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Hierarchical 3D Segmentation Using Connected Face Structure
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This paper describes a new approach for watershed segmentation on triangular mesh. Common water shed approaches use
descending or flooding processes on a connected vertex structure. Watershed transformation is not related to a structure in
particular: it only requires connected elements and a height function. This method is widely used on 2D, 3D images as well
as on 3D meshes. Here, a connected face structure is implemented and adapted to the segmentation process. A connected
face structure offers a different kind of curvature information and neighborhood. The waterfall algorithm based on the
minimum spanning treeis used to compute the merging. Several segmentation schemes are built from the waterfall and they

can easily be browsed by the user.
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1. INTRODUCTION

Polygonal meshes offer an efficient representation of 3D
surfaces, in particular triangular meshes, which areusedin
many applications. In this paper, we deal with triangular
meshes; yet, our method can be adapted to other types of
polygonal meshes. Mesh segmentation has applications for
major problems in visualization and modeling,
metamor phosis, compression, 3D shaperetrieval, collision
detection, texture mapping, etc. The shape of themodelsis
sgnificant and can | ead to different segmentation approaches
depending on whether the problem concerns natural shapes
or mechanical parts. Mesh segmentation methodsare mainly
classified into two groups, the patch-type and the part-type,
the former being related to the creation of patchesthat are
uniform with respect to some properties (e.g., curvature,
distanceto afitting primitive, size or convexity, etc.) [7, 10,
36] and thelatter aiming at identifying partsthat correspond
to relevant features of the shape [22, 15, 47].

In thefollowing, we propose a patch-type segmentation
based on watershed transformation. Our approach isbottom-
up oriented and flooding is performed from the face
curvature. In 2D images, most watershed algorithms are
concerned with the structure of connected pixels and gray
levels (or gradient magnitude) as a height function. On 3D
meshes, the structure of connected vertices and vertex
curvature are generally used to compute the watershed
transformation [25, 33, 43, 1, 6]. The proposed approaches
use a connected face structure (not the dual graph of the
mesh, seefigure 2) and theface curvatureto createthefirst
partition of the mesh. Thewatershed transformation produces
an over-segmentation; techniques such as filtering, using
markersor hierarchical processes, areusually used so asto
avoid this problem. Here, we propose two hierarchical
processes to merge regions of the watershed partition. The
former involves successive merging according to the
watershed depth order; the latter usesthe waterfall scheme

to create several segmentation levels. The remainder of the
paper proceeds asfollows: the next section ded swith related
works about the patch-type segmentation.

Section 3 addresses the curvature calculation from
connected vertex and connected face structures. Section 4
presents the watershed transformation algorithm. Section 5
explains the methods to limit over-segmentation. Finally,
results and discussions are presented in section 6.

2. RELATEDWORK

A formulation of boundary mesh segmentation has been
presented by Shamir in [38]. The mesh segmentation can be
Seen asan optimization problem whereathree dimensional
mesh is defined asatuple{V, E, F} of verticesV, edges E
and faces F. Mesh segmentation algorithms partition the
faces, the vertices or the edges of the mesh. Segmentation
methods generally fall into two classes: region-based and
boundary-based approaches. The latter use special features
of local properties as candidate locations for boundaries;
regions are deduced from these located boundaries. Region
based approacheslook for areaswith similar propertiesthat
define theregions; the boundaries are deduced from them.
The possible approximate solutions for patch-type
segmentation are region growing [42, 46, 45, 28, 20, 29],
watershed approaches[25, 43, 34, 31, 6], hierarchical [10,
36, 39, 2], iterative [40, 37, 16, 7, 32, 18, 17] or spectral
clustering [22, 44]. Some methods are manual or semi-
manual.

They involvetechniques such as graph cut [ 13], shortest
path algorithms[9], simplification [24] or snakes [14, 21,
23].

In thispaper, wefocus on hierarchical approacheswhich
makeit possibletoincrementally build and mergetheregions
until all regions have been merged or when athreshold has
been reached. Hierarchical clustering can start when each
faceisitsown cluster or when aprimary partition hasbeen
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built from a pre-processing step such as region growing or
watershed transformation. The dual graph of the partition
(seeFig. 1) can be used to represent theregion’s connectivity
and neighborhood. Each edge of the dual graph isassigned
acog for merging. Garland et al. [10] proposed ahierarchica
face clustering using L, distance and orientation norms from
representative planes as a planarity measurement. This
measurement is formulated using the quadric error metric.
The regions’ shape can be controlled by adding a
compactness heuristic which improvestheregularity of the
clusters. A similar segmentation schemeisproposed in [36]
but additional tests are performed before merging two
clugterstoincorporate topology constraints, likethe fact that,
for example, each clustered patch must be homeomorphic
to a disk. In the post processing step, smooth boundaries
between the charts are created by calculating the shortest
constrained path. Sheffer [39] worked on the dual graph of
the mesh and contracted edgesin respect to topological costs
including size, shape, curvatureand more. Atteneet al. [2]
proposed a hierarchical segmentation based on fitting
primitives such asaplane, a sphereand acylinder.
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Figure 1: Dual graph of the mesh (a), dual graph of the partition
(b)

