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SUMMARY 
 

In this paper we propose an Automatic Target Recognition - ATR approach, with the goal of 
automatically classify multispectral images, based on  KLT - Karhunen-Loève Transform. We used 
bands 4, 5 and 3 of Landsat satellite images. Our approach performs dimensionality reduction, 
using only the eigenvectors with the highest eigenvalues, generating an eigenspace of low 
dimension. The target recognition is done finding out the shortest Euclidean distance among the 
primitives of the new images and the primitives of the worked classes. We used 3 classes, and we 
built a classified map. 
 
 

INTRODUCTION 
 

Pattern Recognition is a complex and 
important problem of Computer Vision. There 
are constant efforts of computer scientists  
aiming to find out best solutions for them [1, 
2, 4 and 6]. The problem even becomes more 
complex when we work with very large 
images and, mostly, with multispectral or 
hyperspectral images.  In this case, it is very 
important to use some dimensionality 
reduction techniques, in order to become 
possible the processing of the images and the 
pattern recognition. In this paper, we propose 
KLT to reduce the images dimensionality, 
without loss of important and necessary data 
to the pattern recognition procedures [3 and 
5]. Thus, the multispectral images  are 
reduced to two dimensions, and they are 
submitted to KLT in order to reduce their 
dimensionalities. 

The eigenvectors based transforms 
have been largely used on pattern recognition, 
using gray levels images [4 and 6]. However, 
we didn't find any  pattern recognition results 

using multispectral or hyperspectral images, 
based on KLT. 

 
PROBLEM STATEMENT 

 
This paper has the goal of automatically 
classify multispectral images. For that we 
propose an Automatic Target Recognition 
approach based on KLT. The experiments 
made and presented on this paper show a 
practical implementation of Landsat satellite 
image classification, of 1600x1600 pixels, 
using bands 4, 5 and 3. We used the 3  next 
classes: (1) water, (2) forest/field and (3) 
reforestation areas. Figure 1 shows the image 
used to test the model, already segmented in 
16 blocks of smaller images of 400x400 
pixels. 

We used an image covering the area 
around Brasilia city, the Capital of Brazil. 
 

APPROACH AND TECHNIQUES 
 
All the 16 images blocks are submitted to the 
model. The algorithms process those  images 



blocks, cutting out 400 windows of 20x20 
pixels in each block, summarizing 6400 
images, to be treated in this format. So, we 
construct the images space. We start from the 
set of M=400 image windows, cut from each 
one of the 16 blocks,  identified as 

and referenced as the test set. 
These images are used to the  performance 

model verification. They are  three-
dimensional matrices of  NxNxB pixels, 
therefore having each image  pixels, in 
which B is the number of spectral bands and 
N is the number of lines and columns of these 
squared images. For the results presented in 
this article, we are using B=3 and N=20. ),...,1( Mii =Γ

2BN

 

 
Figure 1. Image used to the tests of the proposed model. 



 
Preliminarily, all these M images are 
converted into column vectors, so they  have 

 dimension, with  pixels. In this 
same procedure, these 3D images are reduced 
to column vectors by processing the whole 
image, line by line, and taking every lines and 
concatenating them, one after to another. All 
pixels are treated as they were vectors with B 
elements, and they are processed on a similar 
way to be transported to the vector Γ . Thus, 
we build that big vector, in the following 
way:   
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 On the processing of each one of the 

16 images blocks, we calculate the average 
Ψ  of the each 400 images. So, we assemble a 
new iΦ  images set, obtained from the 
difference between each image from the test 
set and the average image. Figure 2-A shows 
the average image of all windows from the 
tests set of the block 12. Figure 2-B to 2-E 
show some images of the tests set, all with 
20x20x3 pixels. The numbers between 
parentheses indicate the image relative 
position inside the block 12. 
 
 

 

 
Figure 2. Average image and some images of the tests set. 

