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Abstract: This paper proposed a remote sensing image classification method based on Support Vector Machine 
(SVM). Because it is a convex optimization problem, according to the properties of convex optimization we can 
know that the values of local optimal solution must be the global optimal solution, which is the other 
classification methods don’t have. In the autonomous learning classification and automatic processing aspects 
the Support Vector Machine (SVM) shows its effectiveness. In this paper it used the IKNOS remote sensing 
image and selected crops, residents, water, grass, land transportation and so on five big classes for training. The 
training results show that Support Vector Machine (SVM) has higher recognition rate in classifying the remote 
sensing image. Copyright © 2013 IFSA. 
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1. Article Size and Formats 

 
Since the 1970s, with the rapid development of 

network technology, people pay more and more 
attention to computer automatic classification 
technology of remote sensing image. Also remote 
sensing technology can receive spectral information 
reflected by the ground which is a kind of passive 
remote sensing technology. Furthermore, current 
remote sensing technology is being developed in the 
direction of three multiple levels and three high 
levels. Three multiple levels are known as multiple 
perspectives, multiple sensors and multiple platforms, 
and three high refer to the high spectral resolution, 
high spatial resolution and high relative resolution. In 
recent years, facing the massive remote sensing data 
and abundant resources, how to utilize these 
resources effectively is the emergent problem that 
needs to be addressed in the study [1]. [Raise the 
question]Therefore, a large number of applications of 
remote sensing image classification based on data 
mining technology emerge and how we can classify 

and manage these remote sensing data efficiently and 
accurately become a hot point in the research of 
remote sensing image in the recent years. At present, 
many domestic scholars have a lot of researches on 
remote sensing image classification management. 
Among them, there are mainly fuzzy sets and rough 
sets method based on target decomposition, Bayesian 
classification method, neural network classification 
method, spectral angle mapping method based on 
material characteristics, I mage statistical 
characteristics, maximum likelihood method and 
minimum distance method, etc. These methods in the 
study of remote sensing image classification have 
been widely used. But when they face the high 
spectrum and spectral data, they still have many 
difficulties. In addition, they also have some defects. 
For example, the fuzzy set classification method 
needs to rely on experience or expertise to give its 
degree of membership so that there is a high 
subjectivity. As a result, the primary issue needs to be 
solved for fuzzy system is accuracy and 
comprehensibility. What’s more, when using fuzzy 
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clustering technology to cut up the remote sensing 
image, the first thing is to choose variables according 
to the problem definition and types of data. Whereas 
rough sets method is suitable for classifying problems 
indicated by data. If the method doesn’t be used in a 
right way, it may have a great impact on the 
classification results. It is hard to meet the hypothesis 
of being with independent class condition when we 
use Bayesian classification method in dealing with 
large-scale classification. At the same time, it is 
difficult to select the evaluation function for the 
method. Also, the complexity of learning and training 
in this method is relatively large. Neural network 
classification method in classification is prone to fall 
into local minimum and slow convergence speed 
phenomena and so on. Apart from the above defects, 
the traditional classifications of machine learning 
methods have a high expectation of the regularity of 
data. They are also be used under the hypothesis of 
the number of the sample is infinite. But the data that 
is classified by remote sensing image technology 
often can’t meet the above requirements. It is often 
displayed high latitudes, variability and small sample 
characteristics. For these data using traditional 
machine learning methods are hard to get ideal 
classification results. But with the continuous 
development of remote sensing technology, the 
classification of remote sensing technology is also 
put forward higher request. Therefore how to achieve 
efficient and accurate classification of remote sensing 
image management becomes the domestic and 
foreign scholar’s concern [2-3]. 

