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Abstract
The k-means clustering algorithm is very fast and simple to 
implement, but it provides only coarse image segmentation. 
Better retrieval results can be expected by employing a more 
sophisticated segmentation technique. For this purpose, a novel 
Texture Gradient based Watershed Segmentation technique is 
developed. The Watershed Transform is a well established tool 
for the segmentation of images. However, it is often not effective 
for textured image regions that are perceptually homogeneous. 
In order to properly segment such regions the concept of the 
Texture Gradient is introduced and is implemented using a Non 
Decimated Wavelet Packet Transform. A marker location algorithm 
is subsequently used to locate significant homogeneous textured or 
non textured regions. A marker driven Watershed Transform is then 
used to properly segment the identified regions. The experimental 
results demonstrate the superiority of this technique over k-means 
clustering.
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I. Introduction
There are two generally used methods for image segmentation: 
discontinuity based method and similarity based methods  

A. Discontinuity Detection Methods 
The interface between two different contiguous homogeneous 
regions is usually marked by a discontinuity in grey-level, colour 
or texture. Segmentation can therefore be based on the detection 
of such discontinuities. Grey-level discontinuities can be located 
using simple edge detectors that look for local gradient maxima. 
The gradient of an image function f(x, y) at location (x, y) is 
given by:

                                                                (1)
This can be approximated using local operators such as the Sobel 
operators. Fig. 1 shows a gradient image obtained using Sobel 
operators.

 
Fig. 1:  A Sample Line Graph Using Colors Which Contrast Well 
Both on Screen and on a Black-and-White Hardcopy

As can be seen in fig. 1, obtaining the gradient of an image can 
only be an initial stage of segmentation and not segmentation itself. 
Many other techniques such as thresholding and edge linking must 
be used to form closed and separated regions of segmentation 
from such a gradient image.

B. Similarity Based Methods 
Similarity based methods of segmentation are based on similarity 
comparison between pixel and regions. There are four commonly 
used similarity based segmentation techniques: Thresholding, 
Region Growing, Region Splitting and Merging and Clustering. 

1. Thresholding
In thresholding, any point in the image grey level greater than 
a predetermined threshold value is considered as background 
points. 

2. Region Growing
Region growing is a procedure that groups pixels or subregions 
into larger regions based on predefined criteria. 

3. Region Splitting and Merging
The split and merge method starts with an arrangement of regions 
and iteratively splits and merges them according to a similarity 
criterion. 

4. Clustering
Each pixel can be defined in feature space (texture / colour features 
etc.). The feature space is then partitioned using optimal techniques 
such as the k-means algorithm.     

II. K-means Clustering
The algorithm for k-means clustering is given below.

Fig: 2 Flow Diagram



IJCST Vol. 4, ISSue 2, AprIl - June 2013

w w w . i j c s t . c o m InternatIonal Journal of Computer SCIenCe and teChnology  215

 ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

The K-means algorithm partitions the observations in the given 
data into k mutually exclusive clusters, and returns a vector of 
indices indicating to which of the k clusters it has assigned each 
observation.
Each cluster or partition is defined by its member objects and by 
its centroid, or center. The centroid for each cluster is the point 
to which the sum of distances from all objects in that cluster is 
minimized. The k-means algorithm computes the cluster centroids 
differently for each distance measure, to minimize the sum with 
respect to the measure that is specified.
The k-means algorithm is a two-phase iterative algorithm that 
minimizes the sum of point-to-centroid distances, summed over 
all k clusters:

The first phase uses what the literature often describes as • 
“batch” updates, where each iteration consists of reassigning 
points to their nearest cluster centroid, all at once, followed 
by recalculation of cluster centroids. This phase provides a 
fast but potentially only approximate solution as a starting 
point for the second phase.
The second phase uses what the literature often describes as • 
“on-line” updates, where points are individually reassigned 
if doing so will reduce the sum of distances, and cluster 
centroids are recomputed after each reassignment. Each 
iteration during this second phase consists of one pass though 
all the points.  

A. Disadvantages of k-means Clustering 
It does not yield the same result with each run, since the resulting 1. 
clusters depend on the initial random assignments.
It maximizes inter-cluster (or minimizes intra-cluster) 2. 
variance, but does not ensure that the result has a global 
minimum of variance.
Another main drawback of the algorithm is that it has to be 3. 
told the number of clusters (i.e. k) to find.

