Eurographics Workshop on 3D Object Retrieval (2008)
|. Pratikakis and T. Theoharis (Editors)

| sometry-invariant matching of point set surfaces

MauroR. Ruggeri and Dietmar Saupe '

Department of Computer and Information Science, University of Konstanz, Germany

Abstract

Shape deformations preserving the intrinsic properties of a surface are called isometries. An isometry deforms a
surface without tearing or stretching it, and preserves geodesic distances. e present a technique for matching
point set surfaces, which is invariant with respect to isometries. A set of reference points, evenly distributed on
the point set surface, is sampled by farthest point sampling. The geodesic distance between reference points is
normalized and stored in a geodesic distance matrix. Each row of the matrix yields a histogram of its elements.
The set of histograms of the rows of a distance matrix is taken as a descriptor of the shape of the surface. The
dissimilarity between two point set surfaces is computed by matching the corresponding sets of histograms with
bipartite graph matching. This is an effective method for classifying and recognizing objects deformed with
isometric transformations, e.g., non-rigid and articulated objects in different postures.

Categories and Subject Descriptors (according to ACM CCS): H.3.3[Information Systems]: Information Search and
Retrieval 1.3.5 [Computing Methodologies]: Computational Geometry and Object Modeling

1. Introduction

Recent developments in 3D modelling and acquisition tech-
niques contributed to the large spread of 3D modelsin many
fields such as CAD/CAM, architecture, computer entertain-
ment, culture heritage, and medicine. In many contexts 3D
models represent non-rigid or deformable 3D objects, which
may have different postures or deformations. The deforma-
tions that transform a surface without changing its intrin-
sic properties are called isometries. An isometry preserves
geodesic distances, thus deforms an object without stretch-
ing or tearing its surface (see Figure 1). Many surface de-
formations in nature and in industrial applications can be
approximated with isometries, e.g., bending limbs or parts
of living beings' bodies, natural bending of human organs,
varying facial expressions and moving components of artic-
ulated objects. In an articulated object components are at-
tached through joints and can move about.

Object recognition, retrieval and classification in these
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Figure 1: A point set surface representing an articulated
object is shown in two different postures after applying an
isometric deformation. The geodesic distance between the
selected points as well as the geodesic path does not change
with the deformation.

contexts require an isometry-invariant comparison of 3D
objects. In industria part/component inspection and in
CAD/CAM engineering applications 3D models of articu-
lated objects can be scanned, modelled and stored in dif-
ferent postures. Similarly, human organs may be subjected
to different deformations when acquired via medical scan-
ning equipments. Another interesting application is 3D face
recognition, where facial expressions can be approximated
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by isometric deformations of the facial surface [BBKO05].
In this case an isometry-invariant comparison would allow
face recognition despite different expressions with which the
faces could be acquired.

In this paper we consider the problem of isometry-
invariant matching of point set surfaces. A point set surface
in R? is described by a set of sample points. A point-based
representation of a surface can be enriched with attributes
approximating the properties of geometry and material such
as surface orientation and diffuse/specular color. For exam-
ple, to achieve realistic rendering each sample point is com-
monly taken asacircular (or eliptical) disk of acertain area
to approximate the surface between the sample points. This
rendering primitive is called surfel [PZvBGOO]. Point set
surfaces received much attention in the last years for their
natural relation to 3D scanning techniques and their flexi-
ble representation, which makes them suitable for particular
tasks such as interactive modelling/rendering, simulation of
physical phenomena, and multi-resolution and out-of-core
methods [GPQ7]. Since a point set surface is described by
a set of sample points in R?, it can be considered as a dis-
cretization and basic representation of a surface. This has
the advantage that algorithms for point based representations
can a'so be applied to any other surface representations (e.g.,
triangle meshes, NURBS, etc.) after a suitable sampling.

2. Related work and approach

3D shape descriptors and object matching invariant with re-
spect to isometries were conceived by other authors, who
mostly focussed on triangle mesh representations.

Hilaga et a. [HSKKO01] presented a technique to match
thetopology of triangulated models, by comparing Multires-
olution Reeb Graphs (MRGS). The MRG was constructed by
considering a suitable discrete approximation of the func-
tion U(v) = [pes9(V, p)dS defined on the triangulated sur-
face S of the model, where g(v,p) is the geodesic dis-
tance between v, p € S. Their agorithm for matching two
MRGs is a coarse-to-fine strategy, which searches the node
pairs providing the largest value of similarity while main-
taining topological consistency. Similarly to [HSKKO01],
Hamza and Krim [HKO03] considered a discrete approxima-
tion of the global squared geodesic distance function pp(v) =
Jpesa(v, p)dS defined on the triangulated surface S. pp (V)
was computed by considering as pointsv, p € Sonly the cen-
troids ¢ of asubset S C Sof mtriangles of the mesh S. The
results pp(cj) were then assumed as random variables with a
common probability density function, which was considered
as statistical shape descriptor. The dissimilarity between two
objects was calculated by computing the Jensen-Shannon
divergence between the corresponding statistical shape de-
scriptors.

