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Abstract
Image classification is always one of the most important issues in remote sensing and obtained information from image
classification is most widely used in this field and other applications like urban planning, natural resource management,
agriculture and etc. The purpose of this study is to assess the performance of multi-layer perceptron neural networks to classify
high resolution IKONOS image which covers mainly urban area of Shahriar city which is located in Tehran Province of Iran.
The output of a neural network classifier has been compared with the results of support vector machine with the Gaussian
kernel function and Maximum Likelihood Classification (MLC) algorithm which is most commonly used in statistical
approach image classification. In the best situation, the classification outputs indicate that neural network algorithm, including
0.8775overall accuracy and 0.82 Kappa Coefficient is more accruable and reliable than both the support vector machine with
0.8557 and 0.8197 and maximum likelihood with 0.7836 and 0.7295 overall accuracy and Kappa Coefficient Respectively.
Also results indicate that in these three methods, training data and model parameters play important roles in the classification
accuracy.
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1. Introduction
The objective of the classification process is to categorize
all pixels in a digital image into one of the several land cover
classes (e.g. Water, coniferous forest, deciduous forest, corn,
wheat, etc.). The categorized data may later be used to
produce thematic maps of the land cover contained in an
image for application like urban planning, natural resource
management and etc. [1],[2].
Image classification methods are categorized according to
the type of learning approach (supervised or unsupervised
classification), assumption on data distribution (parametric or
nonparametric) and number of output class for each spatial

unit (hard or soft classification)[2].
Traditional Statistical classification methods like maximum
likelihood classification are parametric methods. The main
deficiency of parametric methods is their dependence on the
statistical distribution of the data and the effect of number of
training samples on the estimation of this distribution. Also,
they have low accuracy for image classification whereas
Non-parametric classifiers like machine learning methods
such as artificial neural network, (ANN), support vector
machine (SVM) random forest (RF) do not rely on data
belonging to any particular statistical distribution.
In the last decades, many studies have demonstrated that
machine learning approaches such as ANN [3], SVM [4],[5]
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are more accurate than the traditional statistical classification
approaches [6].
Some of
them have investigated the use of
neural-network (NN) classifier and have compared
their performances with the ones of classical statistical
methods[7],[8]and some have studied also comparison of
machine learning algorithms for mapping land-cover
modifications[9],[36].
The main purpose of this study is the classification of
IKONOS image and preparation of land cover mapping using
machine learning methods such as artificial neural network
and support vector machines and traditional classification
such as maximum likelihood and also comparing the
performance and accuracy of these three methods using
overall accuracy and Kappa coefficient parameters for
land cover classification of the study area.

2. Neural Network
Neural network method is an algorithm in the area of
machine learning and artificial intelligence, which is inspired
by the human nervous system to analyze and model complex ,
nonlinear systems and parallel computations. Haykin [1]
introduces an artificial neural network as a massively parallel
learning machine, made up of simple processing units called
neurons[2].
A neuron has a set of inputs P , P , … , P and each
connection from the inputs to the processing element is
affected by different connection strengths known as synaptic
weights. A neuron is showed in mathematical and schematic
terms by the following Eqs. (1)and Fig 1.

The output of the neuron is defined by activation function
and terms of the linear combination of inputs have the role of
argument in activation function. There are many different
activation functions as shown in Fig 2.
The procedure in which neurons are arranged in a neural
network is known as the network topology or architecture.
There are many different types of neural network such as MLP,
RBF ,and PNN.
One of the famous ANN architecture which is most widely
used in remote sensing application is multilayer perceptron, or
MLP that has been used in this study.
An MLP is a feed-forward neural network with one or more
layers of neurons between the input and output layer called
hidden layers[3].
2.1. Training Neural Network
The training process in an MLP network consists of
determining the appropriate values for the weight vector w
and bias vector b, using the training data and learning
algorithms. There are several different training algorithms for
feed forward networks. All of these algorithms use the
gradient of the performance function to determine how to
adjust the weight values to achieve minimal overall training
error. The gradient is determined using a technique called back
propagation [4], which involves performing computations
backwards through the network.[5]
In this paper, Levenberg-Marquardt (LM) algorithm is
used[32] to train network updating weight and bias values
according to Levenberg-Marquardt optimization [6]and is
often the fastest back propagation algorithm and is highly
recommended as the first option for supervised algorithm,
although requires more memory than the other algorithms.

3. Support Vector Machines

Fig. 1. Structure of a neuron
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Where , , … , are the inputs
, , … , and are
the synaptic weights of the neuron L, also b is the bias, fis
called activation function, and a is the output of the neuron.

