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Abstract

Segmenting meshes into natural regions is useful for mauf#mu
standing and many practical applications. In this papermpresent
a novel, automatic algorithm for segmenting meshes intainga
ful pieces. Our approach is a clustering-based top-dowraitiki-

cal segmentation algorithm. We extend recent work on featan-
sitive isotropic remeshing to generate a mesh hierarchgogelpy

suitable for segmentation of large models with regions dtipie

scales. Using integral invariants for estimation of lodadmacteris-
tics, our method is robust and efficient. Moreover, statidtjuanti-
ties can be incorporated, allowing our approach to segnegims
with different geometric characteristics or textures.

1 Introduction

Triangular meshes are now widely used in computer grapfitosy
are easy to acquire and widely available. The demands fbr tec
nigues of analysis, processing, storage, transmissiomeantt&ring
of triangular meshes are ever increasing. However, duecioith
regular connectivity and lack of high-level semantic stives, the
automatic analysis of meshes is challenging. Cutting meszttets
into meaningful pieces is one important step towards sarfacier-
standing, and has a wide range of applications.

Segmentation is a crucial step in reverse engineering of CAD
models: it divides the mesh into regions, each of which igditt
using a single analytical surface [Varady et al. 1997]. dmputer
graphics, various applications use segmentation as aquegsing
step. Mesh simplification can be improved by constrainingae-
tion to take place within segmented regions, leading to awed
quality of simplified models [Zuckerberger et al. 2002]. Laé [Li
et al. 2001] demonstrated the use of well chosen segmemtatio
improving the performance of collision detection. Segraganh is
also useful in morphing [Shlafman et al. 2002; Zuckerberjeal.
2002] and skeleton-driven animation [Katz and Tal 2003].

Ideas from cognitive science give a useful basis for modgl se
mentation. Hoffmann and Richards [Hoffmann and Richard419
proposed the so-calladinimal rule the human visual system per-
ceives region boundaries along negative minima of prinapa
vature, or concave creases. Later, Hoffmann and Singh fivkofh
and Singh 1997] pointed out that the depth of the concavisctly
affects the salience of region boundaries. Thus, concatariere-
gions, as well as other features, are crucial for segmentfiiatz
and Tal 2003; Liu and Zhang 2004]. In addition, we wish to take
geometric texture information into account—texture segpaton
is widely used in image processing and should also be usefel h

Recently, the regularized isophotic metricwas proposed
in [Pottmann et al. 2004]; this distance function depends oo
position and normal information. Going further, using tbea of
an image manifold from image processing [Kimmel et al. 2000]
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x¢ = (x,wn) in R®, wheren(x) is the unit normal vector corre-
sponding tax andw is a user specified constant controlling feature
sensitivity [Lai et al. 2006]. This maps the surfaec R3 to the
corresponding 2-manifolhs c R8. Then, théfeature sensitive dis-
tancefor a curvec may be defined to be the Euclidean length of the
image curvecs. A method for feature sensitive remeshing was pro-
posed in [Lai et al. 2006] using isotropic remeshingdaf. The
characteristics of the meshes produced were studied inp#zr,
leading to the suggestion that they could be a useful toaidioust
feature extraction.

Our segmentation approach here is a clustering-based ségme
tion algorithm, like other state-of-the-art mesh segmigoriameth-
ods such as [Katz and Tal 2003]. It uses locally defined ialegr
invariants [Manay et al. 2004] to estimate local properbéshe
surface, which is much more robust than simply computingadiial
angles or estimating discrete curvatures. Feature sensiimesh-
ing [Lai et al. 2006] is a useful tool for efficiently compugimnte-
gral invariants for segmentation. Only normal informatismused,
avoiding direct estimation of higher-order differentiaiaptities.

We use feature sensitive remeshing to produdeesarchy of
meshes, allowing us to efficiently construdhiararchical segmen-
tation. In this way, our method performs segmentation of models
using the most appropriate level in the mesh hierarchy. rttbas
can handle larger models than previdumeans clustering based
methods, and it can also segment coarse and fine details of com
plicated model using the same hierarchy. Moreover, by usiag
tistical measures of integral invariants, we can achiegensata-
tion based on large-scale variation of local surface cheristics
or variation in geometric texture. In this way, our method sap-
arate regions without clear boundaries.