Elad and Kimmel [EK 03] proposed a canonical represen-
tation for triangulated surfaces, which is invariant with re-
spect to isometries. A surface in R® was transformed into

canonical coordinates in the Euclidean space R™ by ap-
plying multi-dimensional scaling (MDS). In this canonical
representation the geodesic distances on the origina sur-
face were approximated by the corresponding Euclidean dis-
tances. The matching problem of non-rigid and deformed
objects was then reduced to the problem of matching rigid
objects embedded in R™, which can be approached with well
known algorithms.

Mémoli and Sapiro in [MS05] compared point clouds
(representing dense samplings of manifolds) by computing
an approximation of the Gromov-Hausdorff (GH) distance
between two compact metric spaces. They considered the
geodesic distance as a metric on surfaces. The GH distance
is an extension of the symmetric Hausdorff distance, and in-
tuitively measures how far two compact subsets of a metric
space are from being isometric. They showed that the com-
putation of GH distance leads to a combinatorial problem.
They proposed an heuristic, which progressively constructs
approximations of the GH distance of subsets of the point
clouds by minimizing the approximation error point-wise.

Bronstein et al. [BBKO06] approximated the GH distance
between two smooth surfaces using a generalized MDS al-
gorithm to compute the minimum-distortion between those
surfaces. They proposed a multi-resolution minimization al-
gorithm minimizing a cost function approximating the dis-
tortion map between two triangulated surfaces. This ap-
proach was al so used to compute an approximation of anon-
symmetric partial embedding distance, which intuitively
measures how similar a patch Y’ of the surface Y is to the
surface X.

Mémoli in [MémQ7] reformulated the problem of approx-
imating the GH distance between compact metric spaces as
amass transportation problem, where the mass of each sam-
ple point of the metric spaces is expressed as a probability
measure. This reformulation leads to a quadratic optimiza-
tion problem with linear constraints, which is approached
with a heuristic relying on solving successive linear opti-
mization problems. Moreover, the author provided a theo-
retical framework, which allows to understand the compu-
tational complexity of the Gromov-Hausdorff distance and
its relation to other metrics and matching methods presented
in [HKO3, EK03, M S05, BBK06].

Reuter at al. in [RWP06] compared two triangulated sur-
faces by computing the distance between two isometry-
invariant feature vectors given by the first n eigenvalues of
the Laplace-Beltrami operator. Jain and Zhang in [JZ07]
compared non-rigid objects by matching spectral embed-
dings, which are derived from the eigenvectors of affinity
matrices computed considering geodesic distances.

Interesting methods for comparing point set surfaces
were presented in [CZCG05] and [DGGO04]. Carlsson et
al. [CZCGO05] compared barcode descriptors of point clouds
computed by using the persistence homology theory. Dey et
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Figure 2: Construction scheme of our isometry-invariant
shape descriptor.

al. [DGG04] compared noisy point clouds, by matching sig-
natures extracted from segmented parts of the point sets by
making use of the Morse theory. Surveys on matching and
retrieving 3D shapes can be found in [TV 04] and [BKS*05].

Similarly to [MS05, Mém07] our method compares point
set surfaces by matching metric spaces described through
geodesic distance matrices. We formulate this problem as
bipartite graph matching, which leads to a more efficient
and effective matching of point set surfaces than [MS05].
Asin [EK03,HK03] we extract an isometry-invariant shape
descriptor (SD) from a geodesic distance matrix. Instead of
considering aglobal histogram roughly describing the entire
surface [HKO3], our SD consists of a small set of local his-
tograms each describing the surface as seen from a specific
reference point. This produces a more accurate description
of the intrinsic properties of the surface, which leads to a
better retrieval effectiveness.