The hierarchical segmentation involves an initial
partition composed by faces or regions (built from a pre-
process). The partitioning of 3D surface meshes has been
explored by Mangan and Whitaker [25] who merge adjacent
regions according to the watershed depth. Page et al. [31]
developed afast watershed algorithm usingthe minimarule
[12] to compute the curvature and compared their approach
to Mangan and Whitaker’s method. They showed the
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advantages and drawbacks of using theminimarule, that is
to say using negative curvature minimato define boundaries.
Thedrawbacks, which appear as an ambiguity in theminima
ruletheory, are discussed in [41].

Most of the 3D mesh watershed algorithms derive from
2D methods. Themain algorithmsaredescribedin [35]. The
initial partition computed by watershed transformation can
be considered asthefirst step of ahierarchical process such
as the dynamics [30] or the waterfall [4]. The waterfall
appears as a powerful tool to merge regions and to create
several segmentation levels. Marcotegui and Beucher [26]
proposed an impl ementation of waterfalls based on graphs.
This process helps to create several segmentation levels
quickly. The user can easily browse the different levelsin
order to choose the most suitable one for his application.

In this paper, we deal with watershed transformation
and hierarchical segmentation processeson 3D meshes. The
first hierarchical process providesa solution based on edge
contraction of thedual graphin order tomergeregions built
from the watershed transformation. The second process
correspondstothewaterfall algorithm on 3D meshes adapted
from [26, 8]. Section 5 analyses the advantages and
drawbacks of the two methods.

3. CURVATURE CALCULATION

To perform the watershed transformation, a structure
associating a neighborhood and a criterion to each e ement
isneeded. In 2D images, a pixel has 8 neighbor pixels. In
the case of polygona meshes, vertex and faces may have a
variable connectivity, asit is shown in Figure 2.

For 2D images, the criterion can correspond to a gray
level, a gradient magnitude or a distance function relative
to boundaries in an image based on brightness, color and
texture cues [11]. For polygonal meshes, we associ ate this
criterion to the vertex or face curvature. Several methods
are proposed to calculate the vertex characteristics. Mangan
and Whitaker have pointed out the covariance matrix
efficiency in[25] to compute the curvature. Gaussian, mean
and principal curvatures have been detailed in [27] and a
recent approach [19] has been proposed to estimate local

| "\ [ > | N\
£ Fpe——
>\ | >\ “7
[ T\ [ \"

a\

/\

O;/(I)\o‘f’ o—o<o

Figure 2: Neighborhood relationships for (a) pixels, (b) vertices, (c) triangles and (d) dual graph
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characteristics of the surface by means of integral quantities.
In order to compare the vertex and face connection
approaches, we use the covariance matrix, which offers
relevant curvature information. Thismethod islesssensitive
to noisethan approachesusing dihedral angle measurement
only.

The covariance matrix is given by the variance and
covariancein al threedirections:

o =%Z(ut -0)? o)

, 1 _ _
oo = W;(U‘ ~0)(v, - V) )
ue(x,y,zt ve(x,y,z 3

where N represents the number of triangles associated with
thisvertex (or face) and {x, y,, z} arethe componentsof the
normal for trianglet. Curvature Cis defined by the Euclidean
norm of the covariance matrix M. In the case of a connected
face structure, components of the central trianglenormal can
beused instead of g and v .

Cw Oy Oy
C=[M | with M =|c, o, o, 4

In the case of a connected face structure, thereare more
neighborsthan in the case of a connected vertex structure;
thisallows usto easily differentiate the sgnificant curvature,
with a view to reducing noise. Neighbor triangles do not
have the same type of connection; some are connected to
the face by one of the edges while others are connected by
one of the vertex as it is shown in Figure 2. Keeping all
triangles connected givesthebest curvatureinformation and
watershed computation while keeping a maximum of three
triangles connected by one of the edges only, ensures the
best time calculation but a less accurate curvature and
watershed.

