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ABSTRACT 
Texture is one of the important characteristics, which exist in many natural images. It also plays an important role in human 
visual perception and provides information for recognition and interpretation. To enhance realism in graphical system, the 
study of textures is necessary. We have considered a texture to be a stochastic, possible to be periodic, two-dimensional image 
field. We have used Markov Random Fields as texture models. We considered binomial model, where the field parameters 
control the strength and direction of the clustering in the image. With experimentation it is found that directionality, 
coarseness, gray level distribution, and sharpness can all be controlled by choice of the parameters. Generated textures are then 
estimated using one of the approximated Maximum likelihood estimation called as Coding method. The estimated parameters 
were used as input to the generation procedure to see is statistical approach sufficient when structural information is not 
known. We have considered a texture to be a stochastic, possible periodic, two-dimensional image field. We have used Markov 
Random Fields as texture models. We considered binomial model, where each point in the texture has a binomial distribution 
with parameter controlled by its neighbors’ and the number of gray levels. The parameters of the Markov random field control 
the strength and direction of the clustering in the image. The power of the binomial model to produce blurry, sharp, line-like, 
and blob-like textures is demonstrated. Generated textures are then estimated using one of the approximated Maximum 
likelihood estimation called as Coding method.  
 
Keywords: Markov random field, Binomial model, Binomial distribution, Maximum likelihood estimation, Coding 
method. 
 
1. INTRODUCTION 
Texture is one of the important characteristics, which exist in many natural images. It also plays an important role in 
human visual perception and provides information for recognition and interpretation. As a result, research on texture 
analysis has received considerable attention in recent years. A large number of approaches for texture classification and 
segmentation have been suggested. 

Texture is a fundamental characteristic in many natural images. For e.g., the image of a wooden surface is not uniform 
but contains variations of intensities, which form certain repeated patterns called visual texture. A complete definition 
of texture has been elusive as there does not exist an all encompassing mathematical model of texture. There are several 
definitions of texture formulated by different people depending upon the particular application but there is no generally 
agreed upon definition.  
There are three approaches for analyzing textures: 
 Statistical texture measures:  
A set of features is used to represent the characteristics of a textured image. These features measure such properties as 
contrast, correlation, and entropy. They are usually derived from the grey value run length, grey value difference or 
Haralick’s co-occurrence matrix. Features are selected heuristically and an image similar to the original cannot be re-
created from the measured feature set. 
 Structural texture modeling:  
Some textures can be viewed as two dimensional patterns consisting of a set of primitives or sub patterns which are 
arranged according to certain placement rules. Examples of such textures are brick wall. The primitives used are areas 
of constant grey level, edges, lines, curves, and polygons. Correct identification of these primitives is difficult. However 
if the primitives completely captivate the texture, then it is possible to re-create the texture from the primitives. 
 Stochastic texture modeling:  
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A texture is assumed to be the realization of a stochastic process which is governed by some parameters. Analysis is 
performed by defining a model and estimating the parameters so that the stochastic process can be reproduced from the 
model and associated parameters. The estimated parameters can serve as a feature for texture classification and 
segmentation problems. This approach offers the best possibility for re-creating realistic examples of natural textures 
from a model. The MRF model shows a good progress in this regards. 
 
1.2 Markov Random Field Texture Model: 
The Markov Random Field (MRF) is considered as texture model for the reason that it requires only one assumption to 
be made of the texture. The assumption is that the value of a single pixel is only conditionally dependent on its 
neighboring pixels. This is how an MRF is defined. Markov Random Field is a branch of probability theory, which 
provides a foundation for the characterization of contextual constraints and the derivation of the probability distribution 
of interacting features. The MRF is a texture model because of its flexibility in defining the statistical dimensionality 
and order. In a limiting case, a pixel could be dependent on all other pixels of the same texture, i.e., has a complex 
spatial structure. The other limiting case being that a pixel is not dependent on any other pixel i.e., has no spatial 
structure at all. Theoretically every homogeneous texture can be modeled as an MRF. For an MRF model to be valid, it 
must have a valid joint distribution for a random field. The joint distribution defines the probability for a particular 
realization of that field. This probability has to be defined such that for any two realizations of the same texture, the 
probabilities are similar. 
 