The main idea of our method is expressed in the scheme
shown in Figure 2. A set of N random reference points,
evenly distributed on a point set surface, is selected (see
Section 4). The geodesic distance between every pair of
reference points is then normalized and stored in a matrix
called geodesic distance matrix (GDM) (see Section 5). The
geodesic distances are computed by applying the Dijkstra
algorithm on an extended sphere-of-influence graph (eSIG)
constructed from the point set surface (see Section 3). The
similarity of two point based models is then computed by
matching the statistical shape descriptors extracted from the
corresponding GDMs. Each row of the GDM is associated to
the histogram of its elements and collected into a set of his-
tograms, which describes the shape of the surface (see Sec-
tion 5). Matching two sets of histograms is achieved by bi-
partite graph matching. Our method isinvariant with respect
to isometric and similarity transformations (translation, ro-
tation) and scaling.

3. Computing geodesic distances on point set surfaces

In this section we briefly resume our technique to compute
fast approximations of geodesic distances between points
on a point set surface [DRSK06]. A geodesic can be intu-
itively defined as the shortest path between two points on a
surface. Its length is the geodesic distance between its end
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points. The shortest path is computed by applying Dijkstra's
algorithm on an graph, which is constructed from the point
set and approximates the surface topology and geometry.
We construct an extended sphere-of-influence graph (eSIG),
which produces a good description of non-smooth surfaces
and better accommodates variations in the point sample den-
sity than other graphs proposed in the literature. The eSIG
is constructed from a point set surface S= {vi,..,vn}. The
sphere centered at the point sample v; with radius given by
the distance to the nearest neighbor is called the sphere of
influence of v;. The SIG is the graph with vertices v; in
which two vertices v; and v; (i # j) are connected by an
edge g if the corresponding spheres of influence intersect.
Each edge & j isweighted by the Euclidean distance between
the connected vertices. We extend the concept of SIG by
considering the surfel-based representation used for render-
ing our point set surfaces. We connect two vertices by an
edge only if the corresponding surfels have approximately
the same orientation. However, in presence of noise or ir-
regular sampling a SIG may produce small clusters of con-
nected points that are inter-cluster disconnected even though
they are part of the same surface component. To overcome
this problem the SIG is extended as in [KZ04] by setting
the radius of the spheres centered at each point v; to the dis-
tance to its k-th nearest neighbor with k > 1, a parameter
of the method. The extraneous long edges produced in the
graph using this approach are then pruned with statistical
methods, e.g., discarding outliers based on quartiles. We call
the resulting graph eSIG. The computation of the eSIG takes

O(|9log|g) intime.

This approach provides fast approximations of the
geodesic distances on point/surfel-based surfaces. Since the
resulting geodesic paths are constrained to pass through the
sample points (surfel centers), the accuracy of this method
depend on the sampling and is sensitive to noise. In our ap-
plication deficiencies in the sampling are well compensated
by the extended edges of the eSIG. However, when needed
the approximation error can be reduced by using more accu-
rate methods, which are robust with respect to noise at the
cost of higher execution times [RDSK06].

Figure 3. (a) 2D view of an extended sphere-of-influence
graph (eSG). (b) Geodesic path computed with Dijkstra’s
algorithm on an eSIG constructed from a surfel-based
model.
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4. Sampling point set surfaces

The first step of our method is to select a set of N random
points from a point set surface. These random points will
serve as reference points to generate an NxN GDM. Since
we aim at capturing the geometrical and topological struc-
tures of asurface, we require the reference points to be prop-
erly distributed over the surface.

The problem of sampling asurfaceiswell studied in com-
puter graphics [GPO7, MF92, EK03, MD03, NS04], eg., in
point based rendering, in painterly rendering systems, and in
mesh optimization and simplification. Surfaces are al so sam-
pled in several matching methods [OFCDO02, EK03, TV 04,
NS04]. In these methods, a surface is approximated by atri-
angular mesh that isuniformly sampled asapreliminary step
of a shape feature extraction algorithm. This sampling strat-
egy basically consistsin picking random triangles with prob-
abilities proportional to their area, and generate random sam-
ple points inside them with equal probability per unit area.
The uniform sampling is widely adopted in many methods,
since it is simple to implement and fast to execute. How-
ever, it is not always the optimal choice for creating shape
descriptors. In fact, uniform sampling methods may gener-
ate samples that are very close to each other and non-evenly
distributed on the surface (see Figure 4a). For shape anal-

Figure 4: Uniform sampling vs. evenly spaced sampling of
a point set surface, rendered using surfels.