In Section 2, recent work on surface segmentation is digcuss
We then outline our segmentation algorithm in Section 3. fiite
key steps, hierarchical feature sensitive remeshing, #rdrchi-
cal k-means clustering based segmentation, are detailed in Sec-
tions 4 and 5 respectively. Experimental results are ptedeim
Section 6, while conclusions and discussions for futurekvare
given in Section 7.

2 Related Work

Image segmentation is a key step in image analysis and uaddfs
ing, and has received much attention. Its counterpart fosGb
faces has been studied only much more recently.

Based on different aims, segmentation methods can genbsll
classified into two typespatch-typesegmentation angart-type
segmentation [Shamir 2004]. The former methods mostly aim t
producing patches that satisfy certain geometric proggrivften
being similarity of geometric properties. For example, anet
al. [Sander et al. 2003] segment a mesh model into a set dfschar
each of which is almost planar; such segmentation is seittl

each poink on the surface can be mapped to a corresponding point parameterization as done in multi-chart geometry imageging
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to produce planar patches is too restrictive, and laterovgments
by Juliu et al. [Julius et al. 2005] try to segment models ouasi-
developable patches. Part-type segmentation on the athdrtties
to segment models into meaningful pieces, usually basedyaif-s
icant features. Our method is of the latter type, and we walirmty



(a) (b)

(©)

Figure 1: Steps of our segmentation algorithm

consider this type of segmentation.

Segmentation methods generally fall into two classesgjion
based andboundary basedSegmentation methods rely on estimat-
ing local properties. Boundary based approaches use spakias
of these local properties as candidate locations for baigglaand
regions are deduced from the located boundaries. Regicdbas
methods, however, look for areas having similar propertidsch
define the regions, and the boundaries are deduced from them.

Various operators have been used for estimating properties
Some methods use discrete curvature estimators (e.g. pvieangd
Whitaker 1999; Page et al. 2003; Srinark and Kambhamett3;200
Zhang et al. 2002]). Other work [Katz and Tal 2003; Liu and Zdha
2004; Shlafman et al. 2002] uses a combination of geodesiaian
gular distances for similarity measurement, angular dista being
a function of dihedral angle between adjacent triangleslfaGe
and Guibas [Gelfand and Guibas 2004] proposed a ratheretiffe
shape descriptor, using slippage analysis, which is mataide for
segmenting mechanical components than computer graphids m
els.

pend on dihedral angles whose computation is sensitive iseno
Geodesic and angular distances between all pairs of teamglist
be precomputed and stored for efficiency; this limits the sizin-
put mesh for which this is practical, even if done in a hiehazal
manner. Another drawback is that the results depend on nwesh ¢
nectivity. Cohen-Steiner et al. [Cohen-Steiner et al. 20t a
similar Lloyd’s-type clustering algorithm to that used rig work;
however, their goal is surface approximation.

Unsupervised clustering techniques like the mean shifhotkt
can also be applied to mesh segmentation. Shamir et al. [Bham
et al. 2004] extend mean shift analysis to mesh models usireg |
parameterization. Yamauchi et al. [Yamauchi et al. 2005]lyap
mean shift clustering to surface normals, and then use aageth
similar to that in [Sander et al. 2003] to compute the segatant,
based on the clustered normals. The number of clusters iguteih
during the segmentation process; however, the method misske
in [Yamauchi et al. 2005] is likely to segment a model into mor
pieces than the desired number of meaningful parts.

Other approaches to segmentation also exist. Li et al. [ki.et

Some segmentation methods are boundary based. For example2001] use edge contraction based skeletonization and spssep-

Zhang et al. [Zhang et al. 2002] give an algorithm which expli
itly locates boundaries using discrete curvatures. Gégesaich
approaches depend on accurate discovery of boundary loops.

However, many segmentation methods are region based. Man-

gan and Whitaker [Mangan and Whitaker 1999] extend the ledbsl|
ding watershed algorithm to triangular meshes. Page ePafd
et al. 2003] use an alternative hill climbing algorithm foater-
shed segmentation. They compute a directional height mapss
impeded climbing up negative principal curvature hillsin&rk et
al. [Srinark and Kambhamettu 2003] classify local surfagians
using curvature estimates, and then use region growingyroeset
the model, starting from certain seeds. Though fast, thiscgeh
does not seem to handle noise well, and can also result in over
segmentation. Gelfand and Guibas [Gelfand and Guibas 26@4]
local slippage analysis and a multi-pass region growing aggh
based on slippage signatures to separate different redgitns ap-
proach also requires good quality models.