4. WATERSHED TRANSFORMATION

This section describes the approach used in this watershed
algorithm and the features of the implementation. The
bottom-up approach of watershed transformation is a
segmentation technique which simulateswater risng on the
imagerelief from thelocal minima. Several kindsof height
function can beused (height function considering gray level
intensity isshown in figure 3).

Theflooding startsfrom local minimaand incrementally
fills the basins until they connect to its neighbors. A
watershed is generated where basin collision occurs
(Figure4).

Figure 4: A one dimensional example of water shed transfor mation. The different levels of flooding. Flooding start from minima;

basin collisions gener ate a water shed
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The use of hierarchical queues is one of the best
solutions to build a watershed on 2D images quickly. The
hierarchical queue [5] is made up of several FIFO queues
and each queue correspondsto alevel (grayleve or gradient
magnitude on 2D images, curvature or roughness
measurement on 3D meshes, etc.). Queues are sorted per
level and a queue can be unstacked only when the previous
gueues have been emptied (Figure5).
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Figure 5: Watershed transfor mation based on hier archical queue

The process usesthefollowing steps. First, the minima
are stacked into their corresponding queue. Each minimum
(element or plateau) obtainsalabd. Thefirst element of the
first queueis unstacked, then its non conflicting neighbors
are stacked in their corresponding queues and receivetheir
root element label. The conflicting elementsarelabelled as
watershed. Infigure 6, theresultsare obtained by ca culating
the hierarchical queue watershed algorithm of 3D models
with the two approaches. Section 6 offers a comparison of
these methods.

5. HIERARCHICAL SEGMENTATION

As it can be seen in figure 6, the output of watershed
transformation quite badly suffers from over-segmentation.
To avoid this problem, two methods are used: forcing
specific regionswith markersand hierarchical segmentation.
The former is very accurate but supposes that the
characteristics of the object are known, the latter offersthe
choice between several levels of segmentation. The general
case is considered in this article and two hierarchical
segmentation algorithms are proposed in the following.
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Figure 6: Hierarchical queue watershed transformation on
connected vertex structure on theleft and on connected
face structure on the right

Figure 7. Watershed depth

Theresult of thewatershed isused asan input partition
of the hierarchical segmentation algorithm. Thispartitionis
composed of regions separated by watersheds (see figure
1b). Our algorithms are based on the contraction of dual
graph edges: two neighbor catchment basinsare considered
as an edge with a depth value (Figure 7). Depth P of the
watershed saddle point S between regions a and b
corresponds to the difference between the saddle
point curvature and the minimum curvature of the regions
aandb:

P(S(R,R)) =C(S)-min(R,R)
=max(h, h)

The edges are composed of the el ement (vertex or face)
list of the watershed. Each region containsits element list,
its minimum curvature and its watershed list. A treenodeis
used to represent the region merging. For each region, anode
iscreated from the region information. The merging can now
be computed.

5.1 Successive Merging

The first algorithm corresponds to the successive
contractions of the dual graph edgesin respect to edgevalue
order. The val ue of each edge corresponds to the watershed
depth. The region merging from the watershed depth has
been introduced by Mangan and Whitaker in [25]; here we
propose a new formulation based on the minimum spanning
tree (MST). In order to allow a quick browsing of the
different ssgmentation levels, each node created by an edge
contraction receivesthe following information:

* thenodechildlist

* anew labd

» theexternal edgewatershed list

* theinternal edgewatershed list

Each merging involvesthe watershed depth cal culation
of the new region and a new sorting of watershed depth list.
When nodes are merged, their shared watersheds are
removed, however, they must be stored inthenodeasinterna
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watershed because they exist at an inferior level of thetree
(an internal watershed belongsto a single node only); then
label attribution is quickly carried out. Figure 8 shows the
partition computed from the watershed transformation and
the minimum spanning tree built from the successive dual
graph edge contractions. Figure 10 provides the region
minima value and the saddle point curvature of the
watersheds on the left and the corresponding dua graph of
the partition on the right. The connectivity of the eight
regions is represented by the dual graph. Merging can be
done considering only one or several dual edge contractions
at the sametime. If two minimum edges havethe sameval ue,
the one whose the saddle point curvature is the lowest can
be chosen first. In this example, we allow multiple
contractions when several minimum edges are detected.
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Figure 8: Partition created by the water shed transfor mation (a)
and minimum spanning tree built from the successive
region merging (b)

