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Abstract * it may vary to some extent in different computer vision ap-

_ . o . plications, as will be seen in the rest of the paper.
Multi-resolution representation is one of the effective ap-

proaches to image processing in both computer vision andCreating multi-resolution mesh has different applications,
computer graphics. However, the generation of multi-reso- therefore requirements, in computer graphics and computer
lution representation for complex 3D polygonal mesh is a Vision fields. In computer graphics the main motivation for
difficult problem. In this paper, a number of tools developed control of mesh resolution is to reduce the number of faces
in our research group for this purpose are described. Thesedescribing an object while preserving the shape of the ob-
tools employ different techniques such as smoothing, edgéect. Some applications of this include: creation of mesh hi-
length normalization and wavelets to create representationsérarchies  for  level-of-detail ~rendering, ~geometric
which describe 3D shape at multi-resolutions. Unlike the COmpression for storage and transmission of polygonal
control of mesh resolution known as mesh simplification ormesh models and mesh editing, etc. In contrast, the control
mesh decimation in computer graphics, the tools we have?f mesh resolution in computer vision algorithms should
developed are in the context of computer vision, in particu-consider the regularity of the mesh in addition to reducing
lar, object recognition and surface matching. Application the number of faces and preserving the shape of the object.
examples are given for each of the representations generattiere, the meaning of regularity is to distribute the vertices
ed by the above tools. Comparison of the representations i®f the mesh evenly over the surface of the object. Control-

also discussed. ling regularity is very important because measuring local
properties such as curvature and surface normal is very
1. Introduction common in computer vision applications. Well defined lo-

cality is highly dependent on the regularity of the mesh.
With the development and improvement of new acquisition L . :
'Bhe tools presented in this paper for generating multi-reso-

devices, range data have been much easier to obtain and ! s
rlutlon meshes are developed in the context of computer vi-

more common in computer vision research. Range images. Alth h techni d imilar to th
are generally very large and contain highly complex non-po-_s'on' ough some fechniques we used are simrar o those

lygonal structures. Therefore, processing range images afy computer g_ra_phics, ours are tailored for the special needs
the finest level is expensive both in time and in storage.Of computer vision applications.

Multi-resolution representation is an approach to image pro-The first tool is used to generate multi-scale shape represen-
cessing in both the computer graphics and the computer Vitation for 3D mesh in curvature space using smoothing tech-
sion fields. This methodology will greatly aid the interaction nique. As opposed to the ordinary multi-resolution mesh,

with complex range images. this multi-scale shape representation does not reduce the

number of vertices on the mesh. Instead, it keeps the number

Polygpnal meshes are common representations in COMPUIES: \ertices on the mesh unchanged and gradually removes
graphics because they are able to represent shapes of almQgt, yetails of the original shape using a smoothing tech-

any tqpology and complexity. Therefore, polygonal rneSheSnique. This representation is very similar to image pyramids
are direct and powerful ways to represent range data. Howg, 55 Three dimensional meshes can be reconstructed from

ever, the creation of multi-resolution polygonal meshes has[he curvature-based multi-scale representations. Although

a number of difficulties. The first difficulty derivesf from thg the smoothing technique is applied on 3D meshes extensive-
complex nature of range images. The second difficulty Iles|y’ it is mainly used in range space. To our knowledge, it has

in the tradg-off between simplifying the m.esh.a.nd Presen-p previously been used to create multi-scale shape repre-
ing the original shape of the mesh. The third difficulty is the sentation in curvature space before

definition of multi-resolution. Although the meaning of

multi-resolution is clear and definite in computer graphics, The second tool is used to generate multi-resolution mesh

using edge length normalization technique. Based on the

1. This work was supported in part by NSF Grant IRI1-97-11853 and by amesh simplification algorithm used in computer graph-
Research Grant from the Eastman Kodak Corporation. ics[10][13][15][16][17], our algorithm has a number of sig-




