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Abstract

In computer graphics, mesh clustering is a key component of various applications such as shape matching or skinning weight
computation, especially when using hierarchical clustering. Garland et al. [GWHOI ] proposed to build a hierarchy of clusters
by simplifying the dual graph of the mesh. We extend their method to provide control over cluster shapes through a combi-
nation of error metrics. Additionally, we alleviate the challenging task of finding an optimal threshold (stopping criterion) by
considering a weighted feature graph that incorporates persistent cluster information throughout the hierarchy.

1. Introduction

Mesh segmentation is a significant research topic in computer
graphics, as it is used for purposes such as reconstruction, mesh
analysis, and skinning weights computation. Typically, mesh clus-
tering aims to achieve either a semantic goal, by identifying mean-
ingful parts, or a geometric goal, by finding geometrically similar
parts. Different approaches have been proposed for geometric clus-
tering such as k-means [SPDF14], mode seeking [LKjK15], vari-
ational [CSADO04] and also hierarchical clustering [GWHO1]. K-
means approaches require to know in advance the target number
of clusters, and mode seeking approaches cannot let user choose
clusters’ shape whereas hierarchical clustering require finding an
appropriate threshold. We propose an algorithm that leverages the
strengths of hierarchical clustering and offers alternative metrics.

2. Method

Our method builds upon a hierarchical clustering algorithm pro-
posed by Garland et al. [GWHOL1]. First, every face is a cluster
then we compute a hierarchical representation by merging clusters
together until a single cluster remains using edge collapse on the
dual graph of the input mesh (each face is a node in the dual and
adjacent faces are connected by an edge). An edge collapse on this
dual graph leads to cluster merging. We consider the boundary of
the face cluster as clear feature lines. The challenge is to compute
a distance metric between nodes that preserves important features
during graph simplification and enhances them via associated mesh
clustering. To do so, we propose to use a weighted combination of
a normal deviation and adjacency based metrics respectively noted
Egir and Eqgjacency to achieve our hierarchical clustering:

E =wgi x Egiy + Wad jacency * Eadjacency ()
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The normal deviation metric is computed through a quadric
like Garland et al. did [GWHO1] measuring normal deviation be-
tween two clusters:
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where n is the normal of optimal plane in cluster a and n; are face
normals in b.

The adjacency metric prevents merging of clusters separated by

a strong feature (a crease or a riff), we compute for all faces in a

cluster adjacent to another cluster the sum of their normal devia-

tion. This gives an adjacency metric that depends on the boundary
size between clusters

Eadjacency,a,b = Z 1.—0.5x (1 +ni,anj,b—r) 3)
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where n; , are boundary face normals of cluster a and n;;, are
their associated boundary face normals neighbors in cluster b.

From a given clustering, we can identify cluster boundaries
edges as feature edges and intersection of 3 or more clusters as a

Figure 1: Effect of our adjacency metric : Hierarchical cluster-
ing [GWHOI] (Left) and our (Right), we can notice feature preser-
vation on the upper part of the leg.
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Figure 2: Construction of a hierarchical clustering, as edge col-
lapse of the dual graph merge clusters.
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Figure 3: Barcode diagram encodes evolution of topology, we ex-
tract lifespan of the topological component to weight our feature
graph.

feature point. This construction results in a feature graph that does
not need post processing to connect edges or feature point.

So far, our method generates a feature graph given a user defined
merging threshold, Figure 2. Choosing an appropriate threshold is
a tedious task for a more automated algorithm thus, we propose to
use a weighted feature graph. We draw inspiration from Persistent
Homology to identify important features and remove topological
noise. Persistent Homology provides a way to analyze and track
the evolution of topological features over varying scales. In this
work, nodes in the hierarchy are the topological components that
have a trivial topology initially, we use the simplification metric as
a distance function between nodes. Considering a complete simpli-
fication sequence in our hierarchical clustering algorithm we end
up with a single node, which is the root of a tree containing every
clusters; the leaves are all the initial face clusters. We can record
this tree and for every pair of edges, infer when associated clus-
ters have been merged. We have information of topological change
through merging of nodes, thus we can record their birth and death
and draw a persistence barcode diagram Figure3 where the length
of the bars correspond to the lifespan of the components. Longer
bars correspond to more robust features whereas shorter bars are
more likely to be topological noise. The weight of an edge in the
feature graph corresponds to the highest persistence value among
all nodes whose boundary contains that edge.

3. Applications

Our motivation for this work is to extend k-way partitioning al-
gorithms for meshes by introducing a feature aware metric in the
weights of the graph. K-way partitioning algorithms seek to find
an as balanced as possible partition of nodes while minimizing
edge cut Directly, we demonstrate an example when using our re-
sulting weights as input for k-way partitioning algorithm such as
METIS [KK99], Figure 4 shows feature aware k-way partitioning.
A more complete work will include exploration of the different
metrics for the hierarchical clustering and a regularization step as
features are not always recovered after the k-way partitioning.

3.1. Conclusions

In conclusion, we showed that we can use hierarchical clustering
for feature detection and moreover multi resolution feature detec-
tion. In future work, we would like to improve our heuristic for
feature graph weights as it does not favor lasting features but fea-
tures that have the last topological "death". Also, adjacency and
shape metrics are difficult to manipulate as they are not normal-
ized, future work shall find a better formulation to ease parameter
manipulation.
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Figure 4: Resulting partitions using METIS [ KK99] from weighted
edges (Left) of 8, 16 and 32 clusters of similar size, minimizing
graph cut and cluster boundaries on feature.
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