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Abstract

We present a new approach to 3D scene modeling based on
geometrical constraints. Contrary to most of the existing
methods, our approach allows us to obtain 3D scene mod-
els that respect the given constraints exactly. Our system
is based on constraints that allow to describe a variety of
shapes in a flexible way. We use this system for reconstruct-
ing 3D models of buildings from images. The constraint
solving is performed by a constraint system decomposition
technique called GPDOF. It is a simple and polynomial-time
algorithm that can find a reduced parameterization of a
scene, allowing to optimize it while satisfying all the im-
posed constraints.

1. Introduction
Reconstruction of accurate and photorealistic 3D models is
one of the most challenging tasks in Computer Vision. It
often requires dealing with problems which have been an
object of research in several communities such as Computer
Graphics and Computer-Aided Design.

In this paper, we address the problem of image-based re-
construction of a scene respecting a set of geometrical con-
straints. Scene reconstruction using only the image infor-
mation is often an ill-conditioned problem. It is thus impor-
tant to include additional information in the reconstruction
framework. Depending on the application, constraints like
coincidence, distance, angle between scene primitives are
often known or easy to provide. Incorporating them into
the reconstruction system has several advantages: it helps
to stabilize the calibration and reconstruction processes and
to improve the geometrical quality of the model. It makes it
possible to model scenes from small sets of images.

There are two main approaches for imposing scene con-
straints during model creation. The first one consists in
incorporating the constraints into the optimization process
[7]. These methods however are often costly and do not
guarantee the convergence and the constraint satisfaction in
the general case.

The other solution is to construct a set of model param-
eters, called the input parameters, which, combined with
the geometric constraints, would completely describe the
model. Then, the optimization of the model by (bundle)
adjusting it to the images would be performed only on the
input parameters. This reduces the number of parameters to

be optimized and provides a solution satisfying the imposed
constraints perfectly.

This paper presents a new approach in the second cat-
egory: a set of input parameters can be computed and the
imposed constraints can be solved exactly. We use a con-
straint system decomposition algorithm, called GPDOF, pre-
sented in [16]. GPDOF is a simple and fast algorithm that
can solve a system of geometric constraints while working
at the algebraic level with a simple and general scheme. It
determines (if possible) a sequence of so-called r-methods:
an r-method is a routine which computes the coordinates of
output objects based on the current value of input object co-
ordinates, and satisfies the underlying constraints between
input and output objects. An example would be an r-method
that computes the position of some point located at known
distances from three other points. A sequence of such r-
methods allows thus to parameterize a scene model with a
reduced set of parameters.

Several r-method patterns have been incorporated in the
dictionary used by our system. They correspond to ruler-
and-compass routines used in geometry or, more generally,
to standard theorems of geometry. Our approach works on a
graph that gives a structural view of the variables and equa-
tions defining the scene. First, we automatically add to our
graph a set of r-methods that correspond to patterns in the
dictionary. Second, GPDOF is applied. It provides the scene
parameterization and a sequence of r-methods. Executing
this sequence of selected r-methods on the current values of
the parameterization, produces a 3D model that satisfies the
underlying geometric constraints exactly.

We should highlight that, providing that the system con-
tains no redundant equation, GPDOF can always produce a
valid sequence of r-methods if such a sequence exists. Of
course, a dictionary has a limited size, but the r-methods
inside are tuned to our application and can tackle linear as
well as non-linear subsystems of equations.

A first validation of our novel approach has been ob-
tained on a scene made of 119 primitives and 131 geometric
constraints, including a few quadratic distance constraints.

After the presentation of related work (Section 2), some
background is detailed in Section 3. An overview of the
whole process is given in Section 4 and an example illus-
trates the constraint satisfaction part in Section 5. Section 6
details the constraint solving process. Section 7 shows the
results we have obtained on a real scene. Limitations are
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discussed in Section 8.

2. Related work
Many works have focused on incorporating geometrical
constraints for camera calibration and 3D reconstruction
[15, 19, 11, 13, 2]. These works use various types of ge-
ometric constraints in order to stabilize the calibration and
reconstruction results. A lot of approaches are proposed to
deal with the coplanarity and colinearity constraints. How-
ever, more complex dependencies like distances and angles
are still problematic to be used in the computer vision field.