1.3 Literature Review: 
Before carrying out the analysis of Markov Random Field model and practical implementation a through literature 
survey has been done so as to know and understand current trends and need of the day. It also helps to select the 
efficient technique amongst the available ones. This reduces complications of work and helps focusing towards the 
main objectives. 
George Cross and Anil Jain [3] considered a texture as a stochastic, possible periodic, two-dimensional image field. 
They explored the use of Markov Random Fields as texture models. They considered binomial model, where each point 
in the texture had a binomial distribution with parameter controlled by its neighbours and the number of gray levels 
with theoretical and practical analysis of the method's convergence. They showed the parameters of the Markov 
Random Field control the strength and direction of the clustering in the image. Natural texture sampled digitized and 
their parameters estimated using one of the approximated Maximum likelihood estimation called as Coding method. 
Also hypothesis test was used for an objective assessment of goodness-of-fit under the Markov Random Field model. 
Julian Besag [5] examined the formulation of conditional probability models for finite systems of spatially interacting 
random variables. Author also presented a simple alternative proof of the Hammersley-Clifford theorem and discussed 
some aspects of infinite lattice Gaussian processes. Methods of statistical analysis for lattice schemes proposed, 
including a very flexible Coding technique, illustrated by two numerical examples for Gaussian MRF. Also author 
maintained throughout the conditional probability approach to the specification and analysis of spatial interaction is 
more attractive than the alternative joint probability approach. 
In the work [2] presented by Rama Chellappa and Shankar Chatterjee present two feature extraction methods for the 
classification of textures using two dimensional (2-D) Markov Random Field models. They assumed that the given 
texture is generated by a Gaussian MRF model. They used first method, the least square (LS) estimation for which they 
estimated model parameters and used as features. In the second method, they used the notion of sufficient statistics. 
They showed that the sample correlations over a symmetric window including the origin are optimal features for 
classification. 
Stuart Geman and Donald Geman [4] make an analogy between images and statistical mechanics system. They adopt a 
Bayesian approach, and introduce a "hierarchical," stochastic model for the original image, based on the Gibbs 
distribution, and a new restoration algorithm using Gibbs sampler, based on stochastic relaxation and annealing, for 
computing the maximum a posteriori (MAP) estimate of the original image given the degraded image. 
* Note: Please treat Ms. H. P. Lone as the corresponding author 
 
2. SYSTEM DEVELOPMENT 
In this section the process of establishing the mathematical form of the model and the number of parameters is 
discussed. MRF and GRF are explained along with the algorithms to be used for synthesis and parameter estimation. 
 
2.1 Markov Random Fields: 
Let F be a family of random variables defined on the set S is F = {F1, …………, Fm}. In which each random variable Fi 
takes a value fi from F. And hence (F1 = f1, …………, Fm = fm) denotes the joint event which can simply abbreviated as 
F = f  where f ={f1,……… fm} is a configuration of F corresponding to a realization of the field.  
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F is said to be a Markov random field on S w.r.t. a neighborhood system N if and only if the following two conditions 
are satisfied: 
 Positivity:     P(f) > 0 ,  ∀ f ∈ ℱ               (1) 
The positivity is assumed for some technical reasons. When the positivity condition is satisfied, the joint probability 
P(f) of any random field is uniquely determined by its local conditional probabilities [2]. 
 Markovianity: 
P(fi | All point in the lattice except i) = P(fi |Neighbors’of i) 
P(fi | fs-{i} )= P( fi | fNi )             (2) 
Where s-{i} is the set difference, 
           fs-{i} denotes the set of labels at the sites in s-{i} and 
           fNi = { fi’ | i’ ∊ Ni } is set of labels at the sites neighbouring i. 
The Markovianity depicts the local characteristics of F ,so neighbours only has direct interaction with each other [1].
 A MRF also have other properties such as homogeneity and isotropy. 
So depending only on the configuration of neighbours and translation invariant i.e. independent of relative location of 
the site. Homogeneity is assumed for mathematical and computational convenience. The isotropy is property of 
direction independent. A MRF is said to be isotropic if it is independent of the orientation or direction. 

    
(a)                                                 (b) 

Figure. 1. Texture images 

In above fig. 1(a) has no direction or orientation i.e. blob-like region so it is said to be isotropic where as fig. 1(b) has 
orientation in diagonal direction so it is not isotropic also called as anisotropic. 
 
2.2 Sampling Techniques: 
A sampler can be used to generate a set of images from a specific distribution or MRF model. A texture is synthesized 
from an above MRF models by sampling. Two sampling algorithms used are the Metropolis sampler and the Gibbs 
sampler. 
 