Other region-based approaches use iteraivsteringas a tool
(as we also do here). Use of global optimization allows syzh a
proaches to be more robust to variations in local propecéesed
by noise, for example. Shlafman et al. [Shlafman et al. 2082k-
means clustering to provide a meaningful segmentation. edewy
the regions produced have jagged boundaries. This workates |
improved in [Katz and Tal 2003], using hierarchical segragan,
fuzzy clustering and minimal boundary cuts to produce simeot
boundaries. (In contrast, we use feature sensitive smapthhich,
like the use of geometric snakes, tends to produce smoothetlb
aries snapped to features). Spectral clustering was steghby
Liu et al. [Liu and Zhang 2004]; the authors claim it gives sup
rior results for clean mesh models. However, these metheds d

ing for mesh decomposition. Their method provides visuafty
pealing results; however, it tends to capture large-schépes
rather than features, making some decompositions imgdeséiti-
tani and Suzuki [Mitani and Suzuki 2004] proposed a techmigu
making paper models from meshes. This can be considered as in
volving a special segmentation scheme that guaranteesegion
is developable. Wu and Levine [Wu and Levin 1997] proposed a
method that simulates the distribution of electrical cleargn the
surface. Boundaries of regions are locations with mininhalrge.
The aim is to capture sharp concave features which are ysqeH
ceived as natural boundaries. Unlike most other methodsati
proach does not depend on differential quantity estimadioa is
thus more stable. However, assumptions are needed abonathe
ture of the input object, which should generally have an alisn
tribution of concave feature regions for boundaries, amdnttesh
should also be closed. Katz et al. [2005] propose a segniamtt
gorithm based on feature points and core extraction. Rasgiant
results are reported in this paper. However, an expensitmniaa-
tion method is used to find feature points, which limits thenptex-
ity of models that can be efficiently handled after simplifica.

Other work has considered interactive mesh segmentatian.
well as extracting features automatically, the approadpgsed
in [Lee et al. 2004] also gives the user tools to to close artidnige
boundary loops separating different parts of the objectkRauser
et al. [2004] present a modeling system based on searchirzgéb
stitching parts from a database. An intuitive interactiggraenta-
tion tool is given to find optimal cuts guided by user-drawolsts,
formulated as a constrained least-cost path problem.

Our approach is automatic and region-based. As in the method
in [Katz and Tal 2003], we can produce a hierarchy of segmenta



Input:
Output:

a mesh model; certain user-specified parameters.
a set of disjoint, contiguous regions representing
meaningful parts of the input model.

tion, of particular use in certain applications. We use dmehical

feature sensitive isotropic remeshing to efficiently arulistly seg-

ment large models at several levels. Integral invariants saatis-

tical quantities are used as local properties karaeans clustering
approach. These provide more robustness than dihedrasarege
insensitive to small fluctuations in surfaces, and are adpalle of 2
segmentation using certain types of geometric textures.

1. Preprocessing (optional);
. Compute hierarchical feature sensitive remeshing.

3. Perform hierarchical segmentation wittmeans clustering
] ] and a new distance metric.
3 Algorlthm Overview 4. Map the result back to the original model (optional).
Given an input model represented as a triangular mesh, aed a f 5
user specified parameters, our method produces a set ointlisjo
constituent regions, whose union is identical to the inpesim

For some input models, preprocessing may be desirable.ghhou
our algorithm can be applied to manifold models with or witho
holes, we do assume that any necessary topological cameus
been carried out to remove unwanted gaps, tiny handles er oth
deficiencies fopological noisg For very large models (more than
10P triangles, using a current desktop PC), it may be desiralap+t
ply mesh simplification [Garland and Heckbert 1997; Hopp2619
in order to obtain results in a reasonable time (a few minutes

We now map the mesh frof3 to its counterpart irR®, as de-
scribed earlier. This is done vertex by vertex while keepting
connectivity unaltered. As part of this process, the norat@ach
vertex needs to be estimated. For models that are not tog, nois
normals can be reliably estimated using 1-ring neighbaos nBis-
ier models, however, improved results can be achieved by est
mating normals using local planar or quadratic surfacenfjtto
a neighborhood—see [Lai et al. 2006] for further details.