Some works are based on techniques used in CAD sys-
tems or user interface design. The Facade system [6] uses
a CAD-like approach to build a scene from complex prim-
itives like cubes, prisms etc., and fit it to the image data.
For obtaining a more flexible scene description, some re-
searchers in computer vision [5, 4, 3, 4, 9] proposed to
model scenes with simple primitives like points and lines.
They design various constraint propagation schemes to
search for a parametric description of the scene satisfying
the constraints. However, the methods often require costly
computations and do not guarantee to provide a solution.
No results are shown on satisfaction of constraints more
complex than bilinear.

The approach presented in this paper overcomes these
drawbacks. The method described for constraint satisfac-
tion is complete, fast and can be used to model complex
constraints like distances, angles and distance/angle ratios.

3. Preliminaries
3.1. Problem statement
We work with scenes containing a set of geometric con-
straints

�
imposed on a geometric object set � in 3D space.

Let us call �������	��
���
������ ��� the scene points and �����
their observed projections in cameras �������	� 
������ !"� . The
problem of reconstructing the 3D model which respect the
constraints #%$ from

�
can be stated in two different ways

[5].

1. using a local optimization method:

minimize &'�( )* �,+.-
/*
�0+.-21

3 � �4� �5� � 3 � �76
subject to constraints # $ (1)

This method requires the use of numerical optimiza-
tion methods which will incrementally improve the 3D
structure at each optimization step. However, the con-
vergence of those methods is not guaranteed in gen-
eral.

2. using constraints #8$ to reduce the number of scene pa-
rameters. Indeed, #%$ can be used to find a set of input

parameters and functions 9�� such that 9�� 3;:=< 6 yields
the position of point ��� . A model constructed this
way satisfies all the constraints # $ . Thus the mini-
mization problem can be stated as follows:

minimize &' (>)* �,+.-
/*
�0+?-�1

3 �@�����5��� 3 92� 3;:A< 6�6�B (2)

Note that, in the second approach, the cost function involves
only point and camera parameters. Thus, lines and planes
are used only to constrain the point positions. Their coordi-
nates however can be included into the input set

:C<
.

As stated in [5], the advantage of the second method
above is its simplicity (once the parametrization is com-
puted) and the fact that constraints are satisfied at every op-
timization step. The constraint system decomposition tech-
nique presented in this paper follows this principle.

3.2. Scene modelization
The objects implemented currently in our system are stated
in Table 1. All of the object coordinates are represented
by homogeneous vectors of coordinates. For the details of
this representation, especially for the Plücker line represen-
tation, see [8].

Our system accepts most of the common linear and non–
linear constraints: distance (point-point, point-line, point-
plane), incidence (point-line, point-plane and line-plane),
parallelism (line-line, line-plane, plane-plane) and orthog-
onality (line-line, line-plane, plane-plane) constraints. Any
other constraint which can be expressed as equations in
terms of objects coordinates, like angles, distance and an-
gle ratios can be easily incorporated.

object dof representation internal constraints

point 3 D	EGFIHKJ2LNMOL�P7LNQSR QTFVU
line 4 W=EGFXHKY8EZ5[]\^L�_�EZ5[�\`R Y�Ea_bF�c7Led�_fdCFVU

plane 3 g E FIHKh EZ5[]\ LNi]R d�h.djFVU
Table 1: Representation of points, lines and planes in 3D

3.3. Definitions
The geometric constraints in the scene yield a set of equa-
tions between the parameters of the objects. The scene can
then be modeled by:

k a set l of equations generated by geometric con-
straints from

�
; the equations are linear or non-linear;

k a set m of variables over the reals with a current value
each; the variables are the coordinates (or parameters)
of objects in � .
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Our model reconstruction system also requires an input
set � of r-methods. An r-method satisfies a subset l / of
equations in l by calculating values for its output variables
as a function of the other variables implied in the equations.
For example, an r-method can compute the parameters of a
line based on the current position of two points coincident
to this line.

Definition 1 An r-method ! in � can satisfy a subset of
equations l /�� l . Let m / be the set of variables linked to
one or several equations in l / . m / is partitioned into two
disjoint subsets: the non–empty subset of output variablesm������/ and the input variables m � )/ .

R-method ! is a function defined by 	
�����/ ( ! 3 m � )/ 6
such that the equations in l / are satisfied.

