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Abstract: The  conventional  statistical  approaches  for  image  classification  use  only  the  gray  values. 
Different  advanced techniques  in  image classification  like  Artificial  Neural  Networks  (ANN),  Support 
Vector  Machines  (SVM),  Fuzzy  measures  and  Genetic  Algorithms  (GA)  are  developed  for  image 
classification.  The use of textural features in ANN helps to resolve misclassification.   SVM was found 
competitive with the best available machine learning algorithms in classifying high-dimensional data sets. 
Fuzzy measures show the detection of textures by analyzing the image by stochastic properties. The genetic 
algorithm searches a  space of  image processing operations  that  produce suitable  feature planes,  and a 
conventional classifier uses those feature planes to output a final classification. A comparative study of 
some of these techniques for image classification is made to identify relative merits.
Keywords: Image classification, neural networks, support vector machines, fuzzy measures, genetic 
algorithms.

I.INTRODUCTION
Digital  image  processing  is  a  collection  of  techniques  for  the  manipulation  of  digital  images  by 

computers.  Classification generally comprises four steps:  l.  Pre-processing.  e.g.  atmospheric correction, 
noise suppression, and finding the band ratio, principal component analysis, etc, 2. Training: Selection of 
the  particular  feature  which  best  describes  the  pattern,  3.  Decision:  Choice  of  suitable  method  for 
comparing the image patterns with the target patterns and 4: Assessing the accuracy of the classification. 

II.TECHNIQUES OF IMAGE CLASSIFICATION
Image classification is an important task for many aspects of global change studies and environmental 

applications.  This  paper  emphasizes  on  the  analysis  and  usage  of  different  advanced  classification 
techniques  like  Artificial  Neural  Networks,  Support  Vector  Machines,  Fuzzy  measures  and  Genetic 
algorithms for digital image classification. Finally the study depicts the comparative analysis of different 
classification techniques with respect to several parameters.

A. Artificial Neural Network (ANN)
ANN is a parallel distributed processor [1] that has a natural tendency for storing experiential knowledge. 

Image classification using neural networks is done by texture feature extraction and then applying the back 
propagation algorithm.

1)Architecture of Neural Network and Texture Feature Extraction Algorithm:
In the design four textural features namely the angular second moment, contrast, correlation and variance 

are considered. In order to capture the spatial dependence of gray-level values, which contribute to the 
perception of texture, a two dimensional dependence, and texture analysis matrix is considered. Figure 1 
shows the architecture of NN with combined gray value and textural features. In this, four layers consisting 
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of three inputs, seven first layer hidden nodes, eleven second layer hidden nodes and five output nodes are 
considered.
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Figure:1 : Architecture of NN with combined gray value and   textural features 

C2  

The gray-tone co occurrence matrix is used for extracting textural features. It is a two dimensional matrix 
of joint probabilities Pd, r (i, j) between pairs of pixels, separated by a distance, d in a given direction r [2].

2)Training the Combined Network using BKP
The following assumes the sigmoid function f (x)

                    
1( )

1 xf x
e−=

+
  --- (1)

The back propagation algorithm is implemented using following steps:
1. Initialize weights to small random values.
2. Feed input vectors X0, X1………., X6 through the network and compute the weighting sum coming into 
the unit and then apply the sigmoid function. Also, set all desired outputs d0, d1..., d5 typically to zero 
except for that corresponding to the class the input is from.
3. Calculate error term for each output unit as

(1 )( )j j j j jy y d yδ = − −                                       --- (2)
where dj is the desired output of node j; and yj is the actual output.
4. Calculate the error term of each of the hidden units as

(1 )j j j k jkk
x x wδ = − δ∑                                          --- (3)

Where k is over all nodes in the layers above node j; and j is an internal hidden node.
5. Add the weight deltas to each of

( 1) ( )y y j iW t W t x+ = + η  δ                                                              --- (4)
All the steps excepting 1 are repeated till the error is within reasonable limits and then the adjusted weights 
are stored for reference to the recognition algorithm.

