowledge, have then to be
combined in order to restrict this search area (see Section 3).

Although several worksin image processing, robotics, etc. make use of spatial fuzzy sets
to represent objects, to our knowledge, very few such representations have been proposed
previously for relationships. In [22], fuzzy areas are defined for representing directional
relative position, but only on one axis, on which projections of objects are considered.
In [23,24], for applications in robotics, lines are represented as spatial fuzzy sets to
account for uncertainty, and distances between objects expressed as linguistic variables are
represented as fuzzy sets on each axis. Here we propose spatial representationsin the same
space asthe objectsthemselves. Similar representationsare used for instance in [25], based
on simplified representations of the objects. The fuzzy spatial fuzzy sets we propose are
also close to the notion of potential used in [26] for sizeless objects in a two dimensional
space. Here the objects can have any dimension and any shape, even complex ones, and
are processed without simplification.

2.3. Information on the object itself

In this Section we describe in detail the representation of knowledge about the object
itself. One part concerns the geometry of the object, the other its radiometry.

2.3.1. Shape and localization
The model used may be heterogeneous. Typically for applications in image processing
in various areas, it has two distinct parts:
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e One part is iconic, and may be represented as a labeled image, where each region
having a unique label is an object or a structure (this is typically the case for digital
maps as used in aerial and satellite imaging, or 3D anatomical atlas as used in medical
imaging, or environment maps as used in robotics, or some views of the scene in
computer vision); regions can be crisp or fuzzy, and the rest of this paper applies in
both cases;

e apropositional part, expressing expert knowledge, as linguistic terms, logical proposi-
tions, possibly including numerical, qualitative or imprecise values.

Theiconic part provides a geometrical description of the objectsin terms of shape and
localization.

A first step is to perform aregistration between the iconic model and the image using
any available information. When no object has yet been detected, this may only be done
with some prior knowledge we have on the positioning of both information sources. But,
as soon as some objects have been detected, a classical way is to minimize the distance
between surfaces of the detected objects and the corresponding models.

The second step is to transfer from model to image the shape and positioning
information it contains. The model provides these basic pieces of information, but with
imprecision due to variability and to the imperfect correspondence between instance and
model.

The way to do this is to extend the region given by the model in a fuzzy manner, in
order to take into account these imprecisions. An appropriatetool for thisis morphological
dilation. We use a fuzzy morphological dilation [27], defined as:

Vel Dy =spiu). v —v)]. (2)
v'e
where u denotes the object to be dilated (here amodel object), v denotes afuzzy set (also
defined in the image space) called a structuring element, D, (1) denotes the dilation of
by v, and ¢ is at-norm. Other forms of dilation are possible. Eq. (2) appliesin both crisp
and fuzzy cases (for objects and structuring elements as well).

Fuzzy dilation satisfies a set of properties, some of which are important (and even

mandatory) for its use here, i.e.:

e itisextensiveif v(0) =1, where O denotesthe center of the structuring element:

Yoel, Dy(w)(@) = p), ©)

which guarantees that the shape provided by the model is actually extended in order
to account for imprecision and variability (fuzzy set inclusion is defined in aclassical
way using < on membership functions);

e itisincreasing with respect to both the structuring element and the set to be dilated:

vCV' =  Dy(w) CDy(p), 4)
pcCu = Dy(u)C D), (5)

this property guaranteesthat thelarger the structuring element, the moreimprecisionis
introduced, and that the larger the object in the model, the larger the volume of interest
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intheimage (in al these equations, subsethood of fuzzy setsis defined as above, using
<)

e dilation commutes with union, which guarantees that objects can be processed
indifferently globally or by parts.

Also the dilation roughly preserves the shape of the object. Therefore, the dilated object
carriesinformation mainly about localization, but also approximated information about the
shape (see for instance Fig. 2, top left). It provides afocus of attention. In this fuzzy area,
a segmentation will be performed, that providesthe derived shape. A segmentation step is
included in all approachesto this problem. Here it is constrained by the relationships.

Theimportant choi ceto be made here concernsthe structuring element which represents
the spatial imprecision. When all the existing sources of imprecision are taken into account
into the fuzzy volume of interest, this volume should contain the object we are looking at.
The choice of the structuring element reflecting the possible imprecisions depends on the
application at hand. Its extent can be defined from prior knowledge, or learned from a set
of representative images.

As the obtained fuzzy volume represents prior information about both the morphology
and the localizationin I of the object to be recognized, without any reference to the actual
presence of the object in the image, we denote thisinformation by tprior:

Mprior = Dy (1), (6)

where . isamodel object.

2.3.2. Radiometry

The second important type of information that has to be taken into account is the
radiometry or grey level of the object. For the sake of simplicity, we assume here that
we are looking at homogeneous objects without shading or texture as is the case in
brain imaging. Information about radiometry can be divided into two classes, each having
different origins:

o the first class is generic knowledge, attached to the domain and the context, and in
particular to the type of acquisition (for instance, internal nuclei in T1-weighted MR
images have an intermediate grey lgvel

o the second one is derived from the data and has to be found in the image to be
processed.

In the first class, knowledge is always approximate, since it has to take into account at
least the inter-individual variability and the sensor calibration. A small number of values of
alinguistic variabl e often representsthis information adequately, for instance the set {dark,
intermediate, light. The semantics is given by fuzzy sets having membership functions
defined on the radiometry range. Typically this range can be L = [0, 255]. The trandation
as fuzzy sets in the image space is made by a simple mapping. Let ul (1) denote the
membership of agrey level [ to the fuzzy set “r grey level”, where r is one of the possible
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values of the linguistic variable. Let . (v) be the membership degree of a voxel v to the
region of “r grey level”. This membership valueis defined as:

mr() = pnE (1), 7)

where [(v) denotesthe grey level of voxel v in theimage. This definition may be directly
extended to multi-spectral or multi-modal images (in such cases, [ is a vector).