The execution of r-method ! produces all the solutions
	������/ to m
�����/ satisfying l / . Method ! is free if no variable� in m������/ is connected to a constraint in l��Vl / . Thus,
executing a free method cannot violate other constraints inl��@l / .

The algorithms used in this paper require a structural
view of the entities in the scene. The constraint system and
the equation system are respectively represented by a con-
straint graph and an equation graph (see Figures 1 and 2).

Definition 2 A constraint graph is a bipartite graph where
nodes are constraints and objects which are represented by
rectangles and circles respectively. Each constraint is con-
nected to its objects.

An equation graph is a bipartite graph where nodes are
equations and variables which are represented by rectan-
gles and circles respectively. Each equation is connected to
its variables.

An enriched equation graph
3 mC�0l���� 6 is an equation

graph
3 mj��l 6 enriched with a set � of r-methods.

An equation graph is similar to a matrix and indicates the
dependencies between equations and variables in the scene.

4. Overview
The model acquisition process is divided in several steps:

. Object and constraint definition: At present, the process
is manual1.

. Initial camera calibration and model reconstruction:
We use the linear calibration method described in [18] and
an unconstrained bundle adjustement to obtain initial values
for the camera and model parameters.

1It could be semi-automatized but, to obtain satisfying results in a gen-
eral case, some manual correction is necessary. The user interaction can
be limited using automatic point extraction and matching between images.
Then RANSAC-based algorithms can be run to test the geometric con-
straints.

. Computation of a scene parametrization and a construc-
tive order: A graph-based process finds a set of input pa-
rameters and a way to satisfy all the equations, based on the
values of the input parameters. Two steps are performed:

1. R-method addition phase: Add automatically in the
equation graph all the r-methods corresponding to an
r-method pattern present in a dictionary.

2. Planning phase: Perform GPDOF on the enriched
equation graph. GPDOF produces two major results:

k a set of input parameters,k a sequence of r-methods (called plan or construc-
tive order) to be executed one by one.

. Model optimization: Once the input parameters and the
constructive order have been computed, the minimization
of the expression (2) is performed. We run a bundle ad-
justment over the input parameters using the Levenberg-
Marquadt optimization method. Every time the cost func-
tion is computed, the following operations are performed:

1. replace the input parameters by their current value,

2. compute the points � � by executing one by one the r-
methods in the plan; among the several solutions com-
puted for � � , select the one that minimizes the cost
function (reprojection errors).

5. Example of constraint satisfaction
To illustrate this process, let us take a small example de-
scribing a parallelogram in 2D in terms of lines, points,
coincident constraints and parallelism constraints (see Fig-
ure 1). Of course, the scenes we handle with our tool are in
3D, and this example is just presented for didactic reasons.
Figure 1 also shows the bipartite constraint graph contain-
ing four points ��� ,..., ��� , four lines ��� ,..., ��� , eight coinci-
dence constraints

' - ,..., '�� and two parallelism constraints
�=- , ��� .

. R-method addition phase. It is essentially based on a sub-
graph matching performed on the constraint graph. When
a subgraph matches an entry in the dictionary, the corre-
sponding r-methods are added to the equation graph. For
instance, the subgraph made of nodes � � , ' � , � � , ' - , ���
matches a pattern in the dictionary: it has added the only
r-method which places the line ��� on the points ��� and � � .
This r-method outputs on variables of the line ��� , satisfies
the equations of the coincident constraints

' - and
'��

. Its
input variables come from the points �
� , � � . At the end, the
equation graph is enriched with 16 r-methods. Only eight of
them are depicted in Figure 2 for the sake of clarity. These
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Figure 1: A didactic 2D scene (left) and the corresponding
constraint graph (right)

r-methods match one of the three following patterns: line
coincident to two points (e.g., r-methods ! - and !�� ); point
at the intersection of two known lines (e.g., ! � , !�� , !�� ,! � ); line passing through a known point and being parallel
to another line (e.g., !�� , !�� ).
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Figure 2: The equation graph of our didactic 2D scene en-
riched with automatically defined r-methods. An r-method
is represented by a hyper-arc including its equations and its
output variables.

