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ABSTRACT 

In natural scenes it often happens that more than one class is present in a pixel. 
The pixel spectral response in this case is not representative of either one of the 
component classes. One approach to solve this problem is the linear mixture model. 
More recently another model, implementing fuzzy mathematical concepts was introduced. 
Software compatible with the Brazilian SITIH-ISO image processing system was developed 
in order to implement and compare both models. A test area located in the Emas 
National Park in Brazil is used in order to identify mixtures involving distinct 
proportions of vegetation. 
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1. INTRODUCT I ON 

1.1 The Problem of Mixture 

Current methods for image clas~i£i~ation 
in Remote Sensing are applied on a pixel 
by pixel basis, implementing either 
probabilistic or deterministic algorithms 
(Tau & Gonzalez, 1974 f Richards, 1986). 
Following these methods, image pixels are 
assigned to one of the existing information 
classes. Classification is based upon the 
radiance recorded by the satellite which 
is an integrated sum of the spectral responses 
of the materials within the instantaneous 
field of view (IFOV) of the sensor (Shima­
bukuro, 1987). In natural scenes, it often 
happens that pixels are constituted by more 
than one class, i.e.: are mixture pixels. 
In this case, the spectral response is not 
representative of any individual class, 
leading to incorrect classification results. 
Mixture pixels occur even in areas covered 
by homogeneous vegetation (eg.:agri~ultural 
fields) • 

Variations in canapy density across the 
area may cause varying degree of soil 
vegetation mixtures (Haertel, 1991) which, 
in turn, will cause variations in image 
spectral characteristics. 

The current classification methods which 
assume that a pixel either belongs entirely 
to a class or does not belong to this class 
at all, are clearly not capable of dealing 
with the mixture problems. The only way 
possible would be to increase the number 
of information classes, to account for the 
mixture classes. This approach, however, 
would require an accurate knowledge of the 
mixture classes in the scene, which, in 
many cases, is not available and also lead 
to higher analysis costs. 

The best way of dealing with the mixture 

problem in image classification consists in 
developing mathematical models capable of 
dealing with different pTIoportions of 
informations classes in a single pixel. 

1.2 Mathematical Models for the Mixture 
Prob lems 

Two basic approaches were proposed to deal 
wi th the mi xt ure p rob lem: the Line ar Mixture 
model and the Fuzzy Classification model. 

The Linear Mixture model approach has been 
reported by several authors. A rather 
extensive review of this model is presented 
in Shimabukuro (1987) and is reviewed in 
section 2. The spectral contribution of each 
component class within a pixel is modelled in 
a linear relationship. ,The linear model, as 
applied to digital image classification, can 
be implemented in two different approaches. 
Given the component infor~ation classes 
("pure" classes) one can estimate, for every 
pixel, its composition in terms of the 
component classes (Ranson,1975,Heimes,1977, 
Shimabukuro, 1987). A second approach consists 
in making use of the Linear Mixture model 
to estimate the mean vector and the< covariance 
matrix of the "mixture classes" from the 
correspondinr parameters associated with 
the component classes. This approach allows 
the user to "create" the mixture classes 
relevant to a particular situation,and is 
useful whenever the analyst is interested 
in some specific mixtures (eg.: vegetation 
and soil due to variations in vegetation 
density cover). 
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Image classification methods like the Gaus­
sian Maximum Likelihood may then be applied 
to the entire scene. 



A second mixture model, implementing Fuzzy 
mathematical concepts, was proposed by Wang 
(1990). The concept of class membership is 
introduced to account for multiple member­
ship, i.e., for the mixture pixel. Any 
pixel may belong to more than one class. A 
membership function is introduced to 
estimate the degree to which a pixel belongs 
to each class. The membership degree is 
then associated to proportion of an 
information class in a pixel. 

2. THE LINEAR MIXTURE MODEL 

The linear mixture model assumes that in 
any spectral band 'i', the reflectance Rm 
associated with a mixture pixei can be 
equated to a linear function of the' re­
f~ecta~ces Rj associated with the component 
( pure) classes. Each component class 
reflectance is weighted according to its 
proportion in a pixel: 
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mean spectral reflectance associated 
with a mixture pixel for spectral 
band i. 
spectral reflectance associatedwith 
the component j for spectral band i. 
proportion of component j in a pixel 

1,2, ••• ,n(n=number of components). 
1,2, ••. ,k(k=number of spectral bands) 
error term associated with spectral 
band I i I. 

To implement this model, the digital image 
must be converted from digital numbers 
available on CCTs into reflectances. This 
procedure is reported by some authors(eg.: 
Robinore, 1982; Markham and Barker,1986). 

The reflectances R1 i of the component 
classes can then £~ estimated for the 
training sets available. 

Usually the number of spectral bands 
utilized is larger than the number of 
component classes (K >n). In this case,the 
system (1) becomes overdetermined and a 
least squares procedure is then applied. 
Then, the numerical values for Xj(j=l, ••• , 
n) should be such that they minimize the 
suns of the squares of errors .t.: 
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Also, two additional condition equations 
should be added in order to allow for a 
phisically meaningful solution to the pro­
portions X.: 
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Numerical methods to solve this constrained 
least squares problem are presented in Shi­
mabukuro (1987). 

The Linear Mixture model, applied to each 
pixel individually, estimates the proportions 
of every component in it. 