The second type of radiometric information is more specific and precise, sinceit defines
the actual radiometry of a tissue or an object in a given image. It can only be obtained
after some object of similar radiometric properties has already been recognized (i.e., an
object constituted of the same matter). From this first object a grey level distribution can
be estimated, which is expected to apply aso to the object to be recognized. For instance,
if we deduce the mean m and the variance o of the matter, we may define a fuzzy region
for this matter as (thisis but one possible model):

N2 )2
Mmatter(V) =€ (@)=m)*/(20%) | (8)

In comparison with localization and shape information, radiometric informationismore
spread over theimage, since several objects can have asimilar constitution and appear with
similar grey levelsin theimage.

2.4. Relationships between objects

In this Section, we describe how the knowledge about the spatia relations between
objects may be represented in order to be easily combined with the previous pieces of
information. This knowledge concerns the position of the object to be recognized with
respect to the previously recognized objects. It expresses the structural information.

2.4.1. Setrelationships

Since the proposed approach is progressive and does not reconsider previously
recognized objects, one important type of relationship is made up of set relationships,
which specify if areas where other objects have been recognized are forbidden or
mandatory. These set relationships are expressed as inclusion in objects or exclusion from
objects. For instance, if we are looking for acomponent of an object already detected, then
the search areaisincludedin this object and limited to it. On the contrary, if the object to be
recognizedisnot allowed to overlap with the previousobject, then the corresponding areais
forbidden. In thisway, we define for each object to be recognized a partition of previously
recognized objects in two classes: one in which the inclusion is obligatory (denoted by
0'M), and the other where exclusion is obligatory (0O°"). Since previously recognized
objects are not reconsidered in afurther recognition step, these constraints are expressedin
acrisp way. The corresponding region of interest has the following membership function:

i in out
1 ifveoO \ O, (9)

Kconstraint(V) = { 0 elsawhere

This constraint, i.e., the definition of 0™ and 0°, is defined according to the model.
The assumption behind this is that the set of the objects to be recognized and the
background form a partition of the image.
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2.4.2. Distances

The distance between objects is important for the assessment of spatial arrangement
between objects in a scene. Therefore it is widely used in structural pattern recognition.
Distances between objects A and B can be expressed in different forms, asin the following
examples:

o thedistance between A and B isequal to n,
o thedistance between A and B isless (respectively greater) than n,
o the distance between A and B is between nq and no.

In the framework of our study, these expressions will be translated into spatial volumes
of interest within the image, taking into account imprecision and uncertainty, since these
statements are generally approximate.

Distances between sets (average, Hausdorff, minimum distances) are usually defined by
analytical expressions. But they also have equivalents in set theoretical terms by means
of mathematical morphology. This alows us to include imprecision, and to deal with
distances between fuzzy sets and with fuzzy distances [27]. Moreover, this alows us to
express knowledge about distance to an object as a spatial fuzzy set in avery simple way,
while benefiting from fast algorithms developed for the computation of dilations.

Let us detail these equivalences. We first consider the crisp case, and the minimum
distance in abounded discrete space. Let d(A, B) bethe distance between two crisp sets A
and B, and D" (A) the dilation of sizen of A (i.e., the dilation with aball of sizen asthe
structuring element). The following equations hold:

_ Vm <n,D"(A)NB=D"(B)NA=¢
d(A,B)=n & {andD"(A)ﬂB;éM,D”(B)ﬂA;éVJ, (10)
d(A,By<n <& D' (A)NB#0, D' (B)NA#0, (11)
d(A,B)>n < Vm<n, D™A)NB=D"(B)NA=0, (12)
V. D"(A)NB=D"(B)NA=

The proof of these equations involves extensivity of dilation (for such structuring
elements), and increasingness with respect to the structuring element.

We assume that A is known as one aready recognized object, and that we want to
detect B, subject to satisfying some distance relationship with A, as given by the model.
According to the previous equations, dilations of A are an adequate tool for this. Let us
consider the following different cases:

e If the model requiresthat d(A, B) = n, then the region defined by D" (A) \ D"~1(A)
is made up of the points exactly at distance n from A. Thus the border of B should
intersect thisregion, and B should belooked for in D"~1(A)€ (the complement of the
dilation of sizen — 1).

e |f the model requiresthat d(A, B) < n, then B should be looked for in A€, with the
constraintsthat at least one point of B belongsto D" (A) \ A. Conversely, if the model
requiresthat d(A, B) > n, then B should be looked for in D"~1(A)€.
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o If the model requires that ny < d(A, B) < n2, then B should be searched in
D"1~1(A)€ with the constraint that at least one point of B belongs to D"2(A) \
D"1(A).

The constraints on the border may not be easy to satisfy in the recognition process.
However, they can be avoided by considering both minimum and maximum (Hausdorff)
distances, expressing for instance that B should lay between a distance n1 and a distance
n2 of A. Therefore, the minimum distance should be greater than n1 and the maximum
distance should be less than n». In this case, the volume of interest for B is reduced to
D"2(A) \ D"1~1(A).

In cases where imprecision has to be taken into account, fuzzy dilations are used, with
the corresponding equivalences with fuzzy distances [27]. The extension to approximate
distancescallsfor fuzzy structuring elements. We define these structuring elementsthrough
their membership function v on . Structuring elements with a spherical symmetry are
used, where the membership degree only depends on the distance to the center of the
structuring element. For instance, to express a dilation of size about n we define the
corresponding structuring element by:

1 if dg(v, O) <n1,
Yvel, v(w)=]3 fdg(,0)) ifni<dg(v, O)<ny, (14
0 if dg(v, O) = no,

where n1 and np are two parameters controlling the imprecision on n, such that » €
[n1,n2], f isadecreasing function such that f(rn1) =1 and f(n2) = 0, O denotes the
center of the structuring element, and dg is the Euclidean distance between pointsin 1.

The increasingness of fuzzy dilation with respect to both the set to be dilated and the
structuring element guarantees that these expressions do not lead to inconsistencies.