. Planning phase. GPDOF extracts a sequence of r-methods
among those in the enriched equation graph. Its objective
is to iteratively select a free r-method in this graph. At the
beginning, r-methods ! � , !�� , !�� , ! � are free, so that one
of them is selected, e.g., !�� . This selection implies the re-
moval of the equations and the output variables of ! � from
the equation graph (see Fig. 3(a)). This frees r-methods ! �
and ! � which are selected and removed next (see Fig. 3(b)).
The r-methods ! - and !�� are then free and can be se-
lected. The process ends since no more constraint remains
in the equation graph. The obtained plan is the sequence of
r-methods ranked in reverse order as compared to the selec-

tion order: ( ! - , ! � , !�� , !�� , !�� ). The input parameters
are the variables in points � � , ��� and � � .
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Figure 3: A possible planning phase performed by GPDOF
on the didactic scene

. Execution phase. The r-methods in the plan are executed
in order. Figure 4 shows the corresponding geometric ef-
fect. For example, the execution of r-method ! - places the
line ��� on the points ��� and � � .
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Figure 4: Execution of r-methods in the plan. (a) The input
parameters are issued from one iteration of bundle adjust-
ment and are placed first. (b) ! - and !�� computes ��� and
� � resp. (c) !�� and !�� computes ��� and � < resp. Finally,!�� places point � < .
6. Constraint solving
6.1. Designing r-methods
Since a set of r-methods will be executed for every call of
the cost function during the bundle adjustment process, it
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is very important that method execution is fast. A lot of r-
methods are designed to solve the linear equations due to
incidences, parallelisms, orthogonalities. These r-methods
are easy to be implemented in an efficient way.

Designing efficient r-methods for solving non-linear
equations is generally not trivial. Also, numerical methods
cannot be used if one wants to guarantee finding an exist-
ing solution2. That is why we made symbolic manipulation
of the equations until “simple” routines have been obtained.
An r-method execution procedure is divided in a sequence
of fast atomic steps: evaluations of polynomial terms and
solving of equations of the form: ��� ����� � ��� (	� .

Our r-methods have as many equations as outputs. They
compute a finite set of solutions for the output variables: the
dimension of the variety of the solutions is 0. This allows us
to combine the partial solutions computed by the different
r-methods in the plan without losing any solution.

The current dictionary contains all the r-methods that
solve the constraints by computing the parameters of one
object. About 60 r-method patterns have been defined.

6.2. Automatic addition of r-methods
The subgraph matching is based on two algorithms.

Exploring all connected subgraphs of size at most 

It builds all the connected subgraphs of size less than a small
value 
 . This value is the maximum number of nodes (ob-
jects+constraints) implied in any r-method of the dictionary
(e.g., 7 in our tool). Starting from a single node, the sub-
graphs are built by incrementally adding a neighbor node to
the current connected subgraph until the size 
 is reached.

This depth first search algorithm is a simplification of the
algorithmic scheme presented in [1]. Its time-complexity
is � 3
���

1
� 
 � 6 , where

�
is the number of connected

subgraphs of size 
 or less and 1 is the maximum degree
of nodes in the graph. In practice, the complexity of this
algorithm is highly dominated by

�
.

Subgraph recognition

Every subgraph found with the process above must be com-
pared with the subgraph patterns in our dictionary. How-
ever, the problem of deciding whether two graphs are iso-
morphic is still an open problem for which no polynomial
algorithm is known [10]. Therefore the dictionary is imple-
mented as a hash table, which eliminates most of the sub-
graphs not in the dictionary. A final comparison is made by
a standard combinatorial process.

2R-methods must be able to compute all the partial solutions of the
involved equations in order to combine them together in a combinatorial
way.

P1 P2

P3Q1 c

d

d

c

dd

1

1

2

3

P’

P’

P’

Q’

Figure 5: Two subgraphs with the same entry in the hash
table. Right: a subgraph pattern in our dictionary made of
3 points ���- , ���� , ���� , a plane ��� - , two distance constraints
and one coincidence. Left: a “bad” subgraph with no corre-
sponding r-method.

6.3. The GPDOF algorithm
GPDOF is a generalization of local propagation algorithms
used to solve multiway dataflow constraints [14, 17]. It
works on an enriched equation graph [16]. It finds a se-
quence of r-methods to be executed for satisfying all the
equations. GPDOF runs the three following steps until no
more equation remains in the graph � (success) or no more
free r-method is available (failure)3:

1. select a free r-method ! ,

2. remove from � the equations satisfied by ! and re-
move the output variables of ! ,

3. create all the submethods of a r-method ! � that share
equations or output variables with ! .

