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realization. An FPGA-based architecture has been developed to implement the algorithm with

moderate hardware complexity.

The work reported in the present thesis has gone on to develop an efficient immersion-based

algorithm based on Vincent and Soille. Undesired effects like thick watershed lines and isolated

minima are not uncommon during the process of flooding of catchment basins and detection

of watershed pi.xels. In the proposed algorithm, flooding starts from pre-determined regional

minima, during which the label of the neighbouring pixels are decided on the basis of conditional

neighbourhood comparisons and geodesic distance from the outer brim of the nearest plateau. As

a result, always continuous watershed lines with a uniform width of a single pixel are produced.

A prototype hardware architecture for this algorithm too has been developed.
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Chapter 1

Introduction

Image segmentation is an important step in most image analysis tasks such as object recognition, object-

based image compression and context-based indexing of images. The general segmentation problem

involves the partitioning of a given image into a number of homogeneous segments (spatially connected

graphs of pixels). Alternatively, segmentation can be considered as a pixel labelling process in the

sense that all pixels that belong to the same homogeneous region are assigned the same label. The

segmentation process can be based on finding the maximum homogeneity in grey levels within the

regions identified. The mathematical definition of image segmentation based on region is given by

11

y/?, - R. R, is a connected region
■(=1

n Rj = 0. for all I and j, i ^ j, and (p : null set

Ri : a connected region, i = 1, 2, . . ., n.

where R : the region encompassing the entire image, consisting of the union of n disjoint regions.

Segmentation of complex images is a difficult problem. Success of an automated image analyse

procedure depends to a large extent on the accuracy of the segmentation technique being followed.

This introductory chapter begins with a section giving a brief survey of different image segmentation

algorithms. Section 1 .2 provides an outline of the watershed transfomi approach to image segmentation.

Motivation of the present work is given in the subsequent section. The chapter ends with a brief outline

of the present dissertation.
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1.1. ALGORITHMS FOR IMAGE SEGMENTATION 2

1.1 Algorithms for Image Segmentation

In place of a single standard method, a collection of techniques have been put forward as possible

solutions to the image segmentation problem. The segmentation algorithms are usually based on dis

continuity or similarity property of intensity values. Although it is a very difficult problem, several

algorithms [HS85, PP93, Pra03b] have been proposed for its solution. They can be broadly groupei'

as histogram-based algorithms [Wes78,Ots78,MH88,SAB99], edge-based algorithms [ARH80,Pra80,

Per80,Can86], region-based algorithms [BG89,Wu93,BM93,CL94,Mog97,RM01], Markov Random

Field-based algorithms [DE87, SS89, DJ89, DJNC90] and clustering-based methods [Kur91,OM97,

PF99].

1.1.1 Histogram-based Algorithms

These algorithms make decisions based on local pixel infonnation, and are effective when the intensity

levels of the objects are outside the range of intensity levels in the background. The idea is to make a

histogram of the pixel values of the image from which an appropriate point for thresholding is found.

The thresholding operation is regarded as the partitioning of pixels of an image into two classes: the

object and the background. It is based on the assumption that the irnage has a bi-modal histogram an_

therefore, contains an object or objects of interest that can be extracted from the background by a simple

opeiation that compares image values with a threshold. Thresholding techniques can be classified as

bi-level thresholding and multi-level thresholding. In bi-level thresholding, the image is subdivided into

two regions, namely object (black) and background (white). This technique is very effective in the case

ot the images having a uniform brightness against the background of relatively different brightness.

Typical examples include handwritten and typewritten text, microscopic and biomedical tmages. The

luminance is a distinguishing feature that can be utilized to separate the object froiu the background.

When the image is coiuposed of several objects, one needs several thresholds for segiuentation. This is

known as multi-level thresholding. If the image is coiuposed of regions with different grey level ranges,

the histogram of the image usually shows different peaks, each peak correspondirig to one region and

the adjacent peaks are separated by a valley. The bottom of the valley is the threshold that can be uscu.

to separate objects belonging to one region from those of the other.

