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ABSTRACT: This work proposes the use of Genetic Algorithms (GA) as an optimization method for the Lin-
ear Mixture Model (LMM), with the purpose of fusing multispectral images that preserve the best spatial and
spectral features of the source images.  
The algorithm proposed has been evaluated for images registered by the Landsat 7 ETM+ sensor. In this
study, the high spatial resolution image (HSRI) corresponds to the panchromatic image of this sensor, with a
spatial resolution of 15m and the low spatial resolution image (LSRI) corresponds to the spectral bands TM1, 
TM2, TM3, TM4, TM5 and TM7, with a spatial resolution of 30m. As a result, images have been obtained 
with spectral resolution of the 6 bands and a spatial resolution of 15m. The improvement in the quality of the 
fused images has allowed the identification of new, more homogeneous spectral classes.  

1 INTRODUCTION

Remote sensing has many applications that require 
satellite images that simultaneously show spatial and 
spectral high resolution, with the purpose of defining 
thematic and spectral classes capable of properly 
characterising the surfaces being studied. However, 
the sensors of the satellites most often used (Landsat 
TM, AVHHR, ASTER, etc.) only provide one of 
these features, excluding the other one. 

Although nowadays there exist some satellites 
like Quickbird or IKONOS that produce high spatial 
and spectral resolution images, the costs to obtain 
these images are very high. One way of obtaining 
images of high spatial and spectral resolution, at af-
fordable costs, is through image fusion techniques.  

The fusion of data from multiple sensors gives 
some advantages over obtaining data from only one 
sensor. Given that the information has been opti-
mally fused, one of the most important things is to 
have more than one observer of the phenomenon be-
ing analysed. In this way, more and better informa-
tion can be integrated for further processing. There 
are several works that describe different techniques 
for image fusion (Wald, 1999), (Lillo, 2002). 

The main objective of this work is to develop an 
algorithm capable of fusing a multispectral image 
with a panchromatic image. The procedure is based 
on the optimization of the Linear Mixture Model 

(LMM) (Lillo, 2002). Thus, the digital number (DN)
associated to each pixel in a low spatial resolution 
band of the multispectral image is expressed as a 
linear combination of the DNs corresponding to the 
pixels of the resulting fused image in each spectral 
band.

The advantages of solving optimization problems 
by means of Genetic Algorithm (GA) (Rothlauf, 
2002) have been proved in the literature. In this 
work, they have been used to solve the LMM.

For this purpose, each chromosome has been de-
fined through 8xN bits, N being the number of the-
matic classes determined in the source image.  

Although the results obtained are preliminary, 
they objectively demonstrate that there is an increase 
both in the spatial and the spectral resolution of the 
original images, allowing the identification of new, 
more homogeneous spectral classes. 

2 METHOD DESCRIPTION 

2.1 Model

The model proposed is conceptually based on Lillo 
(2002). First, the LSRI and HSRI images must be 
geometrically co-registered. To have a good result in 
this procedure it is advisable to register the low spa-
tial resolution image in the high spatial resolution 
image. It is also necessary to classify the LSRI to 
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calculate the proportion of the determined thematic 
classes contrasting each HSRI pixel (Sensor A) with 
the corresponding LSRI pixels (Sensor B) (Fig. 1). 
This classification can be supervised or unsuper-
vised.

Equation (1) proposes the spatial relations exist-
ing between the high resolution pixels and the low 
resolution ones for two images with a common ori-
gin on the left top (Price, 1999). 

( ) 11 +−= imk
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Let (i,j) be the position of the HSRI pixel and (k,l)
the position of the LSRI pixel. The term m corre-
sponds to the ratio between the HSRI spatial resolu-
tion value and the LSRI (Fig. 2). 

A percentage relation is established between the 
label of the thematic class associated to each of the 
m

2
 pixels of high resolution corresponding to a pixel 

of low resolution and the total of the classes that ex-
ist in the m

2
 pixels. The total sum of belonging must 

be one. This process provides a linear combination 
of the DN to be determined by means of a criterion 
of weighed averages of the proportions with the re-
spective classes. Equation (2) shows the linear com-
bination (LMM) to be made in each HSRI pixel with 
the corresponding pixels of the LSRI image: 
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where:
LSRI

iDN : Digital number of the low spatial 

resolution image for the i-th

band.

kC : Vector of proportion given by 

the k-th class. 
i

HSRIkDN )(
: Digital number to be determined 

in the fused image. 

Nclass : Number of classes defined at the 

Sensor B image. 

It is necessary to note that the linear system of equa-

tions stated in (2) is formed by NB (spectral band 

number) equations and it includes, however, Nclass

x NB unknown quantities so the resulting equation 

system is not consistent. 

2.2 Optimization method of LMM 

The GAs are general purpose search procedures. A 
GA works repeatedly modifying a population formed 
by artificial structures through the application of ge-
netic operators: selection, crossover and mutation 
(Fig. 3). 

Sensor B

(HSRI)

Sensor A (LSRI)

Band 1

Band N

Conceptual Matrix

of Class

L M M

Image of

Spatial and

Spectral Hi-Re

Solution by

means of

G.A.

High Spectral

Resolution
and

Low Spatial

Resolution

Low Spectral

Resolution
and

High Spatial

Resolution

Classification

Process

Obtaining of the

proportion of each

class  with respect

to the

LSRI pixel

Figure 1. Algorithm of HSRI-LSRI Fusion.

Figure 2. Relation between the HSRI pixel and its spatial corre-

spondences in IARE.

