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ABSTRACT: This paper presents an unsupervised approach for region matching and core segmentation in 3D mesh
processing. Traditional methods for 3D mesh segmentation often rely on supervised learning, which requires labeled
datasets and is computationally expensive. Our proposed method leverages unsupervised learning techniques to identify
and match regions in 3D meshes without the need for annotated data. The core segmentation process involves
clustering mesh vertices based on geometric and topological features, followed by region matching using a novel
similarity metric. Experimental results on benchmark datasets demonstrate the effectiveness of our approach in
achieving accurate and efficient segmentation, outperforming existing unsupervised methods. This work has potential
applications in computer graphics, medical imaging, and robotics.

KEYWORDS: Multi-Feature Fusion, Edge Preservation.
L. INTRODUCTION

Image segmentation is commonly defined as the process of partitioning an image based on content similarity, such as
regions of homogeneity. However, modern segmentation approaches increasingly incorporate interactive techniques that
tailor the segmentation process to a specific content localization task. This interactive paradigm allows users or
automated preprocessors to guide the segmentation algorithm, ensuring the extracted content aligns with desired features.
An effective interactive segmentation algorithm should meet four key criteria: (1) rapid computation, (2) efficient editing
capabilities, (3) adaptability to generate arbitrary segmentations with sufficient user input, and (4) intuitive segment
outputs. The proposed random walker algorithm satisfies all these requirements. Initially introduced in a condensed form
at a conference, this algorithm solves a sparse, symmetric, and positive-definite system of linear equations, which can be
efficiently computed using various numerical methods. Moreover, it supports fast iterative editing by leveraging previous
computations as initialization points in an iterative solver. With adequate user guidance, it can produce precise and
customizable segmentations.

In this framework, an image (or volumetric data) is treated as a discrete entity represented as a graph, where each node
corresponds to a pixel or voxel, and edges define relationships between them. Each edge is assigned a weight reflecting
the likelihood of traversal by a random walker, with zero-weight edges preventing movement. By formulating the
problem in a graph-based manner, the approach avoids discretization errors and enables seamless application to surface
meshes or spatially variant images. Throughout this discussion, we refer to individual elements as pixels in the context of
image intensity values and nodes in the context of graph theory.

Although the method is inspired by random walks, direct sampling from this distribution for large-scale segmentation
tasks is computationally impractical. Fortunately, prior research has established that the probability of a random walker
reaching a designated seed point corresponds exactly to the solution of the Dirichlet problem, where boundary conditions
are imposed at seed locations—fixing the probability at the target node to unity while setting all others to zero. Advances
in discrete calculus have further clarified the relationship between random walks on graphs and discrete potential theory,
revealing a direct connection to electrical circuit models. In this analogy, the solution to the combinatorial Dirichlet
problem can be interpreted as the distribution of electric potentials in a resistor network, where edge weights represent
conductance and boundary nodes serve as fixed voltage sources.
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II. LITEARTURE SURVEY

The segmentation of 3D meshes into meaningful regions has been a widely studied problem in computer graphics,
computer vision, and geometric processing. This section provides an overview of existing work in supervised and
unsupervised mesh segmentation, region matching, and core segmentation, with a focus on identifying gaps and
challenges in current approaches.

2.1 Supervised Mesh Segmentation

Supervised learning methods for 3D mesh segmentation rely on labeled datasets to train models that can predict segment
boundaries. These methods have achieved significant success in recent years, particularly with the advent of deep
learning techniques.

e Deep Learning Approaches: Methods such as MeshCNN [Hanocka et al., 2019] and PointNet [Qi et al., 2017] have
demonstrated the ability to learn complex features directly from 3D data. These approaches typically require large
annotated datasets, which can be costly and time-consuming to produce.

e Graph Convolutional Networks (GCNs): GCNs have been applied to 3D mesh segmentation by treating meshes as
graphs and leveraging their topological structure [Kipf & Welling, 2016]. While effective, these methods often struggle
with generalization to unseen or diverse mesh structures.

e Limitations: Supervised methods are limited by their dependency on labeled data and their inability to generalize to
new or complex mesh structures without retraining.

2.2 Unsupervised Mesh Segmentation

Unsupervised methods aim to segment 3D meshes without the need for labeled data, making them more flexible and
scalable. These methods typically rely on clustering algorithms or feature-based approaches.

e Clustering-Based Methods: Techniques such as k-means, spectral clustering, and mean shift have been applied to
3D mesh segmentation by grouping vertices based on geometric or topological features [Shapira et al., 2008]. These
methods are computationally efficient but may struggle with complex or noisy meshes.

o Feature-Based Methods: Approaches that extract handcrafted features, such as curvature, normals, and geodesic
distances, have been widely used for unsupervised segmentation [Attene et al., 2006]. However, these methods often
require careful tuning of parameters and may not capture high-level semantic information.

o Recent Advances: Recent work has explored the use of unsupervised deep learning techniques, such as autoencoders
and self-supervised learning, to learn meaningful representations of 3D meshes [Achlioptas et al., 2018]. These methods
show promise but are still in their early stages.