III. Watershed Transform
The Watershed Transform is a unique technique for segmenting 
digital images that uses a type of region growing method based on 
an image gradient. The concept of Watershed Transform is based on 
visualizing an image in three dimensions: two spatial coordinates 
versus gray levels. In such a “topographic” interpretation, we 
consider three types of points:

Points belonging to a regional minimum.• 
Points at which a drop of water , if placed at the location • 
of any of those points, would fall with certainty to a single 
minimum.
Points at which water would be equally likely to fall to more • 
than one such minimum.

For a particular regional minimum, the set of points satisfying 
condition (b) is called the catchment basin or watershed of that 
minimum. The points satisfying condition (c) form crest lines on 
the topographic surface and are termed divide lines or watershed 
lines. The principal objective of segmentation algorithms based 
on these concepts is to find the watershed lines. 
The basic idea is simple: Suppose that a hole is punched in each 
regional minimum and that the entire topography is flooded from 
below by letting water rise through the holes at a uniform rate. 
When the rising water in distinct catchment basins is about to 
merge, a dam is built to prevent the merging. The flooding will 
eventually reach a stage when only the tops of the dams are visible 
above the water line. These dam boundaries correspond to the 
divide lines of the watersheds. Therefore, they are the (continuous) 

boundaries extracted by a watershed segmentation algorithm.
These ideas can be explained further with the aid of the fig. 3. Fig. 
3(a) shows a simple gray-scale image and fig. 3(b) is a topographic 
view, in which the height of the “mountains” is proportional to 
gray-level values in the input image. In order to prevent the rising 
water from spilling out through the edges of the structure, we 
imagine the perimeter of the entire topography (image) being 
enclosed by dams of height greater than the highest possible 
mountain, whose value is determined by the highest possible 
gray-level value in the input image.

Fig. 3(a) Original Image    3(b) Topographic View 

3(c) First Stage of Flooding    3(d) Second Stage of Flooding

Suppose that a hole is punched in each regional minimum [shown 
as dark areas in fig. 3(b)]  and that the entire topography is flooded 
from below by letting water rise through the holes at a uniform 
rate. Fig. 3(c) shows the first stage of flooding, where the “water”, 
shown in light gray, has covered only areas that correspond to 
the very dark background in the image. In fig. 3(d) and 3(e) 
we see that the water now has risen into the first and second 
catchment basins, respectively. As the water continues to rise, it 
will eventually overflow from one catchment basin into another. 
The first indication of this is shown in fig. 3(f). Here, water from 
the left basin actually overflowed into the basin on the right and 
a short “dam” (consisting of single pixels) was built to prevent 
water from merging at that level of flooding.

3(e) Further Flooding         3(f) Beginning of Merging of Water
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3(g) Longer Dams            3(h) Final Watershed Segmentation
Fig: 3 Concept of Watershed Segmentation

The effect is more pronounced as water continues to rise, as shown 
in fig. 3(g). This fig. shows a longer dam between the two catchment 
basins and another dam in the top part of the right basin. The latter 
dam was built to prevent merging of water from that basin with 
water from areas corresponding to the background. This process 
is continued until the maximum level of flooding (corresponding 
to the highest gray-level value in the image) is reached. The final 
dams correspond to the watershed lines, which are the desired 
segmentation result. The result for this example is shown in Figure 
3(h) as a dark, one-pixel-thick path superimposed on the original 
image. Note the important property that the watershed lines form 
a connected path, thus giving continuous boundaries between 
regions.

A. Advantages of Watershed Transform 
The Watershed Transform effectively combines elements from 
both the discontinuity and similarity based methods. Since its 
original development with grey-scale images, the Watershed 
Transform has been extended to a computationally efficient 
form (using FIFO queues) and applied to colour images. The 
main advantages of the Watershed method over other previously 
developed segmentation methods are

The resulting boundaries form closed and connected • 
regions. Traditional edge based techniques most often form 
disconnected boundaries that need post-processing to produce 
closed regions.
The boundaries of the resulting regions always correspond to • 
contours which appear in the image as obvious contours of 
objects. This is in contrast to split and merge methods where 
the first splitting is often a simple regular sectioning of the 
image leading sometimes to unstable results.
The union of all the regions forms the entire image region.• 

B. Disadvantage of Watershed Transform
The main disadvantage of the Watershed Transform is that for 
most natural images it produces excessive over-segmentation as 
shown in fig. 4.