The first step to the correct use of a GA is to de-
fine a proper structure to represent the space of solu-
tions. An instance of this data structure represents a 
state or point inside that space. The basic structure 
of a GA consists of one or more chromosomes that 
correspond to one string of bits. Each chromosome 
(string) is made up of a linking of a number of sub-
components called genes. In the binary representa-
tion of a gene, its position in a string is called locus 
and its value is called alelo (0 or´1). To find an op-
timum solution through GA, a measurement must be 
defined that assigns a quality index to every instance 
in the search space. This measurement is called fit-
ness function and it usually corresponds to the ob-
jective function to be optimized. 

A GA randomly generates an initial population. In 
every generation, the two best individuals are chosen 
to be part of the elite that will directly pass to the 
next generation. The GA assigns to each individual 
structure i in the population a probability of selec-
tion, 1/ps(i), according to the ratio between the i-th
fitness and the total fitness accumulated of the asso-
ciated population, according to equation (3): 
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Figure 2. Basic Structure of GA with Elitism. 

The fitness function used in this work corresponds to 

the LMM (equation 4): 
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Subsequently, a total of n individuals is selected for 
further genetic processing according to the distri-
bution defined by 1/ps(i). The parents selection for 
the genetic operator of crossover is carried out 
through the criterion Roulette Wheel Selection 
(Rothlauf, 2002). The n individuals chosen are ran-
domly matched, generating n/2 couples to which the 
operator is applied. There are several types of cross-
over in GA. In this work, the type used is the binary 
type that consists of choosing a point of the binary 
chain that represents the chromosome and exchang-
ing the elements of the two individuals in the parents 
role, that generates two new elements, as shown in 
Figure 4 

Figure 3. Binary Crossover Criterion. 

The mutation operator is responsible for introduc-
ing new changes in the population, changes that are 
not given by the information obtained in the cross-
over procedure. This procedure randomly alters one 
or more of the offspring elements, forcing in this 
way the introduction of new elements in the popula-
tion. In this way, a new generation is defined formed 
by the two best individuals of the previous genera-
tion plus the individuals created by means of cross-
breeding and mutation procedures. 

The heuristic nature of the GAs imposes the need 
of averaging the results obtained in different execu-
tions of the process, to avoid the variability in the re-
sults obtained. 

3 RESULTS 

The data used for evaluating the algorithm proposed 
here were two scenes of 570m x 570m located in 
Madrid's countryside. The image was registered by 
the Thematic Mapper ETM+ and Panchromatic sen-
sors of the Landsat 7 satellite, on August 20th, 1999. 

Imagen LandSat ETM+ Imagen Fusionada 
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Figure 4. Bands of a Landsat ETM+ (LSRI) scene and its corre-
sponding fused images. 

For the image fusion, an 8 bit chromosome was 
defined that represents the ND of a given pixel, with 
possible values between 0-255. For the binary 
crossover operator, the cut point for the string was 
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specified through the determination of the number of 
bits of the standard deviations of the classes ob-
tained in the classification procedure applied to the 
HSRI (Lillo, 2002). 

Fig. 4 shows the original scenes for the bands 
used (bands 1, 2, 3, 4, 5, 7) and the results obtained 
through the algorithm proposed in this work. The 
comparison between the two scenes, for each band, 
evidences the visual improvement provided by the 
process of fusion of the original images.  

The evaluation of the spectral quality of the fused 
image is carried out through the comparative analy-
sis of the spectral answer of the concrete pixels of 
HSRI and of the corresponding pixels of the fused 
images (Fig. 5 and 6). The spatial position of the 
pixels of the fused image with respect to the original 
image is given by equation (1). The spectral answer 
corresponding to the HSRI pixel (Fig. 5) represents a 
mixed type cover, with a high vegetal content distin-
guished by the peak present at TM4, besides the 
presence of ground, distinguished by the high DN
present at TM5, and also the positive slope between 
TM2 and TM3. The spectral answers of the pixels of 
the fused image present two concrete classes, one of 
a very reflecting ground that can be assigned to 
granite, a dominant element in the area, and the 
other three represent mixed pixels with a high con-
tent of vegetal cover and bare ground. In Fig. 6, the 
HSRI pixel studied presents a high content of ground 
(maximum in TM3 and TM5). The spectral analysis 
of the corresponding pixels of the fused image, 
shows the existence of two new, more homogeneous 

Figure 5. Spectral answer of an IBRE pixel labeled as mixed 
and the answers of the corresponding pixels of the fused image. 

Figure 6. Spectral answer of an IBRE pixel labeled as mixed 
with a high content of ground and the answers of the corre-
sponding pixels of the fused image. 

classes, being the spectral answer of one of them 
distinctive of bare ground and of the other one, dis-
tinctive of an urban cover. 

4 CONCLUSION 

The application of GA as an optimization method for 
the process of image fusion based on the LMM
shows very good results, visually as much as spec-
trally, providing a better detail of the image under 
analysis and allowing the definition of new, more 
homogeneous classes that were originally mixed.  

As the creation of new individuals for the next 
generation in the GA is restricted by the standard de-
viations of the classes determined in the classifica-
tion procedure of the HSRI (Lillo, 2002), the muta-
tion operator becomes important for optimizing the 
LMM and, in this way, being able to define the new 
classes.

The algorithm proposed here shows the disadvan-
tage of having a high computer cost, due to the bi-
nary codification that must be applied to the ele-
ments forming the images. To make the execution 
less expensive, the fusion procedure was made band 
to band. An alternative to diminish the computer ef-
fort is to codify the chromosomes with whole vari-
ables.
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