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Abstract 
Remote sensing technologies provide a unique opportunity to map the real world phenomena in a 
much faster and economic way in comparison to the traditional ground survey methods. The 
continuous nature of geographical phenomena throws a typical challenge to prepare landuse/landcover 
maps from remotely sensed data. Very often landcover class changes gradually from one to another, 
therefore in such condition it is difficult to define sharp boundaries between two landcover classes and 
fuzzy classification techniques can be used to represent such conditions. However the Fuzzy c-Means 
classifier (FCM), the most common fuzzy classification technique, does not incorporate the spatial 
contextual information, which can be useful for further improvement in fuzzy classification results. 
Markov Random field (MRF) is a mathematical toolbox which characterizes the spatial contextual 
information in terms of smoothness prior assumption and incorporation of contextual information 
helped to improve the classification result for hard classifiers. 
 
In the present study an algorithm called contextual FCM classifier was developed by using the MRF 
model and its performance was justified in comparison to the standard FCM algorithm in the context 
of wetland mapping. The contextual FCM and FCM classifiers were used on AWiFS and LISS-III data 
with different spatial resolutions i.e. 60m and 20m respectively. For the purpose of validation soft 
reference data was generated from fine resolution LISS-IV data (5m) using Support Vector Machine 
(SVM) classifier. The applicability of Euclidean and Mahalanobis norm in contextual FCM classifier 
were also judged in the context of wetland mapping. The results of different classification techniques 
were validated using seven different accuracy assessment tools, namely, Root Mean Square Error 
(RMSE), Pearson’s Product Correlation Coefficient (r), Fuzzy Error Matrix (FERM), Sub-Pixel 
Confusion Uncertainty Matrix (SCM), MIN-PROD, MIN-MIN and MIN-LEAST composite operators 
with respect to the soft reference data. The results suggest that proposed contextual FCM classifier can 
improve the fuzzy classification results by incorporating spatial contextual information for remotely 
sensed data. Therefore it was also found that for contextual FCM classifier Euclidean norm performs 
better in comparison to the Mahalanobis norm. 
 
Several experiments were performed to establish the suitable Simulated Annealing (SA) technique for 
developed contextual FCM classifier. It was found that for contextual FCM classification of remotely 
sensed data Gibbs Sampler performs better than the Metropolis-Hastings algorithm. The contextual 
FCM classifier as the final outcome of this study will be useful for better representation of 
geographical phenomena with uncertain boundaries. 
 
 
Key words: Fuzzy c-Means Classification, Spatial Context, Markov Random Field, Contextual FCM, 
SVM, Metropolis-Hastings Algorithm, Gibbs Sampler.  
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1. Introduction 

1.1. Background 

In natural resources management and conservation land cover mapping plays an important role as a 
source of primary information about our Earth. From the early stage of cartography many people have 
tried to represent the real world phenomena accurately by means of land cover maps. Often these land 
cover information are presented as different land cover classes, which is the collection of similar land 
cover objects on the ground and it is the subject of cluster analysis [1]. Remote sensing techniques 
provide a unique opportunity to generate land cover maps in a much faster and economic way 
compared with to the traditional ground surveying methods. Conventionally in remote sensing 
thematic maps, one pixel is assigned to one thematic class, which is known as ‘hard’ or ‘crisp’ 
classification method [2], though the real scenario is something different; very often on the ground 
land cover class changes gradually from one to another. For example, forest class gradually changes 
into the grass land area. A traditional hard classification technique does not take into account that 
continuous change in land cover classes. To incorporate the gradual boundary change problem 
researchers had been proposed the ‘soft’ classification techniques that decompose the pixel into class 
proportions. Fuzzy classification is a soft classification technique, which deals with vagueness in class 
definition. Therefore it can model the gradual spatial transition between land cover classes.  
 
The concept of ‘fuzzy set’ theory was introduced by Zadeh [3] to deal with the uncertainty in set 
(class) definition. The fuzzy set theory introduces the vagueness by eliminating the crisp boundaries 
into degree of membership to non-membership function [4] (Figure 1.1). It represents the situations 
where an individual pixel is not a member for a single cluster, but member for all clusters with 
different degrees of belongingness. 
 

 
Figure 1.1 Fuzzy membership concept [3] 

 
Fuzzy classification techniques have received growing interest where land cover classes are still vague 
[5]. In the field of remote sensing Fuzzy c-Means clustering algorithm has been widely used to classify 
satellite images with vague land cover classes. 

µ µ

1.0 1.0

0 0
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1.1.1. Fuzzy c-Means Clustering 

Fuzzy c-Means clustering (FCM) introduced by Bezdek [6, 7 and 8], is an unsupervised (iterative) 
clustering algorithm which has been widely used to find fuzzy membership grades between 0 and 1. 
The aim of FCM is to find cluster centers in the feature space that minimize an objective function. The 
objective function is associated with the optimization problem, which minimizes within class variation 
and maximizes variation between two classes. Standard FCM algorithm does not incorporate spatial 
contextual information of pixels for classification; it only considers the spectral characteristics.  

1.1.2. Markov Random Field 

In the field of pattern recognition Markov Random Filed (MRF) has been used to model the spatial 
context quite successfully. MRF is a mathematical toolbox which characterizes the contextual 
information and it has been widely used in image segmentation and image restoration [9, 10, and 11]. 
In the contextual concept pixels are treated as they have relationship with their neighbours, they are 
not treated as independent. It is more realistic, that on the ground land cover classes are distributed like 
patches and isolated pixels were found less commonly. For example vegetation class is often 
distributed as patches, not as isolated pixels. Basically MRF describes the prior information in form of 
contextual smoothness. Afterwards the smoothness prior and conditional probability is used for 
Bayesian image analysis to formulate the posterior probability. Here MRF has been used to develop 
the contextual FCM clustering algorithm in a supervised mode, which could also be used for 
unsupervised clustering of remotely sensed data. 

1.2. Problem Statement 

Fuzzy c-Means clustering algorithm has been widely used in the past to classify remotely sensed data 
and according to Shalan et al [12], fuzzy classification techniques could provide more accurate land 
cover information in comparison to the conventional hard classification techniques. Since standard 
FCM does not consider contextual information it may lead to isolated pixels as output, which is always 
not realistic and this is the problem with standard FCM.  
 
Previously few attempts were made to incorporate the spatial contextual information for traditional 
hard classifiers and results suggest that incorporation of context improves the classification result [13]. 
So there was a scope to improve the accuracy of fuzzy classification by modelling the spatial context 
and it needs to be tested. Therefore the aim of this research is to develop contextual FCM classifier 
and explore the possibility of use of spatial contextual information with FCM classification technique 
in the context of wetland mapping. Once the contextual FCM algorithm is developed it may help 
researchers to produce more accurate maps from remotely sensed data, where the landcover classes are 
still vague. 

1.3. Research Objectives 

In order to meet the issue of incorporating contextual information in FCM classification the main 
objective of the present research is to develop contextual FCM with MRF and to validate the new 
technique in relation to the wetland mapping. Sub-objective are to explore the possible uses of the 
developed method. The specific objectives are; 
 

• To incorporate spatial contextual information in FCM algorithm by using MRF 
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• To establish suitable sampler for contextual FCM classifier 
 
• To find out the suitability of developed hybrid method for classification of remote sensing 

data 
 
• To explore the difficulties while generating soft reference data from multi-spectral satellite 

data for validation of fuzzy classified data. 

1.4. Research Questions 

In order to meet the above objectives following research questions need to be answered; 
 

1. What is special in describing context for fuzzy membership grades (compared to the well 
known situation of crisp membership)? 

 
2. Which sampler should be used for Fuzzy-MRF classifier? 

 
3. How to estimate parameters of the MRF prior model? 

 
4. How to validate the developed contextual fuzzy c-means algorithm? 

 
5. Which algorithm should be used to generate the soft reference data? 

 
6. What are the possible uses of developed contextual fuzzy classification method? 

1.5. Research Approach 

Prepare accurate landuse/landcover maps from the remotely sensed data for resource utilization and 
management is an active area of research in Geoinformatics. Previously a number of algorithms have 
been introduced to classify the remote sensing data. In this research a new approach of contextual 
FCM classification is proposed and a number of fuzzy based operators have been used to measure the 
uncertainty in fuzzy classified data. Lastly suitable method is suggested for wetland mapping and 
further applications. The whole methodology for this study could be divided into following stages, 
 

1. MRF-FCM model: By using MRF spatial contextual information is incorporated within the 
framework of FCM. Since any commercial software packages does not include the MRF based 
contextual modelling, programming for contextual FCM was done in ‘R’ statistical package. 
In section 3.4 the general description about the ‘R’ software was given. 

 
2. Classification: Classification of coarse and medium resolution multi-spectral remote sensing 

data has been done by standard FCM algorithm and by contextual FCM separately. 
 

3. Validation and Application: Accuracy assessment of classified fractional images has been 
done by RMSE, correlation-coefficient, Fuzzy Error Matrix (FERM) [4] and Sub-Pixel 
Confusion Uncertainty Matrix (SCM) [14] approaches. 
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More details on methodology and parameter optimization process for MRF based model are given in 
section 4.3. The conceptual flow chart of this research is shown in figure 1.2. 
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 1.2 General methodology for the study 

1.6. Structure of The Thesis 

The thesis contains total six chapters. Chapter one describes the background, research objectives, 
research questions and the research approach. The second chapter describes the previous works related 
to this study. Chapter three gives a detail of classification methods and their background. Chapter four 
describes the study area, data preparation steps and methodology in detail. Results and discussions 
were presented in chapter five. Last chapter conclude the study with few recommendations for future 
research.
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2. Literature Review 
Different sections of this chapter explore the previous research works on Fuzzy c-Means (FCM) 
clustering; Markov Random Field (MRF) based remote sensing data processing, contextual fuzzy 
classification techniques and remote sensing for wetland mapping. 

2.1. Fuzzy c-Means Clustering for Remote Sensing Data Classification 

FCM is the most popular fuzzy clustering method; many researchers have used this technique for 
different application problems related to remote sensing data clustering for both supervised and 
unsupervised mode. 
 
Wang [15] used supervised FCM approach to classify the Landsat MSS and TM data with seven 
landcover classes. In comparison with the maximum likelihood classification he concludes that higher 
classification accuracy could be achieved while using fuzzy classification approach. 
 
Foody [2] have evaluated the performance of FCM and fuzzy neuron network (ANN) approaches for 
land cover classification from airborne thematic mapper (ATM) data. He studied the effect of different 
fuzzy weight parameter (m) values for the same dataset and found that m=2.0 gives most accurate 
fuzzy classification output for many cases. At last the author concludes that the fuzzy classification 
technique provides more appropriate results in land cover mapping than hard classification techniques. 
 
Bastin [16] made comparison among FCM, linear mixture modelling and maximum likelihood 
classifier for unmixing coarse pixels present in aggregated Landsat TM data. In absence of ground 
truth the author used original TM data as reference map and aggregated the image using mean and 
cubic filter with different kernel size. Therefore he classified the aggregated image using three 
classifiers and compared the continuous membership values with sub-pixel area proportions present is 
a coarser pixel. Afterwards he concludes that FCM gives the best prediction of sub-pixel land cover 
classes for the aggregated TM image at different scale. 
 
Zhang and Foody [17] used FCM algorithm for sub-urban land cover mapping from SPOT HRV and 
Landsat TM data. They conclude that the classification results could be improved significantly while 
using fuzzy classification and evaluation approaches. 
 
Zhang and Foody [18] used FCM and ANN techniques for full-fuzzy sub-urban land cover mapping 
from Landsat TM data in a supervised mode and found that full-fuzzy land cover mapping techniques 
can classify remotely sensed data more accurately compared to the partially-fuzzy approach. 
 
Lucas et al. [19] used FCM and linear unmixing techniques for sub-pixel habitat mapping of a coastal 
dune ecosystem from airborne imaging spectrometer (CASI) image. They found that these techniques 
could be useful to find out land cover class proportions at sub-pixel level. 
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Ibrahim et al. [20] made comparative analysis of different fuzzy classification techniques to generate 
accurate land cover maps in presence of uncertainties. In their study they conclude that possibilistic c-
means gives the highest accuracy in land cover mapping, followed by the FCM technique. 
 
Okeke and Karnieli [21] used FCM classification for vegetation change analysis in Adulam Nature 
Reserve, Israel from historical aerial photographs. For accuracy assessment purpose they have used 
Fuzzy Error Matrix (FERM) concept introduced by Binaghi et al. [4]. 
 
Although in remote sensing data clustering FCM approach was used many times for landcover 
mapping with fuzzy class definitions, the contextual FCM approach using MRF model was not 
reported earlier.  

2.2. Markov Random Field for Contextual Modelling of Remote Sensing Data 

In remote sensing image processing MRF has been used by many researchers to charcterise the spatial 
context. 
 
Geman and Geman [10] introduced MRF with Gibbs sampler for image restoration. They found that 
Gibbs sampler can be used for Bayesian image restoration at high and low signal-to-noise ratio. 
 
Solberg et al [22] proposed a MRF based model for multisource satellite data classification and from 
their study it was found that contextual information improves image fusion and classification results. 
Therefore in their study they conclude that the model is useful for more accurate multisource satellite 
data classification compared to a simpler reference fusion model. 
 
