Chapter 3
Regions

A region in an image is a group of connected pixels with similar properties.
Regions are important for the interpretation of an image because they may
correspond to objects in a scene. An image may contain several objects and,
in turn, each object may contain several regions corresponding to different
parts of the object. For an image to be interpreted accurately, it must be
partitioned into regions that correspond to objects or parts of an object.
However, due to segmentation errors, the correspondence between regions
and objects will not be perfect, and object-specific knowledge must be used
in later stages for image interpretation.

3.1 Regions and Edges

Consider the simple image shown in Figure 3.1. This figure contains several
objects. The first step in the analysis and understanding of this image is to
partition the image so that regions representing different objects are explicitly
marked. Such partitions may be obtained from the characteristics of the gray
values of the pixels in the image. Recall that an image is a two-dimensional
array and the values of the array elements are the gray values. Pixels, gray
values at specified indices in the image array, are the observations, and all
other attributes, such as region membership, must be derived from the gray
values. There are two approaches to partitioning an image into regions:
region-based segmentation and boundary estimation using edge detection.
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Figure 3.1: This figure shows an image with several regions. Note that regions
and boundaries contain the same information because one representation can
be derived from the other.

In the region-based approach, all pixels that correspond to an object are
grouped together and are marked to indicate that they belong to one region.
This process is called segmentation. Pixels are assigned to regions using some
criterion that distinguishes them from the rest of the image. Two very im-
portant principles in segmentation are value similarity and spatial proximity.
Two pixels may be assigned to the same region if they have similar intensity
characteristics or if they are close to one another. For example, a specific
measure of value similarity between two pixels is the difference between the
gray values, and a specific measure of spatial proximity is Euclidean distance.
The variance of gray values in a region and the compactness of a region can
also be used as measures of value similarity and spatial proximity of pixels
within a region, respectively.

The principles of similarity and proximity come from the assumption that
points on the same object will project to pixels in the image that are spatially
close and have similar gray values. Clearly, this assumption is not satisfied
in many situations. We can, however, group pixels in the image using these
simple assumptions and then use domain-dependent knowledge to match
regions to object models. In simple situations, segmentation can be done with
thresholding and component labeling, as discussed in Chapter 2. Complex
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images may require more sophisticated techniques than thresholding to assign
pixels to regions that correspond to parts of objects.

Segmentation can also be done by finding the pixels that lie on a region
boundary. These pixels, called edges, can be found by looking at neighboring
pixels. Since edge pixels are on the boundary, and regions on either side of
the boundary may have different gray values, a region boundary may be
found by measuring the difference between neighboring pixels. Most edge
detectors use only intensity characteristics as the basis for edge detection,
although derived characteristics, such as texture and motion, may also be
used.

In ideal images, a region will be bounded by a closed contour. In principle,
region segmentation and edge detection should yield identical results. Edges
(closed contours) may be obtained from regions using a boundary-following
algorithm. Likewise, regions may be obtained from edges using a region-
filling algorithm. Unfortunately, in real images it is rare to obtain correct
edges from regions and vice versa. Due to noise and other factors, neither
region segmentation nor edge detection provides perfect information.

In this chapter, we will discuss the basic concepts of regions, concentrating
on two issues:

e Segmenting an image into regions
e Representing the regions

This chapter begins with a discussion of automatic thresholding and his-
togram methods for segmentation, followed by a discussion of techniques
for representing regions. Then more sophisticated techniques for region seg-
mentation will be presented. Edge detection techniques will be discussed in
Chapter 5.

In the following section, we will discuss techniques for region formation.
Thresholding is the simplest region segmentation technique. After discussing
thresholding, we will present methods to judge the similarity of regions using
their intensity characteristics. These methods may be applied after an initial
region segmentation using thresholding. It is expected that these algorithms
will produce a region segmentation that corresponds to an object or its part.
Motion characteristics of points can also be used to form and refine regions.
Knowledge-based approaches may be used to match regions to object models.
The use of motion will be discussed in Chapter 14.
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3.2 Region Segmentation

The segmentation problem, first defined in Section 2.1, is now repeated for
ease of reference: Given a set of image pixels Z and a homogeneity predicate
P(-), find a partition S of the image Z into a set of n regions R;,

U =3

i=1
The homogeneity predicate and partitioning of the image have the properties
that any region satisfies the predicate

P(R;) = True

for all ¢, and any two adjacent regions cannot be merged into a single region
that satisfies the predicate

P(R; U R;) = False.

