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menting and recognizing objects in images, that is based on a structural representation of
the scene and a constraint propagation method. The structural model is a graph represent-
ing the objects in the scene, their appearance and their spatial relations, represented by
fuzzy models. The proposed solver is a novel global method that assigns spatial regions
to the objects according to the relations in the structural model. We propose to progres-
sively reduce the solution domain by excluding assignments that are inconsistent with a

Keywords:
Image interpretation
Constraint satisfaction

Fuzzy set constraint network derived from the structural model. The final segmentation of each

Structural model object is then performed as a minimal surface extraction. The contributions of this paper
are illustrated through the example of brain structure recognition in magnetic resonance
images.

© 2013 Elsevier Inc. All rights reserved.

1. Introduction

The interpretation of complex scenes in images often requires (or can benefit from) a model of the scene. This model may
provide information regarding the objects contained in the scene, as well as their spatial arrangement. The spatial layout
information is often crucial for differentiating among objects with similar appearances in the images, or disambiguating
complex cases. Examples occur in many domains, including medical imaging, in which structural knowledge can help in
the interpretation of the images. In magnetic resonance imaging (MRI), for instance, radiometry is often insufficient for rec-
ognizing individual anatomical structures, and their relative spatial configuration provides an important input into the rec-
ognition process [17]. Other examples occur in aerial and satellite imaging, robot vision, and video sequence interpretation,
among other fields. In this paper, we address the image interpretation problem as a joint problem of image segmentation and
object recognition, based on structural information. Although the focus of the paper is methodological and theoretical,
remaining as generic as possible, we illustrate the proposed method through the concrete example of 3D brain MRI
interpretation.

Graphs are often used to represent the structural information in image interpretation, where the vertices represent ob-
jects or image regions (and may carry attributes such as their shapes, sizes, and colors or gray levels), and the edges carry the
structural information, such as the spatial relations among objects, or radiometric contrasts between regions. Although this
type of representation has become popular in the last 30 years [18], a number of open problems remain in its efficient imple-
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Fig. 1. Overview of the proposed approach for the brain structures example. For instance, the solution space of the left caudate nucleus (CNI) is reduced
based on the constraint that “the left caudate nucleus (CNI) is exterior (i.e. to the right in the image) to the left lateral ventricle (LVI)".

mentation. In one type of approach, the graph is derived from the image itself, based on a preliminary segmentation into
homogeneous regions, and the recognition problem is expressed as a graph matching problem between the image and model
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graphs, which is an annotation problem. However this scheme often requires solving complex combinatorial problems [18].
Improvements can be achieved by suppressing iteratively inconsistent annotations using a constraint propagation proce-
dure, as proposed e.g. in [50,58] for simple geometrical figures or in [31,56] for the annotation of image segmentations. How-
ever, the constraint propagation procedure does not guarantee a unique annotation. Moreover, all of these approaches
assume a correct initial segmentation of the image. However, the segmentation problem is a known challenge in image pro-
cessing, to which no universal solution exists. The segmentation is usually imperfect, and no isomorphism exists between
the graphs being matched. An inexact matching must then be found, for instance by allowing several image regions to be
assigned to one model vertex or by relaxing the notion of morphism to that of fuzzy morphism [14,46]. For example, pre-
vious studies [19,20] employ an over-segmentation of the image, which is easier to obtain. A model structure (i.e. a graph
vertex) is then explicitly associated with a set of regions, and the recognition problem is expressed as a constraint satisfac-
tion problem. To overcome the complexity issue, a weaker version of the model relations (encoded in the edges) is consid-
ered, and the problem is solved using a modified AC-4 propagation algorithm [38]. Other recent approaches, still based on a
preliminary segmentation, have revisited the grammatical approach to pattern recognition [48,57,65,66], or employed prob-
abilistic models [27,61,64] or ontologies [29,44].

To deal with the difficulty of obtaining a relevant segmentation, the segmentation and recognition can also be performed
simultaneously. For instance, in the method proposed in previous studies [8,17], the structures of interest are segmented and
recognized sequentially, in a pre-calculated order [23]. The structures that are easier to segment are considered first and
adopted as reference objects. The spatial relations to these structures are encoded in the structural model and are used as
constraints to guide the segmentation and recognition of other structures. Due to the sequential nature of the process,
the errors are potentially propagated. Backtracking may then be needed, as proposed in [23].

To overcome the problems raised by sequential approaches while avoiding the need for an initial segmentation, we pro-
pose an original method that still employs a structural model, but solves the problem in a global fashion. Our definition of a
solution is the assignment of a spatial region to each model object, in a way that satisfies the constraints expressed in the
model. We propose a progressive reduction of the solution domain for all objects by excluding assignments that are incon-
sistent with the structural model. Constraint networks constitute an appropriate framework for both the formalization of the
problem and the optimization. An original feature of the proposed approach is that the regions are not predetermined, but
are instead constructed during the reduction process. The image segmentation and recognition algorithm therefore differs
from an annotation procedure, and no prior segmentation of the image into meaningful or homogeneous regions is required.
This feature overcomes the limitations of many previous approaches (such as [19,20]). More precisely, a constraint network
is constructed from the structural model, and a propagation algorithm is then designed to reduce the search space. Finally, an
approximate solution is extracted from the reduced search space. This procedure is illustrated in Fig. 1, using the interpre-
tation of a brain MRI as an example. Once the propagation process terminates, the solution space is typically reduced sub-
stantially for all of the model structures. The final segmentation and recognition results can then be obtained using any
segmentation method that is constrained by this solution space.

In Section 2, we summarize the main components of the structural model. Some preliminaries on constraint networks are
reviewed in Section 3. The novel contributions of this paper are described in Sections 4 and 5, extending our preliminary
work in [42]. We describe the expression of the constraints in detail, and propose propagators that are adapted to each type
of constraint. The power and tractability of the proposed approach are illustrated using both a synthetic example and a real-
world example, in which anatomical brain structures are recognized in MR images (Section 6).

2. Graphical structural model

The structural model used in this paper was developed previously in [8,17,29]. The model consists of a graph in which the
vertices represent objects, and the edges encode structural relations and relations describing the radiometric contrasts. Both
the vertices and the edges have attributes. As an original feature of this model, spatial relations are represented using fuzzy
models [5], which define the semantics of the relations, and enable us to link abstract concepts to spatial representations
[29]. This approach helps filling the semantic gap between symbolic information and the visual percepts that are extracted
from the images.

We now describe this model in the context of the brain structures example (these structures are then the objects to be
recognized in a medical image). Brain anatomy is commonly described in a hierarchical fashion [10,35], and can be formal-
ized using ontologies. One of these ontologies is the Foundational Model of Anatomy (FMA) [51]. In addition, the spatial orga-
nization of the anatomical structures is a major component of linguistic descriptions of the brain anatomy [28,60], and has
therefore been added to the existing ontology [29]. Based on these sources of knowledge, an attributed hierarchical graph
describing the brain anatomy has been proposed in [16,30]. The relations in this model include spatial relations, such as
topological, distance and direction relations, according to the hierarchy of spatial relations proposed in [32], as well as radio-
metric relations. Although the radiometry of each structure in an MR image may vary depending on the acquisition, the con-
trast between structures is quite robust and stable for a given acquisition protocol.

This model is particularly relevant because the overall structure of the brain is quite stable, while the shapes and sizes of
the individual structures are prone to substantial variability. The fuzziness of the representations makes it possible to handle
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the imprecision and limited variability of the relations, even in pathological cases. Brain imaging is therefore an ideal exam-
ple through which to illustrate the proposed structural approach.

3. Some preliminaries on constraint networks

A large body of research has been dedicated to the topic of constraint networks, particularly in artificial intelligence and
operational research, for problems such as planning, recognition of segmented images [19,50,58], and image segmentation
[34]. In this paper, we demonstrate the feasibility of model-based image interpretation without any preliminary segmenta-
tion, using constraint networks.

In this section, the main definitions and notations adopted in the sequel of this paper are provided. Comprehensive sur-
veys of constraint networks and constraint propagation can be found for instance in [3,52].

