
 

 

 
Abstract— This paper presents robust k-means clustering 

unsupervised algorithm for image segmentation using low-level 
feature, i.e., color (without using any training data). Methods of 
segment-based image analysis for generating and updating 
geographical information are becoming more popular due to the 
progresses in spatial resolution of satellite imagery. First 
enhancement of color separation of satellite image using 
decorrelation stretching is carried out and then the regions are 
grouped into a set of classes using M-estimator based robust k-means 
clustering algorithm. A new M-estimator is proposed. Simulation 
results are provided to demonstrate the efficacy of the proposed 
robust clustering algorithm for color based image segmentation. 
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I. INTRODUCTION 
HE  process of image segmentation (such as pixel based, 
contour based, region based, model based, color based and 
hybrid, etc.) is defined as the search for homogenous 

regions in an image and later the classification of these 
regions. It also means the partitioning of an image into 
meaningful regions based on homogeneity or heterogeneity 
criteria [1]. The performance of color based segmentation may 
significantly affect the quality of an image understanding 
system. The color detection algorithms scan every frame for 
pixels of a particular quality. To recognize a pixel as part of a 
valid object, its Y, U and V components must fall within the 
ranges defined in the thresholds section of the color definition 
file. The latter is a regular text file with at least two sections, 
Colors and Thresholds. The Colors section has an entry for 
each object to be detected. It defines an RGB color triplet, a 
merge parameter , a color identifier and a color label . Every 
entry in Colors must have a corresponding entry in Thresholds. 
The latter defines ranges for a pixel’s Y-component 
(brightness), its U-component (first color attribute) as well as 
its V-component (second color attribute) [2-3].  

Purposes of classification  of LANDSAT images is to 
identify Land use and land cover (LULC) Vegetation types, 
Geologic terrains, Mineral exploration, Alteration mapping, 
etc. LANDSAT 7 was launched in April, 1999.  
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LANDSAT carries two multispectral sensors. The first is the 

Multi-Spectral Scanner (MSS) which acquires imagery in four 
spectral bands: blue, green, red and near infrared. The second 
is the Thematic Mapper  (TM) which collects seven bands: 
blue, green, red, near-infrared, two mid-infrared and one 
thermal infrared. The MSS has a spatial resolution of 80 
meters, while that of the TM is 30 meters. Both sensors image 
a 185 km wide swath, passing over each day at 09:45 local 
time, and returning every 16 days. With LANDSAT 7, support 
for TM, imagery is to be continued with the addition of a co-
registered 15 m panchromatic band [4]. 
  The computer or algorithm automatically group pixels with 
similar spectral characteristics (based on means, standard 
deviations, covariance matrices, correlation matrices, etc.) into   
unique clusters according to some statistically determined 
criteria. Typical cluster models include: Connectivity models, 
Centroid models, Distribution models, Density models, 
Subspace models, Group models and Graph based models [5]. 
Clustering can be roughly distinguished as: 

Hard clustering, Soft clustering (also: fuzzy clustering).   
There are also finer distinctions possible, for example: 
Strict partitioning clustering, Strict partitioning clustering with 
outliers, Overlapping clustering (also: alternative clustering, 
multi-view clustering) and Subspace clustering. 

Clustering algorithms can be categorized based on their 
cluster model as listed above. The analyst then re-labels and 
combines the spectral clusters into information classes. 
Statistical methods postulate that the data come from different 
statistical populations. After clustering, the elements of the 
clusters may be used in order to estimate the parameters of the 
underlying statistical laws. Since almost all real data contain 
outliers, for the method to be useful in practice one will have 
to allow that part of the data are contaminations or spurious 
elements. Accommodating or discarding them in a previous 
step is necessary for robustly estimating these parameters.  

This paper deals with statistical cluster analysis in the 
potential presence of contaminations. Further a new M-
estimator based k-means clustering technique for color based 
image segmentation of LANDSAT images is proposed in this 
paper. Simulation results are provided to demonstrate the 
effectiveness of proposed algorithm.  

