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ABSTRACT

Image segmentation is an important research area in computer vision and its applications in different
disciplines, such as medicine, are of great importance. It is often one of the very first steps of computer
vision or pattern recognition methods. This is because segmentation helps to locate objects and bound-
aries into images. The objective of segmenting an image is to partition it into disjoint and homogeneous
sets of pixels. When segmenting an image it is natural to try to use graph partitioning, because seg-
mentation and partitioning share the same high-level objective, to partition a set into disjoints subsets.
However, when using graph partitioning for segmenting an image, several big questions remain: What
is the best way to convert an image into a graph? Or to convert image segmentation objectives into
graph partitioning objectives (not to mention what are image segmentation objectives)? What are the
best graph partitioning methods and algorithms for segmenting an image? In this chapter, the author
tries to answer these questions, both for unsupervised and supervised image segmentation approach,
by presenting methods and algorithms and by comparing them.

1. INTRODUCTION

Image segmentation aims to partition an image
into a set of regions which should be at the same
time visually distinct and uniform regarding some
properties such as gray level, color, shape or tex-
ture. Segmentation is the very first step and a key
issue in many computer vision domains such as
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objectrecognition, event detection, video tracking,
image restoration or scene reconstruction. Image
segmentation isused in many applications such as
medicine, robotic, industry, etc, where the quality
of the final result greatly depends on the quality
of the first step: image segmentation.

Image segmentation problems can be modeled
by graphs and then, graph partitioning algorithms
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may be used to find the desired image regions.
This modeling can be made either trough an un-
supervised approach or trough a supervised one.
In the latter, the user has to seed the parts of the
image to be segmented, on the other the user had
at most to know the number of parts in which the
image should be segmented. The graph partition-
ing image segmentation process is divided into
three main steps:

1. Image into graph conversion
2. Graph partitioning optimization
3. Partition projection to the image

The first step converts an image, which is
either in color or black and weight, textured or
not, small or huge, into a graph. The objectives of
this first step are to translate both local and global
image information into the graph, like grayscale
differences, texture information, patterns, etc.
The second steps partitions the resulted graph
by optimizing an objective function. The third
and last step projects the partition of the graph
directly onto the original image. Of course, the
partitioning step is very sensitive to the image
into graph conversion. A poor graph weighting
and structure results to a poor segmentation even
if the partition is optimal regarding the objective
function. Moreover, it should be noticed that the
objective function can not reflect perfectly the
image segmentation problem.

What constitutes a good image segmentation?
Haralick and Shapiro propose four criteria which
have become a classical standard for image seg-
mentation evaluation (Haralick & Shapiro, 1985):

1.  Intra-Region Uniformity: Regions should
be uniform and homogeneous with respect
to some characteristic(s).

2. Inter-Region Disparity: Adjacent regions
should have significant differences with
respect to the characteristic on which they
are uniform.

3. Region interiors should be simple and with-
out holes.

4.  Boundaries should be simple, not ragged,
and be spatially accurate.

Criteria 3 and 4 measure semantic cues of
objects, such as shape.

Image segmentation objective functions often
refer to one or more of these criteria. Those ob-
jective functions combined in some arrangement
intra-region uniformity and inter-region disparity
either by making a weighted sum of them or by
dividing them.

This chapter is composed of four sections: This
firstintroductive section; the second section, which
explains how to convert an image into a graph.
It also presents the classical methods for doing
this conversion, and what can be done to improve
them. The third section details the unsupervised
image segmentation approach based on graph
partitioning. It details two main graph partition-
ing methods: spectral and multilevel methods.
The fourth section presents the supervised image
segmentation approach based on graph partition-
ing and shows several methods to solve it. The
last section provides discussions, perspectives
and concluding remarks.

2. IMAGE INTO GRAPH
CONVERSION

The very first step of image segmentation based on
graph partitioning is to convert images into graphs.

In this chapter, we formally define a graph
G as a pair (V,E), where V is a finite
set of elements called vertices, and
E= {(v,v'>\v € V,v'eV} is a set of pairs of
vertices called edges. Two vertices v and v’ are
said to be adjacent if their pair is an edge, i.e.
there exist an edge e = (v,v) € E. We also say
that the vertices v and v’ are incident to the edge
e. The degree of a vertex is the number of edges

73



21 more pages are available in the full version of this document, which may
be purchased using the "Add to Cart" button on the publisher's webpage:
www.igi-global.com/chapter/unsupervised-supervised-image-segmentation-
using/69071

Related Content

Shape Codification Indexing and Retrieval Using the Quad-Tree Structure
Saliha Aouat (2013). International Journal of Computer Vision and Image Processing (pp. 1-21).
www.irma-international.org/article/shape-codification-indexing-retrieval-using/78367

Image Enhancement Under Gaussian Impulse Noise for Satellite and Medical Applications
Hazique Aetesam, Suman Kumar Majiand Jerome Boulanger (2023). Handbook of Research on Computer
Vision and Image Processing in the Deep Learning Era (pp. 309-342).
www.irma-international.org/chapter/image-enhancement-under-gaussian-impulse-noise-for-satellite-and-medical-
applications/314005

Digital Color Image Processing Using Intuitionistic Fuzzy Hypergraphs
Fateh Boutekkouk (2021). International Journal of Computer Vision and Image Processing (pp. 21-40).

www.irma-international.org/article/digital-color-image-processing-using-intuitionistic-fuzzy-hypergraphs/282059

Discriminative Zernike and Pseudo Zernike Moments for Face Recognition

Chandan Singh, Ekta Waliaand Neerja Mittal (2012). International Journal of Computer Vision and Image
Processing (pp. 12-35).

www.irma-international.org/article/discriminative-zernike-pseudo-zernike-moments/72313

Computational Approaches to Measurement of Visual Attention: Modeling Overselectivity in
Intellectual and Developmental Disabilities

Nurit Haspel, Alison Shelland Curtis K. Deutsch (2013). Developing and Applying Biologically-Inspired
Vision Systems: Interdisciplinary Concepts (pp. 31-43).
www.irma-international.org/chapter/computational-approaches-measurement-visual-attention/72023



http://www.igi-global.com/chapter/unsupervised-supervised-image-segmentation-using/69071
http://www.igi-global.com/chapter/unsupervised-supervised-image-segmentation-using/69071
http://www.irma-international.org/article/shape-codification-indexing-retrieval-using/78367
http://www.irma-international.org/chapter/image-enhancement-under-gaussian-impulse-noise-for-satellite-and-medical-applications/314005
http://www.irma-international.org/chapter/image-enhancement-under-gaussian-impulse-noise-for-satellite-and-medical-applications/314005
http://www.irma-international.org/article/digital-color-image-processing-using-intuitionistic-fuzzy-hypergraphs/282059
http://www.irma-international.org/article/discriminative-zernike-pseudo-zernike-moments/72313
http://www.irma-international.org/chapter/computational-approaches-measurement-visual-attention/72023