nificant modifications. In particular, our algorithm works on

meshes representing curved and polygonal objects that cor
tain holes and boundaries. Furthermore, our algorithm lim-
its the maximum change in mesh shape and is able to adju
the spacing between vertices along ridges in the mesh. As e
result, multi-resolution meshes with vertices evenly distrib- "ﬂlﬁg“%}‘
uted on the surface are created. eSS,
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The third tool is to create multi-resolution mesh using wave- B
. ! e (€Y (b) (©)
lets technique. Wavelets have been used extensively in sig- _
nal processing for a long time. But the technique wasFigure 1 (a) Tessellated sphere with frequency 7; (b) de-

introduced into computer graphics and computer visionformable model; (c) shape representation of (b).

fields less than a decade ago, especially for representing pPoye of mesh that results from repeated averaging. Although
lygonal meshes. Early work of wavelets based multi-resolu-geyeral solutions to the shrinkage problem have been pro-

tion analysis of polygonal meshes has been done by,,seqs5)[6][9], most of those approaches require careful de-
DeRose, Lounsbery and Eck[18][20]. The graphics applica-gjg of the smoothing operator and, with the exception of
tions for their multi-resolution meshes include compression,[Q], are hard to extend to 3D. In this section, mesh smooth-
transmission and editing of mesh models, etc. However,ng is stydied from a new point of view. Instead of smooth-
computer vision applications such as model-based objeclyy the mesh directly in 3D space, the shape representation
recognition and classification can not benefit directly from 4¢ihe mesh is smoothed in curvature space. By reconstruct-
the above representation because no special attention is pajgg a new mesh based on the smoothed shape representa-
to unify the domain meshes of objects which have the SaM&on, the mesh in 3D space is indirectly smoothed. This
topology, therefore making it very difficult to compare ob- 455r0ach to mesh smoothing has two advantages in that it
jects with different shapes. In our current research, we adyges not generate shrinkage on the mesh; and it does not in-
dress this problem by starting with objects of spherical e direct computation on the mesh, which is an advan-

topology. The tool we developed is able to create multi-rés-4e \when only the curvature based shape representation is
olution representations for different objects over the samegeged.

domain mesh.

. , . A unit discrete sphere is representedSa$V, E, C}, in
The paper is organized as follows: In Sections 2 to 4, thre‘?/vhichv is a list of vertice<E is a list of edges ar@is a list

different tools for generating multi-resolution meshes are ¢ 04| giscrete curvatures. The smoothed discrete curva-
discussed. In Section 5, comparison of the representationﬁIre valuec’ at a nodeis defined by:

generated by the three different tools is discussed. Conclu- i

sion and future work are discussed in Section 6. :_191_2
g _ g
2. Creating multi-scale shape representation in G = Onorm gwe c(v)) @)

curvature space Yi

The polygonal mesh models used in this section are built udn (1),d; is the mesh distance, which is defined in [4], from

using the deformable surface technique described in[1]. Th nodey; to nodey; andWis the neighborhood of, defined

.2 . . . y 0<d.. <w, wherew is the size of the smoothing operator.

object’s surface is represented by a mesh in which each ver=; T~ . o
: ) . : c(v)) is the local discrete curvature at nogec;” is the
tex is of degree 3. The number of vertices is determined by} .

: : o -’smoothed local discrete curvaturevatt scaleo. In prac-

the frequency of tessellation. The vertices are distributed in; . .

. tice, the size of the operator is selectedado and the nor-

a nearly uniform manner on the surface under some appro-__' "~ _ . ! )

. . malization facton,q,is defined by:

priate constraints. A local shape measure (referred to as lo-

cal discrete curvature) is computed locally at each vertex of 0 _1d,7]
the mesh, as defined in[1]. A sphere of the same tessellation 0 2520
, a =10y e O 2
frequency as the deformable model with the local shape norm % 0
measure associated with each vertex is called the shape rep- : g

resentation of the underlying object. Figure 1 shows a testqr a given vertex;, the vertices which agmesh distances

sellated sphere, a deformable mesh model and itssway fromv; can be found easily by traversing the edge list
corresponding shape representation. E.

