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Abstract:

We present a semiautomatic segmentation algo-
rithm, that can segment an object of interest from
its background based on a single user selected seed.
We are able to obtain reliable and robust segmenta-
tion with such low user interaction by assuming that
the object to be segmented is of compact shape (we
define this assumption later). We base our work on
the powerful Graph Cut segmentation algorithm of
Boykov and Jolly [2]. As additional benefit of in-
corporating the compact shape prior we are able to
bias the graph cuts segmentation framework towards
larger objects. It helps to counteract the well known
bias of [2] to shorter segmentation boundaries. Seg-
mentation results are quite sensitive to the choice of
parameters, and so another contribution of our paper
is that we show how to select the parameters auto-
matically. We demonstrate the effectiveness of our
method on the challenging industrial application of
transistor gate segmentation in an integrated chip,
for which it produces highly accurate results in real-
time.
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1 Introduction

In most applications, purely automatic segmentation
is often ambiguous in presence of multiple objects
and in absence of strong edges. These problems can
be avoided by using semiautomatic or interactive seg-
mentation methods which depend on user guidance.
Hence their popularity is increasing in applications in
different domains. Segmentation is goal-dependent
and thus it is ill-posed in a general set up. However,
for a specific domain, if we can make simplifying as-
sumptions then very reliable segmentations can be
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obtained. The motivation behind our work is to re-
duce user interaction to the minimum, requiring that
the user just chooses the object of interest by clicking
anywhere inside. Our goal is to produce an accurate
and robust segmentation.

Among the existing methods of segmentation
found in the literature, techniques like region grow-
ing, split and merge, edge detection [6] are local and,
in general, fail to obtain segmentation with global
properties. The way to incorporate global proper-
ties into segmentation is to formulate an objective
function or energy function and optimize it implic-
itly as in Live wire [4, 10] or explicitly as in active
contour (snake) [7, 3|, level set [11], normalized
cut, [12] and graph cut [2] based methods. How-
ever, while formulating an energy function is rela-
tively straightforward, finding a global minima of an
energy function is computational prohibitive, in gen-
eral. Out of the methods mentioned above, only the
graph cut [2] energy optimization technique guaran-
tees globally optimal solution for a family of energy
functions, and our application falls in this family.
An additional benefit of using the framework of [2] is
that it easily allows to incorporate both regional and
boundary properties of the segment and also provides
the option to simplify the user interaction. These ad-
vantages make the graph cut [2] based method much
more attractive than others.

As segmentation is a subjective problem, we make
some assumptions based on the prior knowledge
about the data. We also make assumptions about
the regional and boundary properties of the segment
and fit them into the framework of the algorithm
in [2]. The most important assumption that we make
is that an object to be segmented is compact' in

lwe use the word compact here informally, we will explain

what we mean by it later.



shape. While this assumption allows us to produce
very robust segmentations, it is also our most re-
strictive assumption, making our algorithm not suit-
able for segmentation of objects of general shapes.
However, there are important applications (indus-
trial and medical) where the objects of interest are
approximately compact in shape. Furthermore, we
can also handle objects with somewhat more general
shapes, specifically the objects that can be divided
into several approximately collinear pieces, where
each piece is compact in shape. There are several
related methods [13, 9, 5] which incorporate shape
priors into graph cut based segmentation, however
these methods are either too computationally inten-
sive and/or still require too much user interaction.

An important issue with the framework of [2] that
we have to handle is that the values of parameters
have direct impact on the result produced by the al-
gorithm. Unfortunate choice of parameters can pro-
duce unacceptable segmentation results that have to
be detected by the user and corrected by possibly
considerable amount of user interaction. As we want
to reduce the user interaction, we devise a simple but
intuitive test to check the quality of the segment au-
tomatically. This “quality check” is application de-
pendent. If current segment does not pass the quality
check, the parameters are readjusted and the graph
cut step is redone with the new parameters. We iter-
ate this process using a search over parameter space
until the resulting segment passes the quality check.
Thus in our work, we estimate all the important pa-
rameters in the algorithm automatically.

A serious difficulty in practice for graph cut based
segmentation is its bias towards producing segments
with shorter boundaries, if the regional properties
are weighted not as heavily as the boundary proper-
ties. Our goal is to have a very low input from the
user, who just marks one object seed point. Thus
we do not have enough samples from the user to
construct a reliable model for the color distribution
of the object, and we are forced to weight bound-
ary information more heavily than regional informa-
tion. In our framework, we can easily counteract the
bias towards shorter boundaries of [2]. It turns out
that due to incorporating compact shape prior in the
framework of [2], we can introducing a new parame-
ter bias, which biases the algorithm towards a larger
object segment?. We search over a range of values
to find the appropriate value of bias that produces a
segment passing the quality check as discussed above.

2Without the compact shape prior, incorporating bias pa-
rameter results in an energy function which is not submodu-
lar [8], and thus cannot be minimized exactly with graph cuts,
see section 3.4

Thus our main contributions to the graph cut seg-
mentation framework of [2] are as follows. We intro-
duce the idea of an application dependent “quality
check” which can be effectively used for automatic
parameter selection. We introduce compact shape
prior in the framework of [2] which lets us deal with
the objects of compact shape very robustly. Lastly,
due to the shape prior, we are able to introduce a bias
parameter which allows us to counteract the shrink-
ing bias of graph cut based segmentation.

We evaluate our approach on a transistor segmen-
tation application for Semiconductor Insights, which
is an engineering consultancy company specializing
in intellectual property protection and competitive
intelligence in the integrated circuit domain. Our
segmentation algorithm produces highly accurate re-
sults in real-time, and was used to upgrade their
manual system to a semi-automatic one.

This paper is organized as follows. In section 2 we
review the graph cut based segmentation framework
of [2], in section 3 we describe our work, and finally
we conclude with experimental results in section 4.

2 Graph Cut Segmentation

In this section we briefly review the graph cut seg-
mentation algorithm in [2].

2.1 Graph Cut

Let G =< V,E > be a graph consisting of a set
of vertices V and a set of edges E connecting the
vertices. Each edge e € E in G is assigned a non-
negative cost w.. There are two special vertices
called the terminals identified as source, s and sink,
t. A cut C is a subset of edges C C FE, which when
removed from G partitions V into two disjoint sets
Sand T =V — S such that s € S and t € T. The
cost of the cut C is just the sum its edge weights:

|IC| = Zwe.

ecC

The minimum cut is the cut with minimum cost.
Max-flow/Mincut algorithm can be used to obtain
the minimum cut. We use a fast implementation of
graph cuts described in [1].

2.2 Segmentation Algorithm

In the graph-cut segmentation of [2], the problem of
segmenting an object from its background is inter-
preted as a binary labelling problem, which can be









segment.