3.1. General definitions

A constraint network is defined by a triplet N = (), D,C) where: y = {X1,...,X,} is the set of variables in the problem, and D
is the set of domains associated with those variables. Each variable x; € x takes values in the domain D(x;), and C is a set of
constraints. Each constraint C € C is a relation defined on a set of variables vars(C), such that vars(C) C y. Arelation is then a
subset of the Cartesian product of the domains associated with the variables vars(C).

We denote by I={(xy,21),...,(X t)} an instantiation on the variables Y ={x4,...,x:} C x. An instantiation [ is valid if
vx; € Y, v; € D(x;), the domain associated with x;. For Y C Y, I[Y'] denotes the projection of ] onto Y. An instantiation I sat-
isfies a constraint C such that vars(C) C Y if [[vars(C)] € C, and I is locally consistent if I is valid and for each constraint C € C
such that vars(C) C Y, I satisfies C.

A solution of the constraint network N is a locally consistent instantiation I on y. We denote the set of solutions of N by
sol(N). A constraint network is said to be satisfiable if it has at least one solution.

3.2. Constraint propagation

Various efficient backtracking algorithms [26,52] have been proposed for solving constraint satisfaction problems. How-
ever, many problems cannot be solved using these algorithms because of the complexity of the problem. To simplify a prob-
lem, a constraint propagation algorithm can be applied first. It can be used to iteratively transform an initial constraint
network N into a simpler network N’ with the same solutions by: (i) reducing the domains of the variables, and (ii) inferring
new constraints.

Let N = (x,D,C). The set Pyp of all domain-based tightenings of N is the set of networks {N' = (y,D’,C)} such that D' C D.
We denote the partial ordering on Py associated with the domain inclusion relation by <. The set 7%}, is the subset of net-
works in Pyp that present the same solutions as N, i.e. YN’ € P52, sol(N') = sol(N). P has a least element denoted by Gyp,
whose domains contain only values that belong to a solution. Because the computation of Gyp is NP-hard, domain-based con-
straint propagation is used to determine the smallest possible element of P in polynomial time. This procedure iteratively
removes values that cannot belong to a solution by, for instance, applying propagators. A propagator f is an operator asso-
ciated with a constraint C € C. It tightens the domains (VN' € Pxp,f(N') € Pyp) regardless of the other constraints. A propa-
gator f is correct if VN' ¢ 79,5\?,5, f(Ny e P, increasing if YNi,N; € Pnp, Ni <y Ny = f(N1) <y f(N), and idempotent if
VYN’ € Pap, f(f(N')) = f(N'). A constraint propagation process that iteratively applies a set of propagators ends when no prop-
agator can reduce a domain. If the propagators are increasing, which is generally the case, then the result does not depend on
the order of application of the propagators, and is called the least fixed point. These properties are therefore important, and
will be checked for the proposed propagators.

The propagators are generally associated with a notion of local consistency. For instance, an arc consistent [36] propaga-
tor associated with a constraint C removes all values that are not arc consistent with C with respect to the current domains.
The constraint C is then arc consistent in D. Certain notions of local consistency, such as path consistency [39], are more
restrictive, whereas notions such as bound consistency are more permissive and lead to cheaper propagators. Several defi-
nitions of bound consistency have been proposed [3,15]. For instance for variables taking values in Z, D is bounds(Z)-con-
sistent with the constraint C if for each x; in vars(C), the bounds of the domain, infy,cpp)(2i) and sup,, cpy, (#i), have a
support on C in D', where D' are the domains represented as intervals: Vx; € As D(x) = [inf,,iep(xl)vi,supylep(xi)vi].

A notion of local consistency ¢ is stable under union if for all ¢-consistent networks N; = (y,D;,C) and N, = (), D,,C),
the network N' = (y,D;UD,,C) is ¢-consistent. If ¢ is stable under union then for all N = (y,D,C),¢(N)=
(x, U{D' CD|{y,T,C) is ¢-consistent},C) is ¢-consistent and is knows as the ¢-closure of N. It can be shown that ¢(N)
presents the same solutions as N. It can be obtained by iteratively removing the values that do not satisfy ¢.
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3.3. Constraint networks on sets

Some problems involve variables that take subsets of a base set ¢/ as their values. Their domain is then a subset of P(),
whose cardinality is 2“. Problems with such domains are generally intractable, and compact representations have therefore
been proposed. For instance, the domains can be represented as set intervals [25,47], as follows:
D(x) = [A,B] = {E € P(U)|A CE C B} with A,B € P(i4). A constraint C is then said to be bound consistent if Vx; € vars(C),

{ N{v; € D(x;)} = N{v; € D(x;)|(x;, ;) has a support on C in D},
U{v; € D(x;)} = U{w; € D(x;)|(x;, v;) has a support on C in D}.

This representation is simple and compact, but it has limited representation power. Alternative approximate [24,53] or
exact representations [33] have therefore been proposed.

4. Representing the segmentation and recognition problem as a constraint network

In this section, we propose a novel way to express the image interpretation problem. This approach is an original contri-
bution, and in contrast with previous methods, it does not require any prior segmentation of the image to be interpreted.

Let Z : X — N* be an image whose spatial domain X is a subset of Z¢, where d is typically equal to 2 or 3. We wish to obtain
regions in X for a set of n objects y = {O;|i € [1 - - - n]} that are visible in the image; these objects are the variables in our prob-
lem. As the image Z provides a discrete view of the continuous world, the regions cannot be represented accurately as sub-
sets of X. The digital sampling and artifacts induced by the acquisition cause imprecision in Z on the object boundaries. We
therefore represent the regions as fuzzy subsets of X [62,63]. The variables O; in our problem are then represented by fuzzy
subsets y; of X (i.e. p;:X — [0,1]). The set of all fuzzy subsets of X is denoted by F.

The domains D = {D(A)|A € y} associated with the variables are then subsets of 7 (D(A) C F). If the problem is satisfiable,
then the solutions are among these subsets. An example of the domain for the frontal horn of the left lateral ventricle is dis-
played in Fig. 2. This small domain contains six fuzzy sets. The third one is the desired solution. However, this domain is not
representative of the domains that we typically consider. In fact, the cardinality of 7 depends exponentially on |X|, and its
size is k¥ where k is the number of discrete levels used to represent the membership degrees, and the domains can be any
subset of 7. We therefore use two bounds to approximate each domain (Section 4.1).

Constraints are obtained from the structural model (see Section 2). For instance, if the model contains the relation “A is to
the right of B”, then the recognition process must obtain an instantiation {(A, u;),(B, 1t2)}, where A and B represent structures
of the model, satisfying the constraint C3y, i.e. (i, i) € C35. We denote these constraints by ¢, and their detailed definitions
are provided in Section 4.2.

The segmentation and recognition problem is represented by a constraint network N = (), D, C) and we wish to obtain a
solution of N, that is, a consistent instantiation of all variables in y, that satisfies all of the constraints. We assume that the
problem is satisfiable, which means that such a solution exists. In fact, the model presented in Section 2 is designed to be
generic and capable of handling normal anatomical variability. However, pathological cases may differ significantly from
the normal anatomy, and specialized modeling of the pathologies may therefore be necessary to handle such cases.

The cardinality of the search space is kX*1%| where |X| is approximately 107 for a typical MRI volume and |y| is the num-
ber of structures in the model. Clearly, a backtracking algorithm cannot be applied. To obtain a solution, we first simplify the
constraint network using a constraint propagation algorithm that removes as many inconsistent values as possible from the
domains, according to the constraints. The propagation algorithm obtains the smallest possible element of 5% in polynomial
time. For this purpose we propose propagators that are related to each constraint in Section 4.2, and the constraint propa-

}
LR

(a) (b)

Fig. 2. (a) Axial slice of a brainMRl and outline of the frontal horn of the left lateral ventricle (LVI). (b) A domain of LVI that contains six fuzzy sets. (¢) Lower
bound, LV, and upper bound, LVI.
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gation algorithm sequentially applies these propagators (Section 4.3). The propagators corresponding to each constraint are
described in detail in Section 5.