ysis and matching it is important that the spacial distribu-
tion of points captures the shape of the object, so that a
shape descriptor does not miss important geometric struc-
tures. Nehab and Shilane in [NS04] showed that the use of a
non-uniformly and evenly distributed sampling can improve
the effectiveness of surface matching methods. Encouraged
by that result we adopt a sampling strategy, which gener-
ates a set of reference points non-uniformly and evenly dis-
tributed over a point set surface. Among the technique pro-
posed in computer graphics to obtain a sampling of surfaces
in R3 with those features [MF92, ELPZ97, MDO03, NS04],
we considered the Farthest Point Sampling (FPS) ago-
rithm [ELPZ97], which was efficiently extended for triangu-
lar meshes and point clouds by Moenning et al. [MDO03]. The
FPSisafast iterative agorithm running in O(NlogN) time,

where N isthe number pointsto be selected. It hasthe advan-
tage to be efficient, easy to implement with our framework,
and generates sample points whose distances to each other
have suitable lower and upper bounds [ELPZ97]. The main
idea of the FPS is to select, at each iteration, the point of
the surface, which is the farthest from all currently selected
points. In practice, at each iteration the FPS selects the ver-
tex of the Voronoi diagram (induced by the current set of se-
lected points on the surface) having the largest geodesic dis-
tance to the centers of the adjacent Voronoi cells. We run the
FPS on a point set surface Shby starting from the two points
at maximal geodesic distancetill N sample points have been
selected. We call those sample points reference points.

5. Computing and matching geodesic distance matrices

Given a set Q of N reference points sampled on a point set
surface S, we compute the associated geodesic distance ma-
trix (GDM) of size NxN. Each element mj; of the GDM
stores the geodesic distance g(¢,qj) between the sample
points g, qj € Q, associated to the ith row and the jth col-
umn, respectively. A GDM is symmetric with diagonal el-
ements equa to 0. The GDM is normalized to the sum of
all geodesic distances. Figure 2 shows a GDM as an image,
where each element is coded by a gray scale color: the value
0.0 is coded as black and the maximal value as white.

The dissimilarity between two point set surfaces can be
estimated by comparing their corresponding GDMs[M S05].
The indices of the GDMs' rows and columns indicate the
order in which the reference points are associated to them.
This order is arbitrary. To compare two surfaces sampled by
N points each we match the sample points such that the cor-
responding (reordered) geodesic distances on both surfaces
are as similar as possible.

Formally, let N be the number of rows and columns of a
GDM, andr: {1,..,N}—{1,..,N} apermutation of the set
{1,..,N} of indices of itsrows and columns. The problem of
comparing two GDMs My and My can be stated as finding
the permutation rt, which minimizes the distance function
dr(Mx,My) between My and My, where

de(Mx,My) = Y |”\(f()—m5cY<i)>n<j)" &)
1<i<j<N

and mi(jx) is the element stored in the ith row and jth col-

umn of My, and ms((i))n(j) isthe element of My given by n(i)
and nt(j), which are associated by the permutation & to the
indicesi and j, respectively. Thus, the permutation r estab-
lishes the correspondence between the rows and columns of
My and the rows and columns of My . The dissimilarity value

between Mx and My isthen given by

B(Mx,My) = min Cln(l\/|)(,|\/|y)7 (2)
nelly
whereIly isthe set of all permutations of theset {1,..,N} of
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row and column indices of My. Thus, this approach implies
a search over the set Iy, and needs to be addressed with
combinatorial methods. The computation of 8(Mx,My) is
time consuming, since the size of Iy is |[TIn| = N!.

We reformulate this problem as a bipartite graph match-
ing [KVV00] to make it computationally tractable. We asso-
ciate to each row of the GMDs My and My a histogram of
its elements. Let g be the reference point associated to the

row i of the GDM My, the histogram hi(x) describes the dis-
tribution of the geodesic distances between the point g; and
all the reference points associated to the other rows of My.
hi(x) can then be considered as a statistical shape descriptor
of the point set surface X as seen from g. The generated his-
tograms have a small number of bins B, which depends on
the number of reference points, e.g., B= 16 for N = 256.
With this approach each GDM (N xN) is described by a set
of N histograms of B bins, which are stored and used as a
shape descriptor for the point set surface.

The problem of matching two GDMs is then turned into
the problem of finding the best match between two sets of
N histograms, which can be modelled as a bipartite graph
matching problem [KV00]. A complete undirected bipartite
graph G = (V,E) is constructed by taking as set of vertices
V the set of histograms hi(x) and h(-Y>7 1<i,j <N, respec-
tively, associated to the rows of the matrix Mx and My . Each
histogram hi(X) of the matrix My is connected to every his-

togram h(") of the matrix My through an edge g, which is

added to the set of edges E of G (see Figure 5). Each edge
&j € E isthen weighted with a suitable metric.

h), 1 ' hM
1l M alll 1

h®, 1 2l <2 mla h;
R i 0
St

G
(P
//’fuﬁ.\\‘

Figure5: Histogram based approach for matching geodesic
distance matrices (GDMs). Each row of the GDMs My and
My of size NxN is associated to a histogram hi(x) and h§Y>,
respectively. Each histogram generated from My is con-
nected via N edges with all histograms of My. Anedge g is
weighted with the distance d, (h*/, h{")) (see Equation 3).
A matching between My and My is that set of edges (thick-
ened edges) minimizing the sum of the edge weights.