Melgani and Serpico [23] used MRF approach for spatio-temporal contextual image classification of 
Landsat TM and ERS-1 SAR data. They propose “mutual” MRF approach to improve classification 
accuracy and to extract temporal information by automatic parameter estimation. In their study they 
concluded that proposed method extracts information more attractively compare to the usual trial-and-
error method for MRF model parameter estimation. 
 
Szeliski et al. [24] have done a comparative study among different energy minimization methods for 
MRF based maximum a posterior (MAP) estimation for image segmentation and denoiseing. They 
studied the performance of graph cuts, LBP, tree-reweighed message passing and ICM methods for 
energy minimization with respect to predefined benchmark energy and found that TRW-based and 
graph cut algorithms are more promising to achieve the global minimum on some of the benchmarks 
compare to the other algorithms. 
 
For more details on MRF based image analysis reader is referred to [25]. 

2.3. Contextual Fuzzy Classification of Remote Sensing Data 

Nguyen and Cohen, [26] have proposed a hierarchical unsupervised segmentation method for textured 
image using Gibbs Random Field (GRF) and fuzzy clustering technique. In the first step, they 
modelled image texture using GRF and fuzzy clustering method was used for feature extraction and 
model parameter estimation. Afterwards they performed segmentation, using Bayesian local decisions 
based on previously obtained model parameters. 
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Binaghi et al. [27] used fuzzy knowledge representation framework (knowledge based classification) 
for multisource image classification. They used contextual and multisource information 
simultaneously for identification of glacier equilibrium line in Italian Alps region and found that 
contextual classification provides more accurate information compared to the conventional 
classification techniques. 
 
Dulyakarn and Rangsanseri, [28] have used contextual information for fuzzy c-means clustering 
algorithm by means of ‘Geometrical Guided Model’ (GG-FCM) and found better segmentation result 
compared to the standard FCM method. But it was not robust since it was done by partitioning the 
image into sub-matrix and determining the mean membership deviation compared to the membership 
of neighbourhood pixels.  
 
Tso and Olsen, [29] have used multi scale wavelet based technique to extract line features and fuzzy 
fusion process to merge resulting multi scale line feature. MRF is used here to restrict the over 
smoothness and bias contributed by the boundary pixels. 
 
Salzenstein and Collet [30] have done a comparative study between fuzzy markov random field and 
markov random chain for multispectral image segmentation. They conclude that fuzzy based approach 
is a good technique for astronomical data segmentation and for missing data recovery. 
 
Although few attempts were made previously by the researchers to incorporate spatial contextual 
information for fuzzy classifiers, the contextual FCM classifier with MRF was not introduced earlier 
by any researchers. 

2.4. Wetland Mapping and Remote Sensing 

Nowadays the importance of wetlands to our society is well recognized due to their ability to provide 
life support for flora and fauna, to store water, to work as a natural purifier and recharge ground water 
table [31 and 32]. In the context of Ramsar Convention on wetlands, remote sensing technology offers 
a unique opportunity to map and monitor these wetlands [33]. From the era of visual interpretation to 
computer processing of images all kind of wetlands has been studied by researchers [32]. For wetland 
applications most common method in computer processing is the unsupervised clustering and 
maximum likelihood classification (MLC) technique [32]. 
 
Chopra et al. [34] used visual interpretation technique to study water turbidity, temporal change in 
water level and vegetation status of Harike wetland in Punjab, India. Perhaps many recent works have 
emphasized computer based classification techniques due to the reduction in computational time [32]. 
 
Macleod and Congalton [35], MacAlister and Mahaxay [36], Rebelo et al. [37] and many other 
researchers have used MLC for mapping the wetlands. 
 
More recently Jain et al. [38] used artificial neural network (ANN) to study decreasing trend of water 
flow in Harike wetland area, Punjab, India from LISS-II and LISS-III data. They conclude that 
correlation coefficient and determination coefficient could be improved by using ANN with compare 
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to regression analysis, though ANN is not suitable for the simulation of base flow due to the larger 
spatial scale used in that study. 
 
Castaneda and Ducrot [39] used multi-temporal contextual classification (segmentation) technique to 
extract information from SAR imagery of the Monegros saline wetland area, Spain. 
 
Bock et al. [40] used fuzzy object oriented model with standardized nearest neighbour algorithm in 
eCognition software for habitat mapping in wetland areas of Northern Germany and Wye Downs, UK 
and found that object oriented methods provide spatial details of within habitat gradients compare to 
the traditional techniques like photo interpretation and field survey. 
 
Townsend and Walsh [41] used a hierarchical (rule based) classification schema to determine plant 
community composition in the lower Roanoke River flood plain area, USA. They used fuzzy set based 
accuracy assessment technique introduced by Woodcock and Gopal [42] to identify the magnitude and 
direction of error in the classification. 
 
Royle et al. [43] used spatial modelling technique for wetland mapping in U.S. Prairie region predicted 
habitat condition using Markov Chain Monte Carlo methods. 
 
For more details on remote sensing technology and wetland mapping reader is referred to [32]. 
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3. Classification Methods 
This chapter presents the detail about different classification methods including developed contextual 
FCM algorithm. Section 3.1 describes the fuzzy c-means approach. In section 3.2 the mathematical 
concepts of MRF were presented. Section 3.3 and 3.4 describes the contextual FCM approach and R 
software respectively. 

3.1. Fuzzy c-Means Clustering Approach 

In fuzzy membership concept each pixel can belong to several land cover classes partially. It gives 
membership vectors for each sample for each class with the ranges between 0 and 1. Thus a pixel can 
belong to a class to a certain degree and may belong to another class to another degree and the degree 
of belongingness is indicated by fuzzy membership values. In the feature space if any point lies closer 
to the centre of a cluster, then its membership grade is also higher (closer to 1) for that cluster. In case 
of fuzzy membership grades feature space is not sharply partitioned into clusters, the main advantage 
of this approach is that no spectral information is lost like in the case of hard partitioning of feature 
space [15]. The concept hard and fuzzy membership grade in feature space is illustrated in figure 3.1. 
 

  
 

Figure 3.1 (a) Hard and (b) fuzzy portioning of feature space [15] 
 
In hard partitioning (figure 3.1.a) one pixel is assigned to a single land cover class, thus there is some 
loose of information, but in case of fuzzy partitioning (figure 3.1.b) for a single pixel, there is partial 
belongingness to several land cover classes, it preserves information for a class. The FCM algorithm 
introduced by Bezdek [7 and 44] is an iterative clustering method, which minimises the following 
objective function: 

2

11
ji

C

j

m
ij

N

i
m

cdJ −= ∑∑
==

μ  , ∞≤≤ m1  Equation 3-1 

where, N is the total number of the pixels, C is the number of classes, ijμ  is the fuzzy membership 

value of ith pixel for class j, m is the fuzzy weight; which controls the level of fuzziness, di is a vector 

(a) (b)
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pixel value and cj is the mean vector of cluster j. The membership value ijμ  stratifies the following 

constraints [44]: 
 

10 ≤≤ ijμ ; { }Ni ,....,1∈ , { }Cj ,....,1∈   Equation 3-2 

1
1

=∑
=

C

j
ijμ ; { }Ni ,....,1∈    Equation 3-3 

0
1

>∑
=

N

i
ijμ ; { }Cj ,....,1∈    Equation 3-4 

 
In FCM, the membership value is calculated with the help of the following equation [15 and 45]: 
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where, ∑
=

=
C

j
ijik xx

1

22  and 
22

jiij cdx −=  [45]. In FCM clustering technique, it is necessary to determine 

the value of m, being the degree of fuzziness, in equation 3.1. If the value of m=1 then it is essentially 
the hard clustering [44]. Foddy [2] states that in most of the clustering cases m=2.0 produce the most 
accurate fuzzy classification, therefore in this study m=2.0 were taken. 

3.2. Markov Random Field Modeling for  Contextual Image Classification 

3.2.1. Markov Random Field 

Markov random field (MRF) theory is a part of probability theory, which characterizes the local 
contextual relationships of physical phenomena [25]. It has been used in statistical physics to describe 
the interaction between neighbouring particles for various phenomena [46]. The statistical dependence 
between pixels is defined based on the neighbourhood system. Basically it assumes that physical 
properties within a neighbourhood system do not change dramatically and it has some coherence over 
space. For example forest land changes gradually into grassland, but not abruptly. This is known as the 
‘smoothness prior’ model, as it produces smooth image classification pattern [13]. In Bayesian image 
analysis, which has a long and profound influence on statistical modelling of images, there are two key 
elements, namely, the prior and the conditional probability density function (p.d.f). These two 
functions are combined into the maximum a posterior (MAP) probability estimate in Bayesian image 
modelling [13]. 
 
While considering the contextual information image analysis might be more complete and it has the 
ability to reduce ambiguity by recovering missing information [25]. The contextual information can be 
derived from spectral, spatial or temporal dimensions [13 and 22].  
 
Let, { }nrrrr ,...,, 21=  denote a set of random variables, can be defined on the set S containing n number 
of sites (pixels) in which each random variable takes membership values for class C, here the family r  
is called a random field. The set S is equivalent to an image containing n pixels; r  is a set of pixel DN 
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values (random in nature) and the membership value for C depends on the user specific application, 
i.e. C = wetland, agricultural land with crop, agricultural land without crop or open land. A random 
field with respect to its neighbourhood system is a Markov random field if and only if it satisfies the 
following three properties [13]: 
 
Positivity: )(rP >0, it states that every configuration of r has a non-zero probability and )(rP  is the 
probability for given dataset r. 
 
Markovianity: ( ) ( )NiiiSi rrPrrP =− , it follows the definition of neighbourhood system. This property 

states that membership value of pixel i (central pixel) is only dependent on its neighbouring pixels. 
 
Homogeneity: )( Nii rrP is the same for all pixels i. i.e. for all pixels probability is dependent on 

neighbourhood pixels regardless of the pixel location. 
 
An MRF can also satisfy other property like Isotropy, which states the direction independence among 
the neighbourhood pixels. The practical use of MRF is dependent on its relationship with the Gibbs 
random field (GRF). As far as the cliques are concerned, GRF provides a tractable way to incorporate 
the spatial contextual information within the MRF model [13]. 

3.2.2. Neighbourhood System 

In MRF based image analysis neighbourhood system or window is used to define the prior energy, 
where the energy uniquely defines probability through P~exp(-U/T). Let, a set {S} denotes the set of 
pixels present in an image and the pixels within the image are related to each other with a 
neighbourhood system. Then the notation of a neighbourhood system for the set {S} can be expressed 
as: 
 

}{ SNN ii ∈∀=   Equation 3-6 

 
Where iN  is the neighbourhood of the pixel i. Usually in image analysis the first order neighbourhood 

system contains four pixels sharing same boundary with the pixel of interest (central pixel), second 
order neighbourhood system contains four pixels having corner boundary with the central pixel. As 
shown in the figure 3.2 higher order neighbourhood systems can be established in a similar way. Here 
in figure 3.2 up to fifth order neighbours are shown. 
 

 
Figure 3.2 Neighbourhood system up to fifth order 
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It is possible to extend the neighbourhood system up to many higher order systems; some previous 
study on MRF modelling suggests that the second order neighbourhood system is sufficient for many 
image analysis problems [47 and 48]. For the present research only the second order neighbourhood 
system was considered. 

3.2.3. Gibbs Random field 

Gibbs random field (GRF) characterizes the global properties of an image. Any random field r can be 
considered as a GRF if its probability density function follows the Gibbs distribution in the following 
manner [13]: 

( ) ( )
⎥⎦
⎤

⎢⎣
⎡−=

T
rU

Z
rP exp1   Equation 3-7 

 

where, ( )rP  is the probability of r , ( )rU  is the energy function, T  is the temperature, which is 

constant and Z  is the partition function or normalizing constant, it can be expressed as: 
 

( )∑ ⎥⎦
⎤

⎢⎣
⎡−=

T
rUZ exp   Equation 3-8 

 
In the above equation Z  is the sum over all possible combinations of r (i.e. over all combinations of 
pixel values in the image). In practice, Z  is very complex and non computable analytically with the 
exception of extremely simple cases. This difficulty in computation of Z  makes the sampling and 
estimation more difficult. From the equation 3.7 it can be observed that maximization of posterior 
probability ( )rP  is equivalent to minimization of the following energy function ( )rU : 
 

( ) ( )rVrU
Cc

c∑
∈

=    Equation 3-9 

 

In equation 3.9 cV  is the Gibbs potential parameter associated with the corresponding clique. C  is 

known as clique, which is a subset of image and within a clique all pairs of pixels are mutual 
neighbours. For a whole image C  is the collection of all possible cliques, i.e. C = 

...321 ∪∪∪ CCC  Figure 3.3 shows the all possible combinations of pixel for first order and second 

order cliques. 
 

 
a) Cliques for first order neighbourhood system 

 
b) Cliques for second order neighbourhood system 

 
Figure 3.3 The definition of cliques 
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As the order of neighbourhood system increases the number of cliques grows very fast, thus the 
complexity of computation also increases. The energy function of equation 3.9 can also be expressed 
in the following manner [13]: 
 

( )
{ }

( )
{ }

( )
{ }

( ) ....,,, "'

3
"'

'

2
'

1 ,,
3

,
21 +++= ∑∑∑

∈∈∈
ccc

Cccc
cc

Ccc
c

Cc

rrrVrrVrVrU   Equation 3-10 

 
where 321 ,, CCC  represents the single site, pair site, triple site clique respectively. In the present 

study only 2C  has been considered, which is consistent with the choice of second order 
neighbourhood system. The single side clique potential parameter was not considered as the 
probability of each class was considered equal in this study. 