Our method invol ves the dynamic construction of the
minimum spanning tree. At thefirst iteration, edgewith a
value of 2 are contracted which allowsthe merging of regions
{R, R} inR andregions{R,, R} in R . These edges are
the lowest and the first ones to be contracted. The creation
of new regionsrequiresthe computation of new minimaand
edge value. Region R;’s minimum corresponds to min(R,,
R). Theold value (10 — 3 = 7) becomes (10 — 2 = 8). One
or several dual graph edges can be removed during the
creation of aregion. At the second iteration, theedgewith a
value of 4 is contracted.
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Figure 9: Regions merging tree. Node infor mation corresponds
to edge values and to the merging order from node {2
- R}

Region R, is created and the values (13 — 4 = 9) and
(10 — 4 = 6) become (13 — 2 = 11) and (10 — 2 = 8)
respectively. The process stops when only one region
remains. Figure 9 showsthe different steps of the merging.
Flooding always follows the minimum height path. The

minimum spanning tree is built from the successive edge
contractions (see figure 8b) and cannot be obtained directly
asit can be seen by comparing edge valueson the MST and
the initial partition. New partitions are obtained by
contracting all MST edges whose values are below a
threshold. The MST appears as a very condensed way to
store the information and allows very efficient
implementation of hierarchical segmentation approaches.
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Figure 10: The successive contractions of the dual graph edges.
Region minima and saddle point curvatureson the left,
value (watershed depth) of the dual graph edges on
theright.

5.2 TheWaterfall

The Waterfall has been introduced by Beucher in [4] and
correspondsto a hierarchical approach selecting among all
the contours of the watersheds those which are completely
surrounded by higher contours. A simplified partition is
obtained by removing these contours. The process may be
iterated until a single region covers the whole mesh. The
Waterfall algorithm presented in [26] uses the minimum
spanning tree of the partition. All local minimum edges of
the MST obtain a different label. Other MST edges are
browsed in the increasing order and are label ed according
to the label of the lowest neighbor edge. An edge is not
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labelised if more than one neighbor edge is assigned to a
different label. Figure 11 showsthefirst waterfall iteration.
The MST edges with values of 2 and 4 are considered as
local minima and obtain a different label; thereby, the
partition of the first waterfall iteration possesses three
regions. Two other MST edges can be contracted at this
iteration. At the second iteration, only onelocal minimum
isfound. Thisinvolvesthemerging of al remaining regions.
TheWaterfall technique hel psto extract the main regions at
each iteration which considerably reducesthesearch for the
best segmentation level asit isshown in figure 12.

eSS

Figure 11: Minimum spanning tree (a) and the first waterfall
iteration (b)
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Thewaterfall processfindsonly one sesgmentation level
in this example whereas the successive merging process
buildsthreelevels at |east. The successive merging process
isinteresting in the case of low resolution modelsbut is not
appropriate for high resolution modedls. The main advantage
of the waterfall process is to create some partitions
containing the main regions at different levels. Only few
segmentation level sare proposed which easesthe search for
the best one. The waterfall process can merge too many
regions between two iterations but additional function can
be used to browse intermediary merging between two
waterfall iterations.

6. DISCUSSIONAND RESULTS

We have presented two waysto characterizethe mesh surface
by calculating the vertex curvature and the face curvature.
The samewatershed processis used to compute the flooding
on aconnected vertex structure or a connected face structure.
We provide two merging methods rel ative to the tradeoff
flexibility / efficiency. Most of the segmentation methods
are sensitive to the shape of the 3D model. Some methods

m } All regions are merged

R
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Figure 12: Regions mer ging tree built by the waterfall process. Node information corresponds to local minimum edge values and to

the region number.

are adapted to mechanical parts whereas others help
segmenting smooth patches on natural shapes. The faces
curvature providesa good surface characterization in either
case and avoidsfocusing on the n-neighborhood of vertices.
Figure 13 shows several models segmented at the best
segmentation level and a comparison of waterfall
segmentation carried out on connected face structure and
on connected vertex structure,

Faces are nearly twice as many as vertices and they
have alarger neighborhood; then, connected face structure
gives a proportionately important computation time. In a
noise filtering way, a greater number of faces makes it
possible to easily differentiate the significant curvature.
Connected face structures lead to longer watershed
computation but also to a lower number of regions and a
better characterization of the different segmentation levels
as shown in figure 13 and table 1. Each model’s

segmentation feature appears on table 1. All models have
been segmented by the waterfall process which each time
gavethe best segmentation results. Pre-processing and post-
processing are not addressed here; they constitute
complementary approaches to improve segmentation. Attene
et al. [3] recently proposed a comparative study of the latest
mesh segmentation methods; they defined several criteria
in order to compare the five methods they dealt with. In the
following, we describe these criteria and discuss the
efficiency of our method.