Another approach (Haertel, 1991) consists in 
using equation (1) to estimate the mean 
vector and covariance matrix for given 
mixture proportions (X.). Mixture classes 
can then be selected aJd the entire image 
classified into the existing"pure" classes 
and the selected "mixture" classes, using 
a maximum likelihood classifier. This approach 
proved to be very useful when the mixture 
classes of interest are previously defined. 

3. THE FUZZY MATHEMATICAL MODEL 

Mathematical fuzzy techniques for Remote 
Sensing image classification were proposed 
by Wang (1990a) and Wang (1990b), by im­
plementing the concept of partial and 
mUltiple membership, instead of the one-
pixel-one-class conventional methods. The 
mul tip Ie memb e rsh i p con cep t can be unde rs t ood 
as a result of mUltiple classes in a pixel 
i,e., the class membership grades measure 
the proportion of the component ("pure") 
classes in a pixel. 

Wang (1990a) comments on the information 
loss that occurs in image classification 
methods such as the Gaussian Maximum Like­
lihood. Pixel probabilities of belonging 
to each of the information classes are 
estimated. The pixel is then assigned to 
the class associated with the largest pro­
bability. All the remaining probabilities 
are discarded, regardless of their magni­
tude, i.e., the possibility that a pixel 
may partially belong to more than one class 
is excluded. 

The fuzzy classification method attempts to 
make use of the information contained in 
these discarded probabilities. This attempt 
is implemented via the concept of mUltiple 
partial membership. For each class a member­
ship function is defined. These functions 
segment the multispectral space into fuzzy 
partitions rather than "hard" ones as in 
conventional classification, which means 
that a point (pixel) may partially belong 
to more than one class. 

Wang (1990a) defines the membership function 
associated to class Ii' by: 
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vector associated to a pixel in the 
multispectral space. 
Gaussian probability density function 
for class Ii I, implementing the fuzzy 
mean and the fuzzy covariance matrix 

that: 
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being the numbe r of information classes. 

It should be recalled that, in the con­
ventional approach, the largest fi(X) (i= 
1, .•• ,n) would be set equal to one and the 
remaining (n-l) to zero. In the fuzzy 
approach the In I membership functions 
associated to a pixel are saved and 
interpreted as a contribution of each 
information class to the pixel spectral 
response. Thus, the pixel components X· 
are estimated by the membership functions: 

4. EXPERIMENTS AND RESULTS 

The Linear Mixture model and the Fuzzy 
Mixture model have been applied to Landsat 
-TM data. The study area is the Emas 
National Park in Brazil. The park is 
located in central-western Btazil at 
approximately 18 0 south latitude(figure 1). 
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Fig.l - Study Area Emas National Park 

The climate is tropical. Winter is mild and 
corresponds to the dry season (June through 
September). Rains occur during the summer 
season (October through May). 

The vegatation covering this region 
corresponds to the "ce-rrado". Vegetation 
cover density varies across the Emas N.P .. 
Areas with a higher degree of soil moisture 
present a higher vegetation density cover. 
Areas presenting lower soil moisture contents 
sho~ more sparsely distributed vegetation. 
Dur~ng.the dry season vegetation covering 
the dr~er area becomes more susceptible to 
~ires. The fire that occurred in the park 
~n 1988 was confined to this area. 

~ixtu~e.pixels ~re clearly present. The 
pure ~nformat~on classes in this case are 

vegetation and soil. "Pure" vegetation 
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pixels can be found in areas with higher 
soil moisture contents (along the drainage 
lines). Most of the park is then covered 
by mixture pixels. The different proportions 
of vegetation and soil can then be used 
to estimate conditions across the park 
with respect to general environmental 
conditions. 

The classification process was performed 
considering five classes: two "pure" 
classes (vegetation and soi1) and three 
mixture classes (0.75 vegetation and 0.25 
soil, 0.5 vegetation and 0.5 soil, 0.25 
veget ation and 0.75 soi 1) • Computer programs 
were developed in order to implement the 
Linear Mixture model and the Fuzzy model 
for the Brazilian image processing system 
SITIM-150. 

The Linear Mixture model was applied, to 
estimate the mean vector and covariance 
matrix of the mixture classes. The Gaus­
sian maximum likelihood classifier was 
then applied to the scene. Results are 
presented in figure 2. 

The Fuzzy model was also applied to the 
same scene. Equation 5 was used to esti­
mate the membership grade of each pixel 
with respect to two information classes: 
vegetation and soil. A level slice criterion 
was then applied in orderto define borders 
between the three mixture classes. The 
results are presented in figure 3. 

The results of both methods are rather 
similar and in agreement with field data. 

The Linear Mixture model,however,pres.enUed 
a more accurate classification result. This 
method applies a maximum likelihood 
classifier which is capable of better 
estimating borders between the mixture 
classes. The level slice method used to 
define borders in the Fuzzy model clearly 
presents a poorer performance. 

5. CONCLUSION 

The implementation of the mixture concept 
to natural scenes can be a valuable tool 
in natural resources. Variations in ve-
getation cover can be detected and 
quantified. Useful information can be 
obtained from this process. In the test 
area presented in this study, only the 
area with sparser vegetation, i.e., the 
area corresponding to dry vegetation was 
affected by a subsequent fire. This data 
can then be understood as a variation in 
soil and/or climate conditions. 
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FiR.2 - Iin~ar Pixture Fodel classification 

Fig.3 - Fuzzy model classification 
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