3.2.4. MRF-GRF Equivalence 

An MRF is defined based on the local properties of a random field and GRF is defined in terms of 
global properties. According to the Hammersley-Clifford theorem for every MRF a unique GRF exists 
as long as the GRF is defined in terms of cliques on a neighbourhood system [13]. The proof of MRF-
GRF equivalence offers an easy way to deal with the MRF based image analysis problems, which 
makes the MRF model more attractive and parallel [13]. More details on MRF-GRF equivalence can 
be found in [8] and [25]. 

3.2.5. Maximum A Posterior (MAP) Probability Solution 

MAP solution can be found by minimizing the global posterior energy. The posterior energy is the 
combination of prior and conditional energy function. Using Bayesian formulae, the MAP solution can 
be represented in the following manner: 
 

( ) ( ) ( )
( )dP

PdP
dP

μμ
μ =    Equation 3-11 

 
where, μ  is the membership value and d  is the given dataset. The posterior probability, which we 
want to maximize and can be written as follows: 
 

arg=μ ( ){ }dp μmax    Equation 3-12 

 
According to the equation 3.7 the MAP estimate is equivalent to the minimization of global energy 
function and can be expressed as: 
 

argˆ =μ ( ) ( ){ }μμ UdU +min   Equation 3-13 

 
where, μ̂  is the optimal class membership value after minimizing the global energy function, ( )dU μ  

is the conditional energy and ( )μU  is the prior energy function (smoothness prior) and the global 
posterior energy function can be defined as: 
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( ) ( ) ( )μμμ UdUdU +=    Equation 3-14 

 
One additional parameter λ is added to the equation 3.14 to control the balance between the two 
energy functions, where the value of λ ranges between 0 and 1. 
 

( ) ( ) ( ) ( )μλμλμ UdUdU ⋅+⋅−= 1   Equation 3-15 

 
Afterwards the minimization of global posterior energy function is required in order to get the MRF-
MAP estimate. In the literature three algorithms, namely, simulated annealing (SA), iterated 
conditional modes (ICM) and maximiser of posterior marginals (MPM) have been reported to find out 
the MRF-MAP solution. For this study SA technique has been used as it was proven that SA performs 
better with compare to the other two methods to find out the global minimal energy for the MRF-MAP 
solution [13]. 

3.3. Contextual Fuzzy c-Means Approach 

An algorithm called Contextual FCM has been developed by using MRF model. Here to estimate the 
conditional energy function ( )μdU  the FCM objective function (equation 3.1) was used. In the case 

of fuzzy contextual classifier there are few issues, which need to be considered: 
 

• The membership grade for a pixel for all classes should be sum up to 1. (equation 3.3) 
 

• At the same time membership values for a single pixel for all the classes need to be updated. It 
makes the process more complex with compare to the hard classifiers. Since in case of hard 
contextual classification at a time for a pixel only one class label is updated. 

 
• Another issue is the infinite number of possible membership values (sampling space), being 

real numbers between 0 and 1 are the possible values. Sampling from such space is 
computationally hard. 

 
For optimization of global energy function simulated annealing (SA), a stochastic relaxation algorithm 
was used. Earlier SA was used in thermo dynamics to find out the optimal solution for a system 
containing large number of particles. The concept of SA is equivalent to heat a metal body until it can 
get the desired shape and then it is cooled very slowly to make sure that the metal is given enough time 
to respond. It is similar to the process to add some noise in a system and shake the search process 
away from the local minima to get a global minimum. The whole process is controlled by carefully 
defined updating process and initial temperature. High temperature generates random image 
configuration [13, 22 and 25]. 
 
Initially for sampling from a random field the SA technique proposed by Metropolis et al. (1953) was 
used, as in the literature it was reported that Metropolis algorithm is easier to program and it performs 
better in comparison to the Gibbs sampler [13 and 25]. 
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3.3.1. Contextual FCM (Metropolis Algorithm) 

Metropolis algorithm randomly generates new membership image configuration ( )'ijμ  and calculates 

the energy function associated with the new configuration. Then it checks if the new configuration 
provides a lower energy value than the previous configuration ( )ijμ , then the new configuration is 

accepted with probability one otherwise with probability less than one. If the energy of new 
configuration ( )'ijμ  is greater than the energy of previous configuration ( )ijμ  then the new 

configuration ( )'ijμ  is not automatically rejected, it is accepted with the probability that decreases with 

the increment in the difference in energy states at previous and new configuration [22]. It can be 
written as follows: 
 

If ( )'ijU μ > ( )ijU μ  

Then '
ijμ  is accepted with probability, 

( ) ( ) ( )( )⎥⎦
⎤

⎢⎣
⎡ −−= ijijijij UU

T
P μμμμ '' 1exp,  Equation 3-16 

where, 
( )'ijU μ = Posterior energy of new configuration '

ijμ  

( )ijU μ = Posterior energy of previous configuration ijμ  

( )', ijijP μμ = Joint probability of previous and new configuration 

T = Temperature 
 
Generally the algorithm starts with a high temperature once the convergence is achieved at current 
temperatureT ; the temperature is decreased with some carefully defined cooling schedule. The 
cooling continues until the system becomes frozen (i.e. T → 0). The pseudo code for Metropolis 
sampler could be written as follows: 
 
Initialize T  and μ ; 

Do for iteration, 1=iter to Niter  
Do for each pixel n  in the image 

Randomly sample from new configuration '
ijμ ; 

Calculate energy differences between the previous configuration ( )ijU μ and new 

configuration ( )'ijU μ at pixel ij; 

 

Let ( )( )
( )( )⎭⎬

⎫

⎩
⎨
⎧

−
−

=
ij

ij
U

Up μ
μ

exp
exp,1min

'

 

Replace ijμ  by '
ijμ  with probability p ; 

 End do; 
End do; 

Decrease T until equilibrium; 
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Until T =0 
Return ijμ ; 

 
For every iteration Metropolis algorithm randomly generates new membership values ijμ  for each 

pixel for each class based on the change in energy function. The mathematical form of the developed 
algorithm can be expressed in the following manner: 
 

( ) ( ) ∑ ∑∑∑∑∑
= = ∈== =

⎟
⎟
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⎞
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⎝
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⋅−+−−=

N
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j Nk
kjij

L

l
jlil

N

i

C

j

m
ij

i

cddU
1 11

2

1 1

1)1()( μμβλμλμ   Equation 3-17 

 
Where, 
( )dU μ  = The posterior energy of membership values μ , given observed image d 

λ = Weight for context and spectral information (smoothness parameter) 

ijμ = The membership value of pixel i to class j. The aim of MRF-FCM classification is to obtain ijμ  

(for all i and j) that minimizes the energy ( )dU μ . 

ild  = The original DN value (vector) of a pixel i in band l . 

jlc  = The classes mean value (vector) for class j for band l  

M = Fuzzy weight [in this study, m value was set to 2]  
β = Weight for neighbours 
C = Number of classes 
N = Total number of pixels 
L = Number of bands in a multispectral image 
Ni= The neighbourhood window around pixel i. 
 
The global minimization of the above energy function (equation 3.17) can be achieved by SA if it was 
preformed for an infinite time, but it is unrealistic [13]. Thus the updating process is constrained by 
two variables, namely, ‘min_acc_thr’ and ‘Niter’ i.e. after one updating if the pixels have different 
membership value less than the predefined threshold value (0.001) or the number of iteration has been 
achieved (10000). Therefore the approximation of global posterior energy was achieved. For the 
convenience, variable notations used in the equation 3.17 and the same variables used in the code are 
described in table 3.1. 
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Table 3.1 Variable Descriptions for MRF-FCM (Metropolis algorithm) 
 
Variable description Mathematical notation Program code notation 
Pixel membership value ijμ where i is the pixel position 

(note: single index i identifies 
both row and column) and j is 
the number of class 

F[i,j,l], where i and j indicate 
pixel position, i.e. row and 
column and l is the number of 
class 

DN vector of a pixel ild  where i is the pixel 
position and l is the band 
number (1<=j<=L) 

Ddeg[i,j,k], where i and j 
indicate pixel position, i.e. 
row and column and k is the 
band number  

Mean vector for different 
classes 

jlc  where  j is the number of 

class and l is the band number  

mu[l,], where l is the number 
of class and another 
dimension is number of bands 

Smoothness parameter λ Lambda 
Weight for neighbours β Weight[k, l], where k and l 

indicate the neighbourhood 
pixel position, i.e. row and 
column and W1 variable stores 
the weight values for different 
neighbourhood pixels 

Fuzzy weight m m 
 
In equation 3.17 setting lambda to 0 one would expect a solution that is identical to a conventional 
FCM algorithm (because the smoothness prior is simply ignored in the energy term expression). 
Practically it has been found that while setting lambda=0 the MRF-FCM solution is not identical to the 
FCM solution (more details are given in section 5.2 and 6.1). So Gibbs sampler is used to resolve this 
deficiency in the developed MRF-FCM algorithm. 

3.3.2. Contextual FCM (Gibbs sampler) 

The SA algorithm proposed by Geman and Geman [10] is known as Gibbs sampler. It generates new 
membership values '

ijμ  for each pixel ij based on the local conditional distribution and it also includes 

the temperature parameter T. The concept of Gibbs sampler is similar to the concept of Metropolis 
algorithm the only difference is how the next configuration '

ijμ  is generated. The pseudo code for 

Gibbs sampler can be described as: 
 
Set iter=0; 
Initialize T and ijμ ; 

Repeat 
Sample next configuration (iter+1) '

ijμ  from { }( )ijSijP −μμ ' ; 

iter = iter+1; 
Until maximum iteration Niter reached 



FUZZY C-MEANS CLASSIFICATION OF MULTISPECTRAL DATA INCORPORATING SPATIAL CONTEXTUAL INFORMATION BY USING 
MARKOV RANDOM FIELD 

18 

Return 

ijμ ; 

 
In the Gibbs sampler we update the pixel value from the conditional distribution, 
 

⎟
⎠
⎞

⎜
⎝
⎛−

T
UP exp~   Equation 3-18 

 
If the expression for U (equation 3.15) can be expressed as a second order polynomial on the pixel 
membership value μ , then P is the normal distribution. U is a second order polynomial if both prior 
energy and conditional energy function are second order polynomials. To get the prior energy function 
( )μU  in a second order polynomial, squared difference between the pixel membership value and its 

neighbours ( )2kjij μμ −  is proposed. For conditional energy function ( )μdU  one assumption was 

taken that if we consider the squared difference between the membership value from FCM solution 
and the membership value from Gibbs sampler then the conditional energy function is also a second 
order polynomial. The contextual FCM (Gibbs sampler) algorithm can be expressed as: 
 

( ) ∑∑∑∑∑
= = ∈= =
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ddU
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1

2

1

)( )()()1()( μμβλμμλμ   Equation 3-19 

 
Where, 
( )dU μ  = The posterior energy of image μ , given observed image d 

λ = Weight for context and spectral information (smoothness parameter) 

ijμ = The membership value of pixel i to class j. The aim of MRF-FCM classification is to obtain ijμ  

(for all i and j) that minimizes the energy ( )dU μ . 

N = The number of pixels; 
C = The number of class; 

)(FCM
ijμ  is the solution from supervised FCM (with fixed class mean vectors) for the pixel value ild  

(observed data) according to the equation 3.5 
β = weight for neighbours (constant, equal to 1/(8C)) 
Ni= The neighbourhood window around pixel i. 
 
The temperature update scheme (cooling schedule) proposed by Geman and Geman [10] can be 
formulated as: 
 

( ) ( )iter
TiterT
+

=
1log

0    Equation 3-20 

 
where, ( )iterT  is the temperature at iterth iteration and 0T is the initial temperature. But this schedule is 

too slow and it takes so many iterations to reach the minimum energy. It was described as unrealistic 
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by many researchers. So for this research the following cooling schedule (power law schedule) has 
been used [48]: 
 

( ) updTTiterT ×= 0    Equation 3-21 

 
where, ( )iterT  is the temperature in iterth iteration, 0T is the initial temperature and updT  is the update 

rate, which typically ranges between 0.8 to 0.99 [48]. Before the global posterior energy (equation 
3.19) can be optimized, it is necessary to determine the simulated annealing parameters 0T and updT . A 

detail of the parameter optimization is described in section 4.3. In table 3.2 different variable notations 
used in the equation 3.19 and the same variables used in the code are described in detail. 
 