4.1. Representation of the domains

As the sizes of the domains may vary exponentially with the number of pixels |X|, a compact representation is required. In
[45], these domains are represented by their minimal bounding boxes. This representation is very compact, but it cannot
accurately represent the shapes of the objects, which limits the efficiency of the constraint propagation algorithm.

As mentioned in Section 3, the domains can in some cases be efficiently represented by their bounds, with respect to a
partial ordering on the domain. With the usual partial ordering on fuzzy sets,! denoted by <, (F,<) is a complete lattice.
Therefore, every subset of F has an upper bound and a lower bound that belong to F. The upper bound A of the domain
D(A) is therefore defined as follows: A = \/{v € D(A)}, where Vx € X, A(x) = SUPycp(uV(%). This bound is an over-estimation of
the target fuzzy set ua. Similarly, we define the lower bound A as follows: A= A{veDA)}, where
Vx € X, A(x) = inf,ep@u)v(x). This bound provides an under-estimation of fia.

Definition 1. An interval of fuzzy sets (A,A), defined by a lower bound A and an upper bound 4, is the set of elements of F
that lie between these bounds, according to the partial ordering <: (A,A) = {u € FIA< u < Al

If A and A are the bounds of a given domain D(A), then the interval (A,A) includes D(A). As a trivial representation of the
domains is not feasible, we represent the domains of our constraint network as intervals. We now write N = (y, D', C), where
D' are domains represented as intervals.

These definitions are illustrated in Fig. 2 for the frontal horn of the left lateral ventricle LVI (a). A tiny domain D(LVI) of LVI
that contains six values is shown in (b). The bounds of this domain are shown in (c), and we have D(LVI) C (LVI, LVI). The rep-
resentation of a domain by its bounds only is far less accurate than a representation as a subset of F. However, this bounds
representation provides a good trade-off between the complexity of the representation and its accuracy.

The constraint propagation algorithm iteratively tightens the domains by computing an increasingly small upper bound and
an increasingly large lower bound. If a given domain (A, A) satisfies A% A during the propagation process, then this domain is
empty, and we conclude that the problem is not satisfiable. By convention, an empty interval is represented by (1, 0), where
07 is the least element of F (a fuzzy set that is equal to 0 everywhere) and 1 is the greatest element (equal to 1 everywhere).

4.2. Definition of the constraints

The constraints are obtained from the structural model. We associate a propagator with each constraint C, i.e. a mapping
fo: P9 — P that tightens the domains by removing values that are inconsistent with respect to C. Because the domains are
represented as intervals, we rely on a local consistency criterion, which is weaker than arc consistency, similar to bound set
consistency or bounds(Z)-consistency.

Definition 2. A constraint Cis BSz-consistent (BZ r-consistent) in D' if the upper (lower) bound of the domain of each variable
in vars(C) can be obtained as the union (intersection) of all of the values in the domain with a support on Cin D' : VA; € vars(C),
A = V{1t € (Ai,A)|(A;, w) has a support on C in D'} (VA; € vars(C),A; = A{i € (Ai,A)|(A;, 1) has a support on C in D'}). The
constraint C is Br-consistent in D' if it is both BZ z-consistent and BSr-consistent. A constraint network is Br (BSz, BZr)-
consistent if all constraints are Br (BSr, BZ r)-consistent.

The Br-closure of the initial constraint network N = (y, D', ) can be obtained using propagators associated with the con-
straints. For this purpose, we associate a correct and Br-consistent propagator fc- with each constraint C.

For any constraint C, we define a generic Br-consistent propagator f&" as follows:

e PR
(x.7'.¢) = (1.7".c),
such that VA; € vars(C), D'(A) = (A/,A/) with:
A’ = \{ € (Ai,A)|(Ai, ) has a support on C in D'},
A/ =\/{u € (A, A)|(Ai, p) has a support on C in D'}.

This propagator is not tractable in general. However, for the considered constraints, a simple and computable expression
can be derived. In the sequel, a propagator fc will be described as follows:

(vars(C); D' C)
(vars(C); D";C)’

Tlet pu,veF, u<vif vxeX, p(x) < v(x).
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Data: a network of constraints (x, D', C).
a set of propagators F' = {fi,..., fi}
Result: (y, D!, C) Br-consistent with D’ <, D!
Begin
G«—F
While G # () do
select and remove a propagator g from G
if N # g(N) then
G — GU{fie F\G |vars(f)Nvars(g) # 0}
N «— g(N)
End

Fig. 3. A generic propagation algorithm.

where D' and D'’ are the domains associated with the set of variables vars(C) and D" < D'.
Before presenting the detailed definitions of the constraints, we briefly describe the constraint propagation process and
provide an illustrative example.

4.3. Constraint propagation

The initial network, Ny = (), D', (), is derived from the structural model. The domains are initialized as (0, 15). If some
structures have already been extracted, then the domains of these structures are reduced to singletons, and their upper and
lower bounds are then equal.

We calculate the Bx-closure of Ny. This is achieved by iteratively applying the Br-consistent propagators associated with
the constraints. Let F = {fc|fc is Br-consistent and C € C} be the set of propagators, and let f¢ be the function used to com-
pute the Bx-closure of the network (y; D'; C).

As the propagators f; do not necessarily commute, the propagation is not achieved through a unique application of each
propagator but rather through iterative applications of the propagators until convergence is reached. Because the propaga-
tors are monotonic, the network obtained at convergence is unique and does not depend on the order of application of the
propagators. A generic classical algorithm, belonging to the class AC-3, is presented in Fig. 3. Other algorithms could also be
used within the proposed framework; what is important and new is the application of the algorithm to well-defined prop-
agators with the required properties, as discussed in the next section. An improvement of this generic algorithm for im-
proved speed is proposed in Section 6.

In the following development, several propagators are defined, some of which are only BS-consistent, meaning that they
allow only the upper bound to be optimally updated and leave the lower bound generally unchanged. Indeed, we did not
obtain cost-efficient Br-consistent propagators for every constraint. However the constraints are still applied in the pro-
posed algorithm, and the Bz-closure of Ny is therefore not computed exactly. Practically speaking, the utilized propagators
differ from the optimal ones only in very specific cases, and we nearly obtain the Br-closure. This way to proceed is also
relevant for two reasons: (i) we introduce a partition constraint below, and the associated propagator efficiently handles
the lower bounds; (ii) the final segmentation algorithm requires mainly the upper bound to be as focused as possible.

Fig. 4 illustrates this algorithm for four variables: the brain (Br), left lateral ventricle (LV1), left caudate nucleus (CNI) and
left internal capsule (ICI). Initially, no assumptions are made regarding the objects to be recognized. The associated domains
are therefore F and are represented by the bounds (0z, 1) (a). In this example, we assume that the brain has already been
segmented, as a fuzzy subset ug,. Its domain is initialized as a singleton and is represented by the bounds (g, g) (b). We
then iteratively apply the propagators associated with the constraints (c-j), to gradually update the domains. Each propaga-
tor can be applied several times (each time the domain of one of the propagator variables changes, the propagator is added to
the list G of propagators to update). The process terminates when the network is stable for all of the propagators.

5. Constraint and propagator definitions

This section describes the constraints and associated propagators in detail. The constraints include topological and metric
relations, which have been shown to be useful in spatial reasoning [32], and gray level contrasts, which comprise the basic
information in the images. These relations are those used by neuro-anatomists to describe the brain, and their interest and
usefulness in image recognition has been proved in our previous work based on sequential recognition methods [8,17,23,29].
It is also important that the chosen constraints be representable in the image domain. The set of constraints can of course be
expanded, as appropriate for the application.

Our experiments have demonstrated that all of the constraints are useful. Some constraints play specific roles in the
reduction of the domains. For instance, the contrast constraint provides the necessary data fidelity term, which makes it
possible for the algorithm to run on any specific case. The partition constraint allows the lower bound to be modified, while
the other constraints primarily control the upper bound. The connectivity and volume constraints are dealing with the shape
information, but they do so in a sufficiently smooth fashion to allow for flexibility in pathological cases (no true shape
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Fig. 4. First iterations of the propagation algorithm.
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information is included for this reason). Furthermore, additional constraints can be added to hasten the convergence, such as
requiring that all objects be restricted to a bounding box within the brain, thereby reducing the spatial domain to be
explored.