The homogeneity predicate P(-) defines the conformity of all points in the
region R; to the region model.

The process of converting a gray value image into a binary image is a
simple form of segmentation where the image is partitioned into two sets.
The algorithms for thresholding to obtain binary images can be generalized
to more than two levels. The thresholds in the algorithm discussed in Chap-
ter 2 were chosen by the designer of the system. To make segmentation robust
to variations in the scene, the algorithm should be able to select an appro-
priate threshold automatically using the samples of image intensity present
in the image. The knowledge about the gray values of objects should not
be hard-wired into an algorithm; the algorithm should use knowledge about
the relative characteristics of gray values to select the appropriate threshold.
This simple idea is useful in many computer vision algorithms.

3.2.1 Automatic Thresholding

To make segmentation more robust, the threshold should be automatically
selected by the system. Knowledge about the objects in the scene, the appli-
cation, and the environment should be used in the segmentation algorithm
in a form more general than a fixed threshold value. Such knowledge may
include
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e Intensity characteristics of objects

e Sizes of the objects

e Fractions of an image occupied by the objects

e Number of different types of objects appearing in an image

A thresholding scheme that uses such knowledge and selects a proper thresh-
old value for each image without human intervention is called an automatic
thresholding scheme. Automatic thresholding analyzes the gray value distri-
bution in an image, usually by using a histogram of the gray values, and uses
the knowledge about the application to select the most appropriate thresh-
old. Since the knowledge employed in these schemes is more general, the
domain of applicability of the algorithm is increased.

Suppose that an image contains n objects 01,0, ..., O, including the
background, and gray values from different populations =y, ..., 7, with prob-
ability distributions p;(z),...,pn(z). In many applications, the probabilities
Py, ..., P, of the objects appearing in an image may also be known. Using
this knowledge, it is possible to rigorously formulate the threshold selection
problem. Since the illumination geometry of a scene controls the probability
distribution of intensity values p;(z) in an image, one cannot usually pre-
compute the threshold values. As we will see, most methods for automatic
threshold selection use the size and probability of occurrence and estimate
intensity distributions by computing histograms of the image intensities.

Many automatic thresholding schemes have been used in different ap-
plications. Some of the common approaches are discussed in the following
sections. To simplify the presentation, we will follow the convention that
objects are dark against a light background. In discussing thresholds, this
allows us to say that gray values below a certain threshold belong to the ob-
ject and gray values above the threshold are from the background, without
resorting to more cumbersome language. The algorithms that we present in
the following sections can easily be modified to handle other cases such as
light objects against a dark background, medium gray objects with back-
ground values that are light and dark, or objects with both light and dark
gray values against a medium gray background. Some algorithms can be gen-
eralized to handle object gray values from an arbitrary set of pixel values.
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Figure 3.2: The shaded areas in the histogram represent p percent of the
image area. The threshold is selected so that p percent of the histogram is
assigned to the object. '

P-Tile Method

The p-tile method uses knowledge about the area or size of the desired object
to threshold an image. Suppose that in a given application objects occupy
about p percent of the image area. By using this knowledge to partition
the gray value histogram of the input image, one or more thresholds can be
chosen that assign p percent of the pixels to the object. Figure 3.2 gives an
example of a binary image formed using this technique.

Clearly, this method is of very limited use. Only a few applications, such
as page readers, allow such an estimate of the area in a general case.

Mode Method

If the objects in an image have the same gray value, the background has a
different gray value, and the image pixels are affected by zero-mean Gaussian
noise, then we may assume that the gray values are drawn from two normal
distributions with parameters (u;,07) and (p2,02). The histogram for an
image will then show two separate peaks, as shown in Figure 3.3. In the ideal
case of constant intensity values, o7 = o5 = 0, there will be two spikes in the
histogram and the threshold can be placed anywhere between the spikes. In
practice, the two peaks are not so well separated. In this case, we may detect
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Figure 3.3: Ideally, the intensities of the background and objects will be
widely separated. In the ideal case, the threshold T' can be anywhere between
the two peaks, as shown in (a). In most images, the intensities will overlap,
resulting in histograms as shown in (b).

peaks and valleys in the histogram, and the threshold may be set to the pixel
value corresponding to the valley. It can be shown that the probability of
misclassification is minimized by this choice of the threshold when the size
of the object is equal to that of the background (see Exercise 3.2). In most
applications, since the histogram is sparsely populated near the valley, the
segmentation is not sensitive to the threshold value.