From an algorithmical point of view, fuzzy dilations may have a quite high computa-
tional cost if the structuring element has a large support. The complexity isin O(nyns)
wheren; = |1] (size of theimage) and ns = | Supgv)| (size of the support of the structur-
ing element v). Note that thisis still less than the complexity of an exhaustive computation
of distances using analytical expressions. However, in the case of crisp objects and struc-
turing elements with spherical symmetry, fast algorithms can be implemented, in O(n;).
The distance to the object A is first computed using chamfer algorithms [28]. It defines
a distance map in the image, which gives the distance of each voxel v to object A corre-
sponding to the successive dilations of A. Thisdiscrete 3D distance can be made as precise
as necessary [29]. Then the trandation into a fuzzy volume of interest is made according
to asimple look-up table given by the function f. This algorithm has a linear complexity
in the number of voxelsin the image.

The membership function of a fuzzy region representing some distance information is
denoted by wgistance- A few examplesare shownin Fig. 1.

2.4.3. Relative directional position

In contrast to the previous relationships, relative directional position (like object A
is on the right of objeciB) is intrinsically vague information. The fuzzy set framework
is appropriate to formally define such relationships with good properties. To the best of
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d< D

d>D

Fig. 1. Examples of representation of knowledge about distances. The first image shows one axial slice of the 3D
volume (grey: brain, segmented from a3D MRI volume, white: its surface). Left: fuzzy membership function on
the distance space. Right: spatia fuzzy set representing constraint according to distance information. The second
line illustrates the knowledge that the putamen has an approximately constant distance to the surface (shown on
thetop in white) of the brain (in grey). Thethird line corresponds to the knowledge that the caudate nucleusisat a
distance about lessthan D from the lateral ventricles (in white). The fourth line corresponds to the knowledge that
lateral ventricles are inside the brain and at a distance larger than about D from the brain surface. The contours of
the objects we are looking at are shown in white (they are drawn just to show that they fit in the areas with high
membership values). Membership values vary from O (white) to 1 (black).
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our knowledge, aimost all existing methods for defining fuzzy relative directional spatial
position rely on angle measurements between points of the two objects of interest [30—32],
and concern 2D objects (sometimes with possible extension to 3D). In these approaches, a
fuzzy relationship is defined as a fuzzy set. More precisely, arelative position relationship
is defined as alinguistic variable which is represented as afuzzy set depending on an angle
6. On the objects, the angle 6 (a, b) is measured between the segment joining two points a
and b and the x-axis of the coordinate frame. Then the agreement between the relation
and the measured anglesis eval uated, according to three possible methods: (i) representing
each object by a characterigtic point as in [30,32], (ii) using an aggregation method [30,
32], (iii) using a compatibility method [31], which consists in defining a fuzzy set in
[0,1] representing the compatibility between the normalized angle histogram and the fuzzy
relation. Another method, based on a different principle, has been recently proposedin [33]
relying on a histogram of forces. Finally, the method described in [22] definesafuzzy area,
left from Afor instance, from a projection of the object A on the horizontal axis. The degree
to which B isto theleft from A results from a combination of the degree of projection of B
and the membership degree of B in the fuzzy area.

The approach we use is different [27]. The relationship is defined directly in the image
space to be compatiblewith our previous devel opments. It is also based on amorphological
approach, together with afuzzy pattern matching procedure. It works directly in the image
space, and provides the relative position between two objectsin any direction.

Let us consider a reference object A and an object B for which the relative position
with respect to A hasto be evaluated. In order to evaluate the degreeto which B isin some
direction with respect to A, we use a two-step method:

(1) Wefirst define afuzzy “landscape”’ around the reference object A as afuzzy set such
that the membership val ue of each point correspondsto the degree of satisfaction of the
spatial relation under examination. The fuzzy landscapeis defined in the same space as
the considered objects, contrary to the solution proposed in [22], where the fuzzy area
is defined on a one-dimensional axis. The axes of the space I are defined according
to the directions of the acquisition of the volume. The direction in which the relative
position has to be assessed is defined relatively to these axes.

(2) Then we compare the object B to the fuzzy landscape attached to A, in order to
evaluate how well this object matches with the areas having high membership values
(i.e., areas that are in the desired direction). This evaluation is done using a fuzzy
pattern matching approach, which provides as a result an interval (and not a single
number).

For the application here described, the first step only is needed, which provides the
fuzzy volume of interest we are interested in directly. This step is explained below.

In the 3D Euclidean space, a direction is defined by two angles o1 and «p, with
a1 €[0,2r] and az € [—7/2, /2] (2 = 0 in the 2D case). We denote o = (a1, @2). The
direction in which the relative position of an object with respect to another oneis evaluated
isdenoted by iy, o, = (COSa2 COSa1, COS2 SiNe1, Si nay)t. We denote by o (A) thefuzzy
region representing the relation to be in the directioni,, o, With respect to reference
objectA. Points that satisfy this relation with high degrees should have high membership
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values. In other terms, the membership function w, (A) hasto be an increasing function of
the degree of satisfaction of the relation. The requirements stated above for this fuzzy set
are not strong and leave room for alarge spectrum of possibilities. This flexibility allows
the user to define any membership function according to the application at hand and the
context requirements. We propose here a definition that looks precisely at the domains of
space that are visible from a reference object point in the direction ii4, «,. This appliesto
objectsof any kind, in particular having strong concavities. Extensionsto the case where A
isfuzzy are givenin [27], but are not considered here.

Let usdenote by P any pointin 7, and by Q any pointin A. Let 8(P, Q) bethe angle
between the vector Q P and the direction iiy, «,, cOmputedin [0, 7 ]:

B(P, Q) = arccos[M} and B(P,P)=0. (15)
1OP]

If QP isin the direction iy, «,, We obtain S(P, Q) =0, and B(P, Q) increases when
QP moves apart from iy, «,, until @ maximum value = if QP has exactly the opposite
direction. The computation of (P, Q) in [0, ] preserves the symmetry with respect to
Uay,ay (gOing apart from direction iy, «, in ONe sense or in the other should not change the
membership valuesin 1y (A)).