For each constraint, we specify the mathematical model and demonstrate the construction of the associated propagator in
the sequel. Although the chosen models involve fuzzy sets, the constraints are strict. Proofs of the correction, idempotence
and consistency properties of the propagators can be found in [41].

5.1. Definition of the inclusion constraint and associated propagator

An inclusion relation between two structures A and B is satisfied if the region associated with A belongs to the region
associated with B. This inclusion relation differs from subsethood measures, as defined in previous studies [13,59]. If the
structural model contains an inclusion relation, we add the following constraint to the network.

Definition 3 (Inclusion constraint). The constraint ijB is associated with the inclusion relation of A in B. This constraint
ensures that vars(Ci;) = {A, B} and:

Ciy : D(A) x D(B) — {0,1}

1if gy < iy,
(s Ha) = {0 otherwise.

A valid instantiation I = {(A, u),(B,v)} is consistent with respect to CZB if u < v. Conversely, an instantiation that does not
satisfy this condition is said to be inconsistent and cannot be extended to a solution. Therefore, a value of D(A) (or D(B)) that

belongs exclusively to inconsistent instantiations cannot belong to a solution. The propagator associated with Cﬁ;B transforms
the constraint network by removing as many inconsistent values as possible from D(A) and D(B). This removal process re-
duces the solution space and, in turn, the computational cost of the subsequent decision procedure.

The propagator then updates the bounds of the domains to remove inconsistent values and render Cif_BBf—consistent. Let
us denote the bounds of the set of values of D'(A) = (A4,A) that are consistent with respect to C}T_B by A. and A:
{1 € (A,A)3v € (B,B),C5(1,v) = 1}. The associated propagator must obtain a domain (A’,A’) such that A <A <A and
A. <A <A, with A’ and A’ being as close as possible to A. and A.. Because we have:

Ac=\/{ue (A APve (BB),u<v}
=\/{ueAA)|u<B =\/{ue FIA< u<ANB}
A ANB

0- otherwise,

A. can be obtained at a low computational cost. We therefore define a propagator that ensures that A’ = A.. Similar updating
can be performed on B and similar considerations will be used in the sequel to define the propagators associated with other
constraints. In this paper, we use A = min and V = max because of their idempotence property.

Definition 4 (Propagator for the inclusion constraint). The propagator fcm associated with the inclusion constraint of A in B is
defined as follows:

(A.B:(A.4). (B.B):Cly )
(A.B.(AANB),(BVAB)CLy)

Proposition 1. The propagator fc;‘;*E is correct, idempotent and Br-consistent.

The propagator associated with the inclusion constraint Cl, ;. of the left lateral ventricle (LVI) in the brain (Br) is illus-
trated in Fig. 5. Initially, LVI and Br take values of 1+ and O, respectively. The application of the propagator fcm updates
both bounds: LVI' = 1- A Br = Br and Br' = 07 v LVl = LVI.

5.2. Directional relative position constraint

To model a directional relation such as “the caudate nucleus (CNI) is exterior to the lateral ventricle (LVI)” (to the right in
Fig. 6b), we rely on a fuzzy mathematical morphology approach (see [5] and references therein). For a detailed description of
fuzzy mathematical morphology, and the definition and properties of fuzzy dilation in particular, we refer the reader to [6,9],
for example. These properties are derived primarily from the underlying complete lattice framework [7,40]. Let us only recall
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(LVI, LVI)

(LV, LVl

Fig. 5. Illustration of the propagator fq,,wﬂ . The domains (LVI,LVI) and (Br, Br) become (LVI',LVI') and (Br’,Br").

Fig. 6. Illustration of the directional relation “the left caudate nucleus (CNI) is to the right of the left lateral ventricle (LVI)” on an axial slice (b). (a)
Structuring element v associated with the relation. (c) Fuzzy set representing the points to the right of LVI.

the definition of the fuzzy dilation of u by a structuring element v: Vx, 6,(u)(x) = supyt(u(y), v(x — y)), where t is a t-norm. In
this context, the spatial relation is characterized by a direction u; and two angles k; and k, representing the tolerance
around 1y . With respect to the origin of space, a given point x is in the specified direction with a degree of satisfaction equal
to:

—
k, — x. Ug
2 1]

V(x) =max | 0,min | 1,

ky — k4

Fig. 6a depicts the set v for ug =1,k; =0 and k, = Z. The dilation §,(u)(x) by the structuring element v then represents
the set of points that are in the specified direction with respect to the reference fuzzy set u. For instance, the fuzzy set in (c)
represents all of the points to the right of the lateral ventricle. Note that v can be specified according to the desired semantics
of the relation, and other decreasing functions of the angle between x and 1 could be used as well. Finally, two fuzzy sets 1
and u, are considered to satisfy the directional relation if p; < 6,(p4).

Definition 5 (Directional constraint). Let A and B be two objects with a stable directional relative position characterized by a
structuring element v. The constraint Cd’”' is defined as follows:

Ca% - D(A) x D(B) — {0,1}

1if gy < 6v(y),
(f: ) = { 0 otherwise.
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Definition 6 (Directional constraint propagator). The propagator fczm that is associated with the directional relative position
constraint between two structures A and B is defined as follows: "

(A B; (A,A), (B, >C‘“”>_
(A.B:(A.A). (B.B A 6,(A): Cyy)

Proposition 2. The propagator fea is correct, idempotent and BS-consistent.

The propagator is only BSr-consistent because the lower bound of A is not updated, although it could be updated in cer-
tain particular cases. However, this updating would require a time-consuming computation for very limited gain.

Fig. 7 illustrates the propagator associated with the relation “CNl is to the right of LVI". The domain of the caudate nucleus,
(CNI, CNI), is reduced by removing elements that do not satisfy the directional relation.

5.3. Distance constraint

We define a distance relation between two structures A and B in an asymmetric fashion, as follows. The distance of all
points in region B to region A (represented by y4) must fall within a given interval. We represent this interval by a trapezoi-
dal function with parameters d,, d;, d: and dy (with 0 < d, < dp < d. < dy). The parameters d, and d;, define a constraint on the
minimal distance. With respect to the origin of the space, a point x satisfies this minimal distance relation with degree

c(vq)(x), with v;(x) = min (1, max (0,%)). The complement of the dilation c(d,, (1)) then represents the set of points that

satisfy the minimal distance relation with respect to the reference fuzzy set u. For the complementation operator c,
c(o)=1— o (Vo €[0,1]) can typically be used. Similarly, the parameters d. and d,; define a constraint on the maximal dis-

tance. With respect to the origin, a given point x satisfies this relation with degree v,(x) = max (0, min (1,‘2‘;”;[”)). The dila-

tion 6, (i) represents the set of points that satisfy the maximal distance relation with respect to p.

The set of points contained in the distance interval represented by the trapezoidal function with respect to p4 can be ob-
tained as follows [5]: iy, (1s) = €(0v, (14a)) A Oy, (144)- Finally, the relation between A and B is considered to be satisfied if all of
the points of B satisfy the distance relation: p; < c(6y, (fts)) A Oy, (ls)-

Definition 7 (Distance constraint). Let A and B be two objects satisfying a stable distance relation characterized by the
structuring elements v; and v,. The constraint Cﬂf?‘” 2 can be expressed as follows:

Ci3™™ - D(A) x D(B) — {0.1}

1 if gy < e, (y)) A by, (1),
(#: Hp) = { 0 otherwise.

Definition 8 (Propagator for the distance constraint). The propagator f v, associated with the distance constraint between
two structures is defined as follows: 8

(LVI, IVI) (CN1,CNI)

8, (LVI) (CNI',CNI)

Fig. 7. Illustration of the propagatorfq,vm‘m, for v as illustrated in Fig. 6. The lower bound of the caudate nucleus domain CNI is restricted to the subset of

space to the right of the elements of D'(LVI) obtained from the dilation &, (LVI). The resulting upper bound is denoted by CNI'.
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(A,B; (A,A), (B,B); Cistr2)
(A,B; (A, A N c(3y,(B))), (B.B A C(y,(A)) A6, (A)); Cas™"2)

The propagatorf aisvyv, 1S Correct but is neither idempotent nor BS--consistent. However, if the minimal and maximal dis-
tance constraints aré considered independently, then these properties are satisfied. We denote the propagators associated

with these constraints b w and .
yfcﬁxzrmn ngxgmax\

Proposition 3. The propagators fcgfgmm and fcgi%[mux\" are correct, idempotent and BSr-consistent.
As in the case of directional constraints, these propagators are only BSz-consistent because the lower bounds are not up-
dated, although they could be updated in certain particular situations.

