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ABSTRACT: In this paper, we shall study ICM parameters influence on contextual classification results. The 

main objective of remotely sensed imagery contextual classification, which classifies each pixel considering 

its spatial neighbourhood, is to give thematic maps with greater accuracy than those obtained by punctual 

classification. However, contextual techniques must realise a difficult trade-off between the preservation of 

fine structural details and the smoothing of homogeneous regions. ICM is an optimisation algorithm for 

contextual classification using MAP approach and Markov Random Field (MRF) theory. The application of 

ICM algorithm requires three important parameters: 1) an empirical value of regularisation parameter β, 2) an 

appropriate size and shape of neighbourhood and 3) an appropriate convergence criterion. The variation of 

these parameters may have some undesirable effects. To find optimum parameters, we assess classification 

accuracy through khat statistic. Test data available is SPOT image of “Blida” region sited at 50km on the 

south west of Algiers (Algeria). This image acquired on February 1986, contains seven main classes. ICM 

parameters influence is discussed globally for all classes and locally for each class. 

1 INTRODUCTION

According to the Manual of Remote Sensing, remote
sensing is the "measurement or acquisition of 
information of some property of an object or 
phenomenon, by a recording device that is not in 
physical contact with the object or phenomenon 
under study". Nearly all remotely sensed data are 
collected by sensors on one of two platforms: 
satellites or aircraft. 

Remote sensing is now an integral part of 
geography, GIS, and cartography, and remotely 
sensed images are used in research and applications 
in a range of environmental and planning fields. One 
of the most important applications of remotely 
sensed images of the Earth's land surface is 
classification which is one of the most powerful 
tools in digital image processing. Its objective is to 
use the data contained in a multispectral image 
(more than one image) we are analysing to 
automatically extract information and identify 
targets into a defined number of thematic classes.
Developing vegetation and land cover maps is a 
common application of image classification 

techniques. There are many different approaches to 
classifying remotely sensed data. They all fall under 
two main topics: unsupervised and supervised
classification. In unsupervised classification, an 
algorithm is chosen that will take a remotely sensed 
data set and find a pre-specified number of statistical 
clusters in multispectral space. Although these 
clusters are not always equivalent to actual classes 
of land cover, this method can be used without 
having prior knowledge of the ground cover in the 
study site. Supervised classification, however, does
require prior knowledge of the ground cover in the 
study site. The process of gaining this prior 
knowledge is known as ground-truthing. With 
supervised classification, the researcher locates areas 
on the unmodified image for which he knows the 
type of land cover, defines a polygon around the 
known area, and assigns that land cover class to the 
pixels within the polygon. This process known as 
training step is continued until a statistically 
significant number of pixels exist for each class in 
the classification scheme. Then, the multispectral 
data from the pixels in the sample polygons are used 
to train a classification algorithm. Once trained, the 
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algorithm can then be applied to the entire image 
and a final classified image is obtained. Supervised 
classification methods are of two kinds: punctual or 
blind methods and contextual methods (Khedam, 
2001), (Pieczynski, 2000). Contextual techniques 
that incorporate contextual information will usually 
be able to label the pixels more accurately than those 
that classify pixels independently. Among 
contextual methods, the most widely applied to 
remote sensing images is the Markov random Field 
(MRF) approach, which has given very promising 
results (Khedam et al., 2001), (Pony, 2000), (Shistad 
Solberg et al., 1996). MRF provide a direct 
mechanism for relating neighbouring pixels. If 
image classification into homogeneous regions is 
desired, it is intuitively appealing to model the pixels 
labels as an MRF, since the MRF relates the label of 
a pixel to the labels of its neighbouring pixels. The 
Gibbs-Markov equivalence can then be exploited 
through optimisation algorithms such as Simulated 
Annealing (SA) and Iterated Conditional Mods 
(ICM) to provide the MAP estimate (Khedam, 
2001). However, these algorithms generally involve 
a difficult setting of parameters and are very 
sensitive to parameter changes. 

In this paper, we are interested in an ICM 
algorithm for remotely sensed data contextual 
classification. The work proposed is aimed at 
looking for optimal ICM parameters to achieve good 
classification results.  

This paper is organised as follows. The contextual 
classification model based on MAP criterion and 
ICM algorithm are described in section 2. In section 
3, we present available data used for ICM 
implementation. ICM parameters influence is 
discussed in section 4. Experimental results are 
shown at the end of the paper. 