For each point P, the point Q of A leading to the smallest angle 8, (denoted by Bmin)
is determined. In the crisp case, this point Q is the reference object point from which P
is visible in the direction the closest t0 iiy;,«,: Bmin(P) = Mingeg B(P, Q). The fuzzy
landscape 11, (A) at point P is then defined as. 1y (A)(P) = f(Bmin(P)), where f isa
decreasing function of [0, 7] into [0, 1]. In our experiments, we have chosen a simple
linear function: gy (R)(P) = max(0, 1 — 2Bmin(P) /7).

An advantage of this approach is its easy interpretation in terms of morphological
operations. It can indeed be shown [27] that uy(A) is exactly the fuzzy dilation of A
by v, where v is the fuzzy structuring element defined on I as:

VPel, u(P):max[O,l—Earccos<0P u“)} (16)
B IOP]

with O as the center of the structuring element. The expression of directiona relative

position in terms of dilation is interesting again because of the common framework

provided by mathematical morphology, which guarantees good properties. It is aso a

way to design faster algorithms by considering a structuring element with limited support

(which limits the number of directions actually considered for ).

Among the nice properties of this definition is invariance with respect to geometrical
transformations (trandation, rotation, scaling), which are requirements in object recogni-
tion. Also the fact that dilation commutes with union alows to represent directly disunc-
tive information about directional position.

In practical situations, the knowledge of directionisused to restrict the domain of search
of an unknown object B in the directionso* of previously detected objects A¥, the o* being
given by the model.

More generally, we denote by girection the fuzzy volume of interest representing the
knowledge about direction.
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2.5. Example on a brain structure

In this section we illustrate the knowledge representation method on a simple example
of abrain structure (see Fig. 2).

We assume that the recognition process has aready recognized and segmented three
anatomical objects: the brain and the two lateral ventricles (in top right view, the black
structure and its white holes respectively), and we show how information about the caudate
nucleus can be represented. More details about these steps are provided in Section 4.

A region of interest of the image I is depicted in Fig. 2 (top left). It represents prior
information wprior @bout both the morphology and the localization in I of the caudate
nucleus, as given by the model. It is obtained from the crisp shape of the caudate nucleus
given by themodel, displaced by the elastic transformati on which makesthe contour of the
model brain fit the contour of the already detected object brain. To expresstheimprecision

caudate nucleus

Fig. 2. Information representation in the image space (only one slice of the 3D volume is shown). This figure
depicts different types of information attached to the same slice. These images are extracted from fuzzy set
images built during the step of recognition of the left caudate nucleus. At this step of the recognition process, three
anatomical objects have aready been segmented: the brain and the two lateral ventricles (in top right view, the
black structure and its white holes respectively). The prior information from the atlas (top left), the localization
constraint expressing that the caudate nucleus has to be search inside the brain and outside the ventricles (top
right), the a priori radiometric knowledge (bottom left) and a relative directional relationship (bottom right);
white and black correspond to minimal and maximal membership values to fuzzy sets respectively.
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attached to this information, a fuzzy dilation has been applied to the shape given by the
model. A spherical fuzzy structuring element was used, the values of which are defined
along the radius r by atrapezoidal function e(r) equal to 1 for » < ry andto O for r > ry,
and linear in between. These two parameters define the kernel and the support of the
structuring element respectively and permit usto set the degree of fuzziness of theresulting
region of interest, according to the opinion of medical experts.

In Fig. 2 (top right), the binary set represents rconstraint- It €xpresses that the caudate
nucleus belongs to the brain (black) but is outside of both lateral ventricles (white
componentsinside the brain).

The result for radiometric information pmedium-dark 1S illustrated in Fig. 2 (bottom
left). It expresses that only the medium darkvalues of the T1-weighted MRI image are
candidatesfor being pixels belonging to caudate nucleus. This knowledge also comesfrom
medical and medical imaging experts.

Fig. 2 (bottom right) shows p, the direction information of the caudate nucleus with
respect to the lateral ventricle, an already detected object, in the = direction (to the left).
It trand ates the knowledge from the anatomist that the caudate nucleus is lateral to the
lateral ventricle Such knowledge could also have been derived from the atlas.

3. Fusion and recognition
3.1. Fuzzy fusion operators

Multi-source image fusion has recently taken an important place in image processing.
Most of the time, image fusion deals with the clever use of several images issued from
many different sources. Here, we have to face a different situation, where we have to
fuse several fuzzy images, representing different pieces of information related to the same
object.

The benefit we may expect from fuzzy sets for this problem relies in the variety of
combination operators [34-36]. In [20], we proposed a classification of these operators
with respect to their behavior (in terms of conjunctive, digunctive, compromise [34]),
the possible variations in their behavior, their properties (mainly algebraic propertieslike
commutativity, associativity, idempotence, etc.) and their decisiveness. Unlike other data
fusion theories (like Bayesian combination), fuzzy sets provide a great flexibility in the
choice of the combination operator, that can be adapted to any situation at hand.

The use of fuzzy sets in this context leads to image processing methods where the
(binary) decision isrejected at the end of the processing chain. Therefore we avoid making
decisions at intermediate steps with partial information only, and therefore we diminish
contradictions and conflicts, which usually require a difficult control or arbitration step.