Fig: 4: Result of simple Watershed Transform of Lena test 
image 

IV. Implementation 
The watershed transformation is performed on a gradient image 
g extracted from the original image.
However, the problem with the conventional intensity gradient is it 
is not able to detect the interfaces between homogeneously textured 
image regions. This is because the gradient image highlights the 
variations within the textures rather than showing the change 
between textured regions, as shown in fig. 5 below. A Texture 
Gradient is therefore required to detect the texture boundaries.

5(a) Original Texture Image          5(b) Intensity Gradient
Fig. 5: Gradient of  Texture Image

Also there is a problem of over-segmentation of the watershed 
method which can be dealt with through the flooding from selected 
sources.

A. Marker Controlled Watershed Segmentation  
A marker based method is used to control the oversegmentation. 
The various steps involved in marker controlled watershed 
segmentation are shown below

Fig. 6: Flow Diagram
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Step 1: The first step is to read the combined Texture and Intensity 
Gradient.
Step 2: Next step is to compute the Foreground Markers. These are 
connected blobs of pixels within each of the objects in the image. 
A variety of procedures could be applied to find the Foreground 
Markers. In the present work, morphological techniques called 
“opening-by-reconstruction” and “closing-by-reconstruction” 
are used to “clean” up the image. These operations will create 
flat maxima inside each object. Opening-by-reconstruction is 
erosion followed by a morphological reconstruction whereas 
closing-by-reconstruction is dilation followed by morphological 
reconstruction. These operations will remove small blemishes 
without affecting the overall shapes of the objects. Good 
Foreground Markers can be obtained by computing the regional 
maxima of the resulting Gradient Image.
Step 3: Some of the mostly-covered and shadowed objects will not 
be marked in the previous step, which means that these objects will 
not be segmented properly in the end result. Also, the Foreground 
Markers in some objects go right up to the objects’ edge. Hence 
it is necessary to clean the edges of the marker blobs and then 
shrink them a bit. This can be done by a closing followed by 
erosion. This procedure tends to leave some stray isolated pixels 
that must be removed.
Step 4: Next the background locations need to be marked. In the 
cleaned-up image, the dark pixels belong to the background, so 
thresholding is a suitable operation to start with.
Step 5: The background pixels will be in black, but ideally the 
background markers shouldn’t be too close to the edges of the 
objects that are being segmented. So the next step is to “thin” 
the background by computing the “skeleton by influence zones”, 
or SKIZ, of the foreground. This can be done by computing the 
watershed transform of the distance transform of thresholded 
image, and then looking for the watershed ridge lines of the 
result.
Step 6: The next step is to modify the Gradient Image so that it 
has regional minima only in certain desired locations i.e. at the 
Foreground and Background Marker pixels.
Step 7: The final step is to give this Modified Gradient Image as 
input to the Watershed Transform Algorithm.

V. Results
The fig. 7, below shows the results of segmenting the “Lena” test 
image and the “Peacock” test image using the texture gradient 
based watershed segmentation technique. The results show that 
this technique produces effective intensity and texture based 
segmentation of natural images.

7 (a) Lena Test Image

7 (b) Peacock Test Image
Fig. 7: Result of segmenting the Lena and Peacock Test Images 

Comparison of Watershed segmentation with K-means clustering 
using a “football” test image

8 (a) Football Test Image
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8 (b) Regions obtained using k-means clustering with k =2

8 (c) Regions obtained using Watershed Segmentation
Fig. 8: Results of Segmentation “Football” Test Image

The experimental setup used was a PC with a 3.0 GHz Pentium 
4 Processor and 512 MB of DDR 400 RAM running MATLAB 
7 on Windows XP Professional.

Table 1:

Image Size

Time Taken for Segmentation 
(seconds)
K-means 
Clustering

Watershed 
Segmentation

Football 256*320*3 1.6410 (k=2) 4.3590

Lena 512*512*3 7.0780 (k=2) 24.3600

VI. Conclusion
From the table, it is clear that the watershed segmentation technique 
takes about three times the time taken by the k-means clustering 
technique. 
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