Next, the new mesh is subjected to hierarchical featurei-sens
tive remeshing, as explained in detail in Section 4. Thisess
generates a hierarchy of feature sensitive (FS) meshesgiafas-
ing resolution with successive levels of detail, and witseclcorre-
spondences between adjacent levels. This is accomplishéisb
constructing the coarsest level of remeshing; for each fee,
every triangle in the coarser level is subdivided into 4ngias and
newly inserted vertices are repositioned in nearby looatto op-
timize isotropic sampling ifR8. The hierarchical output is con-
ceptually similar to an Gaussian image pyramid. In the fitgp s
of segmentation, the coarsest level of remeshing is usddgcirgy
the computational complexity and ensuring stability wigspect
to small scale fluctuations. As hierarchical segmentatioegeds, at each level of detail into further regions, recursivelpwéver, at
each area to be segmented at lower levels contains feweglez the higher levels, the simplified triangulation count is limweach
When an area contains too few triangles on the current mesh soregion, and inadequate detail may be present due to meslifsimp
that the corresponding finer mesh contains fewer than ailcgnta: cation. This has an impact on the correctness and accuraty of
specified number of triangles, we move to a finer mesh. segmentation of the original mesh.

A k-means clustering algorithm is used to segment a given area  Our alternative approach is suited to large meshes: we ukie mu
(at the top level, the remeshed surface, or part of it at |dexels). resolution, hierarchical, feature sensitive remeshingetiuce the
This clusters triangles to form regions as detailed in $adii The size of the computational problem, while avoiding the lossig-
number of clustersk, can be specified by the user, or can derived nificant detail in the reduced size meshes. In particularitput
by optimization as in [Katz and Tal 2003]. model is remeshed into a hierarchy of models with differesor

A metricmeasuring distances between triangles is needed to per-lutions with clear correspondences between adjacentslénehe

. Perform feature sensitive boundary smoothing.

Figure 2: Algorithm Overview

If the initial region boundaries are too jagged, they canrbe i
proved byfeature sensitive smoothiras in [Lai et al. 2006] or by
use ofgeometric snakeféee and Lee 2002].

Our algorithm is summarised in Figure 2.

4 Hierarchical Feature Sensitive

Remeshing

Clustering-based segmentation algorithms need to comgiste
tances between pairs of triangles on the mesh. In pracistendes
betweenmostpairs of triangles will be required. These pairwise
distances need to be randomly accessed dikimgans clustering
and should be kept in main memory. They may be found using Di-
jkstra’s shortest-path algorithm ®(N?logN) time, whereN is the
number of trianglesQ(N?) storage is required. This is expensive
for largeN, and previous methods (e.g. [Katz and Tal 2003]) have
used a simplified mesh as a means to provide a segmentation for
large models. Simplification ideally would done in such a way
to ensure consistency of the segmentation with the origivalel.
Hierarchical segmentation was first introduced by Katz et
al. [Katz and Tal 2003]. It is able to represent a decompmwsiti
of a model at different levels, mimicking the way people kifio
achieve hierarchical segmentation, they simply segmeatit iegyion

form clustering. We use a definition incorporating geodetse
tance, integral invariants related to averaged normalature, and
statistical measures of these invariants characterizicgl proper-

hierarchy. The coarsest remeshing is used for the initgrheata-
tion. In earlier stages of hierarchical segmentata®tailsof mod-
els are usually of little use, and the global shape at a coas®e

ties such as geometric texture. Given a user specified nuofber
regions to be generated at the current level, severallinggions
are selected, which are then improved iteratively. Thisveag

lution is important. Later, areas of the model are segmeusaty
more detailed meshes. At finer levels of detail, only singflezaly-
segmented areas of the mesh need by processed at a givendime,
tation process is performed at several levels (if desirgidjng a the whole mesh. By using hierarchical remeshing in conjanct
hierarchical segmentation. with hierarchical segmentation, our method is capable ofitiag