B. Support Vector Machines
The  support  vector  machine  (SVM)  is  superior  of  all  machine  learning  algorithms.  SVM  employs 

optimization algorithms to locate the optimal boundaries between classes. The applicability of SVM for 
image classification is explored in this study.

1) Development of SVM
The support vector machine (SVM) is a machine learning algorithm based on statistical learning theory. 

There are a number of publications detailing the mathematical formulation and algorithm development of 
the SVM [8, 9, and 10]. The inductive principle behind SVM is structural risk minimization (SRM). The 
risk of a learning machine (R) is bounded by the sum of the empirical risk estimated from training samples 
(Remp) and a confidence interval (ψ): R ≤ Remp+ ψ [8]. The strategy of SRM is to keep the empirical risk 
(Remp) fixed and to minimize the confidence interval (ψ), or to maximize the margin between a separating 
hyper  plane and closest  data  points  (Figure  2).  A separating hyperplane refers  to  a  plane  in  a  multi-
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dimensional space that separates the data samples of two classes. The optimal separating hyperplane is the 
separating hyperplane that maximizes the margin from closest data points to the plane. Currently, one SVM 
classifier is able to separate only two classes. Integration strategies are needed to extend this method to 
classifying multiple classes. 

2) The optimal separating hyperplane
Let the training data of two separable classes with k samples be represented by(x1, y1), (xk, yk) where xЄRn 

is an n-dimensional space, and y Є {+1,  1} is class label. Suppose the two classes can be separated by two 
hyperplanes parallel to the optimal hyperplane (Figure 2(a)):

. 1iw x b+ ≥                                                                                         ---    (5)

. 1iw x b+ ≤ −                                                                                      ---    (6)
where  w= (w1...  wn) is  a vector of  n  elements.  Inequalities  (5) and (6) can be combined into a single 
inequality:

 [ ' ] 1i iy w x b+ ≥                                                                                 ---    (7)
As shown in Figure 2, the optimal separating hyperplane is the one that separates the data with maximum 

margin. This hyperplane can be found by minimizing the norm of w, or the following function:
1

2( ) ( ' )F w w w=                                                                      ---   (8)

The saddle points of the following Lagrange gives solutions to the above optimization problem:
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=

α = − α + −∑                   --- (9)

where αi ≥0 are Lagrange multipliers  [11].  The solution to this  optimization  problem requires that  the 
gradient of L (w, b, α) with respect to w and b vanishes, giving the following conditions:
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= α                  ∑                                                                  ---   (10)   
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By substituting (10) and (11) into (9), the optimization problem becomes: maximize
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1 1 1
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α = α − α α     ∑ ∑ ∑                                          --- (12) 

under constraints, αi  ≥ 0 i=1,.. , k.
Given an optimal  solution α0= (α0

1,....,α0
k )  to (12),  the solution  w0 to  (9) is  a linear combination of 

training samples:

            0

1

k

i i
i

w y x0
ι

=

= α         ∑                                       --- (13)

According to the Kuhn–Tucker theory [11] only points that satisfy the equalities in (5) and (6) can have 
non-zero coefficients αi

0  .These points lie on the two parallel hyperplanes and are called support vectors 
(Figure 2).  Let  x0(1) be a support  vector  of  one class  and  x0( 1)  of  the other,  then the constant  b0 is 
calculated as follows:

10 0 0 0 02[ ' (1) ' ( 1)]b w x w x= + −                                                            --- (14)
The decision rule that separates the two classes can be written as:

f(x) = sign (
0 0

sup

( ' )i i
portvector

y x x bια −∑ )                                              ---   (15)

3) Implementation of Support vector machines
To generalize the above method to non-linear decision functions, the support vector machine implements 

the following method: it maps the input vector x into a high-dimensional feature space H and constructs the 
optimal separating hyperplane in that space. Suppose the data are mapped into a high-dimensional space H 
through mapping function Φ:

             : nR HΦ →                                                                                       ---   (16)
A vector x in the feature space can be represented as Φ(x) in the high-dimensional space H. Since the only 
way in which the data appear in the training problem (8) are in the form of dot products of two vectors, the 
training algorithm in the high dimensional space H would only depend on data in this space through a dot 
product, i.e. on functions of the form Φ(xi )´ Φ(xj). Now, if there is a kernel function K such that

