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ABSTRACT: This work presents a new approach to the satellite image classification process. An artificial 
neural network has been applied for the identification of urban areas mapped in satellite images. The results
presented here are based on images obtained from the Landsat satellite using the Thematic Mapper scanner
and a land cover map produced under the CORINE Program. The evaluation of the results has been conducted 
using a point-to-point comparison with a topographic map. The test areas include the metropolitan areas of
Warsaw and Cracow. 

1 TRADITIONAL CLASSIFICATION METHODS 

Satellite image classification is the subject of many 
publications, which reveal the advantages and disad-
vantages of classical methods of image contents cate-
gorization. Visual interpretation is the most common 
approach to image classification. It is a recognized, 
commonly used, efficient, and relatively inexpensive 
method [Kozubek, 2000]. Analog classification also 
allows to separate heterogeneous objects, which can-
not be identified in digital classification due to high 
heterogeneity of spectral response. Further, visual in-
terpretation is able to discern objects of identical 
color but different texture [Bia ach, 2000]. Standard 
methods of satellite image classification, including 
the highest probability method, recognized as the best 
classification method and commonly used in many 
applications, typically assume that the probability dis-
tribution of the spectral response of a given class is 
known. Most often the Gaussian distribution is as-
sumed. If this assumption holds, then the standard 
classification methods perform well. It is often the 
case, however, that the complete statistical informa-
tion about the objects belonging to a class is not 
available, or that the distribution is significantly dif-
ferent from Gaussian. Then the standard methods start 
to fail. A typical example of land cover, where the 
probability distribution does not resemble the normal 
distribution are urban areas. They exhibit a highly 
heterogeneous spectral response coming from a mix-
ture of asphalt, concrete, vegetation etc.

The probability distribution representing urban ar-
eas can exhibit several maxima close to "pure" signa-
tures, ie. large settlement areas or vegetation areas 
[Jakomulska, 1998]. The process of recognizing such 
objects should include in addition to size, radiation 
and reflection features, additional information, such 
as their structure and texture. Advanced image filtra-
tion methods and neural network methods can be used 
for that purpose. 

2 APPLYING NEURAL NETWORKS TO  
IMAGE CLASSIFICATION  

For several years there is an increasing interest in us-
ing neural networks for image classification, includ-
ing satellite images and aerial photographs. Even 
though the application of neural networks is not rou-
tine, and requires adjusting a number of elements to 
the problem being solved, several key advantages of 
this approach affect its growing popularity. Among 
these are:

- Independence of statistical parameters of the   
object classes  

- The possibility of using different types of 
data as inputs

- The possibility of learning patterns based on 
examples  

- Parallel and distributed processing
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- Automatic learning of patterns without a 
need for development of representation 
scheme, convergence criteria, etc.  

- Tolerance to incomplete and erroneous data  
- Gradual degradation of performance in case 

of insufficient data and the capability of 
computing partial results  

- Wide availability of software simulators  

A feed-forward neural network has neurons arranged 
in layers: the input layer, internal layers, and the out-
put layer. Neurons of the input layer receive the input 
data to be processed. Neurons pass signals to the neu-
rons of subsequent layers, and the output signals from 
the output layer is the result of the network process-
ing. If three signals are to be fed to a neural network, 
for example data from the three channels of the Land-
sat TM, the input layer of three neurons is required. 
The second layer is constructed likewise, and con-
nected to the input layer. The axons (outputs) of the 
former layer are connected to the dendrites (inputs) of 
the next layer, and so on (Figure 1). 

Figure 1. Feed-forward network architecture 

In order to apply a neural network to a given task, 
we must study its structure. The fewer the number of 
network layers, the faster is the training process. 
However, the network size chosen must be suffi-
ciently large to be able to solve a given task. A three-
layer network can solve and perform any computa-
tion, although sometimes four layers are used in order 
to reduce the size of the internal layers. Too large 
network structure not only takes longer to train, but 
also gives worse results.  

Two phases can be recognized in the multi-spectral 
image classification using neural networks: the train-
ing phase, and the proper classification phase. The 
training process consists of determining the neuron 
connection weights to make the output signal from 

the network as close as possible to the expected one. 
The training data is a pair of vectors. The first (input) 
vector represents the structure, which the network is 
to recognize. The second (output) vector represents 
the pattern results corresponding to output data. The 
training aims, by adjusting the weights, to minimize 
the difference between the pattern vector, and the re-
sult generated by the network. The goal of this work 
was to verify the usefulness of neural networks to 
classification and obtaining the best results in recog-
nizing urban areas mapped in satellite images of 
Landsat TM. 

The computer software used in the experiments is: 
SNNS (Stuttgart Neural Network Simulator) for 
building, training, and verifying neural networks, and 
ERDAS Imagine for processing satellite images. The 
first phase of the experiment consisted of generating 
patterns from the earlier prepared images obtained 
from the Landsat/TM satellite (Figure 2). The pattern 
is made up of two images: the source, original, raster, 
and the result image, which is the map with the cor-
rect classification results. The second phase was con-
structing the optimal network structure and training 
the network to classify urban areas in prepared pat-
terns. Landsat satellite images used were produced by 
the Thematic Mapper scanner with the spatial resolu-
tion of 30 x 30 meters in three channels: red (0.63-
0.69 m) – channel 3, near infrared (0.76-0.90 m) – 
channel 4, middle infrard (1.55-1.75µm), channel 5 -  
(2.08-2.35 m).  