2.1. Smoothing Using the above definition of smoothing, the local discrete
There has been extensive previous work on smoothingcurvature distribution becomes a constant distributioo as
piece-wise linear shapes of arbitrary dimension and topolo-becomes large. In fact, this is true for all 3D objects which
gy. The main disadvantage of mesh smoothing is the shrinkean be represented by the spherical discrete curvature func-



tion. This can be shown as follows: As indicated earlier, asln practice, different objects modeled by discrete meshes of
o increases, the neighborhood will reach its maximum sizethe same frequency may converge to slightly different val-
Wmaxdue to the boundedness of the sphere. The correspondses ofc due to round-off errors, and to the fact that the sam-
ing neighborhoodV is the entire sphei® At that point, the  pling is not perfectly uniform. However, the differences are
smoothed value at nodgis computed as: small enough that they do not affect applications such as ob-
ject classification. Example of this can be found in [4].

E __1%_2 H E —_151_8 2.2. Applicati bject Classificati
2 2 42 2. ication: object Classification
¢ = D% e ¢ c(vj)D/D% e °O 3) PP I
HJ s E Ef’ s B One application of the multi-scale shape representation is

object classification. The motivation for object classification
As o increases further, the coefficients of the smoothing op-is to speed up the process of object recognition. Ideally, we

erator all converge to 1. Therefore, in the lig#,converg- would like to be able to identify candidate objects (a certain
es to the average valu®f discrete curvature over the entire object class) at a coarse scale, based on their overall
sphere: shapes, and then to identify the actual object present in the
scene at a finer scaleg., based on the detailed descriptions
o _

G D% c(vj)E(N =c (4) of their shapes. The multi-scale shape representation meets
vios this requirement very well.

A consequence of (4) is that, @éncreases, all objects con-  The basic idea of the classification algorithm is to compute
verge to a shape of identical discrete curvature everywherethe multi-scale shape representations of the objects in the li-
namely a sphere. This behavior is consistent with the intUi-brary and to compute a S|m||ar|ty measure which integrates
tive behavior of smoothing: as more and more details arghe shape information at all scales. Such a shape similarity
eliminated from an object surface, that object should con-measure is callescaled shape similarity mettiehich has
verge to the simplest object, a sphere. Therefore, by continheen proposed in [4]. In the following, shape similarity met-

uously smoothing the shape representation of an object, &c is first defined in (5) and (6), and then scaled shape sim-
sequence of shape representations at multi scales can be Ciiggrity metric is defined in (7).

ated. Here the meaning of scale is the value of the smoothing

scale,0. For example, Figure 2 shows such a sequence of %

the object shown in Figure 1(b). This sequence was obtained dp(Sa S R) = (J'\k(SA) —kr(Sp)| Pds) (%)
by smoothing the shape representation and by using the in- .

verse mapping algorithm of [8] to construct the correspond- Dy(A B) = mingdy(Sp Sg. R) ®6)

ing 3D shapes.

dg(A B) = g w,D, (A B) @
ollQ

%};ﬁ:ﬁ‘% In (5), Sy, andSg are the mesh representations of obfect

e andB, respectivelyk(S,) andk(Sg) are the shape distribu-
tion functions forS, and Sz, respectively. We denote by
kr(Sg) the shape distribution function & after rotation by
R. TheL, distanced,(Sy, Sg, R) betweerA andB for a given
spherical rotatiorR is the sum of local discrete curvature
differences over the sphete (6), the shape similarity mea-
sureDy(A, B) betweenA andB is the minimum ofd, over
all possible rotationR. In (7),Q is the set of scales wg is
SN the_weig_ht at sc_ale;_ Dp_G(A_,B) is shape sir_nilarit_y metric
zggg;:.,ségsgg‘ilg‘g“& defllned in (6) witho indicating the comparison is done at
scaleo.
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OO R e A'eﬂxeﬂél%%" The classification algorithm is illustrated by using a simple
NSl e : - e : :
| 4 Ny object library containing five synthetic objects: cube, tetra-
hedron, octahedron, octahedron with one indentation (re-
(d) @) ferred to as octahedronl) and octahedron with two

indentations (referred to as octahedron2). Figure 3 shows
Figure 2  Reconstructed meshes of the object shown inthe mesh models and the corresponding shape representa-

Figure 1(b) from the smoothed shape representations. (afions. Due to space limitation, the multi-scale shape repre-
0=0; (b)0=0.5, (c)0=2.0; (d) 0=4.0; () 0=9.0. sentations are not shown here for each object.