Here the problem of choice of the operator is reduced by the knowledge representation
method we proposed. As imprecision is introduced directly into the representation of
each piece of knowledge or information, and the obtained fuzzy regions are in general
larger than the searched object, conjunctive operators are the most appropriate. Only the
grey level information derived from the image (see next subsection) leads to fuzzy sets
that may be dightly smaller than the searched object (because of imprecision at their
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boundary) and therefore this information is more suitably combined to the others using
a mean operator. In our experiments, we used mainly minimum operator (the largest t-
norm), arithmetical and geometrical means. Typically, mean operators are used for pieces
of information with similar spatial extensionsin their representations. The specific choice
of mean operators (arithmetical, geometrical means) is done experimentally. For instance,
the use of a geometrical mean leads to a more severe combination, closer to a conjunction
than when using an arithmetical mean. The minimum operator is used to combine these
pieces of information with the binary constraint onlocalization (sinceit isastrict constraint
and thereforeit requires a severe operator), and with the directional relative position (since
it provides very rough information and a fuzzy volume of interest that has to be revised in
light of the other available information).

3.2. Determination of candidates by classification

In the proposed approach for recognition, we determine some candidate regionsin the
image, and try to find the one that best satisfies the constraints. In this Section, we describe
a possible way to obtain candidates, that has been used in the application to detect brain
structures, but which is certainly valid in other domains as well.

A major piece of information for the automatic segmentation of any brain structureisits
radiometry in the image. In our method, we perform several classifications with different
numbers of classesin the region of interest that correspondsto the structure. The resulting
regions given by the classification are the candidates for recognition.

We have shown in [37] that two conditions are necessary for the k-means algorithm
to give robust results: the number of classes must be low and several classifications with
random centroid initialization should be made (so called empirical use).

Limiting the classification to aregion of interest allows usto limit the number of classes
and to ensure a good detection even if the radiometric distribution of the object is closeto
the ones of other nearby objects.

At firgt, the radiometry histogram of the fuzzy region of interest is calculated with the
contribution of each image point weighted by its membership to the region. For each grey
level [, we compute:;

A= Y Hyior®) (17)
vel,l(v)=I
where %rior(") = Min(prior(V), Ucongraint(v)) iN order to restrict the region of interest
to the area alowed according to the previously recognized objects. Using this histogram,
several automatic classifications are produced by an empiric use of the k-means algorithm
with different numbersn of classes (typicaly, n =2, ..., 5). Let us denote by w; , the ith
classin the n-class classification; its centroid and variance are:
W h(DI win HOPP

_ Zle in Oim = Zle in _ C[2n' (18)
Z[Ew,‘.n h(l) Zlew,“,n h(l) ,
Each resulting class is then translated into a fuzzy set in the image space, for instance by
means of a Gaussian membership function:

Ci,n

.32 2
/J“ClaSi,n(v) — e_(l(v)_ct,n) /(2(7,",1)' (19)
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Fig. 3. Radiometric classes of a region of interest. The first line shows the results of an empirical use of
the k-means algorithm processed on the histogram of avolume of interest with different numbersr of classes. The
fuzzification of the classes is presented in the columns below the crisp classifications. For the caudate nucleus,
the best radiometric fuzzy set is obtained for n = 3 (second column) and i = 3 (last row of this column).

Fig. 3 shows the resulting fuzzy sets. Each fuzzy set is a candidate for recognition.

This method avoids a lot of training in order to choose the parameters, since the
classification is performed with several sets of parameters. The best result is then
automatically chosen according to the similarity measure presented next. This makes the
classification insensitive to the choice of parameters.

3.3. Similarities and selection

The selection of the best candidate is based on a similarity computation between two
fuzzy sets, one representing the candidate as previously detected, and another one given
by the volume of interest representing knowledge and information about the searched
structure.

A lot of similarity measures have been proposed in the literature for comparing fuzzy
sets (see, e.g., [38,39] for review and classification). For their use in pattern recognition
in images, it is useful to classify them according to the type of information they convey.
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In particular, we distinguish between operations that compare membership functions only,
and operations that also use spatial distances (similarities being derived from distances).
Here objectsto be compared are at similar locationsin the space, and operations of the first
type are sufficient.

Of the different similarity functions, we have chosen three, well adapted to recognition
purposes in images, one based on the volume of intersection of fuzzy sets (it is derived
from Tversky’s measure [40] and has been widely used in the literature, e.g., [6,38,41]),
and the two others derived from fuzzy pattern matching approaches [42,43]. For two fuzzy
sets g and o, they are defined by:

2ver MiN[u1(v), p2(v)]

S1(u1, ju2) = , 20
1 12) = R 11 (o). 112(0)] )
S2(u1, 12) = max min[u1(v), u2(v)], (21)

S3(p1, n2) = mex(minmax|u1(v), 1 - po(v) | minmax[1 — ua(v), 2(v)]). (22)

The first measure corresponds to the volume of intersection normalized by the volume of
the union, and can be considered an average measure. The two other measures correspond
to extreme values, S> being optimistic and S3 being pessimistic. They will be used as such
when necessary.

It is important to note that the matching does not concern only points, but candidate
regions provided by the clustering algorithm. For instance, if we have information about
shape and relative directional position, then we build a fuzzy set representing this shape
restricted to the area satisfying the directional constraint. Thenthesimilarity aimsat finding
the image region which best matches this shape. So for instance it is not sufficient that a
region totally belongs to the fuzzy set representing the shape information. It has to have a
high similarity with thisfuzzy set, which is stronger than an inclusion, and guarantees that
the chosen region has actually the right shape.

3.4. Recognition: selection of the best candidate

The recognition step consists in selecting the best candidate among those obtained by
classification. We have chosen to first select the best candidate in each classification result
(i.e., over dl classes i for afixed n), and then among the selected candidates, to make the
final selection.