The segmentation results on the FS mesh can be mapped to thdarger models, and segmenting them into more levels.
original input mesh by projection, in a similar way to the eqggzh Thus, instead of using mesh simplification, we ts&ture sen-
used in [Katz and Tal 2003]. Alternatively, the segmentedrieSh sitive, isotropic, remeshinflai et al. 2006]. Typically, we might
itself, which has better properties, may be used in dowastrap- make from one to three levels of such FS meshes, each with 1/4
plications. the number of triangles of the previous level. An FS mesh imge



eral has almost equilateral, equally sized triangle®%n How-
ever, it also has the desirable property that triangles largated
along sharp features. This makes it possible to efficieefyesent
models. Moreover, a topological disk on an FS mesh is a goed ap
proximation to a geodesic disk IR®. Let a represent the mapping
between® and®;. It has been shown in [Lai et al. 2006] that the
affine first derivative mappin®a —! maps the unit circlé in RS,
centered at some poirt on @, to an ellipsek in R3, in the cor-
responding tangent plane @fat the poinix. This mapping distorts
the local shape. Therincipal distortions corresponding to princi-
pal curvatures, are the extremal distortions. Thus, thianiges of
the vertices of the ellipse to its center are the correspanpiinci-
pal distortions 1A, i = 1,2, which satisfy

A% =1-WPK +2WPHK; = 1+W?K?, Q)

wherek; are the two principal curvatures, respectively [Lai et al.
2006]. Thus the principal distortions, which can be estedats an
integral quantity, are closely related to the local surfawevatures.
We explain how we use them for segmentation in Section 5.

FS remeshing can be computed by extending an isotropic

remeshing algorithm (e.g. [Alliez et al. 2003; Surazhskyalket
2003; Witkin and Heckbert 1994]) which worksIR? to the feature
sensitive metric ifR®. We use the method in [Lai et al. 2006]. It
uses the iterative method in [Witkin and Heckbert 1994] ttrojze
the sampling, and to further improve the results, geodestantes
computed by the method in [Surazhsky et al. 2005], rather Eha
clidean distances, are used in an energy function which usrac$
spring energies designed to cause vertices to repel onkanot

As geodesic distances are used, an FS mesh contains almo
equilateral triangles with almost identical size in ternishe fea-
ture sensitive metric on the input model. Given such a mdsh, i
each triangle is split into four smaller ones, by insertingegtex at
some appropriate point near the mid-point of each edge gthdtr
ing refined model is still nearly isotropic in this sense. Té#éned
model can be computed as follows. Insert a vertex at the miiltp
of each edge of the coarse level mesh, and project these irewly
serted vertices onto the input modelR3. (The projection can be
done inRR3 or R8. However, it appears to be more robust to do
the projection inR3). The connectivity and positions of the ver-
tices from the coarser level mesh are kept unaltered. Tlsisrea
that vertices do not move globally, and the correspondeatgden
the coarse and finer levels is simply given by the above otiettio
mapping. The new vertices are repositioned using springggne
optimization. The neighborhood used for computing sprinergy
functions can be easily found from the topological neigstmased
on subdivision. The optimization carried out is similar e tone
used for remeshing at the coarsest level. Armijo rule [Kell@899]
step-size control can be incorporated to make the resuk stable.
The initial positions are usually quite close to the recqiiselution,
and it takes just a few iterations to achieve acceptable shing
results.

As noted earlier, it is usually sufficient to remesh modefsah
one to three levels, depending on detail in the input mode|cs
gree of segmentation required. Fig. 3 shows the Armadilldeho
(originally with 345 944 triangles) remeshed with 1766 (left) and
47,024 triangles (right).

5 Hierarchical Segmentation

Use of remeshed models makes segmentation tractable, &nd es
mation of geometric properties efficient. The trianglesiatmodel

as clustered int« meaningful regions using-means clustering,
which assigns triangles to clusters according to distafroes an
iteratively updatedrepresentativetriangle for each cluster. Sec-
tion 5.1 gives our basic approach to clustering-based tuieical

(a) (®)

Figure 3: FS meshes of the Armadillo model at coarser and finer
resolutions

segmentation, Section 5.2 discusses the key issue of déstam-
putation, and Section 5.3 briefly considers how to ensurecteh
region has a smooth boundary.

5.1 Hierarchical Segmentation Approach

Our hierarchical segmentation approach is similar to tho§éatz
and Tal 2003] and [Shlafman et al. 2002]. The main differsrize

Sh the distance computation (see Section 5.2) and the usaubf m

tiresolution remeshing. The number of clustégszan be specified
by the user, or can derived automatically by optimizatiomfkatz
and Tal 2003].

The algorithm proceeds from coarse to fine segmentationeof th
input mesh. Segmentation is performed on the appropriatadsh
and mapped back to the original mesh if desired. Initialig, entire
lowest resolution FS level mesh is segmented into regionbs&
quently, if further segmentation is required, the segntentgro-
cess is applied to the individual regions identified at thevimus
level of segmentation. A finer FS mesh is used if the regionahas
manageable size in this mesh, i.e. contains fewer than aircgre-
specified maximum number (say 10,000) of triangles Otherwis
the coarser FS mesh is still used.