5.4. Partition constraint

The cerebral anatomy can be naturally represented in a hierarchical fashion (Section 2). This hierarchy is encoded in the
structural model as partition relations between the anatomical structures. Note that this type of constraint is not restricted
to this particular domain but is also applicable in a variety of other fields.

Definition 9 (Partition constraint). Consider a set of k structures {A;} and a structure B such that the set {A;} forms a partition
of B. The associated constraint is defined as follows:
Chap i D(A) x ... x D(B) — {0,1}

1 if = Licpagpy; and Vi # j, 4, < c(i;),

(B s ) = { 0 otherwise,

where L is the Lukasiewicz t-conorm, i.e. 1(a,b)=min(1,a+ b). A review on fuzzy connectives can be found e.g. in [22].

Definition 10 (Propagator for the partition constraint). The propagator fcpmmgn associated with the partition constraint
between the set of structures {A;} and B is defined as follows:

Ay Br (AR, (BB) C)

<A, (A V T(B, c(LjxiA)) /\B/\/\c ) ,(BV Licii1Ai, BA Licpwhi); cggf;'g°">

j#l
This propagator is correct, but it is neither idempotent nor Br-consistent.

Note that the partition propagator updates the lower bounds of all of the involved structures. The partition constraint is
essential, in that it is the only constraint that controls the lower bounds other than the inclusion constraint, which has a
smaller effect. The use of the partition propagator is therefore highly important, although this propagator has weaker
properties.

5.5. Connectivity constraint

Connectivity is an important object characteristic, that is widely used in image interpretation. In fact, the objects consid-
ered in image interpretation problems are often connected. In this case, we define a constraint that must be satisfied by the
connected regions. Several definitions of fuzzy set connectivity have been proposed, including the definitions of [12,43,49].
We denote the set of fuzzy sets that are connected according to a given definition of connectivity by ® (H C F).

is defined as follows:

Definition 11 (Connectivity constraint). Consider a connected object A. The constraint C;’""

C™ ;. D(A) — {0,1}

{ 1 ifuen,
—
H 0 otherwise.

Definition 12 (Propagator for the connectivity constraint). The propagator feom associated with C™ is defined as follows:
(A (ARG

(A A &@)) ™)
where &(A) = \/{v € H|A < v < A}.
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This propagator is computed by extracting the connected components of A based on , i.e. the greatest elements of H that
are smaller than A according to the usual ordering on F. If we denote the set of connected components of A by H(A), then
¢a(A) can be expressed as \/{u € H(A)|A < p}. Only the connected components including the lower bound are maintained in
the result.

The most time-consuming operation in the propagator computation is extracting the connected components. The effi-
ciency of this operation depends on the definition of fuzzy set connectivity. For instance, the extraction of the connected
components as defined in [49] can be achieved in quasi-linear time with respect to |X].

Proposition 4. The propagator feom is correct, idempotent and BSz-consistent.

5.6. Volume constraint

The volume (or surface) of a fuzzy set can be defined as a fuzzy set on R* [21], as follows: fy (1t)(?) = supy,,- ,0.. We rep-
resent the prior information regarding the volume by an interval [fy_, ,fv...] where fy_ :R" —[0,1] and fy,, : R — [0, 1]
represent the minimal and maximal volume, respectively.

Definition 13 (Volume constraint). Consider an object A whose volume falls in the interval [fy,, ,fv..J. The constraint

C:WV"““ Fomex] i defined as follows:

C:Ol[fvmmvamax] . D(A) — {O, 1}

{ 1if fy o <) < from
He= ;
0 otherwise.

Because of the chosen representation of the domains, this constraint is useless when considered alone, as it does not lead
to an efficient propagator. However, when the volume constraint is combined with a connectivity constraint, C;"™", we obtain
the following propagator.

Definition 14 (Propagator for C i i A CY™). The propagator f wlly . T o 1S assOCiated with the conjunction of a
volume constraint and a connect1v1ty constraint on the object A. The*propagator"ls defined as follows:
Ify
<A (A A) CVO I min Vmax A C;onn>
— Iy
(A5 @, Ay 7

where A’ = \/{ue HIA< p<Aand f, < fr()}

Proposition 5. The propagator fcvol[fvmm e o 1S COTTECE, idempotent and BSz-consistent.
The propagator f W,Lfv Foae) S illustrated in Fig. 8. This propagator reduces the domain of LVI by filtering the con-
A

min Ciz\)/;m

nected components of LVIL.

5.7. Adjacency constraint

A measure of adjacency between two fuzzy sets p; and y,, denoted by pqq;( £41,442), has been proposed in [5]. We adopt this
definition in the sequel.

Definition 15 (Adjacency constraint). Consider two adjacent objects A and B. We define the constraint Cﬂ as follows:

0.8
0.6
0.4
0.2
00 50 100 150
(Ma m) fVmin (M/, TVZ/)

The connected components of LVI are filtered using a minimal volume criterion.

min Vimax J/\qmm .

Fig. 8. Illustration of the propagator fcmuv
A
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C3% : D(A) x D(B) — {0,1}

(L fhy) {1 if fogi (1, 1) = 1,
12 0 otherwise.

As for the volume constraint, we do not obtain an efficient propagator by considering this constraint alone. We therefore
follow the same reasoning as in the previous section and combine the adjacency constraint with a connectivity constraint,
C;.‘;Jnn.

Definition 16 (Propagator for Cg‘_ié A CZ™). The propagator associated with the conjunction of an adjacency constraint
between objects A and B and a connectivity constraint on B, denoted by fu o is defined as follows:
AB
(A.B;(AA), (B.B): Cif n CF™)
(A.B;(AA), (BB); Cij A CF™)

where B' = \/{pt € H|B < u < B and 3v € (A,A), iy (1, V) = 1}.

Proposition 6. The propagator f. ) o is correct, idempotent and BSr-consistent.
This propagator can be efﬁc1ently computed by extracting the connected components of B based on . The components

that are not adjacent to A are filtered out. We illustrate the propagatorfcaaj com 10 Fig. 9. The domain bound CNI was up-
LVICNI" " CNI

dated by the propagator because many elements in (CNI, CNI) are either not connected or not adjacent to any element of
(LVL, LVI).

5.8. Contrast constraint

Finally, we consider a constraint related to the intensity of the structures to maintain the data fidelity in the propagation
process. This constraint is described in detail below for the case of MRI data. Similar constraints can be obtained for other
imaging modalities.

As the MRI signal is not normalized, the intensity values of the tissues vary between acquisitions, and it is not appropriate
to derive a membership function directly from an example histogram using methods similar to those in [4]. However, for a
given acquisition protocol, the contrasts between the structures remain stable. For instance, the lateral ventricles exhibit
lower gray level values compared to the white matter. The structural model of the brain therefore includes a set of stable
contrast relations.

To model the associated constraint, we associate a membership function u* : N* — [0, 1] with each fuzzy set u € F. This
membership function represents the gray level values observed in x in the image 7 : Vv € N*, u#(v) = supxe“ _yM(x). Con-
versely, a fuzzy set g can be obtained from a membership function of the gray levels w? as follows:
W) = ' o I(x) = W (T(x)).