3. Creating multi-resolution mesh by normalizing
edge lengths
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:g%gﬁg;}f;; In computer graphics the control of mesh resolution is
W ﬁagﬁ:%@%% termed _mesh simpl@ficatio_n [.10][13][15][16].[17]_qr mesh
xekk%gg\%ﬁ%%” decimation. The main motivation for mesh simplification is
N “ﬁﬁ%‘ to reduce the number of faces describing an object, while
@ preserving the shape of the object, so that the object can be
rendered as fast as possible. Heckbert and Garland [11] have
written a comprehensive overview of mesh simplification
algorithms for computer graphics.

In contrast, an algorithm that controls the resolution of a
mesh for computer vision applications should, in addition to
reducing the number of faces while preserving the shape of
the object, distribute the vertices of the mesh evenly over the
surface of the object. If a surface is uniformly sampled by
the vertices of a mesh, then local surface properties can be
computed using mesh connectivity. Examples of situations
where well defined locality is needed in 3D computer vision
¢ are point based registration of surface meshes, establish-
ment of control points for computation of spline surfaces on
a surface mesh, clustering of points for segmentation of
range images, and calculation of surface normal.

Based on mesh simplification techniques from computer
graphics, we have developed an algorithm that normalizes
the lengths of edges between vertices in a mesh while pre-
serving object shape [14]. Our algorithm is widely applica-
\ ble to real data sets because it can handle surface meshes
4 ) i .
with arbitrary shape (free-form and polyhedral), arbitrary
topology, and boundaries. The increased generality of our
control of mesh resolution algorithm comes with a cost; a
parameterization of the surface is not available. Conse-
quently, formal mathematical methods (e.g., wavelets) can-
not be used to create or analyze the hierarchies created.

Our algorithm takes in a mesh with an uneven spacing of
vertices over its surface and a desired resolution for the
mesh. The output is a mesh of similar shape with vertices
evenly spaced at the desired resolution. By creating meshes
with decreasing resolutions, a hierarchy of multi-resolution

Figure 3 Meshes and their corresponding shape represerln"—]esr]es can be generated.

tations. (a) cube; (b) tetrahedron; (c) octahedron; (d)3.1. Algorithm
octahedronl; (e) octahedron2.

Boos

For an arbitrarily shaped object, it is generally impossible to
The octahedron is selected as the reference object. ThEake the distance between vertices exactly the same for all
scaled shape similarity metric for each of the four objects isvertices in the mesh while still adequately describing the
shown in Table 1. As a result, octahedron1 and octahedron8hape of the object. Therefore, we quantify the spacing be-
are classified into the same class as octahedrons. tween vertices using local and global statistics on the histo-
gram of lengths of edges in the mesh. An example of an

edge length histogram is given in Figure 4. We define mesh

Objects cube tetra octal octaZ resolutionto be the median of the lengths of all of the edges
dg(x, octd) 6.13 9.15 1.31 297 in the mesh, and we define taége length spreat be the

upper quartile of edge lengths minus the lower quartile of

Table 1 Scaled shape similarity values of four objects.  edge lengthsi.e., the half width) in the edge length histo-
gram. Given these definitions, the goal of our algorithm is to



adjust the resolution of the original mesh to a desired resofength | of the edges. More specifically, @uge length
lution, while minimizing the edge length spread of the his- weight W(e)s computed for each edge
togram. We call this processlge length normalization
9 P ge'eng W(e = exp(—(I-Lg)/LpY) )
Edge Length Histogram WhereL, is the desired resolution amg is the expected
spread in edge lengths. The or@e)in which an edge is
operated on is decided by the productG§e) and W(e)
With this ordering, short edges that do not greatly change

