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Abstract 
As a neural approach, Kohonen's Self-Organizing Map (SOM) has not been explored as 
thoroughly as the MLP, especially for the soft classification. In this paper, we propose 
two non-parametric algorithms for the SOM to provide soft classification outputs. These 
algorithms, which are labeling-frequency-based and are called SOM Commitment (SOM-
C) and SOM Typicality (SOM-T), expressing in the first case the degree of commitment 
the classifier has for each class for a specific pixel and in the second case, how typical 
that pixel’s reflectances are of the ones upon which the classifier was trained for each 
class. To evaluate the two proposed algorithms, soft classifications of a SPOT HRV 
image were undertaken. A Bayesian posterior probability soft classifier and a 
Mahalanobis typicality soft classifier were also used as a comparison. Principal 
Components Analysis (PCA) was used to explore the relationship between these 
measures. Results indicate that great similarities exist between the SOM-C and a 
parametric Bayesian posterior probability classifier, and between the SOM-T and a 
Mahalanobis typicality classifier. 



 

1 Introduction 
 
In recent years there have significant developments in classifiers for remotely sensed data 
along two fronts: the development of machine learning approaches and the introduction of 
soft classifiers. This paper is concerned with the development of soft classification 
algorithms for a specific machine learning approach – Kohonen’s Self-Organizing Feature 
Map (SOM) neural network classifier.  
        Interest in the use of neural networks arises from their freedom from assumptions about 
the form and distribution of input data, the ability to generate non-linear decision boundaries 
and the ability to generalize inputs as well as to learn complex patterns (Foody 1992, 1996; 
Richards and Jia, 1999). Among numerous neural network models, the Multi-Layer 
Perceptron (MLP) is most frequently used (Foody 1997; Zhang and Foody 2001). However, 
the MLP works well only when both detailed presence and absence data are available in the 
training sites, i.e., the target (desired) outputs must include information for both “true” and 
“false” so that the network is able to learn all patterns existing in the study area. In reality, 
absence data are not always available, such as when modeling species distributions (Guisan 
et al 2000; Zaniewski et al 2002; Anderson 2003; Phillips 2005) or searching for evidence of 
a single class in remotely sensed imagery. Given this drawback, it is of considerable 
importance to develop an appropriate model to accommodate presence only data. As a neural 
approach, Kohonen’s (1989, 1990) Self-Organizing Map (SOM) has not been explored as 
thoroughly as the MLP (Tso and Mather 2001; Pal et al 2005). The SOM has properties of 
both vector quantization and vector projection and is capable of being used for both 
unsupervised and supervised classification. Although experiments have been conducted on 
the application of the SOM for hard supervised classification (Ito and Omatu 1997a; Ito and 
Omatu 1998; Villmann 2000; Ji 2000; Tso and Mather 2001), virtually none have addressed 
the issue of soft classification.  
        Soft classifiers express the class type of a pixel by using a measure of the degree of 
membership in, or the probability of belonging to, or the proportional content of each of the 
land-cover classes under consideration (Eastman and Laney 2002; Foody 1999).  Thus, rather 
than being allocated to a single class as in a conventional hard classification, soft classifiers 
output a set of images expressing the membership, probability or sub-pixel mixture 
proportion of each class. Understanding and recognition of the uncertainty of image 
classification and the desire to solve the mixed pixel problem were driving forces in the 
development of soft classification (Bernard et al 1997; Foody, 1999). Consequently, much 
effort has been undertaken in the last two decades to develop soft classification algorithms 
for remotely sensed data. These approaches include soft outputs based on Bayesian posterior 
probabilities (Foody 1992; Eastman and Laney 2002) , Mahalanobis typicalities (Foody et al 
1992),  Fuzzy Set membership grades (Eastman 2003), Linear Mixture fractions (Settle and 
Drake 1993), Dempster-Shafer beliefs (Eastman et al 2002; Eastman et al, 2005) and Neural 
Networks activation levels (Zhang and Foody 2001).  
        In this paper, we propose two non-parametric algorithms for the SOM to provide soft 
classification outputs. These algorithms, which are labeling-frequency-based and are called 
SOM Commitment and SOM Typicality, expressing in the first case the degree of 
commitment the classifier has for each class for a specific pixel and in the second case, how 
typical that pixel’s reflectances are of the ones upon which the classifier was trained for each 
class.  