In view of this, this paper comes out with a 
research on remote sensing image based on support 
vector machine. As it is a convex optimization 
problem, the value of local optimal solution must be 
global optimal solution from the properties of convex 
optimization which is other classification methods 
doesn’t have. In addition, support vector machine 
shows its effectiveness in terms of achieving self-
learning classification and automatic processing in 
the study of image classification [4]. This paper is 
divided image classification process into three 
phases, including preprocessing, image classification 
and accuracy evaluation. (1) In the preprocessing 
phase, it is mainly to do the geometric correction for 
multispectral image and de-noise the remote sensing 
image with high resolution. Moreover, it uses the 
bilinear sampling method to select the images with 
the same resolution. In the image classification phase, 
it takes advantage of some spectrum characteristics of 
multispectral images and the best window texture 
feature to generate the training image information. It 
is necessary to normalize the training data in order to 
avoid some issues in the training process, such as 
difficulties of kernel function compute inner product; 
image feature is too big or too small issue. Before 
extract image features for training, it still need to use 
the grid search method to determine the parameters 
of the kernel function so that it can be better to let 
low dimensional space mapped to a high-dimensional 
feature space. At last, the training sample will be 

mapped to the corresponding feature space by using 
kernel function. This is what we use to get the 
classification result from SVM [5]. (3)The SVM 
classification result will be quantitative evaluate by 
means of mixed points, leakage points, recognition 
rate and other indexes. Through studied in IKNOS 
remote sensing image, crops, residents, water, grass, 
land transportation which are the five big classes are 
selected for training. Training results show that using 
support vector machine (SVM) to classify remote 
sensing image can obtain higher recognition ratio. 

 
 

2. Support Vector Machine 
 
SVM (Support vector machine, SVM) is first 

proposed by Corinna Cortes and Vapnik in 1995. It 
has its own advantages in dealing with small sample, 
nonlinear and high dimensional pattern recognition. It 
can be applied to the function fitting other machine 
learning problems. It is built in the structural risk 
minimum principle of statistical learning theory and 
the basis of VC dimension theory. According to the 
limited sample information, it can find the best 
compromise between learning ability and complexity 
And it hope to get more widely promote capacity 
from this [6-7]. 

 
 

2.1. Linear SVM 
 
The SVM evolved from the optimal classification 

of linearly separable case. The optimal classification 
requires the classification line not only can classify 
two kinds in a right way, but also can make the 
classification interval to be the biggest one. The 
training samples that are over the nearest point in the 
two classifications surface and parallel to the hyper 
planes H1 and H2 of the optimal classification are 
called support vectors. As shown in Fig. 1. 

 
 

 
 

Fig. 1. The graphical illustration of linear SVM. 
 
 

In the above figure, 1H and  2H are support 
vectors. The classification interval determined by 
hyper plane 1B , 12b and 11b  is bigger than the one 
determined by 2B , 21b  and 22b  so that 1B  is the hyper 
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plane of optimal classification. Also the plane 
determined by support vectors 1H  and 2H  is the 
optimal hyper plane. 

We suppose the sample set is 1 2( , ), ( , )l lx x x x , 
where i nx R∈ , {1, 1}, 1,iy i l= − = . Accordingly, the 
hyper plane make the positive and negative input in 
the training sample locate on either side of the hyper 
plane. Then there should be parameters ( , )w b  make 

 
1 if w x b 1

( )
1 if w x b 1

f x
• + ≥⎧

= ⎨− • + ≤ −⎩
 (1) 

 
So the optimal hyper plane should make the 

biggest interval between two classifications. That is: 
 

2

2Margin 
|| ||w

=  (2) 

 
To make it maximum, in other words, it is to 

attain the minimum of this equation: 
 

 
2|| ||( )

2
wL w =  

 
Its constraints should meet Eq. (1). Finally, the 

optimal classification issue can be expressed to the 
following constraint optimal issues: 

 
21 1( ) ( )

2 2
(( ) ) 1, 1,...,i i
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Define the Lagrange function:  
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where iα  is the Lagrange multiplier. And these 
multipliers meet the condition of nonnegative. 
Therefore, through the partial derivative of these 
three parameters: 
 