We extend Michelson’s definition [37] of the contrast k between two gray levels, v; and 1, (k = ”: ”2) to the contrast
between two membership functions, ,u]I and u,”. The latter contrast is represented by the membershlp function
:[-1,1] = [0,1], as follows: Vv € R,fi | (v) = sup(yh v,) € N2 min (p,7 (v1), 1 (v,)). If f€ represents the prior infor-

#1 Myt
L4 ]
vi1+0;

mation regarding the contrast between zi; and gy, then we can obtain a membership function p,” representing gray levels

=

that follow the contrast relation with respect to uq: " = i X_N‘f/}f;_;lz, where:

(LVI,LVI) (CNI,CNI) (CNU',CNI)

Fig. 9. Illustration of the propagator fus cam- The connected components of CNI that are not adjacent to LVI are filtered out.
LVLCNI NI
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* -1 . -1
Vo e N, uixnfy ., (V) = sup min(g, " (21), ff 4, (v2)),
(v1, v2) € N*2
V=101 X Uy

* k! _
VUE N ) flll-ﬂz(y) - Sup /,’(Cl,yz(u)'
ueR™
_ 1=
V=T
Note that the associated fuzzy set (u,” o Z) is such that u, < p,” o Z. Similarly, we define w;* as follows: ;" = 1 x,vf,’j1 o
with f§ () = supy, ¢ g+ fi ., (). We also have that y, < ;" o T.
v=1u ‘
We represent the prior information on the contrast between two structures, A and B, by a trapezoidal function (A, B) and
define the following constraint.

Definition 17 (Contrast constraint). Consider two structures, A and B, with a stable contrast represented by a membership

function ff;. The constraint Cg" is defined as follows:

Cys' : D(A) x D(B) — {0,1}

(Uy, 1) 1 if g < pyxnfip and pth < 44 XNfA(,Bl7
' 0 otherwise,

where Vo e N*, fk' (v) = sup,, ¢ p+fip(u) and Vo e N, fxs(v) = sup,, c r+fas(W).

=1 — Ltu
T 1+u Z}_1—u

Definition 18 (Propagator for the contrast constraint). The propagator fcﬂr associated with the contrast constraint between
two structures A and B is defined as follows: '

(AB;(AA), (BB): G
<A,B; (A,E A (ME, xnf ol)>, <§,§/\ (u%fog; 01));c;‘?g‘>

This propagator reduces the upper bounds of the two domains by removing all of the voxels that cannot satisfy the con-

trast relation. The propagator produces important domain reductions even when the domains are quite large. Indeed, the
radiometric membership function of any given domain is limited to the gray levels present in the image.

Proposition 7. fcﬂ.t is correct, idempotent and BSz-consistent.

Fig. 10 illustrates these definitions for the contrast constraint between the lateral ventricle (LVI) and the caudate nucleus
(CNI) (b). The associated membership functions uf,, and uZy, are depicted in (c). The membership function ff, -, representing
the prior information on the contrast, is shown in (d). We also obtain a membership function (e) representing the intensities

satisfying the contrast relation with respect to y,, <N{v1><«wfl_kw,aw)- If we combine the latter with the image (f), then we can
verify that piqy < (ﬂ%le«\" Lle.CNl> oI.

Fig. 11 illustrates the associated propagator. The initial domain (LVI, LVI) of the lateral ventricle has previously been re-
duced, and (CNI, CNI) is equal to (05, 15). We then obtain gray levels that may satisfy the contrast relation with % following

1 i f%, - Finally, we deduce the reduced domain (CNI', CNT').

6. Application to structure recognition in images

In this section, we first incorporate the proposed constraint propagation method into a complete interpretation algo-
rithm. We then provide a demonstration on synthetic examples. Finally, we perform brain structure segmentation and rec-
ognition on MR images of healthy subjects, to illustrate the application of the algorithm to real-world data.

6.1. Interpretation process

The interpretation process illustrated in Fig. 1 is based on a structural model that must be constructed beforehand. First,
the constraint propagation algorithm proposed in Section 4 is applied. This algorithm provides reduced domains for the tar-
get structures, but the final result remains to be extracted. We briefly describe the learning procedure for constructing the
model and the final decision process in the following subsections.
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(b) (c)

0.8 0.8 + ':
0.6 0.6
- i :

0 02 04 0.6 0.8 1 0 50 100 150 200 250 H
(d) (e) (f)

Fig. 10. (a) Cropped axial slice of a 3D MRI volume. (b) v, (blue) and pcy (red). () pfy, (blue) and pfy, (red). (d) Prior information on the contrast between
LVIand CNL: ff5, oy () p&y (red) and i, x xff oy (blue). (f) (y{wa L"v,ch,) o Z. (For interpretation of the references to color in this figure legend, the reader is

referred to the web version of this article.)
1 1
W‘m J ﬁn ]
0 0 200 400

0 200 400 600 0

fi; in blue, pl - in red Mﬁ in blue, /JCNl

'uLVl XN fLVl CNI in black

, in red

(LVI, LVI) (CNL,CNI) (CNI',CNT)

Fig. 11. [llustration of the propagator associated with the contrast constraint between the lateral ventricle (LVI) and the caudate nucleus (CNI).

6.1.1. Model learning

The model could be constructed manually as an expert system or learned off-line from a set of manually annotated
images. The manual method can become very tedious given the large number of brain structures. We therefore decided
to design a learning procedure. In the model graph, the vertices are defined as the annotated structures in the learning data-
base, and the model relations (graph edges) are then derived. For this purpose, we check whether all conceivable relations
between the structures are satisfied, and retain those relations that are satisfied in all cases. For instance, we evaluate the
inclusion of all pairs of structures and add the inclusion relations that are satisfied in all cases to the model. For parameter-
ized relations such as the directional relative positions, we adopt their most restrictive form, provided it covers all cases. For
instance, if A is strictly to the right of B in certain cases, but partially to the right of B in other cases, we add the relation
obtained in the second configuration (which is satisfied a fortiori in the first case) to the model. Once the model is con-
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structed, it is used to interpret all of the images that do not belong to the training database, without requiring any segmen-
tation or annotation of those images.

6.1.2. Extraction of the final result

In general, the constraint propagation algorithm does not reduce the domains to singletons. Even if the domains are
strongly reduced, we cannot extract a solution using a backtracking algorithm [26] in all cases because the computation time
would be prohibitive. We therefore propose extracting a binary region with a smooth surface that is consistent with the re-
sults of the propagation algorithm. This extraction constitutes the final decision-making step.

For a given structure A, we first obtain the fuzzy set 94, which includes the boundary of the structure, from its domain and
the domains of adjacent structures. From the model, we obtain the set Adj(A) of structures that are adjacent to A in at least
one element of the training set. The boundary of A can then be expressed as the union of the boundaries shared with adjacent
structures, Uy, = Villya o, Oi € Adj(A), and we can rely on the morphological approach to define the boundary ft,,, be-
tween A and Oi: Uy, 0, = 8(Ha) A I(LL,), Where 5 denotes the dilation by an elementary ball B. Using the results of the
propagation, we obtain an overestimation A of s, as follows: w,, < \/{ds(A) A 65(0;)|0; € Adj(A)}. Finally, we extract a min-
imal surface S included in A and including A by maximizing the following functional:

E(S)= [ log(dA(0S(s)))ds +/ log(A(x))dx + / log(c(A)(x))dx.
a5 S Jx\s
This functional is efficiently maximized using a graph-cuts algorithm [11]. To obtain a non-empty result, A must not be
empty. However, this is not always the case. Therefore, we first extract a result for those structures whose inferior bound-
aries have the highest maximum membership values. We then apply the propagators associated with the partition con-
straints. If lower bounds are updated, then we iterate the process. In addition, when 9A provides a large overestimation
of the boundary, the result may be imprecise. To favor results that more closely match the image boundaries, we add a pen-

— € .
alty &(x) = A+IVZ@)?*

ES) = [ (log(@(05(x)) + ex)dx— [ log(Auydx+ [ log(e(Aw))dx,
PN XeS xeX\S
where V7 denotes the image intensity gradient and € is equal to 102 in the examples presented below.

Although the propagation does not completely solve the problem, it is useful in that it provides lower and upper bounds
that are sufficiently close to one another, around the target structure, to enable fast and accurate segmentation. There is typ-
ically only one significant image contour in dA within the search space returned by the propagation algorithm, thus render-
ing the minimal surface segmentation problem unambiguous. Performing the segmentation directly on the entire image or
with weaker constraints would be more difficult, costly, strongly dependent on the initialization, and it would extract the
most contrasted structure, that would not necessarily correspond to the desired region. All of these problems are overcame
using the constraint propagation. With this propagation method, the minimal surface extraction provides fast and accurate
segmentation results.