II.  K-MEANS CENTRE BASED CLUSTERING 
Define a d-dimensional set of n data points 

1 2{ , ,.... }nX x x x=  as the data to be clustered and a d-
dimensional set of k centers 1 2{ , ,.... }kC c c c=  as the 
clustering solution that an iterative algorithm refines. Now we 
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can define the steps of a general model of iterative, center-
based clustering as [6] 

1. Initialize the algorithm with guessed centers C. 
2. For each data point ix , compute its membership 

( | )j im c x in each center jc  nad its weight ( )iw x . 

3. For each center jc  recompute its location from all data 

points ix  according to their memberships and 
weights: 
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4. Repeat steps 2 and 3 until convergence. 
Further, the entire process can be summarized in the 

following steps 
Step 1: Read the image 
Step 2: For color separation of an image apply the  

Decorrelation stretching. 
 Step 3: Convert Image from RGB Color Space to L*a*b*              

Color Space. 
Step 4: Classify the Colors in 'a*b*' Space Using  proposed 

K-Means Clustering. 
Step 5: Label Every Pixel in the Image Using the Results 
from K-MEANS. 
Step 6: Create Images that Segment the Image by Color. 
Step 7: Segment the Nuclei into a Separate Image. 

Furthermore, the k-means algorithm partitions data into k 
disjoint subsets or clusters with common characteristics. The 
solution is then a set of k-centers, each of which is located at 
the centroid of the data for which it is the closest center. The 
objective function that the k-means algorithm optimizes, i.e., 
the classical least squares (LS) technique uses the solution 
corresponding to 
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It was realized that the LS technique is extremely sensitive 
to noise and outliers. Therefore many robust methods were 
developed in statistics to overcome this [7-9]. 

III.  ROBUST CLUSTERING TECHNIQUE 
Several different classes of robust methods (such as M, L, R 

estimators, and the least median of squares method) exist [7-
9]. In this paper, M-estimator based robust clustering 
technique is proposed. The M-estimators try to reduce the 
effect of outliers by replacing the squared residuals 2

ir  by less 
rapidly increasing function ρ  of the residuals, yielding  

1
min ( )

N
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r

=

ρ∑                                 (3). 

Where ρ  is a symmetric, positive-definite function with a 
unique minimum at zero, and is chosen to be less increasing 
than squared function. 

Let 1[ ,..... ]kC c c= be the parameter vector to be 

estimated. The M-estimator of c based on the function ( )irρ  
is the vector C which is the solution of the following k 
equations: 

( ) , 1,...,i
i

i j
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∂
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Where the derivative 
( )( ) d xx

dx
ρψ = is called the 

influence function. The influence function ( )xψ measures the 
influence of a datum on the value of the parameter estimate. In 
this paper, a new M-estimator is proposed for robustifying the 
k-means clustering algorithm. The penalty function and the 
influence functions of the proposed M-estimator are given by 
[10] (also see Fig 1). 
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Where d is any constant. 
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The choice of the constants a ( )2kv=  and b ( )22kv=  

depends on the robustness measures derived from the influence 
function. 
 

 
fig 1(a) 



 

 

 
   fig1(b) 

  Fig. 1 (a) Penalty function and (b) influence functions  of the 
Proposed M-estimator. 

IV. SIMULATION RESULTS 
Various experiments were carried out using the proposed M-

estimator based clustering technique for color based image 
segmentation for LANDSAT images and results are 
summarized in the subsequent figures. 
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  Fig. 2(d) 

 
Fig. 2(e) 



 

 

 
Fig.  2(f) 

V. CONCLUDING REMARKS 
In this paper, M-estimator based clustering algorithm for 

color based image segmentation is proposed and analyzed for 
LANDSAT images. Simulation results are also provided, 
which demonstrate the efficiency of proposed algorithm for 
image analysis for generating and updating geographical 
information in a better way. 

 
                                                Fig. 2(g) 

 
  Fig. 2(h)  

 Fig. 2 (a) Orginal Image (b) De-correlation Strech Image  

          (c) Objects in Cluster one, (d) Objects in Cluster two 

           (e) Objects in Cluster three, (f) Objects in Cluster four 

           (g) Objects in Cluster five, (h) Objects in Cluster six 
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