Several analytic approaches to the setting of a luminance threshold have been proposed [Wes78,

Ots78, SAB99]. A recursive approach for image segmentation has been proposed by Chcnet ei al

[CSS98]. This approach selects the brightest homogeneous object from a given image at each recursion,

TH-1866_994202
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1.1.2 Edge-based Algorithms

These methods use the output of an edge detector to derive the meaningful regions. It is possible to

segment an image into regions of common attributes by detecting each region for which there is a

significant change in the attributes across the boundary. The resulting boundary appears to be visually

correct when overlaid on the original image. A large variety of methods are available in literature

[GWOl, Pra03a] for edge detection. If an image is noisy or if the region attributes differ by a smaP

amount between regions, a detected boundary may often be broken. Edge linking methods can be used

to bridge small gaps in such a region boundary.

Prager [PraSO] has proposed a set of algorithms used to perform segmentation of natural scenes

through boundary analysis. The goal of his algorithm is to locate the boundaries of an object correctly

in a scene. Perkins [PerSO] uses an edge-based technique for image segmentation. The edge-based seg

mentation has not been very successful because of small gaps that allow merging of dissimilar regions.

In order to alleviate these problems, Perkins's method proposes an expansion-contraction technique itr

which the edge regions are expanded to close the gaps and then contracted after the separate regions

have been labelled.

by leaving out the darkest homogeneous object. At each iteration, the histogram of the image is drawn

and the largest peak is separated from the rest of the image. The process is continued until there are

no more peaks in the histogram. This method performs well on images with two classes. Weska et

al [WNR74] have suggested the use of a Laplacian operator in selection of the luminance threshold.

A grey value histogram formed of only those pixels of the original image, which lie at the coordinates

corresponding to very high or very low values of the Laplacian, tends to be bi-modal with a distinct

valley between the adjacent peaks. Banu and Faugeras [BF82] have proposed a gradient relaxation

method for solving the histogram unimodal problem. This approach is based on assigning to each

pixel an initial probability of occurrence and then using the gradient relaxation based on compatibility

function that takes into account the relationship between a pixel and its eight immediate neighbors.

The relaxation process is iterative where pixel values are changed so that the histogram is no longer

unimodal and the threshold can be easily detected. This technique provides a better control by defining

the parameters that are under user control.
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1.1.3 Region-based Algorithms

Region growing is one of the conceptually simplest approaches to image segmentation. A range of im

age segmentation algorithms are based on region growing. These algorithms take one or more pixels,

called seeds, and grow the regions around them based upon a some homogeneity criterion. If the ad

joining pixels are similar to the seed, they can be merged within a single region. The process continues

until all the pixels in the image have been assigned to one or more regions.

Chang and Li [CL94] have proposed a region-growing technique for image segmentation. In this

method, an image is first divided into many small primitive regions which are assumed to be homo

geneous and then merged to fonu larger regions until no more merging operations are possible. This

process is guided by an analysis of local features. Moreover, this algorithm is robust and produces

high-quality segmentation on a wide range of textured and grey scale images. Alternatively, a hi

erarchical stepwise optimization algorithm for region merging has been proposed by Beaulieu and

Goldberg [BG89]. This algorithm is based on stepwise optimization and produces a hierarchical de

composition of the image. The algorithm starts with an initial image partition into a number of regions.

At each iteration, two segments are merged provided they satisfy the criterion of merging a segment

with another. The advantage of this algorithm over the non-hierarchical methods is that there is no need

to specify the seed points.

The watershed transform technique also belongs to the broad class of region-based segmenta

tion approach. Various watershed algorithms based on the topographical concept exist in the litera

ture [BM93, Mog97, Vie96, RMOl, NC03]. A detailed survey of segmentation techniques based on

watershed transform is given in section 1.2.