Table 3.2 Variable Descriptions for MRF-FCM (Gibbs Sampler) 
 
Variable description Mathematical notation Program code notation 
Pixel membership vector from 
MRF-FCM solution 

ijμ where i is the pixel position 

and  j is the number of class 

F[i,j,l], where i and j indicate 
pixel position, i.e. row and 
column and l is the number of 
class 

Pixel membership vector from 
FCM solution for the observed 
data d 

)(FCM
ijμ  where i is the pixel 

position and j is the number of 
class 

fl variable is storing the Fuzzy 
membership grades for all 
pixels for all classes. And the 
membership value is 
calculated from the function 
F_like 

Smoothness parameter λ lambda 
Weight for neighbours β It is equal to 1/8 (in case of 

non-boundary pixels) 
Pixel membership vectors in 
the neighbourhood window 

iN  

kjμ  where k is the 

neighbourhood pixel position 
and j is the number of class 

F[i1,j1,] it stores membership 
values for neighbourhood 
pixels; where i1 and j1 is the 
position of neighbourhood 
pixel, i.e. row and column 

3.4. R Statistical Package 

R software is open source software, which has been developed based on the S language. Basically R 
software can be used for statistical computations and programming. It can also display results in the 
form of graph or images. In R software remote sensing image is imported as ASCII format and stored 
as matrices. In this study all calculations for FCM and contextual FCM approach was performed using 
R programming environment (version 2.7.1). For validation purpose the RMSE and correlation value 
(r) was also calculated in R software. 
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4. Study Area, Data Preparation and 
Methodology 

This chapter explores the study area, data used, their pre-processing and the over all methodology 
adopted for the study. Section 4.1 describes the study area, section 4.2 describes the data set 
preparation and section 4.3 describes the methodology. 

4.1. Study Area 

The wetland area selected for this study is the Hamjiyakheri reservoir area on Shivana Nadi in the 
Chittaurgarh district of Rajasthan, India. The area is situated in the southern part of the Rajasthan State 
between 23052’30.84”N to 23053’19.45”N and 74052’16.41”E to 74053’15.58”E and the average 
elevation of the area is 480 m above M.S.L. The area covers 1.68 x 1.56 km in east-west and north-
south direction. In the study area wetland is the major source of water for agricultural activities and 
fishing purpose. Agriculture is the main economic activity in the region and local people are 
dependent on the water availability from the wetland. Because of the importance of the wetland area, 
availability of the images and prior information about its land cover types, this area was selected for 
testing the developed contextual FCM algorithm in the context of wetland mapping.  
 

 
Figure 4.1 Location map of the study area 

 

Source: Google Earth; accessed on 06/08/08 

N 

 Rajasthan 

India 

Hamjiyakheri 
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4.2. Data Preparation 

In this study remotely sensed images of IRS P6 satellite were selected for wetland mapping. For 
mapping purpose images from AWiFS and LISS-III sensors with spatial resolution of 56 m and 23.5 m 
respectively were used and LISS-IV image with 5.8 m resolution was used for reference data 
generation. All the images were acquired on the same date i.e. on 18th February 2004. Before the 
images can be used for any application it is necessary to perform geometric correction for all the 
datasets and the coarse resolution dataset should be co-registered against the fine resolution dataset. 
The specifications for different sensors are given in figure 4.2. 
 

 
Figure 4.2 Specifications for IRS P6 satellite sensors 

(Source: http://www.isro.org/pslvc5/index.html; accessed on 23/05/08) 

4.2.1. Geometric Correction of LISS-IV Data 

For geometric correction of LISS-IV data 23 GCPs were selected from SOI toposheet (
13

46 I
). After 

that the LISS-IV data was geo-registered in UTM projection with WGS84 North spheroid and datum, 
zone 43 with RMSE of 0.140. The image was resampled at 5 m spatial resolution by nearest neighbour 
resampling method with first order polynomial to maintain the correspondence between AWiFS and 
LISS-III pixels and with specific number of LISS-IV pixels i.e. 144 and 16 pixels respectively for the 
convenience of accuracy assessment. The geometrically corrected LISS-IV image is shown below in 
figure 4.3. 
 

 
Figure 4.3 LISS-IV multispectral image of the study area 
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4.2.2. Geometric Correction of LISS-III Data 

LISS-III image was co-registered with respect to the LISS-IV dataset in UTM projection with WGS84 
North spheroid and datum, zone 43. The image was resampled at 20 m spatial resolution by using 
nearest neighbour resampling method (first order polynomial) with RMSE 0.087 and total 19 GCPs 
were collected from the image for the purpose of geo-registration. Geometrically corrected LISS-III 
image is shown in figure 4.4. 
 

 
Figure 4.4 LISS-III multispectral image of the study area 

4.2.3. Geometric Correction of AWiFS Data 

AWiFS data of the same area was co-registered with respect to the LISS-IV image. The image was 
resampled at 60 m and registered to UTM projection with WGS84 North spheroid and datum, zone 43 
with RMSE 0.120. Here also the nearest neighbour resampling technique with first order polynomial 
was used. Total 15 GCPs were used to image registration purpose. The resulting AWiFS image is 
shown in figure 4.5. 
 

 
Figure 4.5 AWiFS multispectral image of the study area 
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4.2.4. Reference Data Generation 

According to Lu and Wang [49] to evaluate the accuracy of fuzzy classified map it is also necessary to 
use soft reference data, which itself is a problem to generate from the field study. From the ground it is 
difficult to generate soft reference data due to the following reasons: 
 

• Since it is the time consuming and costly way to generate soft reference dataset. 
 

• It is difficult to locate the area of a 60X60 m pixel (of AWiFS) on the ground exactly. 
 

• Due to the remoteness of the area field visit is not always possible and realistic. 
 

• Reference data generated from field survey also may contain some errors [50]. 
 
So it is necessary to adobe an effective way to generate soft reference data from available fine 
resolution dataset [4, 12 and 45]. In this study LISS-IV data was used to generate soft reference data. 
Before the soft reference data generation from LISS-IV image a smoothing was performed using mean 
filter with 3X3 window size to reduce the variance of the image. Since only major landcover classes 
are present in the coarse resolution AWiFS dataset and it is necessary to remove the minor landcover 
classes from fine resolution LISS-IV dataset in order match the reference landcover classes with 
classified classes exactly. The whole smoothing process was done by using the model maker tool 
available in ERDAS Imagine 9.1 software [51]. After smoothing the LISS-IV image is shown in figure 
4.6. 
 

 
Figure 4.6 Smoothened LISS-IV multispectral image of the study area 

 
There are two possible ways to generate soft reference data from fine resolution (LISS-IV) dataset and 
both of they have their own advantage and disadvantages, it is described below, 
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4.2.4.1. Method 1 

Classify the LISS-IV image by MLC classifier or traditional hard classifier and aggregate at LISS-III 
(20m) & AWiFS (60m) resolution to get the soft output [4 and 12]. 

 
• Advantage of the method:  

Accuracy assessment of hard reference data can be done based on original fine resolution 
dataset. Here hard classified LISS-IV image (By MLC) is compared with the original LISS-IV 
data to generate error matrix [12] In this case the accuracy of the reference data can be tracked.  

 
• Disadvantage: 

Here it is assumed that all the pixels in LISS-IV (fine resolution) dataset are pure. This is 
essentially wrong. Each real image contains some mix-pixels [50].  

 
Second disadvantage is that soft outputs at coarser scale were generated during the 
aggregation of hard classified map. In this case partial membership is neither due to the 
uncertainty nor ambiguity in class definition; it is only the proportion of land cover classes 
present in a coarse pixel. In this sense reference data is not suitable to assess the accuracy of 
Fuzzy classified data [52]. 

4.2.4.2. Method 2 

Use soft classifier to generate soft reference data from fine resolution LISS-IV data [45]. 
 

• Advantage of the method:  
Here it was not assumed that all pixels present in the finer resolution dataset are pure and any 
information was not lost due to the hardening of soft classification outputs. 

 
The second advantage is that here the membership value is due to the vagueness in class 
definition. So the second disadvantage of previous method can be avoided by this method. 

 
• Disadvantage: 

Major disadvantage of this method is to track the accuracy of the soft reference data. 
 
In this study method 2 was adopted to generate soft reference data. In order to overcome the 
disadvantage of the method following technique was proposed. 
 
First, classify LISS-IV image by SVM, assess the accuracy of that hard classification and take the soft 
outputs of SVM classification as reference data. Then the question arises why to assess the accuracy of 
hard out put if only the soft outputs will be taken as reference data? 
 
Then it can be said that, since the soft output is nothing but all the possible membership vectors for 
each pixel for all classes and hard output is the highest membership/probability value, which is 
actually computed from the soft outputs. Therefore the hard classified map is the simplified form of 
soft outputs and from previous studies [12, 15 and 17] it was found that fuzzy approach produces more 
accurate landcover/landuse maps from the remotely sensed data with compare to the traditional hard 
classifiers. 
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For reference data generation from LISS-IV image, support vector machine (SVM) classifier, a 
statistical linear learning algorithm which maximizes the distance between two data vectors, was used 
[46]. From the literature it was found that SVM performs better for fine resolution images and it was 
strongly recommended for fine resolution image classification [45 and 53]. Four land cover classes 
namely, open land, agricultural land with crop, agricultural land without crop and wetland were 
identified and 35, 59, 49, 105 pixels were selected respectively from each class to trained the SVM 
classifier. All the training sites were well distributed over the whole LISS-IV image. The classification 
outputs (hard and soft both) are shown in figure 4.7 and 4.8. 
 

  
0 200 400 600 800100

Meters 
 

Figure 4.7 SVM classification (hard) output for LISS-IV data 
 
The classification accuracy assessment was conducted for the hard output map generated by SVM 
classifier. In absence of ground data original LISS-IV data was used as reference image [16]. A total of 
150 pixels per class were randomly selected for accuracy assessment as recommended by Congalton 
[54] that, the number of testing pixels for accuracy assessment should be larger enough than the 
sample size. Validation sites for LISS-IV data classification was presented in appendix A. The error 
matrix is shown in table 4.1 
 
Table 4.1 Error matrix for LISS-IV classified map by SVM classifier (hard output) 
 

Reference Data/ 
Classified Data 

Agri. with crop Open land Wetland Agri. without crop Row Total 

Agri. with crop 150 0 0 0 150 
Open land 0 147 0 3 150 
Wetland 0 0 150 0 150 
Agri. without crop 16 17 6 111 150 
Column Total 166 164 156 114 600 
 

Wetland 

Agriculture with out crop 

Agriculture with crop 

Open Land 

Legend 

N 
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Overall Classification Accuracy = 93.00% 
Overall Kappa Statistics = 0.907 
 
Form table 4.1 it can be concluded that the hard output of SVM shows satisfactory results with kappa 
value above 0.9 and overall accuracy of 93%. Therefore it was assumed that the soft outputs form 
SVM classification were also accurate, since hard output is the simplified form of soft outputs. The 
soft classification outputs are shown in the figure 4.8, were used further for accuracy assessment of 
soft outputs of FCM and contextual FCM methods. 
 
 
 
 

        

 
Figure 4.8 Soft reference data 

4.3. Methodology 

After the data preparation stage AWiFS and LISS-III multispectral data were classified separately by 
using existing FCM algorithm (section 3.1) and the developed contextual FCM algorithm (section 
3.3). For validation purpose the soft reference dataset (Figure 4.8) was used. The general methodology 
adopted for the study is shown in figure 4.9. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

0.0 1.0 µ 

Wetland Open land
Agricultural land 

with crop 
Agricultural land 

without crop 
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Figure 4.9 Methodology adopted for the present study 

4.3.1. Parameter Optimization for MRF Based Model 

Before the developed contextual FCM algorithm can be used to classify the AWiFS and LISS-III 
images it is necessary to optimize the simulated annealing parameters (temperature and temperature 
updating rate). Previous works on MRF based image analysis suggests that the initial temperature (T0) 
should be set to 3 or 4 [10, 25, 48 and 55]. For this research study the T0 parameter is optimized based 
on the minimal energy value from the MRF-FCM solution. With different T0 values the minimal 
energy value is shown in the figure 4.10. Here the temperature update rate (Tupd) and the smoothness 
parameter (λ) were kept fixed, i.e. 0.8 and 0.5 respectively. 
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Figure 4.10 Optimization of T0 parameter 

 
Figure 4.10 shows T0 value greater than 3.0 or 4.0 does not really provide an improvement in minimal 
energy value from MRF-FCM solution. To optimize the Tupd parameter the reproducibility of MRF-
FCM solution was taken under consideration. In the literature it was reported that typically the value 
of Tupd parameter ranges between 0.8 and 0.99 [25, 48]. For different combinations of T0 and Tupd 
parameters ten observations were made and corresponding standard deviation of minimal energy value 
from MRF-FCM solution were shown in the figure 4.11. The combination showing lowest standard 
deviation value from ten observations was taken as optimal parameters for simulated annealing. 
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Figure 4.11 Optimization of Simulated annealing parameters 

 
From figure 4.11, T0 =3.0 and Tupd =0.9 was taken as optimal combination of parameters for 
simulated annealing since it is showing the minimum standard deviation value, i.e. 3.187. Afterwards 
AWiFS and LISS-III images were classified using contextual FCM algorithm. 