1
2

1 , 1

( , , ) 0

( , , ) 0

0
1

1

( ) ( )
l l

i i j i j i j
i i j

L w b
b

L w b
w
l

a yi ii
l

w y xi i ii

W y y x x

α

α

α

α α α α
= =

⎧
∂⎪ =⎪∂⎪
∂⎪ =⎪∂

⎪
⎪ =∑⎨
⎪ =
⎪
⎪ = ∑⎪ =⎪
⎪

= − ⋅⎪
⎩

∑ ∑

 (5) 

Through the above equations, we can attain 
the iα that meet the constraints. And we named the 
corresponding samples whose iα are nonzero as 
support vectors. So the classification plane is 
determined by these support vectors. Support vectors 
and classification plane are shown in Fig. 2. 

In many case, training data set is linear 
inseparable. So Vapnik and others proposed to use 
generalized classification to solve this problem by 
introducing a relaxation factor. At this time, the 
object function transforms to: 

 
2

1

|| ||( )
2

N
k
i

i

wL w C ξ
=

⎛ ⎞= + ⎜ ⎟
⎝ ⎠
∑  (6) 

 
The constraints transform to: 
 

i i

i i

1 if w x b 1-
( )

1 if w x b 1if x
ξ
ξ

• + ≥⎧
= ⎨− • + ≤ − +⎩

, (7) 

 
where 0iξ ≥ is the relaxation factor, C  is the 
mistake punish component and 0C >  is the constant, 
which can be used to control the balance between the 
integral point of the machine and the complexity and 
the degree of punishment to the samples that 
distributed in wrong way.  
 
 

 
 

Fig. 2. Support vectors and classification plane. 
 
 

2.2. Non-linear SVM 
 
To solve non-linear classification problem by 

using SVM is to introduce a kernel function that 
make the non-linear sample input vector mapped to a 
high-dimensional feature space to convert non-linear 
to linear. Then we create an optimal hyper plane in 
the feature space. The classification plane after 
changed shows as below: 

 
( ) 0Tw x bφ + =  (8) 

 
The optimal equation: 
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1
0

N

i i
i

yα
=

=∑ 0iα ≤ 1, 2, ,i N= …  (10) 

 
In Eq. (9), we should attain its maximum value 

and ( ), ( )
i j

x xφ φ  is its space inner product. Eq. (10) 
is the constraint conditions [4]. If we can construct a 
kernel function ( , )i jk x x that equals to the inner 

product ( ), ( )
i j

x xφ φ after changed in the original 
space. Now the kernel functions that widely used in 
the nonlinear classification problem are mainly the 
following three ones: 

1) Sigmoid kernel function 
 

( , )i jk x x = 2tanh[ ( ) ]iv x x t⋅ +  
 

2) Radial basis function (RBF) kernel 
 

2 2( , ) exp( | | )i ik x x x x σ= − −  
 

3) Polynomial kernel function  
 

2( , ) [( ) ]
q

i i
k x x x x t= ⋅ +  

 
 

3. Optimal Selection Methods for the 
Parameters of SVM 

 
3.1. Selection of Kernel Function 

 
Through the analysis, we found that different 

kernel functions have great influence on the 
performance of SVM. The kernel function is also one 
of the parameters can be adjusted in SVM. The 
selection of kernel function for SVM classifier can 
make a significant difference in its classification 
ability and type. Because of the kernel function, the 
parameters of the kernel and high-dimensional 
mapping space have the corresponding relationship, 
when dealing with the classification problems; we 
can only choose the appropriate kernel function and 
kernel parameters and mapping of high-dimensional 
space to make it possible to get the separator with 
good learning ability and generalization ability. This 
paper mentioned several common forms of kernel 
function in the previous researches. As RBF kernel 
has good learning ability under large sample, low 
dimension and so on circumstance, it is widely used 
accordingly. RBF kernel function is rewritten as 
shown in the above. 
 