2 CONTEXTUAL CLASSIFICATION MODEL 

We assume that a classified image X and observed 

data Y are realisations of stochastic processes X and 

Y, respectively. { }K21
Y...,,Y,YY =  are multispectral 

data observed through K spectral bands and are 

supposed to be acquired on a finite rectangular 

lattice ( ){ }Ss1:ji,sW ≤≤== , s is the site of the ijth

pixel and S is lattice's area. The set { }k
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k

s

k
yyY ...,,=

where k = 1, 2, …K, denotes the data taken at the kth

wavelength, where { }1-NG...,2,1,y
k

s ∈  and NG is the 

number of observable grey levels. It is also possible 

to describe the multispectral data with 

{ }Ss1yY s ≤≤= , where { }K
ssss yyyy ...,,

2
,

1= is a 

feature vector observed on the site s called also a 

spectral signature on site s. Our goal is to find the 

optimal classified image { }Ss xxX ...,,
* = based on 

the observed data Y. Each site of the segmented 

image is assigned into one of M classes; that is, 

{ } M...,2,1,xs =  where M is the number of classes 

assumed to be known in the supervised classification 

process. This optimisation is executed from the view 

point of the maximum a posteriori (MAP) 

estimation as follows: 

( ){ }YXPargmaxXX
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Where Ω is labelled configurations set. The 

following Bayes theorem, equation (1) becomes : 

( ) ( )
( )=

Ω∈ YP

XPXYP
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The modelling of both class conditional distribution 

P(Y/X) and prior distribution P(X) becomes an 

essential task (Khedam et al., 2001). P(Y) is the 

probability distribution of the observed data and 

does not depend on the labelling X. Note that the 

estimate (2) becomes the pixel–wise non–contextual 

classifier if the prior probability does not have any 

consequence in formulating (2). P(Y/X) is the 

conditional probability distribution of the 

observation Y given the labelling X. A commonly 

used model for P(Y/X) is that the feature vector 

observed Ys is drawn from a “Gaussian 

distribution”. For a Markov random field X and so, 

according to the Hammerslay-Clifford theory, P(X)

can be expressed as a Gibbs distribution with “Potts 

model” as energy function model. The global MAP 

estimate given by equation (1) is equivalent to the 

minimisation of the followed a posteriori global

energy function (Khedam, 2001): 
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xsµ  and 
sx
 are class sx  statistic parameters 

estimated during training step process. They are 

respectively mean vector and covariance matrix of 

class sx . β is parameter regularisation and is 

frequently user specified.  is Kroeneker symbol 

calculated on the neighbourhood Vs of site s on all 

clique q from set clique Q.

(3) 

(4) 

(1) 

(2) 
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Once the MAP classification problem is 

formulated as an energy minimisation problem, it 

can be solved by an optimisation algorithm. Among 

the most effective algorithms for optimisation in the 

framework of image MRF modelling are Simulated 

Annealing (SA) (Geman et al., 1984) whose the 

computational demands are well known and Iterated 

Conditional Modes (ICM) (Besag, 1986) which is a 

computationally feasible alternative of the SA with a 

local minimum convergence of the energy function. 

To use ICM algorithm, global minimisation energy 

function of equation (4) must be transformed on the 

followed local minimisation energy function: 

( ) ( ) ( ) +−−= − ln
2
1y..y

2
1yx xsxxx s1

s
T

s µµU ssss

( )( )−+
∈ sVr

x ,x1 rs

The first term on the right hand of (5) called data 

attach term, is often used to provide an initial 

configuration for the contextual classification 

process. The second term is regularisation term 

which explicitly defines local spatial interactions in 

neighbourhood Vs.

ICM flow chart is presented in figure 1. It can be 

resumed in five steps as follows: 

Step 1: Estimate statistic parameters set ( xsµ , xsΣ )

from the training samples of each class from classes 

set A

Step 2: Based on ( xsµ , xsΣ ), estimate an initial 

classification using the non-contextual pixel-wise 

maximum likelihood decision rule. We use first term 

of equation (4) 

Step 3: Choose an appropriate value of β, an 

appropriate shape and size of neighbourhood system 

Vs and an appropriate convergence criterion. 

Step 4:Perform the local minimisation defined by 

equation (5) at each pixel in specified order: update 

sy  by the class sx  that minimises equation (5); 

Step 5: Repeat step (3) until convergence. 