Fig. 2. Different activation functions

The Support vector machine method was introduced in
1995 by Vapnik [15]. Principles of support vector machine
method are based on statistical learning theory and this
method at first has been designed for binary-classification
problems [16], [34]..
Consider the training set are linearly separable and consists
of N vectors from the d dimensional feature space x ∈
(i=1,2,…,N) where x is the input data for theith training
sample and
∈ Error! Bookmark not de(ined. that
= +1 for class, and =-1 for class , toeach vector [7],
the discriminating function in the form of a hyper plane as
follows in Eq. (2):
g(x) =

.

/+

=0

(2)

Where w is an adjustable weight vector and b is a bias.
Different hyper plans can be found to separate the two classes,
but there is only one optimal hyper plane that well separates
than other hyper planes. The optimal hyper plane should be as
far away from the training data of both classes as possible. In
other words, the optimal hyper plane maximizes the distance
between the closest training data and separating hyper plane. It
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can be proved that this distance is as equal to 1/||w|| and the
quantity 2/||w|| is called the margin (m). Thus, the optimal
separating hyper plane is the one maximizing the margin [18].
Finding the optimal hyper plane by solving the following
constrained optimization problem done by the method of
Lagrange multipliers[18].(Eq. (3)).
89 :5;<<=:
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If the data are not linearly separable, a penalty value C that
trades off between the number of misclassifications in the
training data and the maximization the margin and positive
slack variables( ξ , … ξB ) Which measure the degree of
misclassification the training data are introduced. The new
optimal hyper plane formulation with incorporating slack
variables and a penalty term as given by Eqs. (4):
C
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(4)

To generalize the aforesaid method to non-linear
discernment functions, the input vector x is mapped into a
higher dimension feature space using a proper nonlinear
transformation function and then constructs the optimal
separating hyper plane in that space. Suppose, function
∅ ∶ O → F maps the data into a higher dimension feature
space, the decision function after using Lagrange multiplier
methods is as follows Eq. (5).
P(/) = Q2P3(∑S TUV R2 2〈∅(/2), ∅(/)〉 + )

(5)

Where R2 are the Lagrange multipliers and / are the
support vectors that have R2 ≠ 0 .
The mapping function ∅ is not given explicitly in most
cases. Instead, a kernel function
Gives the inner product value of x and / in the feature
space [19] in the form of Eqs. (6).
K (xi, x) = ∅ (xi). ∅ (x)

(6)

There are different kernel functions while generally used
kernel functions are:
_
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3.1. SVM Multi-Class Classification
SVM is basically binary classifier. To apply SVM for
multi-class classification, the problem can be divided into
sub-problems which are binary classification. The first
approach is called “one against all” regarding N is the number
of classes; N binary classifiers are trained to separate each
class from all others. The class to be chosen is the one
corresponding to the SVM with the highest discriminant

3

function value [34].
The second approach is called “one against one, that builds
N (N − 1) /2 classifiers where each one classifies applied to
each pair of classes. Each classifier gives a vote to the
winning class.The class that has the maximum votes will be
considered as label class of data [20].

4. Maximum Likelihood
One of the simplest but widely used statistical approaches
and supervised classification methods for image
classification is Maximum Likelihood Classification (MLC),
derived from the Bayes theorem, assumes the image data for
each class in each band is normally distributed. During the
MLC procedure, a given pixel has a probability that belongs
to a specific class. Hence, the probability of each pixel using
of a discriminant function calculated and each pixel is
assigned to the class that has the highest probability (that is,
the maximum likelihood). The probability that a pixel with
feature vector x belongs to class, , calculated by Bayes
formula[8] in the form of Eq. (10).
(, |/) =

l(S|mg )_(S)
l(mg )

(10)

Where (/|, ) is class-conditional probability density
function called the likelihood function which describes the
probability of ﬁnding a pixel from class, , at the position x,
that estimated from training data. (, ) is the a priori
information, i.e., the probability that class , occurs in the
image and P(x) is the probability of ﬁnding a pixel from any
class at location x[9] which can be written as Eq. (11).
(/) = ∑nJ

(/|, ) (, )

(11)

Where M is the total number of classes. Regarding
that P (/) is a common factor in estimating probability and is
not important in the following, so it can be removed from. ML
often assumes the distribution of the data within a given class
, (Probability distribution function) which obeys a
multivariate Gaussian distribution; therefore density function
is using the following Eq. (12).
P (x)=ln ( (, |/)) =ln p (x|, ) + ln p (, )

(12)

Where ln is the natural logarithm. The final form of the
discriminant function for maximum likelihood classiﬁcation,
based upon the assumption of normal statistics, is given by Eq.
(13)
P (x) = ln p (, ) − ln|p | − (x − 1 )q p h (/ − 1 ) (13)

Where 1 3` p are the mean vector and Covariance
matrix of each class that are obtained from the training dataset
at the learning step.