Usually, histograms are compared by using various bin-
to-bin distance functions [RTGO0], such as Minkowski Lp
distance, 2 distance, Kullback-Leibler divergence distance,

(© The Eurographics Association 2008.

and Bhattacharyya distance. These methods assume that the
domains of the histograms are already aligned, although in
practice histograms approximating the same probability den-
sity function (PDF) might be misaligned and have differ-
ent scales. To overcome this problem, techniques consider-
ing scale invariant cross-bin comparison of histograms (e.g.,
the Earth Mover’'s distance) were developed in [RTGOO,
OFCDO02, LOO06]. However, since our histograms are small
and the geodesic distances of the GDMs are normalized, we
experimentally observed that a good compromise between
matching efficiency and effectiveness can be obtained by us-
ing the %2 distance between histograms,

1.8 (hi[K —hj[K)?

de(hi,hj) =3 D "7, ©)
UL 2k§l hi K+ hj K]

where B is the number of bins of the histograms h; and hj,
and hj[K], hj[K] arethe valuesin the kth bin of hj and h;. Bins
equal to zero, hj[k] = hj[k] = 0, are not compared.

A matching in G is asubset Eyy C E of edges of E, such
that no two edgesin Ey; shareacommon vertex of V. Weaim
at finding the minimumweight perfect matching, whichisthe
minimum weight matching with cardindity |Ev| = [V|/2
(e.g., the set of thickened edges in Figure 5). This prob-
lem can be solved in O(|V|?log|V|) time with Edmonds’
blossom algorithm as in [CR99]. We use the C implemen-
tation kindly provided by Cook [CR99]. Recently, Schwartz
et al. [SSWO05] presented an agorithm achieving a running
time of O(|V|?) under the assumption that the edge weights
are integers and uniformly distributed.

Em induces abijection ™ : {1,..,N}—{1,..,N} between
the histograms computed from My and those computed from
My . Therefore, the dissimilarity between the two GDMs Mx
and My is estimated with the function

N
Sn(Mx,My) = ¥ w(ej) =Y (b0} ), (@)
€j€Em i=1

which sums the weights of the edgesin Ey.

6. Results

We evaluate the effectiveness of our matching method on a
collection of 24 surfel-based models subdivided in 6 classes
of 4 isometric objects shown in Figure 6. The models are ar-
ranged by rows according to their classes, which are color
coded, in addition. Each class contains a set of nearly iso-
metrically deformed versions of one object. These models
were obtained by surfelizing [RV S04] a collection of trian-
gle meshes kindly provided by Ron Kimmel (together with
the models shown in Figure 1).

We test our matching method by performing a query for
each object of this collection. The dissimilarity values of the
query objects with respect to al other objects of the collec-
tion are computed with Eq. 4. Then, they are coded as gray
level and displayed in adissimilarity matrix image, Figure 7.
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Maximal dissimilarities are depicted in white, while zero
dissimilarities are black. The models are grouped by class.
The dissimilarity matrix shown in Figure 7 presents blocks
of darker pixelsaong the main diagonal. These blocksare as
large astherelated classsize. Thisindicatesthat every object
matches the objects within its class better than those in other
classes. Thus, our method is able to successfully identify the
classes of the objects of the collection. However, there are
two exceptions. A retrieved object is called relevant if be-
longs to the same class of the query object. Ideally, therele-
vant objects should be ranked in the first positions when or-
dered according to their dissimilarity. In those two bad cases
one relevant object is retrieved at positions 8 and 6 instead
of at position 4 or less. The non-optimal results of these two
queriesslightly drop the R-precision (RP) measured with our
method to the value 97.2%, which is a bit smaller than the
maximal value (100%).

We compare our method using the FPS strategy (Our
method FPS) and the uniform sampling strategy (Our
method US) with the following methods, which we imple-
mented in C++:

Hamza03 is the method of Hamza and Krim in [HKO3],
which we extended for point set surfaces using the FPS
to select 1024 reference points,

Memoli05 isthe method of Mémoli and Sapiro in [MS05];

Osada02 D2 is the method of Osada et al. in [OFCD02],
which consists in comparing a single global histogram
of the Euclidean inter-distances between 1000 random
points selected on the surface with the uniform sampling;

Osada02 G2 (FPS) isthe method Osada02 D2 considering
geodesic distances instead of Euclidean distances. When
the suffix FPS is reported the sampling is achieved with
the FPS strategy instead of the uniform sampling;

Depth-images is the method described in [RV S04], which
is based on the Fourier anaysis of 6 depth images of
256x 256 pixels.