6.2. Recognition of objects in synthetic images

To illustrate the proposed approach, we have synthesized a set of images including nine objects (A — I) whose relative
positions and contrasts are quite stable. One element is presented in Fig. 12, and several cases are presented in Fig. 13 to
illustrate the variability of the database.

Certain relations, such as the adjacency of G and H, are satisfied in some but not all instances of the database. The param-
eters of some of the relations also vary. For instance, the relation “B is to the left of F” is strictly satisfied in some cases. In
other cases, this relation is satisfied only for larger aperture parameters. In addition, the objects exhibit a Gaussian distribu-
tion of intensities whose mean value varies. Nevertheless, the contrast between the structures remains quite stable.

H

Fig. 12. A synthetic example.
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Fig. 13. Synthetic examples.
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Fig. 14. (a) Proportion of cases for which the propagation process yields inconsistency as a function of the number of cases k used to learn the model. (b)
Mean size of the final domains (for the consistent cases). (c) Mean kappa coefficient of the results for the nine structures. (d) Mean distance in pixels

between the results and the target regions.

For instance, the gray levels observed in A are still much higher than those observed in G. Similarly, the gray levels in B are

higher than those in F, although the intensity distributions are nearly equal.

We generate two groups of synthetic examples. The first one contains 350 elements and is used to learn the generic mod-

el. The second one contains 100 elements and is used to evaluate the recognition process.
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Cerebral white matter ---
Cerebral cortex

Genu of the
corpus callosum

Right caudate nucleus ---|

Frontal horn of the
right lateral ventricle

Right putamen
Right thalamus
Third ventricle

Body of the right
ventricle

(d)

Fig. 15. An instance from the database. (a) Axial slice of a brain MRI. (b) Associated manual outlining. Other cases are shown in (c) and (d).

Y Fo

Fig. 16. ALVI when the propagation uses G, (left) versus G{ﬂse (right).

6.2.1. Model learning
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-- Cerebral white matter
-- Cerebral cortex
-- Left caudate nucleus

Frontal horn of the

" left lateral ventricle
-- Left putamen

-- Left thalamus

_ Splenium of the

corpus callosum

.. Body of the left

ventfricle

We first extract the satisfied relations for each instance in the training set, as described briefly in Section 6.1.1. As the
relative positions of the nine structures are quite stable, many relations are satisfied in all cases. For instance, A and G are
always adjacent, but G and I are adjacent only in certain cases (they are not adjacent in the 4th, 15th and 16th cases pre-
sented in Fig. 13). In addition, the parameters of certain relations vary, as explained above. For instance, H is sometimes

strictly to the left of A, but in other cases, it is only partially to the left of A.

We then merge the relations obtained for the first k cases in the training set. We denote the resulting model by G,. As k
grows, the relations in G, become less restrictive, but the proportion of cases that are well represented by G increases. For
instance, if we consider the cases presented in Fig. 13, G; contains an adjacency relation between G and I because the first
three cases contain that relation. As the relation is not satisfied in the fourth case, G, does not contain that relation for k > 4
(which means that G and I may or may not be adjacent). The relation “H is to the left of A” is present in G; with an aperture
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Fig. 17. Evolution of the domains of the left caudate nucleus (CNI), frontal horn of the left lateral ventricle (FLVI), left thalamus (THI) and white matter of the
left hemisphere (CWMI) during the propagation process.

parameter k; equal to 1.12. In G, the parameter k, is equal to 1.43 and in G, for k > 8, k; is equal to 1.57. Note that the latter
is satisfied by all instances in the training set.

6.2.2. Recognition

We use the models G (for k between 1 and 350) to perform the recognition of 100 other cases. We initially assign the
domain (0£,1£) to each structure, and we then apply the constraint propagation algorithm. The algorithm concludes that
the problem is inconsistent if G, does not correctly represent the case under consideration. Fig. 14a shows the proportion
of cases in which the algorithm yields inconsistency as a function of the size k of the training set. As k grows, the number
of inconsistent cases decreases. However, if more cases are correctly represented, the model becomes weaker and the prop-
agation process yields less domain reduction, as illustrated in Fig. 14b. The mean size of the final domains is presented (for
the consistent cases) as a function of the number of cases used in the learning of the model.

We then obtain a binary solution from the resulting domains by extracting a minimal surface (cf Section 6.1.2). We com-

2/AnB|
|Al+B]

overlap between regions A and B, and the mean distance between the boundaries of A and B. For consistent cases, we present
for each structure the mean kappa coefficient (c) and the mean distance (d) with respect to the number of cases used to learn
the model in Fig. 14. The results are better for structures that are clearly visible, e.g. A and G, and worse for structures such as
F and B, which are not clearly differentiated. However, the kappa coefficient remains higher than 77%, which is generally con-
sidered to be a favorable value. The accuracy of the results decreases as k grows. As the propagation algorithm yields larger
domains, the model becomes less restrictive.

pare the regions obtained for each structure to the target regions using the kappa coefficient ( ) which quantifies the
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Fig. 18. (a) Evolution of the domain sizes during the constraint propagation for the first case in Fig. 19, using the generic propagation algorithm (red) and a
propagation algorithm with specific constraint ordering (blue). Domain reductions achieved by the inclusion (b), direction (c), distance (d), contrast (e),
partition (f), connectivity and adjacency (g) and volume (h) constraints as a function of the number of iterations, using the algorithm with constraint
ordering. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

6.3. Interpretation of brain magnetic resonance images (MRIs)

6.3.1. Brain models

Anatomical models are widely used in the segmentation and recognition of brain structures. These models can be cate-
gorized into three main classes: iconic atlases, statistical shape models, and structural models such as graphs, conceptual
graphs, ontologies, etc. In this paper we focus on structural models. The structural arrangement of the brain is known
and is nearly stable in healthy subjects. Moreover, the structure remains quite stable in the presence of pathologies. This
structural arrangement can be encoded as spatial relations of the anatomical structures, as in anatomy textbook descriptions
[28,60]. They form a compact representation of the stable properties of the normal anatomy (even if this representation is
incomplete), which can be used to perform automatic segmentation and recognition.

6.3.2. Segmentation and recognition of internal brain structures in 2D slices

We have extracted a specific axial slice in six MR volumes from the Oasis database? and manually outlined 56 anatomical
structures that form a hierarchical representation of the brain in each image, with the root structure representing the entire
brain. Two instances from this database are shown in Fig. 15. The relative positions and contrasts of the anatomical structures
are quite stable. For instance, the caudate nucleus is always adjacent to the lateral ventricle and is always close to it, although
the distance parameters vary. We used several models to evaluate the recognition process, as for the synthetic cases. For each
case i in the database we obtain a model denoted by G;. We also obtain model G{ based on all instances except for the ith case,
and model G based on all cases in the data base. These models contain nearly 5000 relations between the 56 structures.

2 The Oasis database is available at http://www.oasis-brains.org/. It contains MR images acquired on 416 subjects ranging between 18 and 96 years in age.
However, these images are not annotated.
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Fig. 19. Final recognition results for the caudate nuclei, lateral ventricles, thalami, putamens, insula lobes and third ventricle for the six cases using models
G, G and ¢ (see Fig. 15 for the brain structure labels).

case> Y case

We use the three models (G:,, G, and &) to evaluate the recognition algorithm for the Oasis database. We first apply
the algorithm to each case i using G}, obtained only from that case, to demonstrate the best results that can be obtained using
the constraints described in Section 5. We then apply the algorithm to each case i using G{ , the model obtained from the
other cases. As the training set is relatively small, we also apply the algorithm using G/, the model obtained from all cases
including the case to be recognized. We initialize the recognition process using a preliminary segmentation of the brain sur-
face. This extraction can be performed using existing tools, such as BET [55] or BSE [54]. The domain of the brain is thereby

reduced to a singleton, and the other domains are set to (0z,1%).