400

300

g the shape of the mesh upon removal will be collapsed first.
3 200 SIS s itk -2 i :
° resolution ] We prevent the shape of the mesh from changing too much
(media by placing a bound on the maximum allowable change in
100 1 i mesh shape. Each time an edge operation is applied, the
edge’s shape change measure is added tacitiemulated
0g ) 7 6 8 1 shape changéhe accumulation of the change in shape that

edge length the edge has undergone in previous iterations) of all of the

Figure 4 Edge length histogram. The resolution of a mestfdges in the neighborhood of the edge. If the accumulated

is the median of the histogram; the edge length spread is théhape change of an edge is made greater than the maximum
half-width of the histogram. allowable change in shape, the edge is removed from con-
sideration. This ensures that, over the entire surface of the
An additional constraint on edge length normalization isgoeus:é tESrt%Z?rr:]%?elnifstﬂéel?::n;?g:‘n;n bezlg\éviSV\L/jitsr?i:dsifrI::d
that the original shape of the object must be preserved; "Vser defined bound of the desired mesh resolution, the edge

assume tha_t the original _shape of the Objef‘Ct 's given by th?/vill not be decimated. The limit on the maximum allowable
mesh input into the algorithm. In our algorithm, two opera-

. . . : . . shape change and the length of edges being within some
tions are iteratively applied to edges in the mesh to Obtalnbounds of the desired resolution will eventually prevent op-

the mesh of the desired resolution; edge-split is used to '€ ration on any edges in the mesh. This constitutes the stop-

move long edges, while edge-collapse is used to removeping criterion for the algorithm. Figure 5 shows two mesh

shgrt gdges. During edge-split, an ed.ge IS bro](en atits rnldhierarchies created with our edge length normalization algo-
point into two edges; the edge-split operation does nOtrithm.

change the shape of the mesh. During edge-collapse, an

edge is reduced to a point, so the local shape of the mesh &2. Application: surface registration

modified. In our algorithm, the position of the point result- Figure 6 shows the use of multi-resolution meshes in surface
ing from edge-collapse is chosen to preserve the shape akgistration when the transformation between views is com-

the object, but some change in shape is unavoidable.Theletely unknown. First, two views of an object at a coarse

change in shape of the mesh is minimized at each iteratiomesolution are registered using spin-image matching

by ordering the edges in the mesh for operation based on thi4]. The coarse version of the meshes is sufficient for deter-
change in shape that results from application of each edgeining the rough transformation between views. Next the

operation $hape change measir&Jsing this ordering, the  alignment between views, given by matching the coarse
edges that change the shape of the mesh the least are appliggshes, is refined using an iterative closest point algorithm
first, thus minimizing the change in shape at each iterationand finer resolution meshes. Having meshes at two resolu-
Shape change measu®¢e) of an edgee is defined as the  tions allows the problem to be broken into two stages, mak-
maximum distance between the mesh before collapsing ing the overall registration algorithm more efficient.

Mp(€), and after collapsing, My(e) 4. Creating wavelets based multi-resolution mesh-

es over the same domain mesh
C(e) = d(My(e), M(e)) (8

The basic idea behind wavelets-based representation is to
Using the distance between meshes is an accurate way ¢&present a complicated function as a composition of sim-
measuring the shape change produced by an edge operatiopler low-resolution function along with a group of perturba-
and in contrast to less accurate shape change measures[18pn functions at increasing levels of detail. The original
it allows for simplification along ridges in surface data. ~ function can be recovered without losing any information at

the highest resolution. The wavelets representations in 1D
To strike a balance between preserving shape and normalizand 2D have been well studied. However, the extension of
ing the lengths of the edges in the mesh, the order of appliwavelets to 3D polygonal mesh is not straight forward.
cation of edge operations is also made a function of theDeRose and Lounsbery have done the fundamental work for
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Figure 6 Application of multi-resolution meshes to sur-
face registration. First, two coarse resolution views (a) of a
toy robot are registered (b). The computed transformation
is then refined using finer resolution meshes (c).