 
3.2. Optimal Selection of Kernel Function  

 
After we selected the kernel function, we need to 

optimize the parameter of kernel function. As the 
error penalty factor C and σ  are the key factors that 
affect the performance of the SVM and these 
parameters have great impact on classification 

precision and promote ability of the SVM [6], we 
adopt RBF as our kernel function is as hard as to 
select its parameters and its error factors. When we 
select the parameters for the traditional kernel 
function, we generally use the genetic algorithm to 
achieve it. Although the algorithm showed a lot of 
advantages in solving the optimal problems, it also 
has some own shortcomings can’t be overcome, 
which is mainly showed in the following two aspects. 
On the one hand, in dealing with different problems, 
the genetic algorithm has to redesign mutation, 
selection, crossover operator, etc. On the other hand, 
the operation of the genetic algorithm is very 
complicated. Its efficiency is very low in most cases. 
Considering the above deficiencies of the genetic 
algorithm, by contrast, this paper introduces the grid 
search method for kernel parameters C and σ  
optimal selection when selecting the parameters of 
SVM. The operation of this method is easy to 
understand. So it has been widely used in the optimal 
problem. 

In this paper, we chose the grid search method for 
optimal selection of the parameters. This method 
consists of the following steps. (1) First of all, we 
have defined the scope of the selected parameters C 
and σ . Generally, the selection for 

( )5 3 15C 2 ,2 , 2− −∈  and 2 15 151/ (2 ,2,...2 )σ −∈ can 
meet the requirement based on experience. (2) Do the 
rough grids search. At first, we set the step length to 
2, so the two-dimensional coordinate system can be 
constructed based on the parameters C and σ . For 
each set of parameter values on the grid, it is a set of 
potential solution and also only represents a set of 
SVM parameters. (3) According to the K fold cross 
validation method, we can calculate the accuracy for 
all parameters in the prediction process and we can 
use the contour to draw them out, so we can get a 
contour map, and then we can to determine the 
optimal kernel parameters C  andσ . (4) In order to 
get the search results more accurate, we should also 
do a fine grid search after the rough grid search. That 
is to say, we should select an area to search in the 
painted contour map. Normally we will choose the 
higher accuracy of regional prediction. This means 
we reduce the step length for a second search. For 
example, for some given sample set, we can attain the 
optimal kernel parameters C  and σ  after we do the 
rough search using 2 as our step length. At this time, 

102 , 2C σ= =  so we can reduce the range of the grid 
search to 8 12(2 ~ 2 )C∈ , 2 5 11/ (2 ~ 2 )σ − −∈ .Then the 
search step length becomes 0.1 at this time [7].  

 
 

4. Experiments 
 

4.1. The Experiment Process 
 
In this paper, the experiment process mainly 

included data acquisition, feature extraction, data 
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processing, parameter selection and training. The 
specific operation is described in the following. The 
specific process frame is shown in Fig. 3. 

 
 

4.2. Getting Experimental Data 
 
The data used in the paper is from IKNOS remote 

sensing images, and it selected the crops, residents, 
water area, grassland, traffic land five categories to 
train. In the training process, the five types are 
labeled A, B, C, D, F and each has 1000 samples. It 
used IKNOs remote sensing images to do the 
experiment, they cover the scope extensively. The 
crops and traffic sites belong to man-made scene, 

waters and grassland belong to typical natural scene, 
at last the residents represent the most complicated 
nature objects such scenario. Because the data is from 
different angles, the database has strong 
representative and challenging. So it can be used to 
conduct a comprehensive and credible evaluation. 
Because in the process of training it selected five 
kinds of sample to do the classification, so it needs to 
construct five classifiers. During the experiment 
process it selected the RBF kernel function. The 
classification effect depends on the Kernel 
parameters and penalty factor C. In the experiment it 
used the grid search method to select the Kernel 
parameters. The sepecial operation can be seen in 
three part [1]. 

 
 

 
 

Fig. 3. SVM-based Remote Sensing Image classification process. 
 