Figure 2. Separate channels 3,4,5 of Landsat TM  

The output pattern map was build using the land 
cover map Corine (1:100,000 scale) prepared by IGiK 
(Figure 3). The CORINE Program (Coordination of 
Information on the Environment) was created by the 
European Union Commission in order to collect in-
formation about the environment status throughout 
Europe. The database of this program consists of sev-
eral layers with data on: railroad and road networks, 
waterways, air pollution, soil and forest endanger-
ment, and land cover [Baranowski M. Cio kosz A., 
1997].
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Figure 3. Map of land use prepared from TM/Landsat in 
CORINE Program  

The research was limited to the classification of 
only one form of land use, the urban area. This form 
features a high differentiation of the spectral re-
sponse, being a mixture of concrete, asphalt, wood, 
metal, as well as vegetation. Most GIS systems, using 
only the size and spectral response, classify such type 
of areas with a low accuracy. The neural networks 
method has in addition to the above the ability of us-
ing the data on the image texture. 

Figure 4. Processing image with a neural network utilizing a 
window

This should positively influence the object catego-
rization and give better results in error evaluation. It 
was assumed that the network would operate as a fil-
ter. More precisely: the network input would be fed 
with the map data from a square area, which would be 
moved then around a raster map. The singular output 
of the network would produce the value at the center 
point of the square window (see Figure 4).

The research described here concentrated on de-
termining the neural network structure, which would 
optimally learn such type of image processing. A 
number of experiments were conducted with varying 
size of the hidden network layer as well as the win-
dow size. The size of the window scanning the source 
image varied from 1x1 to 11x11 pixels. The hidden 
layer size varied from 3x3 to 7x7 neurons. The size of 
the hidden layer is related only to the network struc-
ture while the input window size depends on the na-

ture of the features under examination and the image 
resolution. By scanning an image with a window, tex-
ture information of the features is considered. The 
purpose for the Variation in the size of the window 
was to determine the optimal size of an area. For 
which the texture would be best recognized as a neu-
ral network. In the experiment described here, which 
is urban areas classification in Landsat/TM satellite 
images with the 30x30 meters spatial resolution, the 
optimal window size turned out to be 7x7 (Table 1), 
which corresponds to an area of 210x210 meters.  

Urban area classification error 

Windows 

size 
  1x1   3x3   5x5   7x7   9x9 

11x11

Hidden 

layer 3x3 
  8.8%   5.0%   4.2%   4.1%   4.8%   5.8%

Hidden 

layer 5x5 
  9.3%   4.9%   4.0%   3.9%   4.7%   4.6%

Hidden 

layer 7x7
  9.6%   5.9%   4.4%   4.5%   4.7%   4.9%

3 SUMMARY OF THE RESULTS  

A number pf experiments of neural network training 
in urban areas classification and then classifying se-
lected fragments of test maps with the trained net-
works. Figure 4 represents a comparison of a typical 
satellite image, the CORINE urban areas classifica-
tion results, and the results of classifying the same 
area with a neural network. As can be seen, the result 
images are similar, with the neural network producing 
image features with some effects of resembling noise, 
both in white (urban) and black (nonurban) areas. 
Such effects, undesirable from the point of view when 
using the results as a map, can be eliminated with 
simple image transformation operations, such as me-
dian filtration. 

However, a question arises: how good is the accu-
racy of neural network classification, or how large is 
the error? In order to answer such question a refer-
ence pattern would have to be created, and some 
method of measuring the results of comparing the 
neural network results with such reference pattern. 
The reference adopted was the topographic map of 
the studied image at 1:50000 scales. Point to point 
comparison on a sample of 100,000 randomly se-
lected points in a map was used to calculate the error. 
The points classified as urban areas in the topographic 
map were assigned 1 and the rest were assigned 0. 
Similarly, the same values were assigned to points of 
the neural network resulting map classifying the same 
type of urban areas. The neural network classification 
error was taken as the percentage of points, which 
were classified differently by the neural network than 
the topographic map (see Table 1). classification er-
ror.
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Figure 5. Classification results comparison:  
1 – urban area – neural networks classification 
2 – urban area prepared from map of land use in CORINE  
Program 
3 – urban area from map of land use and TM/Landsat multitem-
poral, colour composite, channel 453 
4 – urban area – neural networks classification and TM/Landsat 
multitemporal, colour composite, channel 453

Figure 6. Urban area classifications for the city of Cracow  

The table represents the results obtained from 
comparing the maps generated by neural networks 
with different input (window size) and hidden layers. 
The error amounts to about 4%, and is below 4% for 
the best combination of layer sizes. Applying the 
same point-to-point comparison of the Corine classi-
fication results to the topographic map gives the error 
of about 8.5%.

Another experiment, conducted in order to further 
verify the method and confirm the results obtained, 
was applying the neural network trained to classify 
urban areas in the map of the suburbs of the city of 
Warsaw, to process the satellite images of the city of 
Cracow. In this case, the classification error went up 
to 4.6%. These results can be considered to prove the 
correct classification of urban areas by neural net-
works, and the errors obtained suggest that the 
method can stand against the traditional classification 
methods. Figure 6 depicts a color composition (354) – 
the satellite image of Cracow overlayed with a layer 
of urban areas generated by a neural network.

4 CONCLUSIONS  

The experiments we have conducted on the maps of 
Warsaw and Cracow metropolitan areas have shown 
that:

1. neural networks can classify urban areas with a 
 high accuracy  

2. neural networks can be used to classify areas 
 featuring a high heterogeneity of spectral re-
 sponse  

3. neural networks classify object based on train-
 ing patterns and don't require programming

4. a trained network can be subsequently used to 
 classify a different fragment of the same image  

5. the best urban areas classification results are 
 obtained for the window size of 7x7 pixels, 
 which corresponds to an area of 210 x 210  
 meters.  

Neural networks we have trained classified the urban 
areas with 95% accuracy. Such promising results war-
rant further work in this direction. 
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