The ICM algorithm is looked as a regularisation 

process of an initially labelled configuration. The 

regularisation is operated through Potts model which 

is a function of regularisation parameter β and a 

neighbourhood topology adopted in the image (4-

connexity or 8-connexity). ICM Development 

consists to sweep the whole of sites image (initial 

configuration) and to choose for each site the class 

that minimises the energy function given by 

expression (5). This operation must be repeated a 

number of times to reach a stationary state flowing 

the selected convergence criterion. This relaxation 

technique is fast, but strongly depends on the initial 

configuration and regularisation parameters. 

3 IMPLEMENTATION  

We have tested the ICM algorithm on a SPOT image 

acquired on February 23, 1986. It consists of three 

spectral bands XSi (i = 1, 2, 3) covering Blida 

region located at 50km in the south-west of Algiers 

(Algeria). We define on this image of size 256x256 

(see figure 2.(a)), seven discriminating classes 

presented in table 1. From these classes, we define 

training samples image (see figure 2.(b)) which will 

be used for classification and ground truth image 

(see figure 2.(c)) which will be used for assessing 

Classification accuracy. We have used a punctual 

classification result presented in figure 3.(a) as ICM 

initial configuration. Generally, regularisation para- 

meter β is selected in an empirical way and vicinity 

topology taken with 4-connexity. Our goal is pre- 

cisely the study of influence of these two parameters 

on the classification result. A statistical assessing of 

the various obtained results is carried out by means 

of confusion matrix established between truth 

ground and obtained classifications. From this 

(5) 

Initial Configuration 

All sites are visited ? 

CONVERGENCE ? 

BEGIN

i= i + 

1

i = card(A) 

1

Modification i of site s

0

Energie Ui ( xs / ys )

1

END

1

0

0

Accepted Modification 

( ){ }yxU ssiminarg
A

Figure 1. ICM flow chart
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matrix, is calculated the statistical parameter "khat" 

(Congalton, 1991) which is a global indicator of 

classifications accuracy. 

Table 1. BLIDA classes 

CLASS Object  

1         Less dense urban

2          Less dense Vegetation  

3         Blida airport  

4         Cultivate fields  

5         Dense urban (Blida city) 

6         Cultivate fields 

7         Dense Vegetation  

4 ICM REGULARISATION PARAMETERS 

4.1   Regularisation parameter β

The parameter β weighted regularisation term. So, 

greater homogeneous areas are obtained for high β
values. In figures 3.(b), (c), (d), (e) and (f) we 

present five classification results relating to five β
values with 4-connexity of neighbourhood system. 

The graph of figure 4 shows khat evolution for 

different β values and.

Evolution of khat parameter indicates that low β
values act slightly on regularisation of homogeneous 

areas. From β=0.5, the regularisation is more 

significant and becomes strongly significant beyond 

β=2. Thus, one can say that the best classification is 

given for β>=2. However, while observing the 

classified images for these values, we realise that, 

outwards training samples, strong regularisation 

degrades some linear structures and destroys some 

small pieces. Optimal β value is, so selected 

empirically according to a visual appreciation of 

(a) (b)

(c)

Figure 2. (a) - Blida test image– (b) – Samples training image 

– (c) Truth ground image. 

(e)

(c) (d)

(a) (b)

(f)

Figure 3. ICM results for different β values - (a) Initial 

Configuration (β=0) - (b) β=0.1 - (c) β=0.8 - (d) β=2 - (e) 

β=10 - (f) β=100.
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obtained results. This value should carry out a trade-

off between the preservation of fine structural details 

and the smoothing of homogeneous regions. It is a 

difficult compromise to realise between two 

functions: one increasing with the increase in β
value and the other decreasing with the increase in β
value. We have thought that intersection point of 

these two functions may correspond to optimal β
value. To obtain this value, we have proceeded in 

the following way: the increasing function 

characterising the surfaces homogeneity quality is 

given by the graph of figure 4. To obtain the 

decreasing function characterising edges and details 

preservation quality, gradient image is produced 

(classical filters) from initial configuration which 

very rich in terms of data structures compared to 

regularisation results. Image gradient is then 

punctually classified using the first term of equation 

(4). Thus, edges and structures selected by the 

gradient are now labelled with the same classes as 

regularisation results. Finally, statistical parameter 

“kappa” (Congalton, 1991) is calculated between 

regularisation results relating to different β values 

and the classified gradient image. Figure 5 shows the 

obtained result. For 0.1< β< 0.4 the compromise is 

realisable. But, by observing regularised images for 

these β values, we note that structures are preserved 

but the regularisation is not yet sufficient. Thus, it is 

to the user to choose and decide according to its 

needs, the most appropriate β value. In our case, β=

0.8  seems to be the most appropriate value. Another 

solution to look for the optimal β value is its 

calculation adaptively in the neighbourhood system 

(Khedam, 2001). 

