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Abstract: To improve the accuracy of remote sensing image classification based on a self-organizing 
competitive neural network, this paper firstly uses principal component analysis to reduce redundancy of the 
multi-spectral remote sensing image data, and then takes the earth surface structure information in horizontal 
and vertical directions of the target area as a prior knowledge. The self-organizing competitive neural network is 
modified to contain both structured and unstructured methods. A classifier based on this network, which has 
been trained by sample data, classifies the remote sensing data from the Landsat TM satellite. The classification 
results are compared with that from the maximum likelihood estimation classification. The experiment shows 
that the self-organizing competitive neural network method can improve the accuracy of classification in 
complex earth surface regions. The overall accuracy and Kappa coefficient are 89.1 % and 0.873, respectively, 
which outperform the maximum likelihood method by 18.5 % and 0.227. This result illustrates that the proposed 
method is much better than the maximum likelihood method. Copyright © 2013 IFSA. 
 
Keywords: Earth surface structure information; Self-organizing competitive neural network; Remote sensing 
image classification; Maximum likelihood method. 
 

 
 

1. Introduction 
 

With the rapid development of Earth observation 
technologies, there are higher requirements for speed 
and quality of remote sensing image processing. 
Quick and efficient extraction of specific data from 
massive remote sensing images is particularly 
important to satisfy the needs of national defense 
construction and national economy development. 
Remote sensing image classification is the most 
important method to obtain various particular 
categories of information [1]. However, the accuracy 
of this method is directly affected by image 
processing and classification method [2]. 

In order to improve the accuracy of remote 
sensing image classification, researchers have 
developed a number of remote sensing image 
classification methods, such as the supervised 
classification method, the maximum likelihood 
method, the decision tree method, support vector 
machines, and neural network methods [3, 4, 5]. As 
one of the most popular statistical methods, the 
maximum likelihood is widely used in remote 
sensing supervised classification. It not only uses the 
density distribution function to give a clear 
explanation of the classification results, but also 
integrates the BAYES theory and a priori knowledge 
to improve people’s decision-making ability in 
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geoscience. Besides, it’s easy to use and operate [6]. 
However, the maximum likelihood method not only 
has a huge computational complexity, but also needs 
each group of data during operation follow a normal 
distribution. On the other hand, the neural network 
method for remote sensing image processing mainly 
uses neural computing and non-symbolic connection 
knowledge processing capabilities. It combines 
geoscience knowledge, geographical information and 
remote sensing information to obtain a deep 
understanding and classification of remote sensing 
images. Zhuan et. al. used a neural network in remote 
sensing image classification and compared the 
classification results with statistical methods, which 
proved that the neural network classification method 
has a higher accuracy. Carpenter et. al. had made a 
comparative study Fuzzy ARTMAP classification 
results with the maximum likelihood classification, 
the nearest neighbor classification and the Multilayer 
Perceptron classification [7]. Simpson et. al. utilized 
BP (Back Propagation) algorithm on AVHRR data to 
make a classification of a wide snow-covered area, 
which well distinguished cloud, snow and bare 
ground, and identified the cloud-snow-mixed places 
[8]. However, although the neural network approach 
in nonlinear mode can give an intelligent 
classification of remote sensing images, it has its own 
limitations, such as local minimization problem in 
convergence process. In addition, when the land 
cover type of the target area is very complex, the 
neural network’s ability to distinguish between the 
different land cover types will also be reduced, which 
indicates the reduction in accuracy of the remote 
sensing image classification. 

To improve the accuracy of neural networks 
classification of land cover types in remote sensing 
images which contain complex areas, this paper takes 
into account the spectral characteristics of every 
spectral band of remote sensing images. Before using 
neural network, principal component analysis is 
utilized to reduce the dimension of the remote 
sensing data in order to reduce its redundancy. 
Geostatistical methods are then applied to extract 
information about changes of the earth surface 
structure in both vertical and horizontal directions. 
Finally, while this information is taken as a priori 
knowledge, a basic competitive neural network with 
its self-organizing and adaptive learning ability is 
used to improve the accuracy of remote sensing 
image classification. At the same time, classification 
results of this method are compared with the results 
of maximum likelihood classification, which shows 
good accuracy as well as feasibility. 