 
From the new set of the M images Φ , we 
assemble the matrix A, of dimension 

, taking each one of the M vectors 
 and placing them in each column of the 

matrix A, in the following way: 
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From the new matrix A, we assemble 
the covariance matrix C, by means of external 
product, with dimension . So, the 
eigenvalues λ of the covariance matrix C and 
the eigenvectors  are calculated. We 
assembled the matrix C in the following way:  
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We applied a supervised training on 
the model, in which we chose 6 samples for 
each class, generating an average image from 
the samples of each class. The images of the 
averages classes are used in the training stage. 
And for the verification and tests we used all 
M images of the tests set. The classes images 
averages are projected into the eigenspace 
generated, based in the eigenvectors extracted 
from the covariance matrix. Based on our 
experiments, we verified that just some few 
eigenvectors with  the larger eigenvalures are 
enough for the target recognition, because of 



that we just used (M´<M) eigenvectors, in the 
obtainment of the data presented on this 
paper, with M`=30.  This projection is made 
in the following way:  
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Where the matrix , of dimension 
, contains Nc eigenvectors, of 

dimension , from the matrix L, and it 
is used for comparison with the new images 
introduced for comparison and recognition. 
Nc is the number of existing classes in the 
tests set. 
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As the projection of the new images 
on eigenspace describes the distribution 
variation of the images, it is possible to use 
these new primitives for classification of 
these images. In this article, ATR is 
performed by means of extracting the 
primitives of the new images submitted for 
recognition and comparing them with the 
primitives of the classes previously stored on 
the data base of classes standards, calculated 
in the same way. The methodology used to do 
this comparison is the Euclidean distance. So, 
the images submitted to ATR are projected in 
the eigenspace, obtaining the vector 'Ω , on 
the following way: 
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The vector Ω , of dimension (M’x1), 

is compared with each one of the vectors 
, representatives of the 

classes. If the Euclidean distance found 
between  and any 

'
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'Ω ),...,1( Ncii =Ω  is 
inside the  threshold of the class and it was 
the smaller distance, then there was the 
recognition of  belonging to class i of 'Ω iΩ . 

The Euclidean distance is calculated by 
means of the of the minimum square method, 
on the following way:  
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Our proposal finds one threshold for 
each  class, with the aim of obtaining a better 
performance on the recognition step. The 
thresholds ),...,1( Ncii =θ  define the 
maximum distance allowed among new 
image submitted to recognition and each one 
of the classes. If the distance found between 
new image and one of the classes is the 
minimum and is inside the threshold of the 
class, then there was the automatic target 
recognition. The thresholds are adjusted by a 
variable k, which defines the degree of fault 
tolerance.  

The calculation of the Nc thresholds, 
on which Nc is the quantity of worked 
classes, is done on the following way:  
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RESULTS 

 
Based on worked data, and using the 
eigenvectors with the 30 larger eigenvalues, 
we assembled  a map with the found 
classification, as shown in Figure 3. Some 
pixels are marked in blank, because the found 
results were not inside the threshold of the 
respective class, indicating that in these cases 
the model didn't find out any answer, for not 
being enough sure and not having sufficient 
information. 
 



 
Figure 3. Map from the results. 

 
As the windows of pixels used in the 

classification are very large, of 20x20 pixels 
of the original image, corresponding to an 
area of 600m x 600m, furthermore original 
image is very complex, having several 
different classes, the model could not classify 
in details the referred scenery. For example, 
the model did not manage to classify some 

points of the lake, because half window is 
lake and other half is vegetation.  

 
EXAMPLES 

 
The image 310, shown on Figure 2, has 
around ½ of its area inside the lake and has 
other half in the vegetation. Because of that, 
the minor distance found out among primitive 



of this image and the classes occurred with 
class 3, as it can be observed in the Table 1. 
However, the found distance stayed outside 
threshold.  The values in this table were 
divided by 1.0e+010. About the image 312, 
the Euclidean distance is small and positioned 
inside threshold of the class. The image 311 
has an Euclidean distance more than three 
times superior than image 312, because it has 
other kind of target in your top left corner. 

About the image 316, as one can see at the 
same Figure 2, around 1/3 of its area is 
covered for other kind of target. Because of 
that, the Euclidean distance between this 
image and the class was very large, as shown 
on Table 1, however it's a little smaller than 
threshold, that's why its classification stayed 
in the class 1. 
 

 
Table 1. Results of comparison of some images. 

Images Class Euclidean 
Distance 

Thresholds 

310 3 2.2749 2.0162 
311 1 0.1565 2.5546 
312 1 0.0505 2.5546 
316 1 2.0622 2.5546 

  
CONCLUSION 

 
We managed to do the automatic target 
recognition in multispectral images, using 3 
spectral bands. We also managed to assemble 
a classified map, in accordance with the 
accomplished training, using KLT for the 
dimensionality reduction of the data and the 
measurements of the Euclidean distance 
among images of the test set and the worked 
classes. 
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