,( ) ( ) ' )i j i jK x x x x= Φ Φ (                                                                   ---     (17)
then K is used in the training program without knowing the explicit form of Φ. Thus if a kernel function K 
can be found, a classifier can be used in the high-dimensional space without knowing the explicit form of 
the mapping function for training.. The optimization problem (12) is rewritten as:

1 1 1

1( ) ( , )
2

k k k

i j i j i j
i i j

L y y K x xι
= = =

α = α − α α     ∑ ∑ ∑                                   ---      (18) 

and the decision rule expressed in equation (11) becomes:
0

sup

( ) ( , )i i
port vector

f x sign y K x x b0
ι

 

 
= α −      

 
∑                                    ---      (19)

By the systematic  development  of  SVM, the  kernel  function plays a major  role  in  locating complex 
decision boundaries between classes.  By having input  data into  dimensional  space,  the kernel  function 
converts non-linear boundaries in the original data space into linear ones in the high dimensional space. 
Hence the selection of kernel function and appropriate values for corresponding kernel parameters, affect 
the performance of the SVM.

C.  Fuzzy Measures
There are several image processing algorithms for the detection of information in the form of sound 

defined features such as edges, skeletons, and contours etc as in [13,  14, and 15].  In Fuzzy measures, 
different stochastic relationships are identified to describe properties of an image. If the fuzzy property is 
more related to a region, then a fuzzy measure is used. Fuzzy function is used if a stochastic property is to 
be described by a particular distribution of gray values. The fusion of these two stochastic properties is 
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represented as a fuzzy measure and fuzzy function 
defines on an area which is  achieved by a fuzzy 
integral. The result of fuzzy integral is a new fuzzy 
measure.

3) Stochastic Information by Fuzzy Measures
The mathematical basis for including the importance of a stochastic property is the fuzzy measure. By the 

fuzzy measure the  properties  described by different  kinds  of  relationships  are mapped into  the  closed 
interval [0, 1]. The fuzzy measure, as defined in [19], has a term with the combination of all elementary 
fuzzy measures multiplied by a  factor  λ.  The factor  λ  has an effect  similar  to  a weight  factor  for  the 
interaction between the properties. If λ= 0 then g can be used as a probability measure.
The coupling of the elementary fuzzy measures (densities) g1(x1) over the elementary region x1 with another 
elementary fuzzy measure g(x2) over the other elementary region x2 is defined by:

1 2 1 2 1 2( ) ( ) ( ) ( ) ( )g x x g x g x g x g xλ λ λ λ λ∪ = + + λ                                     --- (20)
where λ= (1+ λg(x1)) (1+ λ g(x2) + λ gλ(x1) gλ(x2))-1 is a coupling constant used as a substitution for the loss 
of additivity. For a set of elements A= {xi} the relationship above is used recursively to give:

                 
1

1
1

1 1 1

( ) ( ) ( ) ( ) .. ( ).. ( )
n n n

n
i i j n

i i j i
g A g x g x g x g x g x

−
−

= = = +

= + λ + + λ∑ ∑ ∑   --- (21)

This is written as product

                 
1( ) (1 ( ) 1

j
ix X

g X g x
∈  

 = Π + λ − λ  
     where   λ ≠ 0                                   --- (22)

The coupling parameter λ is obtained by solving the equation

1 (1 ( ))
j

ix X
g x

∈  

 + λ = Π + λ  
                                                                     --- (23)

The mathematical concept for calculating the measure for the coupled elementary properties for small areas 
is shown here. 

4) Stochastic Information by Fuzzy Functions
The fuzzy functions are mostly values over single pixel points. The values of the neighbor pixel are of 

stochastic nature and normally not directly correlated with this value. These fuzzy functions are described 
normally by a characterization over a threshold. Outside of such a characteristic threshold the values depend 
very weakly on the real value. Inside the interval  the values generate fuzzy properties  for the adapted 
condition. These fuzzy functions are also normalized and mapped on an interval given by a boundary. 