el
s . _ . .
= 4.1. Reconstructing an object with spherical topology
over the same domain mesh

As discussed in [18] and [20], the object mesh must have
subdivision connectivity in order to create wavelets repre-
sentations. Shortly speaking, for a triangular mesh, the sim-
plest form of subdivision is to iteratively split each edge of
the mesh so that each triangle is split into four smaller trian-
gles (Figure 7). This requirement is so strong that very few
polygonal meshes can meet it. In order for the wavelets con-
(le) (2e) struction to be possible, an algorithm has been proposed in
Figure 5 Two mesh hierarchies generated by normalizing18] to first find a domain mesh for the input object and to
edge lengths. The number of triangles in each image isthen construct a parametrization of_the input mesh over the
(1a) 21187; (1b) 34112; (1c) 6601; (1d) 1747; (1e) 615;doma|n .mesh. Because the .domaln .mesh has supdlwsmn
(2a) 27246; (2b) 6182; (2c) 733; (2d) 182; (2e) 92. connectivity through subdivision, the input mesh will also
) ) ~ have this property by mapping the vertices on the domain
extendlng wavelets representation to 3D meshes of arbitrarynesh to the input mesh through the parametrization con-
topologies[20]. structed before. The details of the algorithm can be found in
[18].

Although the above algorithm is applicable to meshes with
arbitrary topology, it will result in a different domain mesh



e Select an arbitrary starting triangle on the mesh sur-
face to be the seed of region 0

4 « Grow region 0 until its area exceeds a threshold (one

> * fourth of the total area of the mesh surface)
1 2 i 8 » Connect the triangles that are not labeled and are
e  Old vertices o New vesrtices neighbors of the boundary triangles of region O

« Select three triangles as seeds for regions 1 to 3 among

Figure 7 Polyhedron subdivision of tetrahedron. the above boundary triangles so that the three triangles

for every different object. This is not a problem at all in are roughly equally apart
computer graphics; however, it is one in the context of com- . Grow regions 1 to 3 simultaneously until all the trian-
puter vision. Because our primary motivation for develop- gles on the mesh surface are labeled

ing such multi-resolution representation is to provide ) ) ) o
models for object recognition and classification, we would Criterion 1is checked when growing every region. If it is vi-
like to have one unique domain mesh for objects with theo!ated, the algorithm restarts by sele_ctlng a new seed for re-
same topology. In our current research, we are focusing ofgion 0. Because the mesh surface is assumed to be closed,
generating wavelets representations for objects havingﬁ” the triangles on the_ mesh surfa<_:e are guaranteed to be la-
spherical topology. This is because shape similarity and eled. Because the sizes of the triangles are ass_umed to be
shape classification are very difficult problems themselves'oughly equal, the variance of the four areas will not be
and they will become even more challenging if object topol- large-

ogies are considered. In order to solve the problem step by

step, we decompose the problem by considering objects

with simple topologies such as spherical topology. Region 2

, Region 1

Because the objects we are dealing with have spherical to-

pology, we select tetrahedron to be the domain mesh for all

objects. Therefore, our algorithm does not need to look for

a domain mesh for the input object. What our algorithm

does is to partition the mesh surface into four correctly con- Region 3
nected regions so that each region can be mapped onto its

corresponding face of the domain tetrahedron.