4.3.2. Measures of Accuracy 

For validation of FCM and contextual FCM classification outputs the Fuzzy Error Matrix (FERM) [4] 
and Sub-pixel Confusion Uncertainty Matrix (SCM) [14] was used in this study. Generally the soft 
classification technique provides more information about class composition of a pixel in the form of 
fractional images with comparison to traditional hard classifiers. But there was the open issue 
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regarding the accuracy assessment for soft classified maps. There is no globally accepted method for 
doing such. Sometimes researchers have applied the defuzzification techniques to get hard output from 
soft classifiers [21]. While doing defuzzification obviously we are losing some valuable information 
and then the question arises, Why to do soft classification? What is the use of fractional images? 
 
To address that issue in the present research FERM and SCM approach was adopted to assess the 
accuracy of soft outputs from FCM and contextual FCM classification. Traditionally Error Matrix was 
used to assess the accuracy of hard classifiers. FERM is also the similar concept only the difference is 
that it uses fractional images to assess the accuracy and the values in FERM is real number (not 
integers like in conventional confusion matrix). Many researchers [12, 45, 56, and many others] have 
used FERM concept introduced by Binaghi, et al. [4] to assess the accuracy of fuzzy classified map. 
Basically FERM uses the ‘MIN’ operator, originally introduced in the theory of fuzzy sets [3] to find 
out the agreement between classified and reference datasets. The operator calculates maximum fuzzy 
set intersection between two datasets [4]. 
 
More recently Silván-Cárdenas & Wang [14] proposed a new cross comparison matrix (SCM), which 
is able to assess the sub-pixel distribution uncertainty by using the confusion interval, defined by the 
‘MIN-LEAST’ and ‘MIN-MIN’ operators. Another composite operator namely, ‘MIN-PROD’ 
proposed by Pontius and Cheuk, 2006 [52] was also used in this study. The general descriptions about 
these composite operators are given below: 
 
MIN-LEAST composite operator is formed by the MIN and LEAST, two basic operators. MIN 
operator finds out the maximum fuzzy intersection and the LEAST operator measures the minimum 
possible sub-pixel intersection between two classes. In MIN-LEAST composite operator, the MIN 
operator is used for diagonal cells in an error matrix and LEAST operator is used for off-diagonal cells 
[14]. 
 
The MIN-MIN composite operator is formed by a single basic operator, namely the MIN operator, 
which measures maximum overlap between two classes. Therefore in case of MIN-MIN operator the 
maximum intersection for both diagonal and off-diagonal cells present in a matrix were calculated. 
 
The MIN-PROD composite operator measures the maximum overlap for diagonal cells and expected 
overlap (joint probability) for off-diagonal cells. The MIN-PROD matrix satisfies the diagonalization 
and marginal sums criteria [14]. For more details on these basic and composite operators reader is 
referred to [14]. 
 
Since any commercial software packages do not include FERM and SCM based accuracy assessment 
tools, an in-house software package, known as Sub-pixel Multispectral Image Classifier (SMIC) 
developed by Dr. Anil Kumar at Indian Institute of Remote Sensing was used [56] for the accuracy 
assessment purpose. 
 
Another accuracy measure called root mean square error (RMSE) has been used to trace the random 
and systematic errors present in the classification outputs [55 and 57]. The global RMSE has been 
calculated by the following formula: 
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where, Cij and Rij are the membership values of pixel i in class j for the classified and reference image 
respectively, N is the dimension i.e. number of rows and columns, C is the number of classes. To 
calculate the RMSE error per class the following formula was used: 
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Where Cij and Rij are the membership values of pixel i in class j for the classified and reference image 
respectively, N is the dimension i.e. number of rows and columns. 
 
The correlation-coefficient is an alternative measure of accuracy, which indicates the agreement 
between the classified and reference datasets. It is also known as Pearson’s product-moment 
correlation-coefficient and can be expressed by the following formula: 
 

( )
CR

CRr
σσ

,cov
=     Equation 4-3 

 
Where ( )CR,cov  denotes the covariance of R (reference data) and C (classified data), Rσ  and Cσ  

are the standard deviation of R and C respectively. The value of r lies between -1 to +1, which 
indicates the negative and positive linear relationships respectively. In this study the value of r for all 
classes, as well as per class has been calculated to measure the degree of association between classified 
and reference datasets. 
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5. Results and Discussion 

This chapter presents the classification outputs obtained by different classification approaches and 
their analysis. Section 5.1 describes the results of FCM classification for AWiFS dataset. In section 5.2 
classification results by contextual FCM algorithm for AWiFS dataset have been presented. The 
classification results of FCM and contextual FCM algorithms for the LISS-III dataset have been 
presented in section 5.3 and 5.4 respectively. In section 5.5 a brief summary on classification results 
have been given. 

5.1. FCM Classification Results for AWiFS Dataset 

For supervised FCM classification of AWiFS data a total of 40 training pixels were selected from each 
land cover class. The training sites were well distributed over the whole AWiFS image. In supervised 
FCM classification only the Euclidean norm was considered, since from the literature it was found that 
FCM with Euclidean norm performs better in comparison to the Mahalanobis and Diagonal norm [45]. 
FCM classification results of AWiFS data were shown in the following figure 5.1. 
 
` 
 
 

    

      
Figure 5.1 Fraction images of FCM classification for AWiFS data 

 
The membership values for each pixel in different land cover classes were ranges between 0 and 1. For 
the above fraction images RMSE and Pearson’s product correlation-coefficient (r) values have been 
calculated with respect to the soft reference data. In order to get fine resolution (5m) soft reference 
data at the scale of AWiFS data (60m) the mean-aggregation method has been adopted. While 
applying the mean-aggregation method on fine resolution reference data the point spread function 
(PSF) of a sensor was ignored. The PSF effect has following two important aspects: 
 

a) Sub-pixels in the middle of a coarse pixel have larger weight (effect) than the pixels at the 
boundaries; 

 

0.0 1.0 µ 

Wetland Open land Agricultural land 
with crop 

Agricultural land 
without crop 
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b) Area on the ground contributes to the coarse pixel is not square, but rather of elliptic shape; it 
even includes some contribution from the neighbouring coarse pixels; 

 
In this study above aspects of PSF function were ignored. In mean-aggregation method mean value of 
sub-pixels were assigned to a coarse pixel. In other words for AWiFS image a 12X12 window was 
used to calculate the mean of membership values for each class, were assigned to a pixel at 60m to get 
reference datasets at the same scale. The fuzzy based accuracy measures used in this study namely, 
FERM and SCM also follows the mean-aggregation method to bring the reference dataset at the same 
scale of classified datasets [4 and 14]. Once the reference dataset has been brought at the scale of 
classified images, different accuracy measurement techniques were performed. The accuracy statistics 
table 5.1 shows RMSE and correlation-coefficient values for fuzzy classification of AWiFS data. 
 
Table 5.1 RMSE and r values for FCM classification of AWiFS data 
 

 
From table 5.1, it is clear that the RMSE value is quite high for agricultural land with crop and 
agricultural land without crop classes. Due to the high RMSE value in those two classes the overall 
RMSE value has also been increased. For open land the correlation-coefficient value is maximum i.e. 
0.50 and RMSE is minimum i.e. 0.24. For particular application interest i.e. in the context of wetland 
mapping it can be concluded that FCM classifier shows weak positive correlation (r=0.29) with 
considerable RMSE value. But in comparison to the other land cover classes accuracy level of wetland 
stands at second position. 
 
Latter on different fuzzy based accuracy measures namely, FERM, SCM, MIN-PROD, MIN-PROD, 
MIN-MIN and MIN-LEAST operators were used to assess the accuracy of fraction images derived 
from FCM classification. In case of each operator total 100 sample pixels (test sites) per land cover 
class were randomly selected and the fuzzy user’s, producer’s, overall accuracy as well as fuzzy kappa 
value were calculated for different fuzzy based error matrices. The detail statistics of fuzzy based 
accuracy assessment are shown in table 5.2. 
 
 
 
 
 
 
 
 

Class RMSE r 
Wetland 0.312 0.289 
Open land 0.242 0.502 
Agricultural land 
with crop 

0.520 0.152 

Agricultural land 
without crop 

0.425 0.0549 

Global (For all classes) 0.389 0.232 
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Table 5.2 Accuracy assessment report for FCM classification of AWiFS data 
 
Accuracy 
assessment tools 
 

FERM SCM MIN-PROD MIN-
MIN 

MIN-LEAST 

Fuzzy User’s accuracy (%) 
Wetland 79.58 79.65±  1.7 79.59 77.93 81.38 
Open land 83.41 83.43±  0.6 83.42 82.85 80.94 
Agricultural land 
with crop 

62.98 63.00±  0.7 62.98 62.34 84.00 

Agricultural land 
without crop 

76.50 76.51±  0.2 76.51 76.26 76.76 

Fuzzy Producer’s accuracy (%) 
Wetland 69.80 69.86±  0.8 69.82 69.09 70.64 
Open land 64.54 64.59±  1.3 64.55 63.30 65.89 
Agricultural land 
with crop 

86.97 86.98±  0.2 86.97 86.82 87.15 

Agricultural land 
without crop 

67.62 67.63±  0.5 67.63 67.08 68.17 

Fuzzy Overall  
Accuracy (%) 

72.72 72.74±  0.6 73.95 72.09 73.39 

Fuzzy Kappa - 0.62± 0.0 0.62 0.61 0.62 
 
According to table 5.2 the fuzzy overall classification accuracy of FCM classification has been found 
quite low (72.72% by FERM and 72.74% by SCM) and SCM shows very low uncertainty value 
(±0.65%), which indicates the low error concentration in different land cover classes [14]. The overall 
classification performance according to SCM based kappa (0.62) and MIN-PROD based kappa (0.62) 
was same and uncertainty with associated with SCM kappa (±0.009) found very low, it indicates the 
low uncertainty in the sources of error [14]. From all fuzzy based accuracy assessment operators, in 
general it can be concluded that the overall performance of FCM classifier for AWiFS data was less 
affected by the uncertainty. 
 
More particularly for wetland mapping, performances of FCM classifier according to the different 
accuracy measures are shown in the figure 5.3 
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Figure 5.2 User’s and Producer’s accuracies for wetland by FCM (AWiFS data) 

 
Above figure 5.2 shows that while classifying the AWiFS image by FCM approach; it gives good 
user’s accuracy for wetland class in comparison to the producer’s accuracy for different accuracy 
assessment tools. It indicates the omission error has been occurred more than the commission error for 
the specific land cover class. The details of training sites for FCM classification were given in 
Appendix-B. 

5.2. Contextual FCM Classification Results for AWiFS Dataset 

For contextual FCM classification of AWiFS data initially Metropolis sampler (equation 3.17) was 
used. But results found, were not satisfactory, so afterwards Gibbs sampler (equation 3.19) was used. 
The details of these experiments given in below: 

5.2.1. Contextual FCM Classification Results (Metropolis Algorithm) for AWiFS 
Dataset 

As mentioned in section 3.3.1 while setting the lambda value to 0, it was expected that the outputs of 
contextual FCM algorithm will be identical to the existing FCM outputs. But in this research it was 
found that Metropolis algorithm could not handle the large number of possible membership values for 
any pixel within the range between 0 and 1. Thus setting the lambda value to 0 the outputs of 
contextual FCM algorithm was not identical to the existing FCM algorithm and the results were shown 
in figure 5.3. 
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Figure 5.3 Fraction images of contextual FCM classification (Metropolis) for AWiFS data 

 
By visual comparison of figure 5.3 with figure 5.1 shows that the outputs of contextual FCM 
classification (with lambda=0) were not identical to the outputs of existing FCM classification. To 
quantify the overall difference between the figure 5.1 and 5.4 RMSE value was calculated according to 
the equation 4.1 and quite high RMSE value (0.2323) has been found.  Additionally for soft contextual 
classifier, Metropolis algorithm suffers by poor convergence and long computational time problem. 
Based on this analysis it may be concluded that the Metropolis algorithm is not suitable for soft 
classification techniques due to the following reasons: 
 

a) Infinite space of possible membership values (between 0 and 1) with compare to conventional 
hard classifier. 

 
b) Several values at the same time were updated (membership values for a fixed pixel, but for all 

possible classes). 

5.2.2. Contextual FCM Classification Results (Gibbs Sampler) for AWiFS Dataset 

From section 5.2.1 it was proved that the Metropolis algorithm is not suitable for soft classifiers. So 
Gibbs sampler was used afterwards for contextual FCM algorithm. The suitability of Gibbs sampler 
over Metropolis algorithm for contextual FCM classifier was also justified by setting the lambda value 
to 0. The resulting fractional images are shown in figure 5.4 

 
 
 

    

 
Figure 5.4 Fraction images of contextual FCM classification (Gibbs) for AWiFS data 
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The figure 5.4 was visually compared with figure 5.1 in order to judge the suitability of Gibbs sampler 
for contextual FCM algorithm. The visual comparison results shows that Gibbs sampler provides more 
closeness to the FCM outputs, if the smoothness prior was ignored (λ=0). To quantify the closeness of 
contextual FCM solution with existing FCM solution RMSE value was calculated (equation 4.1). The 
global RMSE value is 0.00013, which indicates good closeness to the FCM solution. 
 
As per above analysis the Gibbs sampler was selected to establish the MAP estimate. Once the suitable 
simulated annealing technique was selected, the suitability of Euclidean and Mahalanobis norm for 
contextual FCM classification was judged in this study. Section 5.2.2.1 and 5.2.2.2 provides more 
details about these experiments. 