In order to segment a target (the whole object or a regiow) int
smaller regionsk-means clustering is used as follows:

1. Precompute distances between triangles. The distance be-
tween each pair of triangles is computed using a metric which
combines geodesic, curvature-related and geometricreextu
based information.

2. Pick seeds. Seed triangles may be chosen by the user. Oth-
erwise a seed triangle is randomly selected for the first clus
ter, and seeds are found for the other clusters one by one, by
choosing the triangle that has the largest average distance
all other seeds found so far.

3. Assign triangles to the nearest cluster. Each triangle is as-
signed to the cluster to whose representative is closest.

4. Update the representative of each cluster. The representa-

tive r is updated to be the one minimizing

D(f,r);
feRegior(r)

hereD(f,r) is the distance between trianglesindr.



Steps 3 to 4 are iterated; in practice, just a few iteratiarffice
to converge to adequate results.

Note that the precomputed pairwise distances can be uséd aga
for further levels of segmentation if the same resolutioR®fmesh
is used, leading to efficiency.

5.2 Distance Computation

Distance computation is the key step in dagneans clustering al-
gorithm. It affects the clustering outcome and a suitablérime
must be carefully chosen dependent on the problem. Foeciogt
based segmentation, geodesic distance and angular didtane
been used [Katz and Tal 2003; Shlafman et al. 2002; Liu ana&@ha
2004].

Geodesic distance favors segmentation of equal sizednggio
whereas angular distance tries to force region boundaoidg t
where surface direction changes quickly, e.g. at sharpsedbeis
works well for clean models, producing regions typicallpaeated
by (ideally deep) valleys. However, for real, noisy, scahneod-
els, angular distances are less useful. Noisy meshes caaircon
triangles with relatively large dihedral angles betweesmnihIn the
extreme, a small spike on a relatively smooth surface mayege s
mented as a region if its triangles are far from all its newkhin
angular distance. Moreover, the angular distance approswhlly
applies a nonlinear mapping (e.g. the cosine function) éadihe-
dral angles, in order to reduce this distance in flatter regidhe
overall effect for a specific portion of surface depends optivér it
is represented by a few large triangles, or a larger numbs&nafler
triangles.

Like previous authors, we first define the distance between an

adjacentpair of triangles. The distance betweamy pair of trian-
gles on the mesh can then be computed by following the shiortes
path on the dual graph of the mesh, using Dijkstra’s algorith

We define the distance function differently to previous atgh
in terms of integral and statistical information about Ideatures.
In addition to using geodesic distanBgeqq like previous work,
we add two further terms, namely tharvature distance Ry, de-
rived from the mapping distortion dk® geodesic disks, and the
texture distance Rywrethat measures changes in geometric texture
or other statistical surface properties. The distance éetvan ad-
jacent pair of triangle; and f; is overall defined as

D(fh fj) = C- Dgeoo(fh fj)/lsgeod
+  C2-Deunv(fi, Tj)/Deurv
+ (1—c1—¢2) - Drexture( i, fj) /Dtexture

)

where the averagd3, are over all pairs of adjacent triangles. We
typically use 01 < c¢; <0.2and 07 < ¢, < 0.9.

The geodesic distand®yeqd fi, fj) between two adjacent trian-
gles is defined as the sum of the distances from the baryeseuiter
two triangles to the center of the edge that is shared by tloe tw
triangles.

To efficiently compute the other two distance terms, we cdmpu
the mapping distortion at each vertex of the FS mesh. Fortaxer
v, we use an-ring of neighbours (typically = 1 to 3) as an ap-
proximation to aR® geodesic disk. The freedom to choosiffer-
ently provides flexibility to selectively ignore small sedeatures,
allowing a tradeoff between accuracy and robustness. Tiheipr
pal distortionsAnpin and Amax, and corresponding directiortnin
anddmax, can be approximated using the geodesic disk. We find
the shortest and longest distance frete any point on the bound-
ary of this neighborhood using a fast geodesic distance atanp
tion [Surazhsky et al. 2005]. Let these distancedhg andAmax
respectively, with corresponding vectors (projected antdmgent
plane ofv) dmin anddmax. We can estimate the mapping distortion
asAmin = Amin/! @andAmax = Amax/l, wherel is the radius of the