Sampling Algorithm I: 
Initialize image with equal probable gray levels; 
While not stable do 
    Begin 
         Choose any two sites form fX  interchange to get fY; 
          r = P (fY)/P (fX); 
          If r ≥1 
              Select next state i.e. fY = fX; 
          Else 
              Generate any random no u between [0,1]; 
              If r >u 
                 Select next state i.e. fY = fX; 
              Else 
                 Retain same state i.e. fY = fX 
              End; 
          End; 
End; 
 
Sampling Algorithm II: 
Initialise image with equal probable gray levels; 
While not stable do 
    Begin 
        For all sites of images i∈S; 
            Sample fi′ from P(fi | fNi); 
            Set fi′ to fi; 
       End 
End 
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2.3 Parameter Estimation: 
A probabilistic distribution function has two essential elements: the form of the function and the parameters involved. 
For example, the joint distribution of an MRF is characterized by a Gibbs function with a set of clique potential 
parameters; and the noise by a zero-mean Gaussian distribution parametrized by a variance. 
The problem of parameter estimation can have several levels of complexity. The simplest is to estimate the parameters, 
of a single MRF, F, from the data d, which are due to a clean realization, f, of that MRF. Treatments are needed if the 
data are noisy. When the noise parameters are unknown, they have to be estimated, too, along with the MRF 
parameters. 
The coding techniques used are: Pseudo likelihood parameter estimation and coding method. 
 
Estimation Technique I: 
Select initial value of parameter p as zero; 
While not stable do 
     Begin 
         Set first order derivative vector fd as zero; 
         Set second order derivative matrix sd as zero; 
         For all sites of images i Є s; 
               Compute fd and sd ; 
    End 
    Calculate p new = p old − (sd

-1* fd); 
End 
 
Estimation Technique II: 
Select initial value of parameters p as zero for all codings k; 
While not stable do 
      Begin 
          Set all first order derivative vector fd

k as zero; 
          Set all second order derivative matrix sd

k as zero; 
          For all sites of images i Є s; 
              Compute fd

k and sd
k for corresponding coding k; 

          End 
          Calculate pnew k= pold

k − (sd
k-1 * fd

k); 
      End 
Calculate parameter by arithmetic averaging of pk ; 
 
An issue in parameter estimation is the evaluation of fit. After a set of parameters are estimated, one would like to 
evaluate the estimate. The evaluation is to test the goodness of fit. How well does the sample distribution fit the 
estimated MRF model with parameter θ. This is a statistical problem. 
 
3. RESULTS & DISCUSSIONS 
The results of various experiments. Experiments are divided in major three categories synthesis of texture, comparison 
of parameter estimation techniques and convergence property. The development tool used is MATLAB. 
 
3.1 Synthesized Textures 
This section includes the synthesis of texture with known parameters.The Auto-binomial model is used to synthesize 
textures. Sampling algorithm used is Metropolis algorithm. 
In following experiment a second order model is used. In Figure 2(a) it is clearly visible the clustering in vertical 
direction due high value of  β12. The β11 parameter control clustering in horizontal direction and it is clearly visible in 
Figure 2(b). 

     
(a)       (b) 

Figure 2. Anisotropic Textures with vertical and horizontal clustering. 
The parameters are (a)  α = −0.26,  β11 = −2,  β12 = 2.1,  β21 = 0.13,  β22 = 0.015 
(b)  α = −2.04,  β11 = 1.93,  β12 = 0.16,  β21 = 0.07,  β22  = 0.02 
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3.2 Parameter Estimation: 
Parameters are estimated using Pseudo likelihood parameter estimation and Coding method for texture shown in Figure 
2. Fourth order model estimations are performed for two methods and results are tabulated as below in Table 1. 
 

Estimated parameters for figure 2. 
Parameters α β11 β12 Β21 β22 β31 β32 β41 β42 
Specified 
values -0.26 -2 2.1 0.13 0.015 0 0 0 0 

Pseudo likelihood estimation 
4th order 0.11 -1.90 2.1 -0.10 0.11 -0.23 -0.19 -0.01 0.10 
Coding method 

4th order 0.101
5 

-
1.9739 

2.169
7 

-
0.0928 

0.140
9 

-
0.2202 -0.1809 -

0.0101 
0.105
8 

 
Using the parameters obtained from the estimation technique we synthesize texture as given below: 
 

          
(a)                           (b)                             (c) 

Figure 4.2 (a) Sample texture (b) texture generated using parameters of pseudo likelihood 
(c) texture generated using parameters of coding method. 

 
4. CONCLUSION 
The patterns are generated by tuning the model parameters of Auto-binomial MRF model. The model parameter β11 and 
β12 controls the horizontal and vertical clustering. Similarly β21 and β22 controls diagonal clustering. If these low-order 
parameters are positive then results in clustering but if high-order parameters are also positive then results into large 
clusters, whereas negative high-order parameters yield small clusters to inhibit growth of clusters. 
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