 
 

2. Research Approach and Materials 
 
2.1. Architecture of the Basic Competitive 

Artificial Neural Network  
 
The basic competitive artificial neural network 

structure is a type of self-organizing competitive 

artificial neural network. It uses a learning method 
with no guidance. In other words, the network simply 
relies on the characteristic of input mode to adjust 
unit connection strength (weights) by the continuous 
training, while corresponding output is not needed in 
the training process. In this manner, the weight vector 
distribution in the input vector space will be trained 
to be similar to the distribution of the samples [9]. 
The basic competitive artificial neural network 
consists of an input layer and an output layer. It is 
assumed that the input layer has N neurons, and the 
competitive layer (output layer) is with M neurons. 

Network connection weights are denoted as ijw , 

where i = 1,2, ... N; j = 1,2, ... M, which satisfy the 

constraints 1
1




N

i
ijw . The neurons in the 

competitive layer compete with each other. 
Ultimately only one or a few neurons win, which 
adapt to the current input sample. The winning 
neurons represent the current input sample 
classification model. The basic structure of the 
network is shown in Fig. 1. 

 
 

 
 

Fig. 1. Basic architecture of the competitive  
neural network. 

 
 
2.2. Learning Algorithm of the Basic 

Competitive Artificial Neural Network  
 

1) Initialization. Set  ijw  as random values in 

the interval [0,1], where i = 1,2, ... N; j = 1,2, ..., M. 

which must satisfy the constraints 1
1




N

i
ijw . 

2) Randomly select a model X from T learning 
modes as the input layer of the network. 

3) Calculate input jS  following equation : 

 

 




N

i
iijj XwS

1

 (1) 

 

where i = 1,2, ... N; iX  is the ith element of the input 

sample vector. 
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4) Following the idea "winner dominates", the 
neuron which corresponds with the maximum of Sj  
(j = 1,2, ... M) is set as the winner, whose output state 
is set to 1 while outputs of all other neurons are set  
to 0. In other words, based on the mechanism of 
competition, the neuron with biggest weight in 
competitive layer wins. The output can be expressed 
by: 

 

1 , ,

0
k j

k

s s j k j
a

  

 ot hers

 (2) 

 
If there are two or more winning neurons, the left 

one among them is selected as the winning neuron. 
5) The weights related to the winning neuron are 

modified as formula (3), while other weights remain 
unchanged. The weights after the competition are 
modified according to (3). For all i: 

 







  ij

i
ijij w

m

X
aww , (3) 

 
where i=1, 2, …N, a  is learning parameter, and 
satisfies 1a0  . It’s usually set as 0.01~0.03; m  
is the number of neurons in input layers, which are 
with corresponding output of 1, i.e. 
 





N

i
iXm

1

。 

 
6) Select another learning mode, and return to 

step 3 till all T learning modes are provided to the 
neural network. Return to step 2 till the adjustment of 
all the weights become small enough in every loop. 

 
 

2.2. Introduction of the Target Area 
 
The target area is the Guangzhou city (2226N—

2356N, 11257E—11413E), which includes 
Tianhe District, part of Baiyun District (bounded by 
Baiyun mountain), Haizhu District, Yuexiu District, 

Liwan District, part of Huangpu District, part of 
Panyu District, and part of Luogang District. The 
total area is 582.41 km2. Guangzhou terrain tilts from 
northeast to southwest. This place has an annual 
average temperature of 21.4 to 21.8 C, with an 
average daily temperature of above 0 C, while its 
annual rainfall is 1689.3 to 1876.5 mm. The soil type 
is mainly lateritic red soil. The land cover types of 
the target area mainly contain urban land, woodland, 
rivers, lakes, farmland, and orchards. 