Before the selection process, an initiaization step is performed, which consists in
restricting all fuzzy volumes representing knowledge to the localization constraints
provided by pprior (Shape and localization provided by the model object) and piconstraint
(inclusion or exclusion with respect to previously recognized objects). This restriction
is performed by a conjunctive combination operator, for instance the minimum, and
expressed, for any knowledge ftknowledge, bY:

Vvel, M[(nowledge(v) = min[ﬂknowledge(v)v Wprior(V), Mconstraint(v)]- (23)

The two-stage selection processis as follows.
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o First, we select for each classification the most appropriate candidate mode piaiassi, .n»
by means of a similarity measure S (chosen among the three measures described
above) between two fuzzy Sets i¢) s ; , AN Ly ometry: Where Iglass i ISderived from
Iclassi,n and V’;adi ometry is derived from . OF pmater @ccording to Eq. (23). Thisfirst
selection is therefore based on a rough criterion on radiometry. The information on
radiometry is either generic (wr) or specific (umater) depending if another structure of
the same matter has already been recognized or not. For each n, i, isthe index of the
candidate that maximizes S (a5 > Kradiometry)-

e Then, we select the best radiometric mode ficlass i, .», OVer the remaining candidates.
For the final selection, the similarity measure is applied between each fuzzy set
jassi, ., @nd theresult of fusion of prior information, inclusion/exclusion constraints,
and knowledge about directional and distance relationships. This second selection is
based on a criterion that includes shape and structural knowledge. This selection is
application dependent. The selected candidate is combined with this knowledge.

Fig. 4. Candidate selection, fusion and segmentation for recognition of one caudate nucleus. The information
based on radiometry knowledge (top left) is compared to each fuzzy class resulting of a classification (for each
column in Fig. 3, we get a candidate class). The information which is representative of the object localization
and morphology (top right) permits finding the correct radiometric class among the different candidates. A fusion
process gives a fuzzy object (bottom left) and the segmented object is deduced after regularization. Its boundary
is depicted in white, superimposed on the MRI (bottom right).
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In Fig. 3, the highest similarity is obtained for »n = 3 and i = 3. The classification for
these values is not much different from the ones obtained for n = 4 and n = 5 (same line
in thisfigure), but till leads to a dlightly higher similarity value.

Finally, a post-processing step is applied, in order to complete the segmentation of
the recognized structure. It consists of a first morphological regularization using opening
and closing with a small structuring element (the radius is typically chosen as the voxel
size), followed by afinal threshold, the threshold value being automatically given by the
classification parameter corresponding to n; and iy, .

Fig. 4 illustrates this selection process on a brain structure.

4. Application to atlas-based brain structure recognition
4.1. The proposed approach for atlas-based brain structure recognition

To guide the recognition, we make use of an atlas which is a labeled image obtained
from a MRI acquisition of anormal subject. An alternative could have been to use either a
probabilistic atlas or amean atlas. A dlice extracted from the atlas 3D volumeis presented
inFig. 5 (left); theright view showsthe correspondingdlicein the 3D MRI acquisitionto be
processed (a different subject from the one used for building the atlas). Thislabeled image
constitutes the iconic part of the model. The propositional part is constituted by expert
knowledge about relationships between objects and expected radiometry of each structure.
It will be given below for each object of interest. Note that on this example, the atlas and
the 3D image to be recognized have different resolutions, and the shapes and localizations
of the objects are quite different in both volumes. This exampleistherefore appropriatefor
illustrating the feasibility of the approach.

Then the objects to be detected are chosen in the order of increasing difficulty. We
start with the segmentation of the brain which can easily be done from the image itself
by many already existing techniques. We use the method described in [37,44], which is
based on 3D mathematical morphology, and then initialize a deformation field between
the atlas and the image based on the only brain surface (this deformation is composed of
trandation, rotation and scaling). Then we successively focus our attention on the lateral

brain brain

caudate nucleaus caudate nucleaus

putamen putamen

lateral ventricles lateral ventricles

3rd ventricle 3rd ventricle

4th ventricle 4th ventricle

Fig. 5. One axia dlice extracted from the 3D atlas and from the 3D T1 MRI image. In the atlas, each grey level
represents a different object we are interested in.
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ventricles, the caudate nuclei, the putamen, the fourth ventricle and the third ventricle. Each
stage therefore corresponds to the detection of one structure, assuming that the detection
of previous objects has been successfully obtained.

From the pairing of the previously detected objects of the image with their atlas
counterpart, we deduce an elastic geometrical transformation which matches the object
surfaces and interpol ates the deformation to the voxels in the volumes inside and between
the surfaces.

An object detection can be described by seven steps: the first five ones concern the
recognition of a particular object and the last two deal with updating the correspondence
to take into account the new object in the geometrical transformation which leads from the
atlas to theimage.

Step 1 With the help of the correspondencefield, the object shape as given by the atlasis
projected in the image.

Step 2 Thisbinary shapeisdilated with afuzzy morphological operator in order to define
in the image a region of interest that should contain the object we look at (see
Section 2.3.1). Thisregion reflectsthe prior information on the shape and position
of the object.

Step 3 Fuzzy classifications based on the radiometry are performed in the region of
interest with different numbers of classes (see Section 3.2 for details), thus
defining candidates for the searched object.

Step 4 Each piece of symbolic information that describes the object is expressed by
a fuzzy set in the image space. It can be prior radiometric knowledge either
on the average grey level or on the grey level distribution, directional or
distance relationships with respect to any object that has already been recognized,
exclusion or inclusion from aready known regions, etc. Fuzzy set construction
has been presented in Section 2.

Step 5 A two-stage fuzzy fusion process combinesthe prior information from Step 2 and
symbolic knowledge from Step 4; two rough descriptions of the object we look
at are obtained. With the help of similarity measures between these descriptions
and the fuzzy sets resulting from the classifications of Step 3 (called region
radiometric modes in Fig. 6), the proper candidate for the object in the image
is selected (as explained in Section 3.4). A final fusion process combines this
radiometric information with all pieces of knowledge about the object excluding
the prior radiometric one; it leads to a fuzzy object description. A regularization
followed by a binarization gives the object segmentation. This step is illustrated
inFig. 6.

Step 6 A discrete matching to make the object definition provided by the atlas fit the
segmented object is calculated with an elastic registration algorithm based on
object surfaces. This step is based on the Iterative Closest Point (ICP) algorithm
[45] followed by aregularization procedure[1,37].