5.2.2.1. Contextual FCM Classification Results with Euclidean Norm for AWiFS Dataset 

The AWiFS dataset was classified by the contextual FCM algorithm with Euclidean norm. In order to 
find out the optimal smoothening parameter (λ) for contextual fuzzy classification several lambda 
values were tested to get the lowest RMSE value between the reference dataset and resulting 
contextual FCM classification. The results of these experiments are shown below: 
 
Table 5.3 λ values and corresponding RMSE values of contextual FCM classification with Euclidean 
norm for AWiFS data 
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Figure 5.5 Effect of λ values on RMSE for contextual FCM classification with 

Euclidean norm of AWiFS data 
 

 
The resulted RMSE values against different lambda value shows randomness in nature due to the high 
dimensionality of dataset. In other words for contextual fuzzy classification in every iteration 
membership values of each pixel is updated for all the four land cover classes with the possible range 
between 0 and 1. So in comparison to the contextual hard classification the dimensionality of dataset is 
much higher for soft contextual classification. The minimum RMSE value was found at lambda 0.6 
value, which means for contextual classification AWiFS dataset requires more spatial contextual 
information (60%) than the spectral information (40%). Mainly it is due to the coarse spatial resolution 

λ RMSE 
0.00 0.326 
0.20 0.307 
0.40 0.290 
0.50 0.287 
0.55 0.337 
0.58 0.270 
0.59 0.268 
0.60 0.260 
0.61 0.261 
0.62 0.272 
0.65 0.271 
0.70 0.275 
0.75 0.318 
0.80 0.280 
0.90 0.282 
0.95 0.293 
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of the AWiFS dataset. Along with RMSE error different fuzzy based operators were also involved to 
find out the optimal λ value. The results of these experiments were shown in figure 5.6 
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Figure 5.6 λ value optimization for contextual FCM classification with Euclidean norm of AWiFS 

data 
 

Different fuzzy based operators were also showing the similar trend for different λ values achieved 
previously in terms of RMSE values. Therefore based on the above analysis λ =0.6 was used as 
optimal smoothness parameter in contextual FCM classifier with Euclidean norm to classify the 
AWiFS data. The contextual FCM classification results were shown in figure 5.7. 
 
 
 
 

    

 
 

Figure 5.7 Outputs of contextual FCM classification with Euclidean norm for AWiFS data 
 
To assess the agreement between classified and reference data different accuracy assessment tools 
were used. In the following table 5.4 the RMSE error and Pearson’s product correlation (r) values for 
different land cover classes were presented. 
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Table 5.4 RMSE and r values for contextual FCM classification with Euclidean norm of AWiFS data 
 

 
According to table 5.4 the RMSE value (0.194) for open land has been found as the minimum and 
maximum r value (0.624) has been found for the same class. The second lowest value of RMSE has 
been observed in case of wetland class and r value found for the same class was not very much 
satisfactory. A comparative analysis on the performances of different algorithm in terms of RMSE and 
r values was shown in the figure 5.8. 
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Figure 5.8 Comparative results for FCM and contextual FCM classification (Euclidean norm) of 

AWiFS data 
 
In comparison to the standard FCM classification (table 5.1) significant improvement was found in 
case of contextual FCM classification, as far as the RMSE and r value is concerned. Globally RMSE 
value and r value has been improved by 0.129 and 0.237 respectively. In particular for wetland class, 
RMSE and r value has been improved by 0.062 and 0.097 respectively.  
 
For contextual FCM classification with Euclidean distance different fuzzy based accuracy assessment 
tools were used and the detail accuracy assessment report is shown in table 5.5 
 

Class RMSE r 
Wetland 0.250 0.386 
Open land 0.194 0.624 
Agricultural land 
with crop 

0.296 0.460 

Agricultural land 
without crop 

0.304 0.151 

Global (For all classes) 0.260 0.467 
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Table 5.5 Accuracy assessment report of contextual FCM classification with Euclidean norm for 
AWiFS data 
 
Accuracy 
assessment tools 
 

FERM SCM MIN-PROD MIN-
MIN 

MIN-LEAST 

Fuzzy User’s accuracy (%) 
Wetland 75.61 75.74±  3.2 75.61 72.55 78.92 
Open land 82.69 82.71±  1.0 82.69 81.73 83.71 
Agricultural land 
with crop 

64.15 64.18±  1.1 64.15 63.04 65.31 

Agricultural land 
without crop 

85.54 85.55±  0.3 85.55 85.24 85.87 

Fuzzy Producer’s accuracy (%) 
Wetland 69.61 69.63±  1.0 69.58 68.60 70.66 
Open land 67.72 67.81±  2.1 67.72 65.64 69.98 
Agricultural land 
with crop 

92.15 92.18±  0.4 92.19 91.80 92.57 

Agricultural land 
without crop 

71.73 71.74±  1.0 71.73 70.70 72.78 

Fuzzy Overall  
Accuracy (%) 

75.96 75.99±  1.1 75.97 74.85 77.13 

Fuzzy Kappa - 0.66± 0.0 0.66 0.64 0.68 
 
According to table 5.5 the overall classification accuracy of contextual FCM classification was found 
good enough (75.96% by FERM and 75.99% by SCM) and it was improved by 3.24 % and 3.25% in 
comparison to the traditional FCM classification for FERM and SCM measures respectively. For SCM 
the reported uncertainty value was quite low (±1.14%), which indicates the low error concentration in 
different land cover classes [14]. The overall classification performance according to SCM based 
kappa (0.66) and MIN-PROD based kappa (0.66) was same and the uncertainty with SCM kappa 
(±0.017) found very low, which indicates the low uncertainty in the sources of error [14]. Form all 
fuzzy based accuracy assessment approaches in general it may be concluded that the over all 
performance of contextual FCM classifier for AWiFS data was less affected by the uncertainty and 
classification results could me improved by incorporating contextual information. 

5.2.2.2. Contextual FCM Classification Results with Mahalanobis Norm for AWiFS 
Dataset 

The applicability of Mahalanobis norm in contextual FCM classifier was also judged in this study. 
Therefore the AWiFS data was classified using the contextual FCM classifier with Mahalanobis norm. 
To find out optimal smoothness parameter several λ values were tested and the λ with lowest RMSE 
value was selected as optimal smoothness parameter. The experiments with different λ values were 
shown below: 
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Table 5.6 λ values and corresponding RMSE values for contextual FCM classification with 
Mahalanobis norm of AWiFS data 
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Figure 5.9 Effect of λ values on RMSE contextual FCM classification with Mahalanobis norm of 

AWiFS data 
 
From figure 5.9 it is clear that contextual FCM classifier with Mahalanobis norm is also showing the 
randomness in nature like it was found in case of contextual FCM classifier with Euclidean norm. 
Again at lambda value to 0.6, the contextual FCM solution with Mahalanobis norm shows the minimal 
RMSE value for AWiFS data. Different fuzzy based operators also show similar trends, achieved by 
the RMSE measurement. In figure 5.10 accuracy levels according to fuzzy based operators at different 
λ values for AWiFS data were shown. 
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Figure 5.10 λ value optimization for contextual FCM classification with Mahalanobis norm of AWiFS 

data 
 
Therefore from above analysis it may be concluded that for same dataset (image) the optimal 
smoothness prior parameter (λ) value remains same for Euclidean and Mahalanobis norm, it does not 

λ RMSE 
0.00 0.335 
0.20 0.328 
0.40 0.327 
0.55 0.322 
0.58 0.299 
0.59 0.309 
0.60 0.292 
0.61 0.294 
0.62 0.300 
0.65 0.317 
0.80 0.302 
0.90 0.326 
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depend on the distance norm used in contextual FCM classifier. The outputs of contextual FCM 
classification with Mahalanobis norm were shown in figure 5.11: 
 
 
 
 

    

 
 

Figure 5.11 Outputs of contextual FCM classification with Mahalanobis norm for AWiFS data 
 
The RMSE and r values for different land cover classes are shown below: 
 
Table 5.7 RMSE and r values of contextual FCM classification with Mahalanobis norm for AWiFS 
data 
 

 
According to the RMSE and r values for different land cover classes, use of Mahalanobis norm in 
contextual FCM classifier shows improvements in accuracy and correlation value for wetland, though 
the global RMSE and r values has been increased and decreased respectively. The accuracy 
assessment reports for contextual FCM with Mahalanobis norm by different fuzzy based operators are 
shown in table 5.8. 
 
 
 
 
 
 
 
 
 

Class RMSE r 
Wetland 0.232 0.473 
Open land 0.225 0.617 
Agricultural land 
with crop 

0.325 0.499 

Agricultural land 
without crop 

0.360 0.155 

Global (For all classes) 0.292 0.374 

0.0 1.0 µ 

Wetland Open land Agricultural land 
with crop 

Agricultural land 
without crop 
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Table 5.8 Accuracy assessment report of contextual FCM classification with Mahalanobis norm for 
AWiFS data 
 
Accuracy 
assessment tools 
 

FERM SCM MIN-PROD MIN-
MIN 

MIN-LEAST 

Fuzzy User’s accuracy (%) 
Wetland 67.31 67.48±  3.4 67.31 64.05 70.90 
Open land 65.43 65.46±  1.3 65.43 64.19 66.72 
Agricultural land 
with crop 

60.47 60.51±  1.6 60.47 58.95 62.06 

Agricultural land 
without crop 

91.35 91.35±  0.0 91.35 91.32 91.39 

Fuzzy Producer’s accuracy (%) 
Wetland 74.02 74.07±  2.1 74.01 71.98 76.16 
Open land 85.32 85.42±  3.1 85.32 82.35 88.49 
Agricultural land 
with crop 

93.34 93.34±  0.3 93.34 93.01 93.67 

Agricultural land 
without crop 

43.38 43.43±  1.2 43.39 42.22 44.64 

Fuzzy Overall  
Accuracy (%) 

68.72 68.76±  1.6 68.72 67.18 70.34 

Fuzzy Kappa - 0.58± 0.0 0.58 0.56 0.60 
 
Table 5.8 shows that the overall accuracy of contextual FCM classification was less than 70% (68.72% 
by FERM and 68.76% by SCM) with a less amount of uncertainty. The kappa value has been declined 
significantly in comparison to the standard FCM and contextual FCM with Euclidean norm 
classification. According to FERM and SCM, the producer’s and user’s accuracies for wetland have 
been decreased considerably, followed by comparatively high uncertainty values. There fore the use of 
Mahalanobis distance does not provide any improvement in accuracy level for AWiFS data. 
 
To establish a comparative analysis among the three classifiers, namely, FCM, Contextual FCM with 
Euclidean norm and contextual FCM with Mahalanobis norm the overall accuracy of classification and 
kappa value by different classifier has been taken into consideration. Uncertainty value associated with 
the sub-pixel class overlap; given by the SCM tool has been also considered while doing the 
comparative analysis. How the overall classification and kappa values with uncertainty measure 
changes classifier to classifier are given in the following figures. Here only two major fuzzy based 
accuracy assessment tools (FERM and SCM) were used to compare the performance of different 
classifiers. 
 
 



FUZZY C-MEANS CLASSIFICATION OF MULTISPECTRAL DATA INCORPORATING SPATIAL CONTEXTUAL INFORMATION BY USING 
MARKOV RANDOM FIELD 

43 

0

10

20

30

40

50

60

70

80

FCM Contextual FCM with
Euclidean distance

Contextual FCM with
Mahalanobis distance

Classifier used

Pe
rc

en
ta

ge
FERM
SCM
Unceratainty (SCM)

 
Figure 5.12 Overall accuracy achieved by different classifiers for AWiFS data 

 
According to the figure 5.12 the overall accuracy of fuzzy classification has been improved by 
incorporating contextual information with Euclidean norm. Though the uncertainty value associated 
with SCM tool has been increased but it can be ignored up to certain level [14]. The overall 
performance of contextual FCM with Mahalanobis norm was not satisfactory and the producer’s and 
user’s accuracy for wetland was not very attractive. 
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Figure 5.13 Kappa values according to SCM obtained by different classifiers for AWiFS data 

 

According to Jensen [58] kappa or K̂  is the suitable measurement to compare two or more than two 
error matrices. It considers the off-diagonal cells along with the diagonal cells, thus it considers the by 
chance agreement between two matrices. For different classifiers the kappa and associated uncertainty 
value given by the SCM approach has been shown in the above figure. Comparatively speaking based 
on the kappa value performance of contextual FCM classifier with Euclidean norm has out performed 
among three classifiers. Kappa value for contextual FCM classifier with Euclidean norm has been 
increased by 0.04 and 0.08 in comparison to the standard FCM and contextual FCM with Mahalanobis 
norm respectively. The uncertainty value associated with kappa for contextual FCM with Euclidean 
norm is less than the uncertainty value by contextual FCM classifier with Mahalanobis norm and 
greater than the uncertainty associated with standard FCM classifier. 
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5.3. FCM Classification Results for LISS-III Dataset 

The LISS-III data has been classified by supervised FCM approach. A total of 40 training sites, well 
distributed over the study area were selected per class for supervised fuzzy classification. Resulted 
fractional images from fuzzy classification were shown in figure 5.14. 
 