Before presenting our region partition algorithm, we need to Figure 8 A mesh surface partitioned into four regions (the
make some assumptions about the object mesh. These asg 1ty region is in the back).

sumptions will help the region partition algorithm and they
can be easily met by polygonal meshes. Figure 8 shows a mesh partitioned into four regions. Three

regions can been seen in the figure. The fourth one is in the

Firstof all, we assume ”‘?t the object mesh has a closed SUBack. Figure 9 shows the histogram of the areas of the trian-
face. If the mesh surface is not closed, we can do some P'€ias on the mesh surface of the object shown in Figure 8.

processing to make it close. The vertices which are added i able 2 lists the statistics for the four regions. Figure 10

the preprocessing step are labeled “virtual vertices”. The . .
7S . shows the wavelets representation of the object.
second assumption is that the variance of the areas of the tri-

angles on the mesh surface are not very large. In fact, for.2. Regularizing the reconstructed mesh

dense range data sets, the triangles are generally of very can pe noticed that on the reconstructed mesh surface in
small size. If the variance is large, we can use our secongig e 10, the vertices are not uniformly distributed. In fact,
tool discussed in Section 3. to regularize the triangles. this is caused by the region partition algorithm. Although

There are two criteria for partitioning the mesh surface. Theth€ Partitioned four areas are of roughly equal size, they may
have poor aspect ratios when mapped onto the triangular

first one is that every region must be homeomorphic to a .
disk. This is to guarantee the mapping between each regioFﬁceS of the domain tetrahedron. Because each edge of the

and a corresponding face of the domain tetrahedron. Th&lomain tetrahedron is subdivided at the same frequency,

second one is that the four regions are of roughly equal sizeshorter edges will result in denser distribution of resampling

This is to preserve the original shape of the mesh during th&ertices than longer edges. Although perfect uniform distri-
resamoli bution of vertices is not feasible, the mesh should have some
pling process. ) L o
form of regularity. This is important for applications such as

The region partition algorithm is as follows: shape comparison.
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450 — . . ‘ positions of the vertices to satisfy the regularity constraint.

P - ] The update rule of each vertex is defined as follows:

z60| ] v = g+ N e (v~ U,)N (10)
300 - 1
Sasol . v (t+ 1)= v;(1) + a (v, (1)~ (D) + By, (1) —v;(t— 1)) (11)
%200 I ] In (10) and (11)y; ¥, vijdea' antl are defined in Figure
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Figure 9 Histogram of the areas of the triangles on the ob-
ject in Figure 8.

o '1§§§§:f;:v
Region Area Number of Area e
triangles percentage
0 1.55e+06 444 25.31%
1 1.48e+06 861 24.12%
2 1.56e+06 789 25.46%
3 1.54e+06 846 25.10%

Table 2 Statistics for the partitioned regions.
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ek LI Figure 11  (a) The dual mesh of the reconstructed mesh
s e P . .
Y S shown in Figure 10(b); (b), (c), (d) normalized reconstruct-
i L A gy - - :
SR S ) It ed meshes with 4096, 1024, 256 triangles respectively.

11.a andp are within the range of 0 and 1. In practice, we

(a) (0) selecta=0.05 and3=0.9. The regularization process finish-
Figure 10  Wavelets-based multi-resolution representa-es when the regularity constraint is satisfied. This can be
tions of the object shown in Figure 8. (a) original mesh with checked for each vertex by computing the difference be-
2940 triangles; (b) reconstructed mesh with 4096 trianglestween its projection on the triangle and the center of the tri-

The regularization is done on the dual mesh of the recon—angle' Figure 11(b), (c) and (d) show the regularized

. .reconstructed meshes at different resolutions.
structed mesh. The reason for regularizing the dual mesh is

that the regularity constraint, which will be explained short- 4.3. thtJ_nSthCting wavelets-based multi-resolution rep-
ly, can be applied easily to the dual mesh. If the dual mesh oo anon _ . . . L
has some form of regularity, the reconstructed mesh WiIIIn the domain of real line, multi-resolution representation is
also have that regularity. Figure 11(a) shows the dual mesr?ased on a sequence of nested linear spaces defined by