 

 
 
 

 

Figure 1 Example of the architecture of a SOM with an input layer (made up of three neurons) and an 
output layer (made up with 5´ 5 neurons equally spaced) 
 
 
2 An Overview of the SOM Procedure 
 
Figure 1 illustrates the basic architecture of a SOM. The input layer represents the input 
feature vector and thus has neurons for each measurement dimension (e.g., reflectance band).  
The output layer (also known as the competitive layer) of a SOM is typically organized as a 
two-dimensional array of neurons. Each output layer neuron is connected to all neurons in 
the input layer by synaptic weights, which are initialized to random values from 0-1. The 
learning procedure progressively adjusts these weights based on normalized input feature 
vectors and lateral interaction between neurons in the competitive layer. The lateral 
interaction varies in the manner of a distance decay function such that neurons close to a 
triggered neuron will also have their weights adjusted. During the course of this learning, the 
radius of this zone of lateral interaction progressive decreases. By the end of this initial 
learning phase (coarse tuning), input patterns with similar attributes will tend to cluster 
spatially in the neuron layer.  
        The SOM procedure we adopted (Li and Eastman 2006) was closely modeled on that 
discussed by Kohonen (1990) and Ji (2000). After the SOM competitive layer has been 
organized (using all image pixels as inputs), neurons are labeled by presenting the training 
data and assigning each neuron the class identifier of the class that triggers each neuron the 
most (also known as the codebook labeling phase). A fine tuning stage using Learning 
Vector Quantizations (LVQs) is then undertaken to improve the discriminability of decision 
boundaries. Finally, each image pixel is re-examined and assigned the class of the neuron 
that its reflectance pattern triggers. For more details about the SOM, Tso and Mather (2001), 
Villmann (2000) and Ji (2000) provide useful guidelines. 
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Figure 2 Illustration of triggering frequencies on each neuron by different classes  
(SOM map size: 5 x 5) 
 
 
3 Proposed Soft Classification Algorithms 

In the supervised classification procedure discussed above the tuned SOM, which 
characterizes the distribution of image reflectance patterns, is associated with output classes 
by determining the most similar neuron (known as the best matching unit – BMU) on the 
basis that the weight structure is most similar to the normalized reflectances of pixels in the 
training sets for each class. For soft classification, we propose a pair of algorithms in which 
the fuzziness of an input pattern is determined by the labeling-frequency of its best matching 
unit (BMU).  

3.1 SOM Commitment (SOM-C)  
 
The first measure we propose is similar to a probability and provides information about the 
uncertainty of the class identity. During the labeling stage, the training site pixels that contain 
known class information are fed into the tuned SOM. Since no class information is used 
during the course tuning, some neurons may become the winner for training data from more 
than one class (Tso and Mather 2001; Pal et al 2005). A competitive layer neuron can thus be 



 

triggered various times by different patterns. Similarly, patterns from the same class may 
trigger different neurons. Figure 2 gives an example of this procedure. The degree of 
commitment that an input pattern belongs to a particular class can thus be determined by 
calculating the triggering proportion of the class on its best matching unit (BMU), i.e., 
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where )( jPi is the proportion of training site of class i (i = 1, 2, … m) triggering neuron j (j = 