 
 
 

    

 
 

Figure 5.14 FCM classification outputs for LISS-III data 
 
To assess the accuracy of FCM classification RMSE, r and different fuzzy based accuracy measures 
has been used. The RMSE and r values for FCM classification are shown in table 5.9. 
 
Table 5.9 RMSE and r values for FCM classification of LISS-III data 
 

 
The table 5.9 shows that the RMSE values for FCM classification of LISS-III data have been 
decreased in comparison to the FCM classification of AWiFS data. Therefore the r values have been 
increased significantly. For wetland it has shown second minimum RMSE and maximum r value. 
Mainly due to the finer spatial resolution of LISS-III data compare to the AWiFS data; FCM 
classification results have been improved.  
 
For the purpose of accuracy assessment using fuzzy based tools, a total of 100 pixels (test sites) were 
selected randomly from each class. Accuracy assessment reports for FCM classification by different 
fuzzy based measures have been shown below in table 5.10. 
 

Class RMSE r 
Wetland 0.168 0.807 
Open land 0.161 0.806 
Agricultural land 
with crop 

0.199 0.792 

Agricultural land 
without crop 

0.259 0.657 

Global  
(For all classes) 

0.200 0.782 

0.0 1.0 µ 

Wetland Open land Agricultural land 
with crop 

Agricultural land 
without crop 
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Table 5.10 Accuracy assessment report for FCM classification of LISS-III data 
 
Accuracy 
assessment tools 
 

FERM SCM MIN-PROD MIN-
MIN 

MIN-LEAST 

Fuzzy User’s accuracy (%) 
Wetland 75.58 75.68±  2.1 75.61 73.57 77.79 
Open land 81.95 81.95±  0.6 81.95 81.37 82.52 
Agricultural land 
with crop 

77.77 77.77±  0.8 77.77 76.93 78.62 

Agricultural land 
without crop 

86.93 86.93±  0.2 86.92 86.69 87.15 

Fuzzy Producer’s accuracy (%) 
Wetland 92.87 92.87±  0.3 92.88 92.60 93.15 
Open land 78.99 79.03±  1.6 78.98 77.39 80.68 
Agricultural land 
with crop 

82.85 82.88±  0.6 82.86 82.30 83.45 

Agricultural land 
without crop 

78.13 78.11±  0.7 78.12 77.37 78.86 

Fuzzy Overall  
Accuracy (%) 

81.56 81.56±  0.8 81.55 80.75 82.38 

Fuzzy Kappa - 0.74± 0.0 0.74 0.73 0.75 
 
According to table 5.10 the overall classification accuracy achieved by FCM classification is good 
(81.56% by FERM and SCM), with very low uncertainty value from SCM (±0.81%), which indicates 
the low error concentration in different land cover classes [14]. The overall classification performance 
according to SCM based kappa (0.74) and MIN-PROD based kappa (0.73) is almost equal, which in 
general indicates that the concentration of error has been occurred in one land cover class for each 
pixel [14]. 
 
Particularly for wetland mapping, the FCM classifier has shown more producer’s accuracy (92.87 by 
FERM and FCM) than the user’s accuracy (75.58 by FERM and 78.68 by SCM). It indicates the more 
concentration of commission error than the omission error in case of wetland. The details of training 
sites for FCM classification of LISS-III data are given in Appendix-C. 

5.4. Contextual FCM Classification Results for LISS-III Dataset 

LISS-III data has been classified by contextual FCM classifier with Euclidean and Mahalanobis norm 
respectively. The training data used for FCM classification were also used to classify the LISS-III data 
by contextual FCM classifier. In the following sections the results of contextual FCM classification 
with different distance norms are presented. 
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5.4.1. Contextual FCM Classification Results with Euclidean Norm for LISS-III Dataset 

To establish optimal smoothness parameter (λ) for LISS-III data RMSE values for different λ values 
were calculated and λ value against lowest RMSE value was selected as optimal smoothness parameter 
for LISS-III data. The variations in RMSE with change in smoothness parameter (λ) have been shown 
in table 5.11 and figure 5.15. 
 
Table 5.11 λ values and corresponding RMSE values for contextual FCM classification with 
Euclidean norm of LISS-III data 
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Figure 5.15 Effect of λ values on RMSE for contextual FCM classification with 

Euclidean distance of LISS-III data 
 

 
The RMSE values for different lambda values were very close and random in nature. In this particular 
case of LISS-III data RMSE value up to four decimals were considered to find out the minimal RMSE 
value. The RMSE values against different lambda values have not shown any regular trend and at λ to 
0.4 the RMSE value found minimal. The fuzzy base operators were also used to establish optimal λ 
value against the maximum overall accuracy. Results of these experiments were shown in figure 5.16. 
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Figure 5.16 λ value optimization for contextual FCM classification of LISS-III data 

 

λ RMSE 
0.00 0.2006 
0.20 0.1894 
0.30 0.2020 
0.35 0.1799 
0.37 0.1820 
0.39 0.1800 
0.40 0.1793 
0.41 0.1796 
0.45 0.1930 
0.50 0.1970 
0.60 0.1810 
0.80 0.1860 
0.90 0.1819 
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From figure 5.15 and 5.16 it may be concluded that λ value 0.4 is the optimal smoothness parameter 
for the contextual FCM classification of LISS-III data. The results of contextual classification with 
optimal λ value are shown in the following figure 5.18. 
 
 
 

    

 
 

Figure 5.17 Outputs of contextual FCM classification with Euclidean norm for LISS-III data 
 
The RMSE and r values for contextual classification are shown below: 
 
Table 5.12 RMSE and r values for contextual FCM classification with Euclidean norm (LISS-III data) 
 

 
According to table 5.12, the RMSE and r value for contextual FCM classification with Euclidean norm 
of LISS-III data was quite satisfactory. Particularly for wetland the correlation value was found very 
high (+0.83); it means the class is highly correlated with reference data in a positive linear 
relationship. In terms of RMSE and r values, it has been observed that while incorporating contextual 
information with fuzzy classifier classification results improves for both datasets (AWiFS and LISS-
III). In the following figure the overall improvements and for wetland class in comparison to the FCM 
classification of LISS-III data are shown:  
 
 
 
 
 
 
 
 

Class RMSE r 
Wetland 0.152 0.835 
Open land 0.142 0.837 
Agricultural land 
with crop 

0.179 0.823 

Agricultural land 
without crop 

0.231 0.705 

Global (For all classes) 0.179 0.816 

0.0 1.0 µ 

Wetland Open land Agricultural land 
with crop 

Agricultural land 
without crop 
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Figure 5.18 Comparative results of FCM and contextual FCM classification (Euclidean) of LISS-III 

data 
 
Figure 5.18 shows that the RMSE values have been decreased by 0.021 and 0.016 in case of 
contextual FCM classification with Euclidean norm for global and wetland class respectively. Globally 
and for wetland r values have been increased by 0.034 and 0.028 respectively. Therefore it is clear the 
contextual FCM classifier with Euclidean norm improves classification results. The accuracy 
assessment reports by different fuzzy based operators were presented in table 5.13. 
 
Table 5.13 Accuracy assessment report of contextual FCM classification with Euclidean norm for 
LISS-III data 
 
Accuracy 
assessment tools 
 

FERM SCM MIN-PROD MIN-
MIN 

MIN-LEAST 

Fuzzy User’s accuracy (%) 
Wetland 76.49 76.56±  2.5 76.48 74.05 79.07 
Open land 84.56 84.56±  0.4 84.56 84.14 84.98 
Agricultural land 
with crop 

76.99 77.02±  1.2 76.99 75.79 78.25 

Agricultural land 
without crop 

90.35 90.35±  0.2 90.35 90.09 90.60 

Fuzzy Producer’s accuracy (%) 
Wetland 88.13 88.11±  0.3 88.10 87.75 88.47 
Open land 83.16 83.23±  2.1 83.19 81.17 85.30 
Agricultural land 
with crop 

87.53 87.52±  0.6 87.51 86.93 88.10 

Agricultural land 
without crop 

80.78 80.80±  0.8 80.79 80.01 81.59 

Fuzzy Overall  
Accuracy (%) 

83.73 83.74±  0.9 83.73 82.81 84.68 

Fuzzy Kappa - 0.77± 0.0 0.77 0.76 0.78 
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Results from contextual FCM classification with Euclidean norm of LISS-III data shows similar trend, 
as found in contextual classification of AWiFS data. The overall classification results have been 
improved by the contextual classifier and the kappa value was also satisfactory. Uncertainty values 
associated with overall accuracy and kappa value was quite low and ignorable [14].  

5.4.2. Contextual FCM Classification Results with Mahalanobis Norm for LISS-III 
Dataset 

With the optimal λ value (0.4) the LISS-III data has been classified by the contextual FCM classifier 
with Mahalanobis norm and the results of contextual classification were shown in figure 5.19. 
 
 
 
 

    

 
 

Figure 5.19 Outputs of contextual FCM classification with Mahalanobis norm for LISS-III data 
 
With respect to the soft reference data the RMSE and r values have been calculated for classified 
LISS-III data. Results were shown in table 5.14. 
 
Table 5.14 RMSE and r values for contextual FCM classification with Mahalanobis norm (LISS-III 
data) 
 

 
According to the table 5.14 the RMSE value has been increased for contextual classification with 
Mahalanobis norm in comparison to the contextual classification with Euclidean norm and FCM 
classification. The results follow the trend achieved previously for AWiFS data. Different fuzzy based 
accuracy assessment techniques also support that. Accuracy assessment results achieved by contextual 
classifier with Mahalanobis norm according to different fuzzy based accuracy assessment tools were 
presented in table 5.15 

Class RMSE r 
Wetland 0.183 0.790 
Open land 0.268 0.788 
Agricultural land 
with crop 

0.200 0.788 

Agricultural land 
without crop 

0.303 0.603 

Global (For whole image) 0.244 0.658 

0.0 1.0 µ 

Wetland Open land Agricultural land 
with crop 

Agricultural land 
without crop 
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Table 5.15 Accuracy assessment report for contextual FCM classification with Mahalanobis norm for 
LISS-III data 

 
Accuracy 
assessment tools 
 

FERM SCM MIN-PROD MIN-
MIN 

MIN-LEAST 

Fuzzy User’s accuracy (%) 
Wetland 95.31 95.31±  0.0 95.31 95.31 95.31 
Open land 47.96 48.08±  2.3 47.96 45.76 50.41 
Agricultural land 
with crop 

77.44 77.67±  4.2 77.43 73.47 81.87 

Agricultural land 
without crop 

93.24 93.25±  0.5 93.25 92.70 93.81 

Fuzzy Producer’s accuracy (%) 
Wetland 53.75 54.83±  7.3 53.80 47.50 62.15 
Open land 99.03 99.03±  0.2 99.02 98.82 99.24 
Agricultural land 
with crop 

89.15 89.21±  0.4 89.20 88.81 89.62 

Agricultural land 
without crop 

55.59 55.73±  2.1 55.65 53.59 57.88 

Fuzzy Overall  
Accuracy (%) 

71.95 72.10±  2.6 72.00 69.53 74.68 

Fuzzy Kappa - 0.62± 0.0 0.62 0.59 0.65 
 
According to table 5.15 the overall classification accuracy by contextual FCM classifier with 
Mahalanobis norm did not found satisfactory, though the user’s accuracy for wetland was maximum 
(95.31%) in comparison to the other two methods. Usually the kappa value has also decreased in case 
of Mahalanobis norm. The comparative performances of different classifiers according to FERM and 
SCM operators for LISS-III data are shown in the following figures: 
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Figure 5.20 Overall accuracy achieved by different classifiers for LISS-III data 

 
Results of comparative analysis among different classifiers for LISS-III data classification shows the 
similar trend as it was in case of AWiFS data. The contextual FCM classifier with Euclidean norm 
performs better than the other two classifiers. The performance of contextual FCM with Mahalanobis 
norm decreases significantly in case of LISS-III data classification. Therefore it suggests that 
contextual FCM with Euclidean norm proves to be an efficient classifier which can extract information 
from remotely sensed data more accurately compare to standard FCM and contextual FCM with 
Mahalanobis norm, where landcover classes are still vague.  
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Figure 5.21 Kappa values according to SCM obtained by different classifiers for LISS-III data 

 
The kappa value for different classifiers according to the SCM measurements also supports that 
contextual FCM classifier with Euclidean norm performs better than the other two classifiers. By 
incorporating contextual information kappa value has been increased by 0.03 for LISS-III data in 
comparison to the standard FCM classifier. Therefore the classification accuracy for soft classifiers 
could be improved by incorporating the contextual information. 
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5.5. Overall Summary of Classification Results 

Results obtained from the present research shows that Metropolis algorithm is not suitable for 
contextual FCM classification as it was found suitable in case of traditional hard classifiers [25]. Gibbs 
sampler efficiently handles the fuzzy membership grades and the convergence of Gibbs sampler was 
more than ten times faster than the Metropolis sampler. 
 
Based on RMSE value optimal smoothness parameter value has been determined for both datasets and 
the optimal λ values for AWiFS and LISS-III data have been found 0.6 and 0.4 respectively. It 
indicates that optimal smoothness parameter values for different spatial resolution images are not same 
and value was lower for fine resolution data. Mainly coarser resolution data shows less variability and 
only the major land cover classes were present in coarser resolution data. Therefore the smoothness 
parameter was high in case of coarser resolution data and vice-versa. It means for coarser resolution 
data class membership values were more dependent on spatial information or neighbourhood pixels. 
 