'S

6.3.2.1. Propagation. We apply the constraint propagation algorithm using models G/, Gfmse and . The algorithm converges
after approximately 10,000 to 50,000 iterations.
For a given model G}, the algorithm produces tight domains in all cases and never yields inconsistency. In Fig. 17, we
illustrate the evolution of the domains of several structures. The upper bounds are increasingly reduced, and, for most struc-
tures, they converge to values close to the desired results. However, the lower bounds increase slowly and later over the
course of the iterations. In some cases, the lower bounds remain stuck at O, e.g. for thin structures,? thus yielding inaccuracy
in the final result.

For a given model G/, obtained from all cases except the one that is processed, the process yields inconsistency only in

case 5. Although the model was learned from a small number of cases, it clearly exhibits favorable generalization properties.

3 The lower bounds are generally updated based on partition constraints. To improve the robustness of the propagation algorithm, we use a weakened
propagator for partition constraints that erode the lower bound obtained by the original propagator.
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Fig. 20. Continuation of Fig. 19.

Table 1

Mean value of the kappa coefficient, mean distance (D) and Hausdorff distance (Dy) between the manual segmentations and the recognition results for the left
and right caudate nuclei (CNI and CNr), frontal horn of the lateral ventricles (FLVI and FLVr), thalami (THI and THr), putamens (PU!l and PUr) for the consistent
cases using the models Gy, G.,,, or G. Distance values are in mm (the image resolution is 1 x 1 x 1.25 mm?).

Struct Gluse e ¢

kappa Dy Dy kappa Dy Dy kappa Dy Dy
CDI 0.94 03 2.1 091 0.5 2.7 0.94 0.3 1.8
CDr 0.94 0.3 2.1 0.91 0.4 2.2 0.94 0.3 1.3
FLVI 0.92 0.5 2.7 0.89 0.4 1.5 0.91 0.4 14
FLVr 0.92 0.7 3.2 0.79 2.2 7.8 0.89 0.8 34
THI 0.93 0.7 3 0.88 1.2 4.9 0.91 1 44
THr 0.93 0.7 2.6 0.87 1.2 4.5 0.92 0.8 3.7
PUl 0.92 0.5 2.9 0.84 1.2 49 0.86 1 3.8
PUr 0.91 0.5 2.7 0.82 1.7 6.5 0.73 3 8.5

Consider, for instance, the case illustrated in Fig. 16. The body of the left lateral ventricle (ALVI) is close to the mid-sagittal
plane, whereas in other cases, it is farther away. Model Gf1 therefore contains relations that are not satisfied by the target
region for ALVI, which is not contained in the final domain (ALVI,ALVI). The upper bound ALVI (on the right in Fig. 16) can
be compared to the upper bound (on the left) obtained using Gj.
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Fig. 21. 3D reconstruction of the recognition results for the caudate nuclei, putamens, lateral ventricles, thalami, third ventricle, accumbens nuclei and sub-
thalami.

Fig. 22. (a) Axial slice for a subject with a brain tumor. (b) Recognition results for the internal structures and the tumor (purple region). (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

Finally, we use model G/ (obtained from all cases, including the one being studied) to illustrate the results obtained when
the model correctly represents the case under consideration and is less restrictive compared to G,.

In Fig. 18, we illustrate the evolution of the domain sizes and the efficiency of the constraints during the propagation algo-
rithm. Using the generic propagation algorithm (see Section 4.3), the domain size initially decreases rapidly and then con-
verges slowly, as shown in red (a). To improve the propagation, we have implemented a constraint ordering algorithm within
the generic algorithm. Because the result does not depend on the ordering, we propose several criteria for choosing the next
propagator to be computed, including the magnitude of the changes in the domains since the last application of the prop-
agator, the computational cost of the propagator, and a fine estimation of the maximal possible domain reduction. The con-
straint ordering algorithm enables a significantly more rapid convergence, as illustrated by the blue curve in Fig. 18a. For this
algorithm, we also show the domain reductions achieved by the constraints described in Section 5 in (b-h). The largest do-
main reductions are obtained from the contrast (e), direction (c) and distance (d) constraints. However, all of the constraints
contribute to the domain reduction in a complementary manner, and are therefore all useful. For instance, the lower bounds
of the domains are updated only by the partition constraints.

6.3.2.2. Extraction of the final solution. Figs. 19 and 20 show the results obtained for the caudate nuclei, lateral ventricles, thal-
ami, putamens, third ventricle and insula for the models G ,, G, and G. The segmentation and recognition results are
favorable in most cases, and the method therefore provides an effective automated algorithm for interpreting MR images.

To quantitatively evaluate the algorithm, we compare the results to manual segmentations in Table 1. We obtain similar
results to those reported in [2]. The best results are obtained using G;,; in this case, the kappa values are always larger than
0.9, and the mean distances are always smaller than one voxel size. For G, the target regions are also contained in the do-
mains obtained using the propagation algorithm. However, these domains are larger, and the final interpretation results are
slightly less accurate in some cases, for the left putamen (PUI) shown in green, for instance. In addition, the extraction of the
right putamen fails completely in the third case; because the resulting lower bound was empty, we were required to update
the bound after the final extraction of certain structures, which led to an error. The same problem occurs for model G’

case*
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Moreover, the G{ase model does not necessarily correctly represent the case under study, leading to further causes errors. For
instance, in the first case, ALVI does not fully include the target region, and the final recognition result is incorrect (see
Fig. 16). However, this problem occurs rarely.
Overall, a mean error of less than one pixel or voxel was obtained, and the kappa coefficient was larger than 0.8 for G,
and even larger for the two other models. These results are very good and promising.

6.3.3. Recognition and segmentation of 3D structures

We now illustrate the application of the algorithm to the entire MRI volume.

Because the computational complexity of the propagators varies at least linearly with the number of pixels, the propa-
gation process becomes very slow in 3D. To reduce the computational cost, we perform the propagator computations on
coarser scales if necessary. Certain relations, such as the directional relative positions, exhibit a high level of granularity.
The computation of these relations on a subsampled grid does not lead to substantially weaker domain reductions, and
the algorithm remains efficient at relatively low computational cost.

Moreover, the ordering of the propagators in the algorithm in Fig. 3 is simple and involves many extraneous computa-
tions. We therefore proposed several criteria for choosing the next propagator (the result is independent of the order), as
explained previously. This constraint ordering algorithm improves the convergence, and reduces the computation time of
the propagation process to a few hours for 3D images.* Note that further significant optimizations are still feasible.

Fig. 21 shows a 3D reconstruction of the results obtained for the internal structures.

7. Conclusion

In this paper, we addressed the problem of global scene interpretation based on structural models and proposed a new
interpretation method based on a constraint propagation algorithm. The novel aspects of our work include the formulation of
the segmentation and recognition problem as a constraint satisfaction problem, without requiring a preliminary segmenta-
tion or annotation of the image. A constraint network is constructed from a generic model of the scene, representing its
structure through spatial relations between objects and their radiometric contrasts. In addition, we defined constraints
based on the relations in the generic model and proposed a specific propagator for each constraint for the first time. We then
used a constraint propagation algorithm to reduce the variable domains based on these constraints. Finally, we performed a
segmentation of each object based on the tightened domains.

As an illustration, we have applied the proposed framework to the recognition of internal brain structures in MR images,
using a model representing the standard neuro-anatomy. Promising results were obtained, with mean errors of less than one
voxel size with respect to reference segmentations. There is no inherent methodological or theoretical barrier to 3D appli-
cation of the method. The only issues are the computational cost and model learning, which requires a large 3D annotated
database. Comparisons with other automated methods, in terms of both the accuracy and computation time, should be per-
formed in future experimental studies.

Finally, we comment on the potential extension of the method to pathological cases. Pathologies such as brain tumors can
induce large deviations from the normal anatomy and must therefore be considered in the model. In addition, we could allow
for the possibility of larger membership functions defining the spatial relations, as proposed in [1]. Fig. 22 illustrates a pre-
liminary result of our extended method. Despite the deformation caused by the tumor, we obtain very good recognition re-
sults for the internal structures.
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