1.1.4 Markov Random Field-based Algorithms

Recently, the Markov Random Field (MRF) based segmentation techniques [DJNC90] have become

popular because MRF provides a powerful means of characterizing different region classes. From the

computational perspective, the local property of MRF leads to algorithms which can be implemented in

a local and massively parallel manner. For these reasons, MRF-based methods have been widely applied

for image modelling, compression and classification. However, in the absence of a priori information

such as the number of regions and its parameters, these methods are difficult. The main difficulty

is that the model and its parameters are unknown and need to be computed from the given image

before segmentation. To compute the parameters effectively, the segmented image itself is needed.
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A possible solution to this problem is iterative segmentation and estimation. One first estimates the

parameters in small regions to obtain a crude segmentation. Next, one estimates the parameters again

from this segmented image. This is repeated until the termination criterion is satisfied. Although these

methods have all demonstrated some degree of success, in practice, the performance of such methods

may be hampered by the number of parameters. For example, in case of segmentation of a noisy and

blurred image, parameters such as mean and variance of noise and blundng matrices need to be defined

for each region. Several variations of MRF-based segmentation algorithms have been proposed in

literature [DE87, DE87, DJ89, SS89]. They differ in the following parameters, namely, the type of the

prior model, the model for corrupting the true image by noise, the type of the optimization algorithm,

and the details of the algorithms themselves.

1.1.5 Clustering-based Algorithms

Image segmentation can be performed effectively by clustering the image pixels. The idea of segmen

tation by clustering is simple. However, it is computationally expensive. Cluster analysis allows the

partitioning of data into meaningful sub-groups and it can be applied for image segmentation. Cluster

ing analysis either requires the user to provide the initial seeds for the regions to be segmented or uses

non-paiametric methods for finding the salient regions without the need for seed points.

An efficient clustering algorithm has been proposed by Kurita [Kur91]. The algorithm starts with

an initial partition of a given image into a number of segments and sequentially reduces the number

of segments by merging the best pairs of segments among all possible pairs in tenns of a given criterion.

Pauwels et al [PF99] have proposed a non-parametric clustering algorithm for image segmentation. It

is able to handle unbalanced and highly irregular clusters using intermediate level processing. First,

a density image is formed by convolving the image data with a Gaussian density kernel and then the

candidate clusters are identified by using the gradient ascent and each point is linked to the point of the

highest density among its neighbors. The authors have concluded that the algorithms would produce a

smooth version of equalization algorithm without destroying any information in the image. Ohm and

Ma [OM97] have proposed a feature-based cluster segmentation method for image sequences. This

algorithm analyzes specific features from the image sequence and checks their reliability and evidence

locally for images in order to build segments that are probably part of the object. The segmentation

procedure is basically a clustering procedure which takes into account different features such as color

and motion. The pixel feature vector is then compared to a set of cluster feature vectors and hence
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Figure 1.1: Watersheds, catchment basins and minirna

classified into a feature class to generate clusters. The set of cluster feature vectors is updated for

each image in the sequence which is also used for the segmentation of the next image. The authors

have further concluded that the algorithm is a hybrid combination of a block-recursive technique and a

pixel-recursive technique and produces a dense vector field.

1.2 Watershed Transform Approach

Among the existing segmentation algorithms, watershed transformation has proved to be a very useful

and powerful tool for morphological image segmentation because of its straightforward fomiulation

and implementation as well as its ability to identify the important closed contours of a given image.

The idea of the watershed transformation is quite simple. As depicted in Figure 1.1, a gradient image

obtained by applying an appropriate gradient operator on a grey scale image is considered to be a

topographic surface, where the grey scale value of a pixel denotes the altitude of that pixel. Let a

drop of water fall on the topographic surface. By gravity, it would move to a lower altitude until it

reaches a local altitude minimum (regional minimum). The whole set of points of the surface, whose

steepest path reaches a minimum, constitute the catchment basin [BL79, Beu90a] associated with this

minimum. All the points that drain into a common catchment basin are part of the same catchment

basin. Each pixel in this digital image is assigned a label during the transformation of the catchment

basin of a regional minimum. The watersheds are the ridges dividing the adjacent catchment basins.

Two intuitive approaches exist for computing the watershed transformation. The first one, known

as rainfalling, starts Ending the local minima throughout the image. Each local minimum is given a

unique label. Next, a water drop is placed at each non-labelled pixel. The drop moves to its neighbor

with lower amplitude until it reaches a labelled pixel. A catchment basin is then defined as the set ot

pixels whose respective downstream paths all end up in the same labelled local minimum. Although
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the definition stated above is quite intuitive, it is not very suitable for practical implementation.