The determination of peaks and valleys is a nontrivial problem, and many
methods have been proposed to solve it. For an automatic thresholding
scheme, we should have a measure of the peakiness and valleyness of a point
in a histogram. A computationally efficient method is given in Algorithm 3.1.
This method ignores local peaks by considering peaks that are at some min-
imum distance apart. The peakiness is based on the height of the peaks
and the depth of the valleys; the distance between the peaks and valleys is
ignored.

This approach can be generalized to images containing many objects with
different mean gray values. Suppose there are n objects with normally dis-
tributed gray values with parameters (uy,01), (2,02), ..., (ttn,0n), and the
background is also normally distributed with parameters (ug,0q). If the
means are significantly different, the variances are small, and none of the ob-
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Algorithm 3.1 Peakiness Detection for Appropriate Threshold
Selection

1. Find the two highest local mazima in the histogram that are at some
minimum distance apart. Suppose these occur at gray values g; and g;.

2. Find the lowest point g in the histogram H between g; and g;.
3. Find the peakiness, defined as min(H(g;), H(g;))/H (gx).!

4. Use the combination (g;, g9;, gr) with highest peakiness to threshold the
image. The value g is a good threshold to separate objects correspond-
ing to g; and g;.

jects is very small in size, then the histogram for the image will contain n+1
peaks. The valley locations 11, T5, ..., T, can be determined, and pixels with
gray values in each interval (T;, T;4;] can be assigned to the corresponding
object (see Figure 3.4).

Iterative Threshold Selection

An iterative threshold selection method starts with an approximate threshold
and then successively refines this estimate. It is expected that some prop-
erty of subimages resulting from the threshold can be used to select a new
threshold value that will partition the image better than the first threshold.
The threshold modification scheme is critical to the success of this approach.
The method is given in Algorithm 3.2.

Adaptive Thresholding

If the illumination in a scene is uneven, then the above automatic thresh-
olding schemes may not be suitable. The uneven illumination may be due
to shadows or due to the direction of illumination. In all such cases, the
same threshold value may not be usable throughout the complete image (see
Figure 3.5). Non-adaptive methods analyze the histogram of the entire image.

If the valley region shows a great deal of “spikiness” with many empty bins, then a
certain amount of smoothing may be required to remove the possibility of division by zero.
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Figure 3.4: Histogram for an image containing several objects with differing
intensity values.

Methods to deal with uneven illumination or uneven distribution of gray
values in the background should look at a small region of an image and then
analyze this subimage to obtain a threshold for only that subimage. Some
techniques have been developed to deal with this kind of situation.

A straightforward approach to segment such images is to partition the
image into m X m subimages and select a threshold T;; for each subimage
based on the histogram of the ijth subimage (1 < 7, j < m). The final
segmentation of the image is the union of the regions of its subimages. The
results of this method are shown in Figure 3.6.

Variable Thresholding

Another useful technique in the case of uneven illumination is to approximate
the intensity values of the image by a simple function such as a plane or
biquadratic. The function fit is determined in large part by the gray value
of the background. Histogramming and thresholding can be done relative
to the base level determined by the fitted function. This technique is also
called background normalization. For example, Figure 3.7 shows a three-
dimensional plot of the box image with uneven illumination. If a planar
function were fitted to this function, it would lay somewhere between the two
rough surfaces representing the box and the background. Now, by using this
fitted plane as the basis for thresholding, the box can be easily segmented.
Any points in the image that are above the plane will be part of the box
and anything below will be part of the background.
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Figure 3.5: An example of an image with uneven illumination which is not
amenable to regular thresholding. (a) Original image with uniform illumi-
nation. (b) Histogram of original. (c) Simulated uneven illumination. (d)
Box with uneven illumination. (e) Histogram of box with uneven illumina-
tion. (f) Box thresholded at approximate valley of histogram, T' = 72. Note
that regular thresholding is not effective in segmenting the object from the
background.