 
 

3. Results and Analysis 
 
3.1. Extraction of Earth Surface Information  
 
3.1.1. Extraction of the Optimal Bands 

Spectrum Information  
 
This paper utilizes remote sensing images from 

the Landsat TM sensor, which are with seven bands, 
and have a resolution of 30 meters on earth surface 
except the sixth band. The target area of sub-districts 
from 400 × 400 pixel images can be divided into 
eight categories, which are woodlands, lakes, rivers, 
farmlands, high-rise buildings, residential areas, 
orchards, and meadows. Considering the large 
number of spectral image data of the seven bands, 
correlation analysis is conducted to reduce redundant 
data, which is shown in Table 1. 

From Table 1, Band 1, Band 2, Band 3 have a 
strong correlation, while Band 4, Band 5, Band 7 also 
have a strong correlation. Theoretically speaking, 
Band 6 and any two other bands from the two groups 
respectively are enough to be set as three main 
spectral factors during neural network classification. 
In this paper, to make the results more convincing, 
we use four bands, which are Band 3, 4, 6 and 7. 

Principal component analysis is applied on the 
seven spectral bands. After coordinate 
transformation, the spectral information is mainly 
concentrated in the first main component band, which 
is shown in Fig. 2 and Fig. 3. 

 
 

Table 1. The correlation analysis matrix of 7 bands information from remote sensing images. 
 

Band Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7 

Band 1 1.000000       

Band 2 0.827941 1.000000      

Band 3 0.716290 0.932977 1.000000     

Band 4 0.064720 0.360138 0.457778 1.000000    

Band 5 0.296519 0.607754 0.743754 0.835405 1.000000   

Band 6 0.385389 0.369907 0.375297 0.177932 0.371446 1.000000  

Band 7 0.495012 0.734530 0.832192 0.635259 0.920848 0.499815 1.000000 
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Fig. 2. Principal component analysis of the TM images 
information in the target area. 

 
 

 
 

Fig. 3. The first principal component band of the TM 
images information in the target area. 

 
 

3.1.2. Extraction of the Earth Surface 
Information 

 
Firstly, the semi-variogram function of the pixels 

in the images should be calculated when geostatistics 
is used to extract changes in the surface structure 
information. In this experiment, only changes of each 
two nearby pixels are considered, while the changes 
are limited in horizontal and vertical directions of the 
earth surface. The variogram function used in this 
paper is the directional variation function [10], which 
can be expressed by 
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(4) 

 
where )(hN  is the number of pair of pixels with 

step size h ; )( ixDN  and )( hxDN i   are the 

number of image data at pixel ix  and hxi  , 

respectively. Fig. 4 and Fig. 5 show the spatial 
pattern of the earth surface environment of the target 
area in the vertical horizontal directions, respectively. 
 

 
 

Fig. 4. Spatial pattern change of earth surface  
in horizontal direction. 

 
 

 
 

Fig. 5. Spatial pattern change of earth surface  
in vertical direction. 

 
 
3.2. Remote Sensing Image Classification 

Based on Self-organizing Competitive 
Neural Network  

 
The main process contains the choice of training 

samples and pattern recognition. 9 groups of samples 
are selected for training of a self-organizing 
competitive neural network. The network is 
generated using the function newc(). There are  
9 neurons because 9 categories are needed to be 
classified. In order to accelerate the learning speed, 
the value of learning rate is set to 0.1 with the 
maximum number of training being 1500. The 
training stops when the maximum number of training 
has been achieved. To evaluate performance of the 
neural neural network classification, some tests are 
then conducted. The simulation function is used to 
test the classification in terrain model of the target 
area. After the training on samples, any pixel 
(represented by its RGB value) of the digital image 
can be set as the input vector P of the neural network, 
and then classification results will be obtained after 
calculation of the neural network. When training 
number reaches 1500, the neural network achieves a 
predetermined classification speed and accuracy. The 
classification result obtained in Matlab platform is 
shown in Fig. 6. The pixels belonging to each 
category are counted in Table 2 below. 
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Fig. 6. Result of the self-organizing neural network classification. 
 
 

Table 2. Detail information of each category of the target area. 
 