The methods Osada02 D2 and Depth-images were not de-
signed to be isometry invariant and therefore are not ex-
pected to perform very well in our tests. Table 1 reports a
comparison of somewell known measures of retrieval effec-
tiveness [TV 04, BKS*05] of these methods for the models
in Figure 6. A similar comparison is performed by calculat-
ing the precision vs. recall diagram shown in Figure 8. The
rows in Table 1 and the plots in Figure 8 are ordered with
respect to the R-Precision (RP). Our method obtained better
performance than the others. Moreover, notice that, as ex-
pected, the use of the FPS strategy improved the retrieval
performance of both our method and the method Osada02
G2.

All experiments with our matching method were per-
formed with shape descriptors of N histograms with B hins,
where N = 256 and B = 16. These values of N and B rep-
resent a good tradeoff between retrieval effectiveness and
execution time. A small N implies that the sampling may

vy

—
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—
Figure 6: 24 surfel-based models partitioned in 6 classes
(one per row, color coded) of 4 deformed objects each.

miss important topological or geometrical structures of the
object. Thus, N is chosen by considering the effectiveness of
thelocal histograms and the geometry complexity of the sur-
faces. For our test objectsin Figure 6, the size of asurfel set
varies between 26,000 and 230,000 surfels. On average, the
models of the paper sheets have about 30,000 surfels, while
the models of the crocodiles have about 215,000 surfels. For
each surface S, 1<i<24 we increase the number of refer-
encepointsN; from 1to N;*, i.e., the value at which the maxi-
mal distance d,» between neighboring histograms is smaller
than a fixed threshold. Then, we choose N = max; N/ and
round up to a power of 2 for simplicity.

The average run time per matching was 0.34s, obtained
with a non-optimized C++ code executed on an Intel Pen-
tium 4 2.80 GHz with 2GB of RAM running under a Win-
dows XP Professional system. Our ongoing work concerns
a criterion for computing an adaptive number of reference
points for each surface and extending our agorithms to

(© The Eurographics Association 2008.
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Figure 7: Dissimilarity matrix images computed using our
method on the collection of surfel-based models illustrated
in Figure 6. White pixels indicate maximum dissimilarities,
while at black pixels dissimilarities equal to 0. The models
are grouped by class along each row.

Matching method Pso Pioo | BEP RP NN
Our method FPS | 100.0 | 99.1 | 986 | 97.2 | 100.0
Our method US 965 | 954 | 958 | 91.7 | 95.8
Osada02 G2 FPS 925 | 883 | 875 | 792 | 917

Hamza03 92.3 878 | 903 | 77.8 87.5
Memoli05 852 | 794 | 806 | 69.4 | 792
Osada02 G2 87.7 798 | 84.7 | 625 83.3
Depth-images 641 | 551 | 556 | 403 | 54.2
Osada02 D2 52.4 438 | 50.0 | 31.9 375

Table 1: Comparison of the retrieval effectiveness of differ-
ent shape matching methods. The following retrieval effec-
tiveness measures are reported in percentages: Psp and Pigg
= average precision over recall range 50% and 100%, re-
spectively; RP = R-precision (first tier); BEP = Bull’s Eye
Performance (second tier); NN = nearest neighbor.

match sets of histograms of different cardinalities, which
will reduce the run time of the matching. The timing of our
matching algorithm can further be reduced by more efficient
bipartite matching algorithms [SSWO05] and by simplifying
the search of the minimum weight perfect graph matching
when exploiting certain orderings between the histograms.
A further improvement will allow to decrease the number of
reference points by starting the FPS from points with mean-
ingful topological/geometrical features. All these improve-
ments will contribute to make our matching method suit-
able for fast 3D database classification and retrieval. Tests
on larger databases are planned.

The surfel-based models presented in this paper are ren-
dered using Pointshop3D [ZPKG02]. The 3D modelsin Fig-
ures 1,2,3 are part of the Pointshop3D repository.

(© The Eurographics Association 2008.
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Figure 8: Comparison of theretrieval effectiveness of differ-
ent matching methods executed on the collection of surfel-
based models shown in Figure 6.