Step 7 A new global volume deformation field is inferred from the set of surface
matching of the segmented objects. The volumic deformation is computed based
on asimple mathematical model expressing that the L aplacian of the deformation
field is null. The discrete deformation field is derived from its discrete values on
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'gt;glon . object a priori . fothetr .
radiometric radiometry information
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two rough descriptions
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| similarity measures |
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l

regularization
and binarization

l

binary segmented object

Fig. 6. Step 5: flow-chart of the object recognition using information fusion.

object surfaces under this assumption. Theresolutionisiterative and local to areas
bounded by object surfaces [1,37]. The detailed expression of the deformation
process is outside the scope of this paper.

This process may now be incremented with the detection of another object.
4.2. Results

We illustrate now on a few brain structures the type of knowledge that is used for the
recognition of each of them and the obtained results. In al figures, the standard medical
convention “left is right” is adopted (meaning for instance that on axial dlices, the right
caudate nucleus appears on the | eft part of the image).

After a rough registration between atlas and image using the brain surface (obtained
asin Steps 6 and 7), the next step is to detect one of the lateral ventricles e.g., the right
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one. The object proposed by the atlasis quite closed to the expected result (Fig. 7 top left).
Then, following knowledge is used:

o variability: the atlas region is dilated by a fuzzy structuring element with a core of
1 cm and a support of 1.5 cm, providing gtprior;

o setrelationship: thelateral ventricleisincludedinthe brain (therefore pconstraint(v) = 1
if v belongsto the brain, and O otherwise);

e generic radiometry: the lateral ventricleisfilled up with cerebro-spinal fluid, whichis
dark in T1-weighted MR images; the corresponding fuzzy set is denoted by gark;

o distance; the lateral ventricle is about in the middle of the brain; the corresponding
fuzzy set uudistance 1S Obtained asin the third case of Fig. 1.

Fig. 7. Recognition of right lateral ventricle (one axial slice). Surface as given by the atlas, selection information,
fusion, result.
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We add to this knowledge image information provided by the classifications (tgjassi.n-

All these fuzzy sets are transformed according to Eq. (23).

The first selection is made according to radiometric information, and the second one
according to distance information: for each n, i, is chosen such that S(u’claSS ine F‘&ark) is
maximal. Then n; is chosen such that S('u/classin,n’ Mgistance) 1S Maximal. The final fusion
step combinesthe selected class with localization and distance using amean operator. This
result isthen restricted to the set rel ationship constraint by amin operator. These operations
are expressed as.

mi n[ﬂconstrai nt; Mg (Hclass ing s » Ma (Wprior, Mdistance))} (24)

where m,, denotes arithmetic mean, and m, denotes geometric mean.

The result is shown in Fig. 7. It permits us now to estimate more precisely the grey
levels of cerebro-spinal fluid. The deformation field is then updated.

Then we proceed to the recognition of the left lateral ventricle The knowledge used is
similar as for the right lateral ventricle except for a few points, that account for previous
recognition of the other ventricle:

o set relationships now also include an exclusion relationship from the right ventricle;

o radiometric informationis now no morethe generic and rough one, but the precise one
derived from the previous step;

e an additional relationship to the right lateral ventricle is used: the left ventricle hasto
be searched to the left of it. Thisknowledgeis used also in the second selection.

Theresultsare shownin Fig. 8.

The next object is the right caudate nucleusThe dilation of the object atlas uses a
smaller structuring element (core of 0.5 cm and support of 1 cm), since the deformation
field is more precise, and the location of this nucleus is strongly constrained by the
ventricles. The set relationships now include exclusion from both lateral ventricles. The
radiometric knowledgeisdifferent: caudatenuclei aresimilar to grey matter, which appears
as middle dark in these images. Here, only rough generic knowledge can be used since
no grey matter object has already been recognized. Directional knowledge states that this
nucleus is to the right of the right lateral ventricle. The results are shown in Fig. 9. This
segmentation leads to an estimation of the grey level distribution of interna nuclei in
thisimage. A similar process can be performed for the left caudate nucleysvhich is not
illustrated here.

The next object we look at is the right putamen The previously learned radiometric
information about internal nuclei is used. The results are shown in Fig. 10.

The last two objects (third and fourth ventricles have been chosen to illustrate the
capability of the proposed method to recognize objectsthat are difficult to segment directly
in MRI images. They are small, and may have complex shapes. To our knowledge they
have not been segmented automatically in previous works. Because of higher variability
of the fourth ventricle, we used a structuring element with a larger support (1.5 cm) for
the dilation of atlas object. After it has been detected, the deformation field gives a very
preciselocalization of thethird ventricle, and avery small structuring element isused (with
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Fig. 8. Recognition of left lateral ventricle (one axial slice). Surface as given by the atlas, selection information,
fusion, result.

asupport of only 4 mm). Results are shown in Fig. 11 for the fourth ventricleand in Fig. 12
for the third ventricle. Note that these structures are obtained from the same volume as the
previousones. Sagittal dlices (instead of axial onesasfor the other structures) are presented
in the figuresjust for better visualization purpose.

Fig. 13 shows 3D views of these objects as defined in the atlas and as recognized in an
MR image with our method. They are correctly segmented although the size, the location
and the morphol ogy of these objectsin the image significantly differ from their definitions
in the atlas. Note in particular the good recognition of third and fourth ventricles, that are
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Fig. 9. Recognition of right caudate nucleus (one axial slice). Surface as given by the atlas, selection information,
fusion, result.

very difficult to segment directly from the image. Here the use of relationships to other
structuresis very important and conditions the quality of the results.

We have carried out tests on other images, and results of similar quality have been
obtained. Ten images from different subjects and different acquisition devices have been
tested. The contribution of the proposed approach to the detection of brain structures
actually varies depending on the structures. For instance, the ventricular system could
be detected with a direct segmentation approach. The use of the atlas and of the model
only makes it more robust and allows to separate different parts of this system (i.e, to
distinguish between lateral, 3rd and 4th ventricles). For the caudate nucleus, we observed
that all information we are using is indeed necessary to have a good detection in several
cases (if we try to suppress one piece of knowledge, the method does not work well on
some images). For the next structures, the fact that the registration becomes more and
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Fig. 10. Recognition of right putamen (one axial slice). Surface as given by the atlas, selection information,
fusion, result.

more precise makes the use of spatial relationships less crucial, but it is still useful and
results are improved, and are more robust when applied on different images.