Type of segmentation: the modelspresented here often
appear in the mesh segmentation literature. They are used
by the two main segmentation families which are the part-
type segmentation and the patch-type segmentati on. Among
the different kinds of segmentation, our approach focuses
on patch-type segmentation of 3D meshes from curvature
information.
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Figure 13: Comparison of the two approaches (connected vertex
structure on the left, connected face structure on the
right)

Extracting the correct patches: as explained in [3],
defining the correct component of a given model is
impossible. The right segmentation depends on the
application, the viewer’s perspective and the knowledge of
the world. In most papers, the correctness of the
segmentation is only obtained by looking at the images
themselves. Our method uses the watershed transformation
and local minimain order to create patches. The boundaries
and patch minimaare used to computethe watershed depth
of each boundary. The minimum spanning tree of the
partition can be built from successive contraction of dual
graph edges as explained in section 5.1. The waterfall
algorithm based on the MST helps to generate several
segmentation schemes and find the most suitable
segmentation level of the application very quickly.

Boundaries quality: the boundaries are made in
respect to the scheme of the watershed process and regions
meet at their highest curvature area. Our merging process
successively removes some boundaries at each
segmentation level. Additional process could be used to
control some geometric properties such as boundary
smoothness, boundary length and itslocation along concave
features, etc.

Hierarchical segmentation: some methods open the
possibility of browsing several segmentation levels. In[2],
theiterative clustering is computed several times depending
on the maximum number of clustersor on athreshold error.
The user may interactively move a dider which sets the
desired number of clusters (or the threshold error). We
propose here a dider which makes it possible to select the
different partitions computed from the waterfall.

Sendtivity tothe pose: in the case of part-type methods,
the sensitivity to the pose is important. A retrieval method
can involve a segmentation process which must decompose
the same parts whatever the pose of the 3D model [15]. In
the case of patch-type methods, the geometric properties of
themodel can bevery different depending on the pose. This
criterion, defined in [3], is not concerned directly with the
patch-type segmentation.

Calculation time: al performance measurements for
the segmentation algorithm were made on a 2.8 Ghz Intel
Pentium IV system. The running time of the watershed
transformation and the merging process vary between 1 ms
for model Mushroom and 72.4 sfor model Shark. Thistime
span strongly depends on the number of vertices and faces.
Table 1 shows the number of regions created by the
watershed transformation and the reduction obtained with
the chosen level of segmentation. We estimate the best level
of segmentation in terms of patch-segmentation and we can
see that this level can easily be found because of the low
number of levels to browse. Table 1 shows the number of
regions for each model and each type of structure after the
watershed transformation; it gives the last number level
(whereall regions are merged) and the chosen segmentation
level.
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Table 1
Summary of the relative features of the different approaches applied to the models in Figure 13

Models Type Merging Number of Computation
level / Max regions/ max time (ms)

Mushroom Vertex 2/3 4/27 1
(226 vertices, 448 faces) Face 1/2 3/15 2
Head Vertex 5/10 48 /423 53
(2363 vertices, 4640 faces) Face 2/4 33/130 146
Fandisk Vertex 3/5 26/ 367 738
(6475 vertices, 12946 faces) Face 3/5 16/ 237 2738
Mannequin Vertex 2/9 81/325 788
(6743 vertices, 13424 faces) Face 2/8 67 /259 3028
M oai Vertex 6/13 91/1109 2423
(10002 vertices, 20000 faces) Face 4/10 50/573 7178
Shark Vertex 10/19 48/ 747 2239
(10054 vertices, 20104 faces) Face 5/10 30/377 7240

Control parameter: a slider is provided to set the
segmentation level rather than athreshold. All segmentation
schemes can be stored efficiently in the merging tree
presented in figure 12.

7. CONCLUSIONS

Our approach usestheface curvatureinformation to compute
the 3D segmentation. We have presented a comparison of
segmentations with different structures and showed that
connected face structure entailed the best segmentation. We
usethewatershed transformation and the waterfall algorithm
based on the minimum spanning tree to create several
partition schemes and open the possibility to browse the
different segmentation levels quickly. Future studies will
involvethe adaptation of our method to specific applications.
We are studying the efficiency of different criteria such as
the distance to crest line, vertex and face curvature,
roughness measurement, etc. in order to build amore specific
height function for the watershed transformation and the
waterfall.
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