5) Fusion of Fuzzy Properties by Fuzzy Integrals
The values over the possible region of textures represented by a fuzzy measure g(x k, l) are connected with 

the values h (xi,j) at the pixels representing the strength of the properties for a texture. The value h (xi,j) is 
described by a fuzzy function where the values are normalized to 1. The functional relationship between the 
fuzzy measure and the fuzzy function is represented by the fuzzy integral [19], because it is well adapted to 
the problem of detection of textures. The fuzzy measure [19] is combined with the fuzzy function in the 
form 

( )Af h xα ⊕ )
[0,1]

sup {min[ , ( ]},dg g A H α
α ∈

= α ∩

{ }H x hα α=  ≥ α                                           --- (24)
Here hα is the cut of h at the constant α. For hα (x), the values at the pixel-points are used, representing the 
property of a texture.  α is the threshold where the assumption is fulfilled, that the property is used in the 
minimal condition. The region A is given as the image region where surely a specific texture is expected. It 
may be also the whole image for the pixel region and the whole possible range for a fuzzy function. The 
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important property of a fuzzy measure is that its value is mapped on the closed interval [0, 1]. This is given 
by the calculated value of the fuzzy integral. This gives the possibility to use the result of a fuzzy integral as 
a new fuzzy measure g2

                     
,2 1( ) ( )

i j Ag A h x dgf α= ⊕                                      --- (25)
This newly produced fuzzy measure is linked with the region obtained by another stochastic property for 
the texture so that f2 obtained

'
2 ' 2( )Ah x dgf f α= ⊕                                 --- (26)

In such away a set of fuzzy functions {f1, f2, fn} is obtained by fuzzy measures {g1, g2, g3}. The summation 
of all combinations of fuzzy measures with fuzzy functions makes sure, that all possible properties in all 
combinations, which should be considered, are used. In order to achieve this different approaches have to 
be applied for the elimination of the elementary stochastic properties within an image.

D. Genetic Algorithms
The techniques of image classification ranging from maximum likelihood to neural networks depend on 

feature vectors formed by the intensity values in each spectral channel for each pixel.  But the spectral 
information alone is not sufficient to exactly identify a pixel. The features of its neighborhood, like texture, 
or the average value of nearby pixels are necessary to get good spectral information. Hence to choose these 
features automatically a new evolutionary hybrid genetic algorithm is used.

6)The Genetic Programming System
The genetic  programming system based on a  linear  chromosome [22]  manipulates  image processing 

programs that take the raw pixel data planes and transform them into a set of feature planes. This set of 
feature planes have a multi-spectral image derived from the original image through a certain sequence of 
image processing operations. The system then applies a conventional supervised classification algorithm to 
the feature planes to produce a final output image plane. The pixel in the output image plane specifies 
whether that feature is there or not. Figure 3 illustrates this hybrid scheme. In this structure finally raw data 
planes are transformed into a set  of feature planes by an image processing program that is  evolved by 
genetic algorithm.

In the system a fixed-length linear chromosome and 
standard  one-point  crossover  are  used.  According  to 
[23], these two are significantly better than more flexible 
crossover schemes. A single chromosome is made up of 
a string of genes, each one of which corresponds to a 

particular image processing operation. Each gene has one or more inputs, and one or more outputs. An 
input can be taken from any one data plane in the original image (there are as many data planes as there are 
spectral channels), or from any one ‘scratch plane’. Scratch planes are temporary holding places where a 
single image plane can be held. The gene performs some image processing operation on its inputs and 
produces one or more planes of output data. Each of these planes is written to a different scratch plane. The 
whole chromosome is evaluated by starting with the gene at the left end, and sequentially stepping through 
the genes in order, one-by-one. It is a requirement when chromosomes are created that no gene is allowed to 
read from a scratch plane that has not been written to by at least one gene to the left of it. The feature planes 
which are passed on to the backend classifier are specified by the user as a subset of the scratch and data 
plane.
Each gene corresponds to a different image processing operation, but the details of that operation can be 
influenced by gene parameters In general, genes produce output that is roughly on the order of the same 
scale as their input. Thus by using genetic algorithm a robust classifier is developed.
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III. COMPARATIVE ANALYSIS OF VARIOUS MACHINE LEARNING ALGORITHMS
The  advanced  image  classification  techniques  using  Artificial  Neural  Networks,  Support  Vector 