A plan can be obtained by reversing the selection order:
the first selected r-method will be executed last.

The first two steps define the standard PDOF algo-
rithm [14] on which GPDOF is based4. Selecting free r-
methods iteratively ensures that no loop is created between
the selected r-methods.

It turns out that there is no guarantee that PDOF finds
a valid plan when applied to problems with general r-
methods. In our 2D scene example, selecting first ! � , ! � ,! � and ! � makes it impossible to select the other defined
r-methods. This highlights the notion of submethod which
renders the PDOF scheme complete in the general case.
Roughly, the notion of submethod explains that a partially
removed r-method remains available for a future selection.
The notion is examplified here and the reader will refer to
[16] to get a more detailed information. Let us take again
the enriched equation graph in Fig. 2. GPDOF may select
first !�� which is free. The third step of GPDOF then creates
the submethod !��� of !�� and the submethod !�� � of ! � (see
Fig. 6). The process continues and selects !�� , !��� , ! - , !��� ,!��� , and finally !�� � .

3In case of failure, one obtains a incomplete plan which can solve only
a subpart of the equations.

4PDOF accepts only r-methods solving one equation.
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Figure 6: Creation of submethods by GPDOF. Selected r-
methods ( !�� , !�� ) and submethods ( !��� , !��� , !��� , !�� � ) are
represented by thick hyper-arcs.

The work of GPDOF is purely structural and can viewed
as the task of selecting and transforming defined hyper-arcs.
One can prove that a submethod ! � of ! created after the
removal of a free r-method can still be selected later. Indeed,
the set of solutions of ! also solve the equations of ! � .

The notion of submethod can then be forgotten in the
execution phase and the initially defined r-methods can be
applied. In our example, the sequence ( ! � , !�� , ! � , ! - ,!�� , !�� , !�� ) is executed. This implies that constraints are
solved several times by different r-methods.

In practice, the time complexity of GPDOF is quasi-
linear. Its worst-case time complexity is O

3 � � 1
� �
1 �
�

! ��3 � � 1
� � � � 6�6 (see [16]). � is the number of equations,! is the maximum number of r-methods per equation, 1

�
and 1 � are the maximum degrees of respectively an equa-
tion and a variable in the equation graph, and � is the maxi-
mum number of equations and output variables involved in
an r-method. This complexity is a polynomial function of
the input parameters: 1 ��� � ; ��� � ; 1

� ��� m � ; ! ��� � � .

6.4. Determining the input parameters

The input parameters given to the bundle adjustment simply
consist of the variables which are output by no r-method in
the plan, e.g., the 6 coordinates of points �
� , � � , ��� in Fig. 2
or the 2 coordinates of point � � in Fig. 6. Even if, of course,
some other variables serve as input of the execution process
(e.g., the coordinates of ��� are input variables for !�� ), they
cannot be given to the bundle adjustment. Indeed, their cur-
rent value is read at the beginning but modified again when
executing subsequent r-methods in the plan.

This surprising phenomenon is due to the fact that equa-
tions may be solved several times during the process, so that
more variable values are modified by r-method execution.

6.5. Execution phase

At first, the input parameters are considered constant, that
is, they are replaced by their value in subsequent equation
systems solved by r-methods. Then, the r-methods in the
sequence are executed one by one.

When an r-method solves non-linear constraints, it gen-
erally produces several solutions for its output variables.
Therefore, several total solutions are generally obtained at
the end. A combinatorial optimization process is performed
to combine all the partial solution given by the r-methods in
the plan. It selects the solution which minimizes the repro-
jection errors. The backtracking process used for this task
is standard and will not be detailed further.

7. Results
We have used our approach to build a model of a church.
A set of five images were used, together with architectural
plans from which several distance measurements were ex-
tracted. Overall, 131 constraints (112 coincidence, 15 par-
allelism and 4 distance constraints) were used to constrain
119 objects (91 points, 20 lines and 8 planes). Our r-method
dictionary contains 60 r-methods.

. Performance tests. The time required for the r-method ad-
dition and the planning phase was 2 min 40s on a Pentium
IV 2 Ghz. The optimization phase (bundle + plan execution)
required between 1 and 5 min. The most time-consuming
step in the first part is the exploration of all connected sub-
graphs of size at most 
 . As mentioned in Section 6.2,
its time complexity is highly dominated by the number of
connected subgraphs. This number strongly depends on the
size 
 of the largest subgraph. Performance test results are
shown in Table 2.