7. Conclusions

In this paper we presented a technique for matching point
set surfaces, which is invariant with respect to isometries,
scaling and rigid transformations. Our technique starts by
sampling a set of reference points evenly distributed on the
point set surface by using the farthest point sampling strat-
egy. Then, the geodesic distances between these reference
points are normalized and stored in a geodesic distance ma-
trix. A shape descriptor isextracted as set of histograms each
describing the PDF of the elements of a row of the dis-
tance matrix. During matching, a complete bipartite graph
is constructed from two shape descriptors. The dissimilar-
ity between two shape descriptors is estimated by summing
the edges’ weights of the minimum weight perfect match-
ing computed with Edmonds’ blossom a gorithm. Our shape
descriptor is invariant with respect to isometric and rigid
transformation and scaling. The scaling invariance may be
removed by not normalizing the distance matrix and the his-
tograms. Our method works with surfaces consisting of one
connected component, but of arbitrary genus.

On a collection of 24 surfel-based models subdivided in
classes of deformed objects, our method showed very good
retrieval effectiveness and the ability to classify non-rigid
objects. The efficiency and the effectiveness of our method
depends on the choice and the number of reference points.
Ongoing work is aimed at identifying an optimal number
of reference points for a surface and at adapting the sam-
pling procedure to meaningful topological/geometrical fea-
tures. These developments will extend our methods to sur-
faces containing several connected components. This ap-
proach may also be suitable for partial matching.



24 Mauro R. Ruggeri & Dietmar Saupe/ |sometry-invariant matching of point set surfaces

References

[BBKO5] BRONSTEIN A. M., BRONSTEIN M. M., KIM-
MEL R.: Three-dimensional face recognition. Int. J. Com-
put. Vision 64, 1 (2005), 5-30.

[BBK0O6] BRONSTEIN A. M., BRONSTEIN M. M., KIM-
MEL R.: Efficient computation of isometry-invariant dis-
tances between surfaces. SIAM J. Sci. Comput. 28, 5
(2006), 1812-1836.

[BKS*05] Bustos B., KEim D. A., SAuPre D.,
SCHRECK T., VRANIC; D. V.: Feature-based similarity
search in 3d object databases. ACM Comput. Surv. 37, 4
(2005), 345-387.

[CR99] Cook W., RoHE A.: Computing minimum-
weight perfect matchings. INFORMS J. on Computing
11, 2 (1999), 138-148.

[CZCG05] CARLSSON G., ZOMORODIAN A., COLLINS
A., GUIBAS L. J.: Persistence barcodes for shapes. Int.
J. of Shape Modeling 11, 2 (2005), 149-187.

[DGGO4] Dey T. K., GIESEN J., GOSwAMI S.: Shape
segmentation and matching from noisy point clouds. In
Proc. of EG/IEEE Symposium on Point-Based Graphics
2004 (June 2004), pp. 193-199.

[DRSK06] DAROM T., RUGGERI M., SAUPE D., KIRY-
ATI N.: Compression of textured surfaces represented as
surfel sets. Signal Processing: |mage Communication 21,
9 (Oct. 2006), 770-786.

[EKO3] ELAD A., KIMMEL R.: On bending invariant sig-
natures for surfaces. IEEE Trans. on Pattern Analysis and
Machine Intell. 25, 10 (2003), 1285-1295.

[ELPZ97] ELDAR Y., LINDENBAUM M., PORAT M.,
ZEEVI Y. Y.: The farthest point strategy for progressive
image sampling. |EEE Trans. on Image Processing 6, 9
(Sept. 1997), 1305-1315.

[GPO7] GRoOss M., PRISTER H.: Point-Based Graphics.
Morgan Kaufmann Publishers Inc., 2007.

[HKO3] Hamza A. B., KRIM H.: Geodesic object rep-
resentation and recognition. In DGCI’'03, LNCS 2886
(2003), Springer Berlin, pp. 378-387.

[HSKKO1] HILAGA M., SHINAGAWA Y., KOHMURA T.,
KuUNII T. L.: Topology matching for fully automatic sim-
ilarity estimation of 3d shapes. In S GGRAPH ' 01 (2001),
pp. 203-212.

[Jz07] JaIN V., ZHANG H.: A spectra approach to shape-
based retrieval of articulated 3d models. Computer Aided
Design 39 (2007), 398-407.

[KV00] KORTE B., VYGEN J. (Eds): Combinatorial
Optimization, Theory and Algorithms. Springer-Verlag,
2000.

[KZ04] KLEIN J., ZACHMANN G.: Point cloud sur-

faces using geometric proximity graphs. Computers and
Graphics 28, 6 (Dec. 2004), 839-850.