Machines, Fuzzy measures and Genetic Algorithms are analyzed and compared with respect to several 
parameters.  The benefits  and limitations  of these classification techniques are as in Table II. Artificial 
neural networks have the advantages mainly of more tolerance to noise inputs and representation of boolean 
function apart from others. But too many attributes may result in over fitting. In support vector machines 
over fitting is unlikely to occur.  The computational complexity and the complexity of decision rule are 
reduced in SVM. Fuzzy measures have the benefit of identification of various stochastic relationships to 
describe the properties of the image. But priori knowledge is very important to get good results. Genetic 
algorithms are primarily used in optimization and always have a good solution. But the computation of 
scoring function is non trivial.

© GIS Development

TABLE II
BENEFITS AND LIMITATIONS OF   VARIOUS MACHINE   LEARNING ALGORITHMS

Machine Learning 
Algorithm

Benefits Assumptions and / or Limitations

Neural Network •can be used for classification or regression
•able to represent Boolean functions (AND, OR, 
NOT)
•tolerant of noisy inputs
•instances can be classified by more than one 
output

•difficult to understand structure of 
algorithm
•too many attributes can result in over 
fitting
•optimal network structure can only be 
determined by experimentation

Support Vector 
Machine

•models nonlinear class boundaries
•over fitting is unlikely to occur
•computational complexity reduced to quadratic 
optimization problem
•easy to control complexity of decision rule and 
frequency of error

•training is slow compared to Bayes and 
Decision trees
•difficult to determine optimal parameters 
when training data is not linearly 
separable
•difficult to understand structure of 
algorithm

Fuzzy logic • different stochastic relationships can be 
identified to describe properties

•Priori knowledge is very important to get 
good results
•precise solutions are not obtained if the 
direction of decision is not clear

Genetic Algorithm •can be used in feature classification and feature 
selection
•primarily used in optimization always finds a 
“good” solution (not always the best solution)
• can handle large, complex, non differentiable 
and multimodal spaces
• Efficient search method for a complex problem 
space
• good at refining irrelevant and noisy features 
selected for classification

•computation or development of scoring 
function is nontrivial
•not the most efficient method to find 
some optima, rather than global
•complications involved in the 
representation of training/output data
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The comparative analysis of different image classification algorithms with respect to several parameters is 
as in Table III. The artificial neural networks and support vector machines follows non-parametric approach 
whereas  fuzzy measures  use  stochastic  properties  for  image classification.  The selection  of  non-linear 
boundary is efficient when the data have only few input variables in ANN and vice versa in SVM. In fuzzy 
logic it depends on priori knowledge whereas in genetic algorithms it depends on the direction of decision. 
The training speed in the neural networks depends on network structure, momentum rate, learning rate and 
converging criteria. In SVM it depends on training data size and class separability. The Fuzzy measures 
incorporate the training speed depending on the isolation of the relevant information by iterative application 
of the fuzzy integral. The training speed could be improved by refining irrelevant and noisy genes in genetic 
algorithms. Along with these parameters, the accuracy and general performance are also compared (Table 
III).

IV. CONCLUSIONS
This  paper  attempts  to  study and compare  artificial  neural  networks  and other  methods  of  machine 

learning algorithms  for  image classification.  The study concluded that  the neural  network approach of 
classification improves the accuracy and the finer information from the individual class is obtained by using 
textures.  This study emphasizes  that  kernel type and kernel  parameter affect the shape of the decision 
boundaries as located by the SVM and thus influence the performance of the SVM.  It is found that the 
optimum results are obtained if the stochastic information is fused by the fuzzy integral. The combined 
genetic  algorithm  plus  conventional  classifier  system  achieves  higher  performance  than  either  the 
conventional classifier or the Genetic algorithm alone. The neural network topology described in this study 
is  determined  manually.  The  study can be  extended  further  to  apply the  genetic  algorithm for  neural 
network structure optimization. 
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