 

4.3. Multi-window Texture Feature 
Extraction and Data Processing 

 
Because the objects on the earth have different 

spectrum, they correspond to different optimal 
texture window. So this article chooses the texture 
window to filter. In this article, we adopt the method 
based on distance to measure the separability of the 
window. Through a lot of the empirical results, it 
showed that those crops, residents, waters, grassland, 
and traffic land were selected 
as 3 3× , 5 5× , 11 11× , 13 13× , 15 15× the optimal 
classification window. Texture is the concept than 
can be seen in the analysis of the image. It refers to 
the image pixel gray level or refers to some change in 
the color. In this paper it mainly studied how to better 
access to the image texture features in order to do the 
future analysis, understanding and classification. In 
the digital image texture feature extraction it mainly 
has three ways: the texture features extraction based 
on signal process; the texture features extraction 
based on structuralization; the texture features 
extraction based on statistics. When carrying on the 
texture feature extraction the six components of 

texture feature correspond to the six properties from 
psychology Angle. They are: neat degrees, direction, 
roughness, contrast, and line direction [7]. 

In this paper it is mainly based on gray level co-
occurrence matrix texture feature to finish the feature 
extraction. In gray level co-occurrence matrix it 
studied the two pixels combination about the gray 
configuration. It is one of the most representative 
calculation methods of thesecond order statistics 
texture feature. To the decided distance d and 
direction θ . Among them in the direction θ of 
straight line, for example, such as 0 ,45 ,90 ,135° ° ° ° , 
etc. In pixel i , and then the probability can be 
normalized to ip , which can be expressed as the 
value of gray level co-occurrence matrix ( , )i j .We 
put L as the grayscale, so it can be expressed as the 
gray level co-occurrence matrix, which actually is the 
joint histogram of the two pixels. We use the gray 
level co-occurrence matrix can deduce a series of 
characteristics statistics. In this article it used the 
Haralick [8-9] and the gray level co-occurrence 
matrix to calculate the statistics. 

Extracting image texture 
feature 

Data normalization process 

Image classification based on 
spectral characteristics 

The classification based on 
single window texture

The image classification 
based on the window texture 

The selection of Kernel parameter The SVM classification 

The precision evaluation 
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In order to avoid the kernel function is inner 
product computation difficulties appeared in the 
process of training, image feature is too big or too 
small, the normalized processing to the training data. 
Before the image feature extracting for training, but 
also the grid search method is used to determine the 
parameters of the kernel function so that we can 
better to low dimensional space is mapped to high-
dimensional feature space. The last will be the 
training sample to the corresponding feature space by 
kernel function mapping, in order to get the SVM 
classification results. 

 
 

4.4. The Selection for the Kernel Parameters 
 
Because the kernel function, the Kernel 

parameters and the high dimensional mapping space 
they exist corresponding relation, in the classification 
problem we only choose the proper kernel function, 
the Kernel parameters and high dimensional mapping 
space , we could get the separator that has good 
learning ability and generalization ability. Because 
the error penalty factor C and σ are the key factors 
that affect the performance of the SVM [5]. These 
parameters will have great influence on the 
classification accuracy and generalization ability of 
SVM. This article adopted the grid search method to 
select the Kernel parameter C and σ . This operation 
of the method is simple and easy to understand, so it 
has been widely used in the optimization problem. 
The selection method of the parameter can be seen in 
3.2 above. 