From the results it was found that the contextual FCM classifier with Euclidean norm performs better 
for both datasets than the contextual FCM with Mahalanobis norm and it support the previous research 
works. Previously Kumar et. al. [45] reported that FCM with Euclidean norm performs better than 
FCM with Mahalanobis or Diagonal norm, in this study similar trend were found in case of contextual 
FCM classifier. 
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6. Conclusion and Recommendation 
This chapter presents the conclusions achieved after a detail investigation of the existing and 
developed techniques through this research work. In section 6.1 the conclusions based on the research 
objectives and questions are presented. For future research, recommendations are given in section 6.2. 

6.1. Conclusion 

The main objective of this study was to develop contextual FCM classifier by using MRF and judge 
the importance of spatial contextual information in soft classification techniques. The specific 
objectives are; 
 

• To incorporate spatial contextual information in FCM algorithm by using Markov Random 
Field. 

 
• To establish suitable sampler for Fuzzy MRF Classifier. 

 
• To find out the suitability of developed hybrid method for classification of remote sensing 

data. 
 

• To explore the difficulties while generating soft reference data from multi-spectral satellite 
data for validation of fuzzy classified data. 

 
To reach the above objectives six research questions were formulated. The study was conducted in a 
homogeneous land cover of Rajasthan, where the developed technique was tested in the context of 
wetland mapping using satellite data. Three different datasets namely, AWiFS, LISS-III and LISS-IV 
of IRS P6 satellite acquired in same date were used for this study. In chapter 3, 4 and 5 few objectives 
and research questions were discussed in detail. Chapter 3 describes the research question specially 
related to the main objective of the study, i.e. development of contextual FCM classifier using MRF 
model. 
 
The first research question draws the attention towards the basic difference between a soft and hard 
classifier. For fuzzy membership grades, the contextual information for each pixel is described from 
the difference between membership vectors of a pixel and its neighbour. Therefore the membership 
value is updated for each pixel for all classes. There is the extra dimensionality (i.e. no. of class) in 
contextual modelling for fuzzy membership grades in comparison to the traditional hard classification 
techniques. Secondly the possible range of fuzzy membership grades (between 0 and 1) for each pixel 
is much higher than a hard classifier; it also affects the sampling from a random field. 
 
To estimate the posterior probability (MAP) for each pixel it is essential to optimize the posterior 
energy by using simulated annealing techniques, which can provide global minimum of posterior 
energy if preformed infinitely. Therefore practically it is not possible and unrealistic. To avoid this 
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problem many researchers suggests for some carefully defined cooling schedule [10, 13 and 25] to get 
the approximation of global posterior energy. For contextual FCM algorithm initially Metropolis 
algorithm was used, as literature reports that it performs better than Gibbs sampler [25]. But from this 
research it was found that Metropolis algorithm is unable to handle the fuzzy membership grades for a 
pixel due to the high dimensionality of data. In other word for a pixel there was infinite space of 
possible membership grades within the range between 0 and 1. Secondly, for a pixel several values at 
the same time were updated. In comparison to the traditional hard classifier the dimensionality is much 
greater for any soft classifier, thus Metropolis algorithm fails to sample efficiently for a soft classifier. 
Therefore Gibbs sampler was used to establish the MAP estimate and it was found that Gibbs sampler 
is suitable to model the posterior probability for a soft classifier. 
 
The third research question highlights the smoothness parameter (λ) estimation for MRF based model. 
The value of λ ranges between 0 and 1. From the research it was found that the λ value is not same for 
images with different spatial resolutions and the smoothness assumption is higher for coarser 
resolution image and vice-versa.  It means for coarser resolution image λ value should be higher due to 
the low variability of the image and for fine resolution data λ value should be smaller. In this study for 
AWiFS data with 60m spatial resolution and for LISS-III data with 20m spatial resolution the optimal 
λ value is 0.6 and 0.4 respectively, which supports the above conclusion. Another aspect of λ value 
was explored through the present research that the optimal λ value for an image remains same 
regardless the distance norm (Euclidean and Mahalanobis) used in the contextual classifier. In case of 
AWiFS and LISS-III data for contextual FCM with Euclidean norm the optimal λ values were 0.6 and 
0.4 respectively and these values were same while the Mahalanobis norm are used in the classifier. It 
suggests that the optimal λ value is invariant of distance norm used in the contextual FCM classifier. 
 
In order to validate the contextual FCM algorithm different techniques for accuracy assessment were 
used. RMSE and correlation values were calculated for all classes and per class to access the accuracy 
of contextual FCM classification. Recently introduced fuzzy based composite operators and error 
matrices, namely, MIN-PROD, MIN-MIN, MIN-LEAST, SCM, FERM were also involved for the 
purpose of accuracy assessment. 
 
Fifth research question draws the attention towards the problems associated with soft reference data 
generation. Form field survey method it is always possible to generate soft reference data due to the 
unavailability of time, money constrain, remoteness of the area and many other reasons. So the soft 
reference data could be generated from available fine resolution images. And in this study SVM 
classifier was used to generate soft reference data from LISS-IV image. The details of soft reference 
data generation and related issues are described in chapter 4. 
 
The last but not least research question tries to highlight the application of developed technique. In the 
present study the developed algorithm was used to classify remotely sensed data at two different 
resolutions in the context of wetland mapping. It was found that the proposed contextual FCM with 
Euclidean norm improves classification accuracy by 3 to 4% at different scales in comparison to the 
existing FCM algorithm. The applicability of Euclidean and Mahalanobis norm in contextual FCM 
was also justified in the study. And it was found that Euclidean norm gives better accuracy with 
compare to the Mahalanobis norm. Therefore from the present research work proposed contextual 
FCM with Euclidean norm is suggested to map the real world phenomena (with fuzzy boundary) more 
accurately than the existing FCM algorithm. 
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Every research work has its own merits and demerits, thus the present research has few advantages and 
limitations in comparison to the existing methods and it need to be analyzed. To draw the attention 
towards the advantages and risks the SWOT (strength, weakness, opportunities and threats) analysis 
has been conducted for the present research. It was shown in table 6.1. 
 
Table 6.1 SWOT Analysis of the Present Research 
 
EXTERNAL FACTORS 
 
 
 
 
 
 
 
 
 
INTERNAL FACTORS 

Opportunities 
 
1. Nowadays soft classification 
techniques are becoming more 
popular than traditional hard 
classifiers 
 
2. Availability of fast processing 
CPUs and hard wares 
 

Threats 
 
1. Complex understanding about 
MRF models is needed to apply the 
developed contextual classifier. 
 
 
2. Lack of globally accepted soft 
reference data generation and 
accuracy assessment techniques 

Strength 
  
1. Can map the real World 
phenomena (with vague 
boundary) more accurately 
 
 
2. Long profound theoretical 
background of Bayesian 
theory and MRF models 
 
 

 
 
1. The contextual classifier can 
be use for some of the 
unexploited applications of 
vague region mapping 
 
2. Taking the advantage of fast 
computing systems it can be 
used in place of FCM classifier 

 
 
1. Expertise people can be involved 
for mapping real World phenomena 
using contextual FCM classifier 
 
 
2. Application new accuracy 
assessment techniques  (like SCM) 
supported by extensive field 
investigation can enhance the 
importance of  contextual FCM 
classifier 

Weakness 
 
1.Tooks more computational 
time than existing FCM 
classifier  
 
2. Prior energy parameters 
needs to be optimized before 
the contextual classifier can be 
used 
  

 
 
1. Advancement in IT 
technology can reduce the 
computational time 
 
2. Expertise people can better 
understand the whole process 

 
 
1. Complex nature of MRF models 
and long computational time makes 
the process more difficult 
 
2. Applicability of contextual FCM 
classifier is limited by the 
unavailability of common accuracy 
assessment techniques for soft 
classifiers and complexity in MRF 
prior model parameter estimation. 
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6.2. Recommendations 

The present research work identifies many issues related to the use of contextual information in soft 
classification techniques and the proposed technique was applied for a single application problem 
related to wetland mapping. Therefore the suggestions that can be followed by future researchers are 
recommended below: 
 

• Integrate the full fuzzy classification concept within the framework of contextual FCM 
classifier to improve the classification results. 

 
• To test the performance of contextual FCM classifier for a large, complex and heterogeneous 

region. 
 

• The issues of soft reference data generation and accuracy assessment technique for soft 
classifiers are still an active area of research in Geoinformatics. 
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Appendix A 

Pre-processing of LISS-IV data 

 
Figure A. 1 Statistics of LISS-IV image before smoothing 
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Figure A. 2 Statistics of LISS-IV image after smoothing 

 

  
Figure A. 3 Training sites on LISS-IV data for SVM classification with .roi file 
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Figure A. 4 Validation sites on LISS-IV classified image 
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Figure A. 5 Accuracy assessment report for SVM classification 

 
 
 
 



FUZZY C-MEANS CLASSIFICATION OF MULTISPECTRAL DATA INCORPORATING SPATIAL CONTEXTUAL INFORMATION BY USING 
MARKOV RANDOM FIELD 

66 

 

Appendix B 

AWiFS Data Classification 

 

  
Figure B. 1 Training sites on AWiFS image with .roi file 

 
Table B. 1 Class mean values for AWiFS image 
 
Class Band 1 Band 2 Band 3 Band 4 
Open Land 122.525000 137.625000 197.700000 310.650000 
Agricultural land 
with crop 

93.350000 71.925000 253.275000 182.000000 

Agricultural land 
without crop 

94.375000 87.825000 132.525000 182.675000 

Wetland 89.550000 65.875000 61.600000 79.675000 
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Table B. 2 Class variance-covariance matrix for AWiFS image 
 
Open Land Band 1 Band 2 Band 3 Band 4 

Band 1 9.486538 15.381410 23.341026 36.342308 
Band 2 15.381410 38.958333 46.423077 83.660256 
Band 3 23.341026 46.423077 103.087179 135.584615 
Band 4 36.342308 83.660256 135.584615 467.720513 

Agricultural land with crop 
Band 1 3.720513 3.078205 9.644872 9.307692 
Band 2 3.078205 8.583974 -10.440385 12.666667 
Band 3 9.644872 -10.440385 182.922436 17.435897 
Band 4 9.307692 12.666667 17.435897 81.230769 

Agricultural land without crop 
Band 1 2.496795 4.528846 3.336538 3.791667 
Band 2 4.528846 14.301923 10.196795 18.736538 
Band 3 3.336538 10.196795 67.230128 39.739103 
Band 4 3.791667 18.736538 39.739103 64.686538 

Wetland Band 1 Band 2 Band 3 Band 4 
Band 1 0.971795 2.378205 10.123077 17.747436 
Band 2 2.378205 14.214744 50.076923 92.394231 
Band 3 10.123077 50.076923 241.835897 398.712821 
Band 4 17.747436 92.394231 398.712821 791.301923 

 
 

  
 

Figure B. 2 Optimization process for λ=0.6 in contextual classification with Euclidean norm 
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Figure B. 3 Optimization process for λ=0.6 in contextual classification with Mahalanobis norm 
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Appendex C 

LISS-III Data Classification 

 

  
Figure C. 1 Training sites on LISS-III image with .roi file 

 
Table C. 1 Class mean values for LISS-III image 
 
Class Band 1 Band 2 Band 3 Band 4 
Open Land 138.175000 106.200000 105.775000 118.050000 
Agricultural land 
with crop 

82.500000 38.300000 140.175000 60.775000 

Agricultural land 
without crop 

88.475000 58.300000 57.925000 68.750000 

Wetland 76.475000 35.650000 20.875000 28.075000 
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Table C. 2 Class variance-covariance matrix for LISS-III image 
 
Open Land Band 1 Band 2 Band 3 Band 4 

Band 1 46.814744 39.143590 13.989103 44.452564 
Band 2 39.143590 50.164103 29.430769 40.733333 
Band 3 13.989103 29.430769 47.307051 19.011538 
Band 4 44.452564 40.733333 19.011538 81.894872 

Agricultural land with crop 
Band 1 27.128205 17.897436 27.935897 18.371795 
Band 2 17.897436 13.394872 16.920513 12.735897 
Band 3 27.935897 16.920513 88.404487 20.476282 
Band 4 18.371795 12.735897 20.476282 17.204487 

Agricultural land without crop 
Band 1 6.973718 7.212821 9.421154 9.865385 
Band 2 7.212821 11.189744 13.279487 11.435897 
Band 3 9.421154 13.279487 34.481410 16.724359 
Band 4 9.865385 11.435897 16.724359 17.320513 

Wetland 
Band 1 0.614744 0.119231 -0.041667 0.245513 
Band 2 0.119231 0.387179 -0.044872 0.129487 
Band 3 -0.041667 -0.044872 0.266026 -0.041667 
Band 4 0.245513 0.129487 -0.041667 0.994231 

 
 

  
 

Figure C. 2 Optimization process for λ=0.4 in contextual classification with Euclidean norm 
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Figure C. 3 Optimization process for λ=0.4 in contextual classification with Mahalanobis norm 
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