Category 
Number of 

pixels (Npts) 

Cumulative 
number of pixel 

(Total) 

Percentage of each 
category (Pct) 

Area (km2) 

Deep water 34237 34237 5.29 % 30.81 
Orchard 8795 43032 1.36 % 7.92 
Shallow water 123065 166097 19.02 % 110.76 
Grassland 27126 193223 4.19 % 24.41 
Farmland 125933 319156 19.46 % 113.34 
High-rise building 7792 326948 1.20 % 7.01 
Low-rise building 224229 551177 34.65 % 201.81 
Woodland 78811 629988 12.18 % 70.93 
Others 17135 647123 2.65 % 15.42 

 
 

The percentage of each category from the self-
organizing neural network classification is shown in 
Table 2. Water area within the target area covers 
141.57 km2, taking 24.31 % of the total area. Forest 
land area of 70.93 km2 takes 12.18 %. Farmland area 
of 113.34 km2, orchard area of 7.92 km2, high-rise 
building of 7.01 km2, low-rise building area of 
201.81 km2, grass area of 24.41 km2, roads and other 
land type area of 15.42 km2 take 19.46 %, 1.36 %, 
1.20 %, 34.65 %, 4.19 %, and 2.65 % respectively. 

 
 

3.3. Classification Based on the Maximum 
Likelihood 

 
The maximum likelihood classification is one of 

the supervised classification, which has a rigorous 
theoretical basis. It is easy to set up for discriminate 
functions with a normal distribution. The maximum 
likelihood method is widely used in classifiers not 
only because it has good statistical properties, but 
also can take in count two or more bands and 

categories. People believe it’s one of the advanced 
classification methods since it considers the mean 
value of each category in all bands, variance and the 
covariance between each band. The classification 
result based on this method is shown in Fig. 7. 
 
 
3.3. Classification Based on the Maximum 

Likelihood 
 
The maximum likelihood classification is one of 

the supervised classification, which has a rigorous 
theoretical basis. It is easy to set up for discriminate 
functions with a normal distribution. The maximum 
likelihood method is widely used in classifiers not 
only because it has good statistical properties, but 
also can take in count two or more bands and 
categories. People believe it’s one of the advanced 
classification methods since it considers the mean 
value of each category in all bands, variance and the 
covariance between each band. The classification 
result based on this method is shown in Fig. 7. 
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Fig. 7. Result of the maximum likelihood classification. 
 
 

3.4. Accuracy Analysis and Comparison  
of the Two Classification Methods 

 
To evaluate the accuracy of self-organizing neural 

network classification, an accuracy evaluation 
confusion matrix is established. The confusion matrix 
is generated by sampled pixels. The sampled pixels 
and the sampling method are selected while the 
corresponding category for each selected pixel is 
determined by people. With the support of ENVI 4.8, 
random pixels are generated using classification 
module (Classifier). Then their belonging categories 
are determined one by one.  

Accuracy analysis can indicate the effectiveness 
of the classification method, improve and provide a 
quantitative result on reliability of the classification 
method. From the above experimental results in  
Fig. 6 and 7, we can visually see the performance of 
the two methods, which show that neural network 

classification is significantly better than the 
maximum likelihood classification. The rest of this 
section will quantitatively compare the two methods 
in terms of confusion matrix, classification accuracy 
and Kappa coefficient. Kappa coefficient is a 
multivariate statistical method for evaluation of 
classification accuracy, which represents the 
proportional reduction of the evaluated 
classification’s error compared with completely 
random classification’s error. The estimation of 
Kappa is called KHAT statistics.  

Two confusion matrices for accuracy evaluation 
of the two classification results are established. The 
confusion matrix of the neural network method 
classification can be found in Table 3, while the 
confusion matrix of the maximum likelihood 
classification is shown in Table 4, Table 5 presents 
the classification accuracy and Kappa coefficient of 
the two methods. 

 
 

Table 3. Confusion matrix of the neural network method classification. 
 