�
# connected subgraphs time # subgraphs

6 	�
 ��
 U c�� 18s ��
 	�
"U c ZNZ
7 U�
 ����
 U c�� 2 min 27s U�
4U�
 U5c Z \
8 ��
4U���
 U c � 16 min 15s ��
 ��
 U5c Z��
9 ��
 U c�� 104 min 44s  �
 ��
 U5c Z �

Table 2: Exploration of all the connected subgraphs of size at
most

�
in our scene. The results highlight two interesting points.

Limiting the search for connected subgraphs is crucial and leads
to gain 7 orders of magnitude for

� F!� . However, our approach
cannot be used in pratice for patterns of size more than 10.

Execution time of the subgraph matching phase is about
7% of the overall time. The execution time of GPDOF is
negligible.

We have also tested the performance of implemented
r-methods. R-methods solving both linear and non-linear
constraints need "f�$# � � �&% � s (average on 1000000 tries).
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Figure 9: The model before and after the optimization.

. Reconstruction results. The scene description contained
425 equations and 237 scene variables. The number of input
parameters is 181.

2143 r-methods have been added automatically on the
scene equation graph. The r-method plan was built of 107
methods and the number of possible solutions was 16 (due
to 4 distance constraints). Our backtracking system chooses
the solution giving the smallest reprojection error. The com-
putation time for one r-method plan execution and the in-
duced update of all system parameters was #�# ms.

Figure 7–(a) shows one of the five images used. The re-
sults obtained through the unconstrained bundle adjustment
are presented in Figures 7–(b) and 7–(c). The model suf-
fers from several artifacts: colinearity and coplanarity are
not respected for several points, causing an unpleasant vi-
sual aspect. Moreover, without imposing constraints, some
of the points that are important to model the overall struc-
ture, cannot be reconstructed: for example the points inside
the main gate of the church. The major artifacts are marked
out on Figure 7–(b).

By imposing appropriate constraints, we overcame these
problems. Figure 8 shows the model produced using our
method. We show how the parts of the model mentioned
above were corrected, leading to a visually correct model.

Figure 9 highlights the importance of the optimization
phase. Sometimes, model creation from just the initial val-
ues of the input parameters and a single execution of the r-
methods is not satisfactory. This is due to bad initial values
for the input parameters. Thus, geometrical constraints in
one part of the model can cause deformations in other (un-
constrained) parts. This happened at the top right corner of
the tower. Of course, the definition of additional constraints
would overcome this problem. However, in the presented
scene the initially introduced constraints were sufficient to
maintain the correct geometry of the model.

8. Discussion
We have presented a solution to the problem of 3D scene
modeling under geometric constraints, based on techniques
for constraint system decomposition. The proposed method
is original and efficient. Our system has been validated on

a model containing 119 primitives and 131 geometric con-
straints, some of them being quadratic. The obtained results
are geometrically correct and fit well the images.

Due to the complexity of the problem, there are still
many challenging issues to be solved.

This paper presents the first attempt to automatically
add r-methods in a constraint system. However, this is the
most costly phase in our process, due to the big number of
connected subgraphs. We believe that more sophisticated
combinatorial techniques can radically improve the perfor-
mance of this phase.

Redundant constraints can prevent GPDOF to find a free
r-method. Moreover, it is not acceptable to rely on the user
to remove redundant constraints manually. Dealing with
constraint redundancy has been the subject of research in
the CAD community for a long time and it is still open in
the general case. However, we hope that special r-methods
based on simple geometric theorems can be used in a pre-
processing step to remove a lot of occurring redundancies.

It is possible that, during the execution of an r-method, a
numerical singularity occurs (for example if a plane is being
built from 3 almost colinear points). Our current solution
makes use of the ad-hoc aspect of an r-method: a condition
on the initial values of input variables is checked and well-
conditioned solutions are favored.

R-methods have several advantages. They are fast and
take into account the geometrical properties of the asso-
ciated subgraph. Also, they yield all the solutions to the
treated equation system. However, the behavior of the
whole process is very dependent on the defined r-method
dictionary. We think about mixing GPDOF with other con-
straint graph decomposition methods [12] to improve the
generality of the method.
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