Another reason explaining the robustness of our approach is that it relies on the
segmentation of the brain as thefirst object, using a 3D mathematical morphology method
previously developed that proved to be very robust and reliable (it is now used in routine
and was evaluated on more than 30 images). Then the registration between the segmented
brain and the brain in the atlas actually guaranteesthat the structures to be recognized are
not very far from the ones of the atlas (see, e.g., thetop left imagesin Figs. 7-12). And this
fact is even improved during the subsequent steps.

If we apply the method on the image that served to build the atlas, perfect results are
obtained, with a voxel accuracy. For the other images, different from the atlas, we do not
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Fig. 11. Recognition of fourth ventricle (one sagittal slice). Surface as given by the atlas, selection information,
fusion, result.

Fig. 12. Recognition of third ventricle (one sagittal slice). Surface as given by the atlas, selection information,
fusion, result.

have the ground truth and it is therefore not really possible to provide quantitative results.
We asked a neuro-anatomist to judge the results, and he was very satisfied. The results
were even above his expectation.
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Fig. 13. Recognition results. The upper view represents six objects from the atlas: lateral ventricles (medium
grey), third and fourth ventricles (light grey), caudate nucleus and putamen (dark grey). Thelower view represents
the equivalent objects recognized from a MRI acquisition.

5. Conclusion

We have presented an original recognition method which is atlas-guided and progres-
sive, and which fully benefits from every piece of available structural information. A main
feature of our method is that knowledge is directly expressed in the image space by the
mean of fuzzy sets. Another original aspect is that it takes advantage of objects that have
already been recognized. We have shown how heterogeneous knowledge can be repre-
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sented in aunified framework, and combined in order to guide the recognition. The type of
knowledge representati on, associated with the proposed recognition method, canbeusedin
other recognition problems using a model. Also the semi-quantitative (or semi-qualitative)
interpretation of fuzzy sets bridgesthe gap between purely symbolic or linguistic represen-
tations and purely numerical ones. The use of morphological operators has also an interest
from this point of view, since spatial knowledge can be expressed through these operators
in a numeric, semi-quantitative, or logical way [27].

Most model-based approaches in medical imaging aim either at segmenting one
structure based on a model of it, and then they are usually dedicated to this structure,
or at performing a global registration between an atlas and a 3D image, in order to achieve
segmentation of several structures. In thislast case, it is difficult to account for specificities
of individual structures, in particular concerning their variability, because the approach is
global. Here the proposed approach overcomes both types of limitations by applying a
unique method for all structures, but exploiting specific pieces of knowledge about each
of them. So it is neither restricted to one particular structure, nor it has to make a global
compromise. Each structure is processed according to the knowledge we have about it,
while satisfying some consistency constraints with respect to the other structures.

Another advantage of the method is that no back-tracking is needed, and once an object
has been recognized, it is not further considered. This may seem quite constraining, but
actually the robustness of the method comes from the complete procedure, and from the
fact that imprecision is explicitly represented, aswell as any piece of available knowledge,
no matter how heterogeneous it may be. However, at least in the considered application,
the order in which structures are recognized is crucial.

This absence of back-tracking can also be a weakness of the progressive approach, due
to possible wrong detection at an intermediate stage with all the consequences we may
imagine. We have no solution for this problem now, but in the context of an operational
brain segmentation system, we expect that the segmentation step will be under spatial
supervision of an expert. In this context, the progressive detection facilitates and reduces
the human intervention to the only situations where the machine is confused, and makes
the human-machine interaction more efficient.

However, it should be noted that in our experiments we never found examples where
one step provides a wrong result, making the whole process fail. This is due to the good
initialization provided by the segmentation of the brain, and by the subsequent steps.

Theinterest and the power of our approach appear also in the fact that it is now used for
different applications (e.g., [46]), and by other teams (e.g., [47]).

We could also consider a fuzzy object at each step, and make the final decision on the
precise delineation of each object at the end of the processing.

Several aspects could still be improved. It could be interesting to try to infer
automatically from theiconic part of the model the most pertinent relationships. The choice
of parameters (e.g., extent of fuzzy structuring element) could also be automatized, using
alearning procedure from a set of representative images with sufficient variability. Until
now these parameters have been set experimentally and then were not changed for all tested
images. Making this method of routine use would require alarger evaluation and parameter
testing.
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Until now, the only morphological information we are using is provided by the a priori
model object. No geometrical characteristics (like perimeter, area, symmetry, etc.) are
used since such characteristics are implicitly represented in the volume of interest. In the
same way, no topological information (like holes or tunnels) is explicitly introduced. For
this type of information, the fuzzy dilation may change the topology, and then nothing
guarantees that the recognized object will have the desired topology. This problem is left
for future work, and topologically constrained dilations could be used [48]. In a similar
way, constraints about adjacency between objects could be added. As shownin[27], it can
be directly related to distance and extended to the fuzzy case based on fuzzy dilation.

Other selection strategies could be implemented for the choice of the best candidate.
For instance, we may imagine to check each candidate with respect to each piknowledge
and then fuse the degrees of satisfaction of each constraint expressed by jtknowledge- On the
contrary, all ftknowledge could befirst fused, and the best candidate would be the one having
the highest similarity with respect to this fused information. Here we have chosen a hybrid
strategy in comparison to these two extreme ones, that provides someflexibility in the way
each type of knowledgeisused. It iswell adapted to the problem of brain segmentation. For
different image understanding problems, according to different strategies of recognition,
the previous scheme may be easily modified. The knowledge representation part, on the
contrary, remains general and its principle can be applied in other domains.
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