5. Study Area and Data
The study area is located in the Shahriar city in West of
Tehran in Iran with 51’4’30’ East Longitude and ’35 ‘39’3’
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North latitude. The study area is composed of variable land
cover types, mainly including agricultural, building, trees
roads and bare soil. This area is covered by the georefrenced
and radio metrically calibrated IKONOS image (RGB+NIR)
with 4 meter spatial resolution.The Training data set is
selected on image by visually identifying and manually
digitizing multiple polygons for each class. Training areas are
selected on the image for five different land use classes named
agricultural, building, trees, roads and bare soil. (Fig 3)

information contained in the training set is not enough to train
all the neurons in the hidden layers[10].
As number of neurons in the hidden layer of the neural
network depend on the number of inputs, outputs, the nature
of the problem, network training method, there is no certain
rule to exactly find the number of hidden layers and their
neurons.
Nevertheless, cross-validation, early-stopping [11] , genetic
algorithm [12], purning [26]are the common methods of
determining whether the number of hidden neurons is optimal
or not. There is a review of methods to choose the optimal
number of hidden neurons in neural networks in [27], [33].
This paper presents an analytical assessment of optimal
hidden layers and hidden neurons in neural network for image
classification .To perform the analysis, at first many cases
with various hidden neurons are examined to estimate overall
accuracy which is used as the factor to measure accuracy of
image classifications [29].So, the effect of the change in the
number of neurons of the hidden layers on the classification
accuracy in 100 epoch is evaluated. The results are shown in
Fig 5.

Fig. 3. The satellite image used in the study

6. Results
6.1. ANN Results
In this research, neural network with a hidden layer failed to
obtain the minimum required accuracy, so a neural network
with two hidden layers is used. Also back-propagation
learning and gradient descent algorithm are used to train
artificial neural networks. Inputs are spectral band values for
each pixel of training data, and outputs are corresponding to
land cover classes contained in the image, so the network has
four input neurons and five output neurons, which are
respectively equal to the number of spectral bands and the
number of different land covers contained in the image as
shown in Fig4.

Fig. 5. Effect of number of hidden neurons in overall accuracy

Fig. 6. Effect of the number of epoch in overall accuracy
Fig. 4. Number of input and output neurons and hidden layer

The suitable number of neurons in the hidden layer is very
important to achieve reasonable accuracy, since fewer neurons
in the hidden layer can increase the training error and prevent
convergence (something called under-fitting). On the other
hand, extra neurons in the hidden layer may cause over-fitting
which occurs when the neural network has so much
information processing capacity and the limited piece of

Increasing the number of neurons to 35, results in increase
in overall accuracy and after choosing more than 35, the
classification accuracy decreases slightly. Considering that the
highest classification accuracy is obtained from the 35
neurons case, at the second part of the accuracy assessment,
the number of neurons is fixed at 35 and the number of epoch
changes. According to the Fig6, the increase in the number of
epoch to a certain one increases classification overall accuracy
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and for an interval after that no significant change in
classification accuracy is observed even with regard to a slight
fluctuation in this interval. It is not guaranteed that the
increase in the number of epoch to more than that interval
leads in improvement of overall accuracy. Even in 1000 epoch
a considerable reduction in overall accuracy occurs.
The confusion matrix and classified image for the classifier
neural network with 35 neurons according to the table 1 and
Fig7were obtained.
Table 1. The confusion matrix using 35 neurons
Class
accuracy
0.82
0.78
0.95
0.86
0.98

Road

Building Tree Agricultural

1
0
0
0
202

33
0
0
158
7

0
54
157
0
1

1
190
8
0
0

Barren
soil
166
0
0
26
1

Class
Barren soil
agricultural
Tree
Building
Road

overall accuracy=0.8775
kappa coefficient =0.8469
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6.2. SVM Result
Selecting a kernel function and the kernel-specified
parameters and choosing the parameter values such as penalty
term C, which controls the trade-off between maximizing the
margin and minimizing the training error, are important in
SVM application and depends on the type of the problem.
Grid search and Genetic algorithm (GA) are typical
procedures to improve image classiﬁcation results in SVMs
optimization.[30]In[13], a GA based feature selection and
parameter optimization to improve classiﬁcation accuracy of
SVM is studied. Similar to neural network approach, there is
no established heuristics and theoretical method for
determining a kernel function and its parameters. Furthermore,
there is no much guidance in the literature for selecting
these SVM parameters and we are to some extent made to
follow a trial-and-error approach [14],[35].
The most common kernel functions used in remote sensing
image classification are Radial Basis and polynomial
kernelFunction (RBF). Also has been reported that the
“one-against one” strategy for SVM multi-class classification
can be has upper classification accuracies [15]. In this research,
polynomial function had low overall accuracy and
performance; therefore we used a Gaussian radial basis kernel
function including sigma parameter. And also one-against one”
strategy for SVM multi-class classification is implemented.
The proposed methodology is analytic parameter selection
based on trial-and-error approach. The overall accuracy for
different values of σ and C is obtained and the results are
shown in table 2 and Fig9.
Table 2. Overall accuracy for different value of C and r