2.3 Region Matching in 3D Meshes

Region matching involves identifying corresponding regions across different meshes, which is a critical task for
applications such as shape retrieval, registration, and deformation transfer.

o Feature Descriptors: Methods such as ShapeDNA [Reuter et al., 2006] and Heat Kernel Signatures [Sun et al.,
2009] have been used to describe regions in 3D meshes for matching. These descriptors are robust to isometric
deformations but may struggle with non-isometric transformations.

e Graph Matching: Graph-based approaches treat regions as nodes in a graph and use graph matching algorithms to
find correspondences [Zass & Shashua, 2008]. These methods are effective but computationally expensive for large
meshes.

e Learning-Based Matching: Recent work has explored the use of deep learning for region matching, but these
methods typically require labeled data for training [Litany et al., 2017].

2.4 Core Segmentation

Core segmentation focuses on identifying the most salient or central regions of a 3D mesh, which is useful for
applications such as shape analysis and simplification.

o Saliency Detection: Methods such as mesh saliency [Lee et al., 2005] and curvature-based saliency [Takahashi et al.,
2007] have been used to identify salient regions in 3D meshes. These methods are effective but may not always capture
semantically meaningful regions.
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o Centrality Measures: Graph-theoretic approaches, such as betweenness centrality and eigenvector centrality, have
been applied to identify core regions in 3D meshes [Shi & Malik, 2000]. These methods are computationally efficient but
may require manual tuning of parameters.

¢ Unsupervised Core Segmentation: Limited work has been done on unsupervised core segmentation, particularly in
the context of region matching.

2.5 Gaps and Challenges

Despite significant progress in 3D mesh segmentation and region matching, several challenges remain:

1. Dependency on Labeled Data: Supervised methods require large annotated datasets, which are often unavailable or
expensive to produce.

2. Generalization: Many existing methods struggle to generalize to unseen or diverse mesh structures.

3. Robustness: Unsupervised methods may be sensitive to noise, scale variations, and topological changes.

4. Semantic Understanding: Current approaches often lack the ability to capture high-level semantic information,
which is critical for meaningful segmentation and matching.

III. PROPOSED APPROACH

This section presents the proposed unsupervised framework for region matching and core segmentation in 3D mesh
processing. The approach consists of four main steps: (1) feature extraction, (2) clustering for region segmentation,
(3) region matching, and (4) core segmentation. Each step is designed to leverage the geometric and topological
properties of 3D meshes without relying on labeled data.

3.1 Overview

The proposed framework aims to achieve accurate and consistent segmentation of 3D meshes into meaningful regions,
followed by matching corresponding regions across different meshes and identifying core regions. The key steps are:

1. Feature Extraction: Extract geometric and topological features from the 3D mesh to represent its structure.

2. Clustering for Region Segmentation: Use unsupervised clustering algorithms to group mesh vertices into regions
based on the extracted features.

3. Region Matching: Develop a similarity metric to match regions across different meshes.

4. Core Segmentation: Identify core regions based on centrality measures or saliency detection.

3.2 Feature Extraction

The first step in the proposed approach is to extract meaningful features from the 3D mesh that capture its geometric and
topological properties. These features serve as the basis for clustering and region matching.

¢ Geometric Features:

o Curvature: Compute principal curvatures (mean, Gaussian, and principal directions) at each vertex to capture local
surface properties.

Normals: Extract vertex normals to represent the orientation of the surface.

Geodesic Distances: Calculate geodesic distances between vertices to capture global shape information.

Topological Features:

Adjacency: Represent the connectivity between vertices using adjacency matrices.

Laplacian Eigenmaps: Compute Laplacian eigenmaps to embed the mesh in a low-dimensional space while
preserving its topological structure.

o Feature Representation:

o Combine geometric and topological features into a unified feature vector for each vertex.

o Normalize the features to ensure consistency across different meshes.

O O ® O O

3.3 Clustering for Region Segmentation

The next step is to group mesh vertices into regions using unsupervised clustering algorithms. The goal is to partition the
mesh into semantically meaningful regions based on the extracted features.

¢ Clustering Algorithms:

o k-Means Clustering: Group vertices into & clusters based on their feature vectors. The number of clusters (k) can be
determined using the elbow method or silhouette score.
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o Spectral Clustering: Use the Laplacian matrix of the mesh to perform spectral clustering, which is effective for
capturing complex structures.

o Mean Shift Clustering: Apply mean shift clustering to identify regions based on the density of feature vectors.

e Post-Processing:

o Merge small clusters or split large clusters to ensure region consistency.

o Smooth region boundaries using mesh smoothing techniques.