(b)

Figure 4: Distortion estimation and sampling pattern favrgetric
statistics

geodesic disk in the feature sensitive metric. We digg and its
orthogonal direction in the tangent planevodis approximate prin-
cipal directions

We now computé¢yry in Equation 2. For an adjacent triangle
pair fi andfj, we consider the mapping distortidgin the direction
orthogonal to their common edge as follows. Taking the two
verticesv!,v2 opposite teein these triangles, we use their principal
distortions to estimate the mapping distortiin the directiomne
orthogonal tce:

1 S ) )
Ae= 2 Zz(Arlnindlmin +Ar|11axdlrnax) ‘Ne. )
i=T
(see Fig. 4(a))Dcyrv can then be defined as
1
e

wheren is a coefficient controlling the relative importance of con-
vex and concave regions. Cognitive theory emphasises therim
tance of segmentation at concave regionsy sshould be a small
number (e.g. A < n <0.2) for convex regions and @ for concave
ones.G is a sigmoidal nonlinear function used to reduce the effect
of low responses. Its use is very similar to application ef¢bsine
function to dihedral angles when computing angular distandVe
use

(6)

wherec is a threshold;c = 0.5 works well in practice. All the
examples presented in this paper use this setting. for

Most previous methods for mesh segmentation do not take into
account differences in geometric textures when perfornseg-
mentation. While computation of local similarity is podsipit
tends to be expensive, and sensitive to noise. We therefore c
pute statistical properties of integral invariants (eAgin) for use
as descriptors of local surface properties. Another sigtiibegral
quantity, the radius ratip, is given by

G(X)=1— cos(lchin(x, 0)

o= \/Area inR3/Area inRS. (6)
Smallp corresponds to at least one of the principal curvaturegbein
large. It can also be seen from Equation 1 thgt, has a close
relationship to the local average curvature. To use theserig¢ors

for local shapes, given an edgdetween two adjacent trianglds
andf;, we sample a specific neighborhood on either side of the edge
(see Fig. 4(b)). The average and standard deviatioh@f and p

are computed and placed in a vectbi(the standard deviation is
multiplied by a weight to control relative importance of eages

and standard deviations), abBgxtureis thus defined as:

Dtexture= HV| *Vj H2 @)
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Figure 5: Segmentation by texture

By balancing the weights of constituent parts of the distanc
function, our method can produce varying results, as didge
the user. Fig. 5(b) shows an example whBggwre has been em-
phasised to segment a textured object into three regiotisisincase
we usecdt; = ¢ =0.1. The result in Fig. 5(a) was produced with a
weight for Diexture Of 0.

Fig. 5(c) shows another example that segments the flatdetter
SPMfrom a surface covered with a grooved geometric texture. Be-
cause a large neighborhood has been used for geometricetextu
statistics, the locations of the boundaries are not veryrate and
there also exist some rounding effects at corners due toshel
smoothing. A separate boundary optimization process &lito
be necessary in practice to further improve the results.

5.3 Patch Boundary Smoothing

Though our results tend to produce more robust boundarias ne
sharp features than previous methods, by utilising intesgranti-
ties rather than dihedral angles or discrete differentigmgjties,
in some cases, the segmentation results are still jaggedusé/e
feature sensitive smoothifjbai et al. 2006] to improve this. The
basic idea is to optimize discretized spline-in-tensioergn in
the feature sensitive metric. Segmentation boundariabsttepass
through feature regions, and such smoothing has the atailgpap
the boundary to the features. It bears some similarity torggoc
shakes [Lee and Lee 2002], but is much simpler to implement an
avoids local parameterization which includes unavoidafé@ping
distortions.

Region boundary smoothing needs to be done carefully. Aethe
arebranchingvertices on boundaries where three or more regions

Fig. 1 illustrates the main steps of our algorithm using the
‘bunny’ model with 25000 triangles, remeshed using two levels
of FS mesh with 1336 and 4334 triangles, respectively. Two
levels of segmentation are shown, using the coarser andFRiBer
mesh respectively.