[LO06] LiING H., OkaDA K.: Diffusion distance for his-
togram comparison. In CVPR 06: |IEEE Conf. on Com-
puter Vis. and Patt. Rec. (2006).

[MDO03] MOENNING C., DODGSON N. A.: Fast marching
farthest point sampling. In EUROGRAPHICS 03 (Sept.
2003).

[Mém07] MEemoL! F.: On the use of gromov-hausdorff
distances for shape comparison. In Proc. of EG/IEEE
Symposium on Point-Based Graphics 2007 (June 2007).

[MF92] McCooL M., FIuUME E.: Hierarchica poisson
disk sampling distributions. In Proc. of the conf. on graph-
icsinterface’92 (1992), pp. 94-105.

[MS05] MEMOLI F., SAPIRO G.: A theoretical and com-
putational framework for isometry invariant recognition
of point cloud data. Found. Comput. Math. 5, 3 (2005),
313-347.

[NSO4] NEHABD., SHILANE P.: Stratified point sampling
of 3D models. In Proc. of EG/IEEE Symposium on Point-
Based Graphics 2004 (June 2004), pp. 49-56.

[OFCDO02] OsADA R., FUNKHOUSER T., CHAZELLE B.,
DoBKIN D.: Shape distributions. ACM Trans. Graph. 21,
4 (2002), 807-832.

[PzvBG0OO] PFISTER H., ZWICKER M., VAN BAAR J.,
GRoOss M.: Surfels: Surface elements as rendering prim-
itives. In SGGRAPH '00 (2000), pp. 335-342.

[RDSK06] RUGGERI M. R., DAROM T., SAUPE D.,
KIRYATI N.: Approximating geodesics on point set sur-
faces. In Proc. of EG/IEEE Symposium on Point-Based
Graphics 2006 (July 2006), pp. 85-93.

[RTGOO] RuUBNER Y., TOMASI C., GUIBAS L. J.: The
earth mover’s distance as ametric for image retrieval. Int.
J. Comput. Vision 40, 2 (2000), 99-121.

[RVS04] RUGGERI M. R., VRANIC D. V., SAuPE D.:
Shape similarity search for surfel-based models. In Proc.
of Int. Conf. on Computer Vision and Graphics 2004
(Sept. 2004), pp. 131-140.

[RWPO6] REUTER M., WOLTER F.-E., PEINECKE N.:
Laplace-beltrami spectra as "shape-dna" of surfaces and
solids. Computer-Aided Design 38, 4 (2006), 342—366.

[SSWO05] ScHWARTZz J., STEGER A., WEISSL A.: Fast
agorithms for weighted bipartite matching. In WEA 2005
(May 2005), vol. 3503 of LNCS, Springer, pp. 476-487.

[TVO4] TANGELDERJ. W.H., VELTKAMPR. C.: A sur-
vey of content based 3d shape retrieval methods. In Proc.
of Shape Modeling International 2004 (2004), pp. 145—
156.

[ZPKGO02] ZwICKER M., PAuLY M., KNoOLL O., GROSS
M.: Pointshop 3d: an interactive system for point-based
surface editing. ACM Trans. on Graphics 21, 3 (2002),
322-329.

(© The Eurographics Association 2008.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AgencyFB-Bold
    /AgencyFB-Reg
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /BlackadderITC-Regular
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BradleyHandITC
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Castellar
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CurlzMT
    /DfW5Printer
    /DfW5PrinterBold
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversMT
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /EstrangeloEdessa
    /FelixTitlingMT
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrenchScriptMT
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Gigi-Regular
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Oblique
    /Impact
    /ImprintMT-Shadow
    /Kartika
    /Latha
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /MaiandraGD-Regular
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSOutlook
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /Oc_020
    /Oc_021
    /Oc_030
    /Oc_200
    /Oc_210
    /Oc_211
    /Oc_220
    /Oc_221
    /Oc_251
    /Oc_260
    /Oc_270
    /OCRAbyBT-Regular
    /OCRAExtended
    /OCRB10PitchBT-Regular
    /PalaceScriptMT
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Papyrus-Regular
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /Pristina-Regular
    /Raavi
    /RageItalic
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /ScriptMTBold
    /Shruti
    /SureThingDVDSymbolsII
    /SureThingSymbols
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Ucs_020
    /Ucs_021
    /Ucs_030
    /Ucs_200
    /Ucs_210
    /Ucs_211
    /Ucs_220
    /Ucs_221
    /Ucs_251
    /Ucs_260
    /Ucs_270
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /ZapfDingbats
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages false
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages false
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.001 842.000]
>> setpagedevice