Fig. 7. The image classified using ANN

Also MSE (Mean Square Error) is used as an error
measurement function for the classifier neural network with
35 neurons which is to be minimized. It can be observed in Fig.
8 rapid convergence in the first few steps and only slight
improvements and oscillatory behavior for the following
steps.

s
C
10
100
1000
10000
100000

0.001

10

25

50

100

250

40/61
49/70
61/85
70/35
70/15

72/92
77/76
81/62
85/57
84/58

76/18
82/70
85/27
84/38
83/20

80/13
85/17
84/88
81/48
79/24

82/70
84/68
84/78
79/64
81/91

84/28
81/84
78/85
81/12
80/33

Fig. 9. Overall accuracy for different value of C and r

Increasing the value of Gama for all values of penalty term
C, the overall accuracy increases to a certain extent and then
the slope of overall accuracy changes is approximately zero.
As a result, a radial basis kernel function with parameters
Fig. 8. Neural network Training's performance using MSE
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C=10000 and r = 10 and ‘one against one’ strategy gives the
highest overall classification accuracy equal to 0.85.57. Also
confusion matrix and classified image are in Table 3 and Fig
10

Fig. 11. The classified image using MLC

Fig. 10. The classified image using SVM
Table 3. The Confusion matrix for SVM classification with C=10000
andr = 10
Class
accuracy
0.75
0.79
0.95
0.84
0.96

Road

Building Tree Agricultural

1
0
0
3
199

55
0
0
137
6

0
49
162
0
1

0
191
8
0
0

Barren
soil
177
0
0
23
0

Class

At the end, three algorithms are compared with each other
regarding time duration for image classification.
Fig.12demonstrates that ANN algorithm has the maximum
time duration for image classification (11.58 seconds),
because the learning network step needs more time to be
trained, whereas SVM and MLC take less time for image
classification, 2.3 and 9.43 seconds respectively.

Barrensoil
Agricultural
Tree
Building
Road

Overall accuracy=0. 8557
Kappa coefficient =0. 8197

6.3. MLC Results
In this study, to implement the maximum likelihood
classification, discrimination function in Eq. (13) is used[8].
With regard to the fact that there is no useful information
about the P(, ), an equal prior probabilities is assumed for all
land cover classes contained in the image, so P(, ) can be
removed from Eq. (13) , since it is the same for all classes.
Classiﬁcation is performed as Eq. (14).
x∈, if P (x) >P] (x) for all j ≠i

(14)

Fig. 12. Time duration need for image classification

But ANN provides more accuracy in comparison with other
methods. Fig 13.

i.e., the pixel at x belongs to class , if P (x) is the largest
[7]. Confusion matrix and image classification for maximum
likelihood classification are reported in Table 4 and Fig 11.
Table 4. Confusion matrix for MLC
Class
accuracy
0.62
0.78
0.90
0.70
0.98

Road Building Tree Agricultural
2
0
1
14
186

109
1
0
87
1

Overall accuracy =0.7836
Kappa coefficient = 0.7295

0
53
159
0
0

0
182
15
2
0

Barren
soil
179
0
0
20
1

Class
Barren soil
Agricultural
Tree
Building
Road
Fig. 13. Overall classification accuracy for three methods
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7. Conclusion
The purpose of this paper was evaluating the performance
of the neural network method to classify high spatial
resolution image and compare with SVM and maximum
likelihood statistical approaches. According to the results, the
ANN classifier in the best case can achieve higher accuracy
than both the ML or SVM, classifier, but it needs more time
for image classification compared to the other methods.
Classification accuracy of the ANN and SVM methods was
close to each other; this indicates that the nonparametric
approach like machine learning methods can provide more
satisfactory accuracy than the parametric approach like
maximum likelihood classifier. This is due to the fact that they
are not sensitive to form of the underlying probability density
function.
On the other hand, the ANN and SVM approaches require
choice of a suitable architecture and parameter. In ANN
method, it depends to inputs, outputs, nature of the problem,
network training methods and in SVM approach there is no
established heuristics and theoretical method to determine a
kernel function and its parameters, which frequently leads to a
trial-and-error approach in both methods.
Another advantage of machine learning is that ancillary
information like GIS or texture information can be easily
integrated with this algorithm to increase accuracy of image
classification in comparison with maximum likelihood
classification.
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