3.4 Region Matching

Once the mesh is segmented into regions, the next step is to match corresponding regions across different meshes. This is
achieved using a novel similarity metric that accounts for both local and global mesh characteristics.

e Similarity Metric:

o Feature-Based Similarity: Compute the similarity between regions based on their feature vectors (e.g., using cosine
similarity or Euclidean distance).

o Graph-Based Matching: Represent regions as nodes in a graph and use graph matching algorithms to find
correspondences.

o Robustness to Noise: Incorporate robustness to noise and structural variations by weighting features based on their
reliability.

e Matching Algorithm:

o Use a greedy algorithm or Hungarian algorithm to find the optimal matching between regions.

o Refine the matching using iterative optimization techniques.

3.5 Core Segmentation

The final step is to identify core regions in the 3D mesh, which represent the most salient or central parts of the shape.
Saliency Detection:

Compute mesh saliency using curvature-based or heat kernel-based methods.

Identify regions with high saliency scores as core regions.

Centrality Measures:

Use graph-theoretic measures, such as betweenness centrality or eigenvector centrality, to identify central vertices.
Group central vertices into core regions based on their connectivity.

Post-Processing:

Smooth core region boundaries and ensure consistency across different meshes.

O ®© O O ®© O O e

IV.EXPERIMENTAL RESULTS AND DISCUSSION

This section presents the experimental evaluation of the proposed unsupervised framework for region matching and core
segmentation. We describe the datasets, evaluation metrics, baseline methods, and results, including quantitative and
qualitative analyses.

4.1 Experimental Setup
e Datasets:
o COSEG Dataset: A benchmark dataset for 3D mesh segmentation, containing meshes of objects such as chairs,
vases, and tele-aliens.
o SHREC Dataset: A dataset with meshes of human bodies, animals, and other objects, commonly used for
shape retrieval and segmentation tasks.
o Princeton Segmentation Benchmark: A dataset with meshes of various objects, annotated with ground truth
segmentations.
e Implementation Details:
o The proposed framework was implemented in Python using libraries such as PyMeshLab, NumPy, and scikit-
learn.
o Feature extraction and clustering were performed on a standard desktop computer with an Intel i7 processor and
16GB RAM.
o The number of clusters (k) for k-means clustering was determined using the elbow method.
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e Baseline Methods:
o Supervised Methods: MeshCNN [Hanocka et al., 2019] and PointNet [Qi et al., 2017].
o Unsupervised Methods: Spectral clustering [Shapira et al., 2008] and curvature-based segmentation [Attene et
al., 2006].

4.2 Evaluation Metrics

To evaluate the performance of the proposed framework, we used the following metrics:

1. Rand Index (RI): Measures the similarity between the predicted segmentation and the ground truth.

2. Dice Coefficient (DC): Evaluates the overlap between predicted and ground truth regions.

3. Hausdorff Distance (HD): Measures the maximum distance between the boundaries of predicted and ground truth
regions.

4. Accuracy (ACC): Computes the percentage of correctly classified vertices.

4.3 Results

e  Quantitative Results:

The proposed framework was evaluated on the COSEG, SHREC, and Princeton datasets. The results are summarized in
Table 1.

Dice
Datas Rand Hausdorff Accuracy
Method Coefficient
et Index (RI) Distance (HD) (ACC)
(DC)
COSEG  Proposed 0.92 0.89 0.08 0.91
MeshCNN
_ 0.94 0.91 0.06 0.93
(Supervised)
Spectral
i . 0.85 0.82 012 0.84
Clustering
SHREC  Proposed 0.29 0.87 0.10 0.588
PointMet
0.91 0.89 0.09 0.90
(Supervised)
Curvature-
0.20 0.78 0.15 0.79
Based
Princet
Proposed 0.90 0.28 0.09 0.89
an
MeshCNN
_ 0.92 0.90 0.07 0.91
(Supervised)
Spectral
0.23 0.81 0.13 0.82
Clustering
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V. CONCLUSION

In this paper, we presented a novel unsupervised framework for region matching and core segmentation in 3D mesh

processing. The proposed approach addresses the limitations of existing supervised methods by leveraging the intrinsic

geometric and topological properties of 3D meshes, eliminating the need for labeled data. The key contributions of this

work include:

1. Unsupervised Framework: A comprehensive framework for region matching and core segmentation that does not
rely on annotated datasets, making it more flexible and scalable.

2. Feature Extraction: A robust feature extraction method that combines geometric (e.g., curvature, normals) and
topological (e.g., adjacency, Laplacian eigenmaps) properties to represent 3D mesh regions effectively.

3. Clustering and Matching: The use of clustering algorithms (e.g., k-means, spectral clustering) and a novel
similarity metric for accurate region segmentation and matching.

4. Core Segmentation: A method for identifying core regions based on saliency detection and centrality measures,
which aligns well with human perception.

Future Work

To address these limitations and extend the capabilities of the proposed framework, future work could focus on:

1. Efficient Algorithms: Developing more efficient algorithms for feature extraction and clustering to handle large-
scale meshes.

2. Semantic Segmentation: Incorporating semantic information into the unsupervised framework to improve
segmentation accuracy.

3. Real-Time Applications: Adapting the method for real-time applications, such as virtual reality and robotics.

4. Generalization: Enhancing the generalization ability of the method to handle diverse and unseen mesh structures.
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