 
 

4.5. The Experiment Result and Analysis 
 
The data used in the paper is from IKNOS remote 

sensing images, and it selected the crops, residents, 
water area, grassland, traffic land five categories to 
train. Because the objects on the earth have different 
spectrum, they correspond to different optimal 
texture window. Therefore, this article chose the 
texture window to filter. In this article, we adopt the 
method based on distance to measure the separability 
of the window. Through a lot of the empirical results, 
it showed that those crops, residents, waters, 
grassland, and traffic land were selected as 3 3× , 
5 5× , 11 11× , 13 13× , 15 15× the optimal 
classification window. This article used the multi-
window texture to classify the remote sensing image 
information. This paper did the multi-window texture 
feature extraction for the data collected, the 
extraction process, seen in 4.3. Then it put the remote 
sensing image characteristics based on multi-window 
texture gotten in 4.3 and parameters decided in 4.4 as 
input for training. This paper did the experiment by 
adopting the methods that are based on spectral 
characteristics, based on the single window texture 
feature and texture feature extraction method based 
on window experiment, and each experiment 

repeated 20 rounds, and the average recognition 
accuracy of each round, as the final results. Then we 
compared the predict results gotten from the methods 
that the Kernel parameter was gotten from the 
experience method and the grid search method. In 
each round experiment, from the data sample of each 
type we randomly selected the two-thirds of the 
images as the training set, and the remaining images 
as the test. This paper put the average relative error, 
the recognition rate, the mean square error (MSE) 
and the average training time as the evaluation 
standards. The average training time is about  
20 rounds experiments. 

The experimental results are shown in Table 1, 
Table 2 and Table 3 [7]. 

 
 
Table 1. The image classification results of different 

feature extraction methods. 
 

 Evaluation 
standard 

 
Extraction method  

MAPE MSE IR(%) 

Spectrum 439.26 3.2871 86.79 
Single window 

texture 11 11×  438.46 3.3049 92.77 

3 3×  436.46 3.2149 94.74 
5 5×  436.41 3.2174 95.21 

11 11×  436.49 3.2163 98.36 
13 13×  436.40 3.2147 97.41 

Multi-window 
texture 

15 15×  436.42 3.2165 94.94 
 
 
In Table 1 the experiment was based on the 

spectrum, single window texture and multi-window 
texture feature extraction method. Through the 
comparison of the three feature extraction methods, 
we can find the most effective feature extraction in 
the remote sensing image classification. The 
experimental method is shown in section 4.3, 
respectively using spectrum, single window texture 
and multi-window texture feature extraction method. 
Experimental parameters are penalty factor C and σ . 
The experimental used the mean relative error, the 
correct recognition rate and the mean square error 
(mse) as evaluation standards. We can see from the 
results in the table: (1) based on multi-window 
texture feature extraction methods for remote sensing 
image classification, its average relative error and 
mean square error (MSE) are concentrated, the 
average relative error between 436.0 ~ 436.5, the 
mean square error (MES) concentration between 
3.214 ~ 3.218. (2) based on spectrum and single 
window texture feature extraction method, the 
average relative error and the mean square error are 
large, the average relative error are 439.26 and 
438.46 respectively, and the mean square error are 
3.2871 and 3.3049 respectively. They were 
significantly higher than those under the multi-
window texture feature. (3) The identification 
accuracy of the method proposed in this paper is 
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above 95%, almost all were significantly higher than 
those based on spectrum and single window texture 
feature extraction method. The reasons for the result 
are: (1) As the objects on the earth have different 
spectra, different optimal texture window 
characteristic, it selected the multi-window texture 
feature extraction methods, which is more in line 
with the characteristics of remote sensing images. (2) 
Before the experiment it used the grid search method 
to determine the Kernel parameters so that we can 
successfully map the low dimensional space to high-
dimensional feature space. This is helpful to improve 
the recognition accuracy. (3) The combination of the 
multi-window texture feature extraction and support 
vector machine (SVM) realized the comprehensive 
utilization of remote sensing image spectral 
information and spatial information, so it can make 
the classification result have the space coherence, so 
that the average relative error and mean square error 
(MSE) showed more concentrated. 

 
 

Table 2. The comparison of classification performance. 
 