Fig. 6 shows segmentation of various objects with our method
The results are better for models with sharp features, esdjyemon-
cave features separating different parts (e.g. Figs. H(atdhe FS
meshes contain elongated triangles which tend to followufes,
so that the computed region boundaries do not need smoothing
models with fewer features, or whose features do not forreezio
loops, slightly more jagged boundaries result, and the setgn
tion is not as robust. For example, in Fig. 6(f), the front leg
cut higher than others, which in some sense is also reasgrizdsl
cause the cut boundary takes into account certain creastéson
model. Our method is robust in the presence of small fluainati
as illustrated by Fig. 6(j). By varying the neighborhoodesizhen
computing integral invariants, the scale of features beamsidered
can be altered. This is a useful property when small scaéepsh
features coincide with large scale, smoother features.v@heus
scanned models segmented in this Figure show the insétysdfv
our method to noise.

Fig. 5 shows an example of segmentation by texture. The $ize o
the statistical neighborhood used affects the textureucagt Our
method can efficiently separate certain kinds of geomegxitutes,
but due to the use dfimplestatistical measures, limitations exist;
we wish to extend it to handle more complex kinds of geometric
texture.

Fig. 7 shows two examples of segmenting models into a larger
number of levels. The original ‘eagle’ model containsB& tri-
angles, and we used a simplified version of the ‘Lucy’ model-co
taining 237278 triangles. Segmentation was done to three levels.
Using hierarchical FS meshes, detail can be retained wheigk
ing the computation time and main memory manageable. Ubing t
finest FS mesh, even the hand of ‘Lucy’ and the foot of the &agl
can be reliably segmented.

We tested our method on a Pentium IV 2.4GHz computer with
1GB RAM. Remeshing a model with 200K triangles to about 10K
triangles takes under a minute. Segmentation time is djreet
lated to the size of the input FS mesh. For models with 4K {rian
gles, local property estimation takes 0.1s, pairwise digtacom-
putation 15.4s, and clustering 1.3s. For models witk frlangles,
the times are 0.2s, 134.8s, and 7.9s respectively. The siem-
inated by computing pairwise distances. Note that smalledeis
require significantly less time to compute. By usinigrarchical
FS meshes, the time for pairwise distance computation iatlgre
reduced.

Compared to previous work, our approach is capable of han-

meet, we cannot move each boundary loop independently. Suchdling complicated models with high efficiency, due to the oée

vertices are detected, and the boundary is split into segmérere
any such vertices exist. Each segment is smoothed seyandié
keeping the locations of the branching vertices fixed (th&tjpms
of the latter could also be optimized too for further impnment).

feature sensitive hierarchical remeshing. Generally,noethod is
relatively insensitive to choices of the parameters in tgeri¢hm.
However, by using an appropriate neighborhood size in thgce
tation of integral invariants, we believe more robust rssmight

The remeshing results can be mapped back to the original in- b€ achieved. Note that the ability to separate certain kirde-

put model if desired using a projection method similar to ¢she
in [Katz and Tal 2003].
Boundary smoothing should be done after projection.

6 Experimental Results

The weightw used for mapping int&8 should be chosen according
to the scale of the input mesh [Lai et al. 2006] In the expenime
reported later, we scaled the models to fit into a bounding dfox
size 1. The choice o is not critical, and we typically used@ <
w<0.1.

ometrictexturemeans our method is particularly useful for certain
types of application.

7 Conclusions

In this paper, a top-down hierarchical mesh surface segatient
algorithm was presented. As it is based on isotropic remegstii

is insensitive to the input triangulation of the mesh. Byngsin-
tegral and statistical properties, problems due to nois@anided,
and textures can also be captured and used to drive the segmen
tion. Hierarchical FS remeshing not only provides an efficteol

for computation, but can handle larger models with more &au



(a) 6,620 triangles
3 patches

(b) 9,984 triangles
6 patches

() 96,972 triangles
6 patches

(g) 35,245 triangles
3 patches

(c) 59,008 triangles
4 patches

(h) 151,558 triangles
8 patches

(d) 654,666 triangles
6 patches

(e) 76,438 triangles
6 patches

(i) 151,558 triangles
8 patches

(j) 345,944 triangles
9 patches

Figure 6: Various segmentation results.

than earlier methods. Use of finer models leads to bettenviell
ing of features, and better region boundaries. Improvedtseare
obtained when more levels of segmentation are used.

We hope to address remaining limitations in the future. The
algorithm is dependent on the initial seed points used, attdb
approaches for their placement needs to be explored. Giwosi
the number of regions automatically and reliably also nedads
ther work. Our statistical approach needs extension tolbandre
complicated textures.
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