4.2   Neighbourhood system topology 

In this section, β is fixed at 0.8. Our goal is to see 

topology neighbourhood system influence on reg-

ularisation result. In table 2, is presented khat value 

and iterations number for ICM convergence using 

two different topologies which are 4-connexity and 

8-connexity. ICM results relating to these topologies 

are chown on figure 6. Statistically, 8-connexity 

vicinity gives a very good result after 19 iterations 

that represent a higher calculating time than 4-

connexity topology. However, this result presents a 

strong regularisation with the beginning of 

geometrical forms loss. That means that there is a 

straight relation between the regularisation para-

meter value and neighbourhood system topology. A 

new study can then be undertaken for the de-

termination of optimal β. The user should choose the 

vicinity size depending on his objective: obtain 

homogeneous areas and/or preserve structures and 

small details. To try to carry out this compromise, 

other vicinity topologies are proposed. We mention 

in particular topologies 3x1 (1x3), 5x1 (1x5), etc... 

(Khedam, 2001) with the consideration of all 

possible directions (horizontal, vertical and dia-

gonal) and also “topologie à trou” (Pony, 2000) 

which treats the central pixel with another pixel  

located at 3 or 5 pixels further. This topology has 

also the advantage of destroying certain stable 

structures but considered to be undesirable. 

Table 2. Neighbourhood system topology influence

Topology Iterations Khat (%) 

0 (Initial configuration) 0 72.600 

4-connexity 13 77.944 

8-connexity 19 84.238 

4.3   Convergence criterion 

Iterative algorithms often pose a convergence 

problem. The convergence criterion that we have 

adopted until now is a zero number of pixels 

changing classes between two consecutive iterations. 

This number of pixels is calculated on the whole 

image and thus for all classes. We have thought of a 
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Figure 6. ICM results following neighbourhood system 

topology  - (a) 4-connexity - (b) 8-connexity  
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local criterion convergence which can be regarded as 

a zero number of pixels which change state on each 

class, other classes being masked. This procedure 

can be seen as the decomposition of ICM process on 

a number of under-processes. Each under-process 

relates to one class and is slow or fast according to 

the heterogeneity of this class. ICM result using this 

new criterion (4-connexity and β=0.8) is given by 

figure 7.(b) and is compared with the result obtained 

using global convergence criterion given by figure 

7.(a). Statistically, the two results are almost nearly 

similar (78.27% for the first and 77.944% for the 

second result). Local convergence criterion 

behaviour is given by the graph of figure 8 which 

shows a difference in convergence time of each 

class. For example class 1, converges after seven 

iterations and class 2 after nine iterations. We can 

also notice, disorder degree of these classes which 

represent respectively "less dense urban" and "less 

dense vegetation ". Local criterion convergence is 

interesting because it makes possible to deal with 

class independently of the other classes. Thus, one 

can for example choose for each class according to 

its nature a specified regularisation parameter and a 

specified neighbourhood system topology. 

5 CONCLUSIONS  

Punctual classification often has a "salt and pepper" 

appearance due to misclassification. Thus, the 

obtained thematic map is inadequate to describe 

ground cover types. To cure this problem, contextual 

classification based on an ICM algorithm which 

exploits the correlation between spatially adjacent 

pixels, is presented in this paper. Previous works 

(Schistad Solberg et al., 1996), (Khedam et al.,

2001) have shown that Markov Random Field 

(MRF) provides a methodological framework which 

allows spectral and spatial information to be merged 

in a correct way. Indeed, we have shown that a MRF 

model associated with an optimisation algorithm 

such as ICM, improves considerably classification 

quality. We have studied the influence of 

regularisation parameter β, neighbourhood system 

topology and convergence criterion on regularisation 

process. We have tried to find optimal parameters 

but we have been confronted with a difficult 

compromise between the surfaces homogeneity and 

linear structures preservation. This problem is 

raised, discussed and is still posed when complete 

ground truth is not available that is the most 

common case. Different tests are made on SPOT 

images of the Blida region (Algeria). With an 

appropriate choice of ICM parameters, the 

contextual classification result is an interpretable 

and more easily exploitable thematic map. 
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