 Parameter 
determining 

method 
 

Evaluation 
standard 

Determine the 
Kernel 

parameter by 
experience 

Determine the 
Kernel 

parameter by 
grid search 

MAPE 3.4765 3.2346 
MSE 431.98 427.98 
Training time (S) 396 323 

 
 
In Table 2 it shows the predictive results gotten 

from the methods that the Kernel parameter was 
gotten from the experience method and the grid 
search method, from which we can test the 
effectiveness of the grid search method to determine 
the Kernel parameter. The experiment method is to 
use the experience method and the grid search 
method to determine the Kernel parameter. In each 
round experiment, we randomly selected the two-
thirds of the images as the training set, and the 
remaining images as the test. The experiment 
parameters are error penalty factor C, σ and window 
texture. In the experiment it used the mean relative 
error and the mean square error as the evaluation 
standards. From the results we can see the average 
relative error and the mean square error are  
3.2346 and 427.98 respectively by using the grid 
method, but under the fixed parameters they are  
4765 and 431.98. The grid search method showed 
great advantage both in the mean relative error and 
the mean square error [9].The reasons for the results 
are: (1) the grid search method selects the Kernel 
parameter of SVM according to the distribution 
information of the input data, which makes the 
support vector machine have better adaptability. (2) 
Using the grid search method to determine the Kernel 
parameters, it better can map the low dimensional 

space to high-dimensional feature space. This is 
helpful to improve the recognition accuracy. 

 
 

Table 3. The comparison of the training time. 
 

Training time Spectrum Single window 
texture 

Multi-window 
texture 

1 12.3 11.9 10.4 
2 14.6 13.4 9.6 
3 12.9 12.7 10.9 
4 13.7 11.5 9.9 
5 13.14 12.4 8.4 

Average time (s) 13.3 12.9 9.6 
 
 
In table 3, it showed the training time under the 

spectrum, single window texture and multi-window 
texture feature extraction methods, from which can 
test the efficiency of the method proposed in this 
paper. Experimental method still used support vector 
machine (SVM) classification method, adopting the 
grid search method to determine the Kernel 
parameters. In the table it showed the training time of 
the first five times and the average training time of 
the 20 rounds experiments. The experimental 
parameters are error penalty factor C,σ and window 
texture. The experiments used the training time of 
each round and the average training time as 
evaluation criteria. From the experimental results we 
can see that multi-window texture feature extraction 
show great advantage in the optimal time, which is 
less than that in the single window texture extraction 
method. But the optimization time of the single 
window texture feature extraction method is 
significantly lower than the spectrum feature 
extraction method. From the optimization time of the 
three methods, we can say the optimization time of 
the multi-window texture feature extraction method 
significantly lower than the other two methods. The 
results of the above reasons are: (1) for the multi-
window texture feature extraction methods for 
feature extraction, it is more in line with the 
characteristics of remote sensing images. (2) the 
multi-window texture feature extraction is mainly 
based on the texture feature of gray level co-
occurrence matrix to complete work. In gray level co-
occurrence matrix it studied the two pixels 
combination about the gray configuration. Through 
the matching of gray it can improve the optimization 
efficiency and accuracy. 

 
 

5. Discussion 
 
This paper presented a support vector machine 

(SVM) multi-window texture remote sensing image 
classification method. It selected IKNOS remote 
sensing images, and choose crops, residents, water 
area, grassland, traffic land five categories to train. 
Then it gave the multi-window texture feature of the 
extracted training samples. It used the grid search 
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method to determine the parameters of the kernel 
function so that it can be better to let low dimensional 
space mapped to a high-dimensional feature space. 
At last, the training sample will be mapped to the 
corresponding feature space by using kernel function. 
This is what we use to get the classification result 
from SVM. The experimental results showed that: 
based on multi-window texture feature extraction 
methods for remote sensing image classification, its 
average relative error and mean square error (MSE) 
are concentrated, and its recognition rate is 
significantly higher than those based on spectrum and 
single window texture feature extraction method. The 
SVM showed great advantage in classifying 
management, but the SVM faces great difficulties in 
constructing multiple classifier. So the construction 
of the SVM classifier is still the focus of the next 
research. 
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