- dilating and translating a single function. In domains of
of the reconstructed mesh in Figure 10(b). On the dualobjects with arbitrary topologies, however, it is difficult to

mesh, each vertex has exactly three neighboring verticesyeneralize the concepts of translating and dilating a func-
The regularity constraint requires the projection of each ver-tjon, Therefore, DeRose and Lounsbery get around this
tex on the triangle formed by its three neighbors to be theproblem by extracting only the main element - nested linear
center of that triangle as shown in Figure 11. The regularizaspaces of the multi-resolution representation in the real-line
tion of the dual mesh is thus an iterative process to adjust thdomain. As discussed in [20], by recursively subdividing



based representation in general is not limited by object to-
pologies, it is constrained in this case by the requirement of
having unified domain mesh. Under wavelets-based repre-
i v.ideal sentation, the original shape can be fully recovered by going
! up the resolution heirarchy. In other words, there is no infor-

mation lost between any two continuous levels of resolu-

v v tion. On the contrary, no knowledge is available about how
i+l i3 the shape changes when going from high resolution to low
vo| resolution under the edge length normalization-based repre-

sentation.

Viy

2 Both the edge length normalization-based representation
Figure 12 lllustration of the regularity constraint. and the wavelets-based representation are in range space. In
) 0 ) _ contrast, the smoothing-based representation is in curvature
the domain mesM. , & sequence of nested linear funct|on. space. Of course smoothing can be done in range space di-
spaces (the functions in these spaces are termed scalingcqy But special attention must be taken to avoid shrink-
functions@(x)[20]) can be defined. The inner product for age of the mesh. Combining the smoothing-based
any two scaling functions is also defined. For any two con-representation with any one of the two representations in
tinuous nested linear spac\é]$M0) and\/j+1(M0), wavelets  range space will give us a full description of how a certain
shape changes at different resolutions in both curvature
space and range space. This information is very important

which is the orthogonal complement\4{M®)[20]. There-  for object recognition and classification.

fore, S(x) the parametrization of the domain maéah can The three tools for creating multi-resolution representations

functions,;(x), are functions that span the spatée(Mo)

be written [20] in the form of are closely connected. For example, the edge length normal-
o ization algorithm can be used as a preprocessing step to reg-
S(X= zV.'  @l(x) ularize a mesh before generating wavelets-based
: o (12) representation. If curvature information can be computed
= Zv?o (plo(x) + z wa . qu'(x) from the wavelets-based representation, then the smoothing
I ] I

technique can be applied to generate multi-scale shape rep-

in whichv; denotes the coefficients of the scaling functions resentations in curvature space. In summary, the three tools

i . . ; . rovide powerful representations for analyzing polygonal
@' at the jth resolution, ane?; denotes the coefficients of Eneshesp P yzIng polyg

the wavelet functionQJij at the jth resolution. It can been
seen from above that the meaning of resolution is the

dimension of the linear spa(\l?(Mo). For detailed mathe- Three different tools for creating multi-resolution polygonal

matical background on 3-D wavelets functions, see [20]. ”?eSheS have been pres_ented in the paper. Th_e k_ey tech-
niques used are smoothing, edge length normalization and

4.4. Application of wavelets-based multi-resolution rep- wavelets. The smoothing-based representations are multi-
resentation scale representations in curvature space, while the edge
As mentioned in Section 4.1., the main applications for length normalization-based representation and the wavelets
wavelets-based multi-resolution representation in our cur-based representation are in range space. These three tools
rent research are object recognition and classification. Havprovide powerful multi-resolution representations for ana-
ing unique domain mesh for all the objects of spherical lyzing polygonal meshes in computer vision applications.

topology makes it easier to compare different shapes. From ;e work will focus on using the multi-resolution repre-

the modeling point of view, this representation can modelgonations created by the above tools in object recognition
very complex shapes compared with other modeling tech-and classification

niques such as deformable surface. Experiments of object
recognition and classification using this representation areAcknowledgments
being conducted.

6. Conclusion

The authors would like to thank Qinghui Zhou for providing
the subdivision program, Marie Elm for proofreading the

paper, and Andrew Mor for help on editing the paper.
The edge length normalization-based representation is the

most powerful one among the three in the sense of dealing
with objects of arbitrary topologies. Although wavelets--

5. Comparison of the multi-scale representations
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