Categories 
Grass-
land 

Wood-
land 

Deep 
water 

Shallow 
water 

Orchard 
Low-rise 
building 

High-rise 
building 

Farm-
land 

Total 

Grassland 90 4 0 0 2 0 0 4 100 

Orchard 3 91 0 0 4 0 0 2 100 

Deep water 2 0 92 4 0 0 0 2 100 

Shallow water 1 2 4 93 0 0 0 0 100 

Woodland 4 2 0 0 90 0 0 4 100 

Low-rise 
building 

0 0 0 0 1 85 10 4 100 

High-rise 
building 

1 2 1 0 0 6 87 3 100 

Farmland 3 2 0 0 5 7 0 83 100 

Total 104 103 97 97 102 98 97 102 800 
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Table 4. Confusion matrix of classification results based on maximum likelihood. 
 

Categories 
Grassl
-and 

Vegeta
-tion 

Deep 
water 

Shallow 
water 

The 
pond 

Low-rise 
building 

High-
rise 

building 

Farm
-land 

Road Total 

Grassland 980 78 3 0 1 5 10 57 136 1270 

Vegetation 64 762 6 0 4 3 15 62 97 1013 

Deep water 1 0 1135 44 76 2 1 161 13 1433 

Shallow 
water 

0 0 149 452 10 5 2 52 33 703 

The pond 72 4 28 2 124 0 0 167 10 407 

Low-rise 
building 

8 13 0 7 0 68 76 13 248 433 

High-rise 
building 

1 12 1 0 0 6 905 5 25 955 

Farmland 46 25 16 13 12 3 6 405 66 592 

Road 25 47 3 1 1 6 22 14 174 293 

Total 1197 941 1341 519 228 98 1037 936 802 7099 

 
 

Table 5. The accuracy and Kappa coefficient of the two classification methods. 
 

Classification methods Total classification accuracy (100 %) Kappa coefficient 

Maximum likelihood classification 70.6 0.646 

Neural network classification 89.1 0.873 

 
 

From Table 5, the proposed classification with an 
accuracy of 89.1 %, which is 18.5 % higher than the 
maximum likelihood classification. The error is 
mainly caused by the some failures to judge images’ 
gray differences in network competition probability 
statistics. To overcome this phenomenon, it’s 
necessary to provide some treatments on the images 
such as radiation correction and shadow noise 
removal before the images are inputted to the 
network. These treatments can enhance the 
separability between different categories to achieve 
the aim of improving the accuracy. 

 
 

4. Results and Conclusions 
 

Different from the previous minimum distance 
method and maximum likelihood method, neural 
network method is used for remote sensing image 
classification in this paper. Because the image data 
from satellite spreads in different spectral bands 
while each band has their own characteristics, 
principal component analysis is used to reduce 
redundancy of remote sensing images. Changes in 
earth surface structure (i.e. the heterogeneity of the 
surface structure) are also considered in the training 
process of the neural network. The usage of the 
heterogeneity information provides a better result 
than classification with only spectral information. As 
the experiment shows, the neural network 
classification reaches a total classification accuracy 
of 89.1 %, which is 18.5 % higher than accuracy of 
the maximum likelihood classification. This result 

shows the proposed method can greatly improve the 
remote sensing image classification accuracy in 
complex earth surface areas with a group of non-
normal distribution data. 

In the self-organizing neural network 
classification, a certain number of sample data from 
different land cover categories of the target area has 
been selected and used in network training process. 
Therefore, the purity of the selected sample data of 
land cover types directly affects the accuracy of the 
classification. On the other hand, when applying the 
earth surface structure and geographic information 
through structured and unstructured methods, 
accuracy of the self-organizing neural network 
classification and feature identification will be 
effectively improved in complex areas. However, it 
remains for further studying that which geographic 
information as supplementary information can more 
effectively improve the classification accuracy. 
Furthermore, self-organizing neural network in the 
training process consumes a lot of time to minimize 
the root mean square error. The application of neural 
network classification will be extended when parallel 
computing and more optimized network structure can 
be used in the training and classification. 
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