In an alternative approach known as flooding, conceptual single pixel holes are pierced at each local

minimum, and the topograghic surface is immersed into a large body of water. The catchment basins

will fill up with water, starting at these local minima, and at points, where water arising from different

basins would meet, dams are built. On non-minima flat regions, wavefronts coming from distinct

sources advance synchronously, one step at a time. When the water level has reached the highest

peak in the landscape, the process is stopped. As a result, the landscape is partitioned into regions of

basins separated by dams. The dams are the watershed lines or simply watersheds. The watershed

transformation thus denotes labelling of an image, such that all points of a particular catchment basin

have the same unique label, and a spatial label, distinct from all labels of the catchment basins, is

assigned to all points of the watershed. Various definitions for watersheds in both continuous and

digital space have been proposed in the literature [Beu90a,VS91,BM93,RM01,NC03].

If the input image has been transformed into a form in which the minima mark the relevant objects

and the crest lines correspond to the image boundaries, the watershed transfonn will partition the image

into meaningful regions. This achieves a useful result for image segmentation. The watershed of a given

gradient image has several useftil properties as follows:

• The wateished lines form closed and connected regions.

• There is no intersection between the regions.

• The union of the segmented regions and the watershed lines separating them, constitutes tht

whole surface.

• Each legion contains a single regional minimum separated as a single pixel.

Input

Image

Morphological
Gradient

Computation

Local Minima

Elimination

[\ Watershed
)  Transform
V  Computation

Segmented
Regions

(Marker Extraction) (Region Decision)

Figure 1.2: Flow diagram of typical watershed-based image segmentation

Figure 1.2 shows the procedures for applying watersheds to region analysis. It is known that the wa

tershed transform of the gradient usually produces over-segmentation (many small catchment basim
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I

due to additive noise in natural scene images. The perfonnance of the watershed transfomiation de

pends largely on the algorithm used to compute the gradient. The conventional gradient operatoi

like those due to Sobel [Dav75], Prewitt [GWOl] and Canny [Can86] generally produce small gradi

ent modulus values, which may originate from additive noise or quantization error. To alleviate ':h'r

problem, Wang [Wan97] has proposed a multi-scale morphological gradient operator, which effec

tively enhances the blurred edges and reduces the number of local minima. A multi-scale gradient

image [Wan97, CKP98] is used as an input to the watershed transfonn algorithms in the present work.

The number of segmented regions can be controlled by using a multi-scale gradient algorithm, as dis

cussed in Chapter 2.

1.2.1 Applications of Watershed Transform Techniques

Watershed transfonnation has been proved to be a very useful and powerful tool in many different

fields. Although the initial application of watershed algorithms was in the field of topography, they

have been more popular in different industries, biomedical signal processing [ADR95], medical image

processing [WHOF96, RDKJ02] and computer vision [Cee95]. As examples, one can mention here

the contribution of watersheds to an automatic system of analysis of images acquired during oil explo-

lation, load traffic analysis and monitoring [BBY92, BM93], to the extraction of cleavage facets from

a fractured surface in steel and to segmentation of several types of iiuages including overlapping grains

and 3-D holographic iiuages. Watersheds have also been used in extracting and tracking objects in time

sequence of a moving heart in nuclear medicine, in counting objects in noisy, anisotropic 3-D biological

images [ADR95], and for segiuenting the internal structure in 3-D luagnetic resonance (MR) images

of brain [WMTM95]. In addition, various results on exploiting the watershed algorithm for segmenta

tion of color and multi-spectral images, for object-based video coding [Wan98,Cro97, SYL03], and fcr

remote sensing systems of satellite and radar images have been reported. Many other examples of seg

mentation based on watershed transfonn can be found in the literature [Beu90a,MB90,Beu90b,BM93].

1.2.2 Review of the Different Classes of Watershed Algorithms

Watershed transfonn has been approached from two different perspectives. The first group of algo

rithms aim to detect the catchment basin by simulating the flooding process [BL79, MB90, BM93.

Mey94, VS91, RMOl] while the second group directly track the watershed lines by using arrowing

techniques [Beu90a, BM93]. More efforts have been spent on the first group of algorithms, however.
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