1, 2, … n), and )( jPi can be calculated as: 
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where )( jf i is the frequency of neuron j triggered by pixels labeled as class i,  and iN  is the 
total number of samples of class i in the training sites.  
        In unambiguous cases neurons are either associated with only one class or are left 
unlabelled. However, this will only arise if the training data are good, there are adequate 
neurons to capture class variability and the bands are such that they can yield completely 
distinctive signatures. In cases of overlapping class distributions, it would be expected that 
neurons will be triggered by more than one class leading to the possibility that the neuron 
could be one of several classes. The expression in Equation 1 thus allows one to determine 
the degree of commitment that the classifier can make to each of these possible class 
labels. Note that pixels triggering unlabelled neurons (disconnected units – see Li and 
Eastman, 2006) which are not associated with training site pixels will have a commitment of 
0 to all classes in the output images. These may represent unknown classes or significant 
mixtures. As discussed in Eastman and Laney (2002) linear mixtures of end members would 
be expected to yield distinctive signatures unlike those of the parent classes. Thus frequently 
encountered mixtures would be expected to have organized their own neurons which are 
unlabelled and thus yield a commitment of 0 to any of the classes upon which it was trained. 
As a consequence, we do not feel that SOM-C is a measure of classification ambiguity and 
not sub-pixel class fractions. 
        It is not difficult to see that this algorithm yields a measure that is analogous to the 
concept of a posterior probability under the assumption of equal priors. Posterior 
probabilities express the probability of a pixel belonging to a class given the conditional 
probability of encountering such a vector if the pixel were to belong to that class. The )( jPi  
described by Equation 2 can be understood as an empirical estimation of the conditional 
probability of each neuron’s weight structure. Further, )( jPi divided by its summation over 
each class is a procedure of normalization which is similar to the use of Bayes’ Theorem to 
derive the posterior probability from the conditional and prior probabilities associated with a 
class. Thus SOM Commitment is consistent with the concept of posterior probabilities using 
equal prior probabilities. We have chosen not to call the measure a probability, however, 
because of its indirect use in image classification. The measure is really a statement about the 



 

neuron’s weight structure and not the pixel’s reflectance vector per se. Soft classification is 
achieved by finding the neuron whose weight structure most closely matches that of each 
pixel and then assigning it the value of that neuron’s commitment to each class. Given this 
indirect link, we prefer to call this a measure of commitment rather than probability. In a later 
section of this paper, we will justify this reasoning through a comparison with a non-neural 
parametric soft classifier that outputs true posterior probabilities. 
 
3.2 SOM Typicality (SOM-T) 
 
The SOM-C algorithm assigns non-zero class commitments based on the relative frequency 
of class associations with a specific neuron. Thus similar to the calculation of posterior 
probability in the Maximum Likelihood procedure, it may assign a high commitment to a 
class even when the frequency with which training pixels fired that neuron was quite small. 
This is caused by the normalization (Eq. 1) step that effectively treats the lack of evidence 
that it belongs to other classes as support for the classes that it is associated with. To derive a 
measure of support that is free of this assumption, an alternative algorithm can be used, i.e., 
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        Rather than dividing by the sum of frequencies from classes or the accumulated 
frequency, the maximum triggering frequency within the underlying class of interest is used. 
This algorithm is interesting in that it is analogous to the concept of typicality, which can be 
derived from the Mahalanobis distance measurements. The Mahalanobis distance between a 
pixel and the centroid of a multivariate normally distributed class is known to vary with a c2 
distribution and can thus be used to derive a measure of how typical the pixel is of that class 
(Foody et al 1992). These typicality probabilities indicate whether it is reasonable to assume 
that a case actually belongs to a class – a statement that is derived only from the information 
available about that class. The SOM-T algorithm (Eq. 3) is similar in that it requires no 
information about other classes to derive its measure and it similarly conveys a sense of how 
typical a pixel is based on the distribution of training site pixels. A Ti value of 1.0 thus 
indicates that the pixel in question has reflectances similar to those that were most commonly 
encountered in the training data for that class. Thus unlike Equation (1), this algorithm 
considers the variability within the class of interest itself, i.e., intra-class relationship.  

4 A Case Study Evaluation 
 
4.1 Data description  
 
To evaluate the proposed two algorithms, we undertook soft classifications of a SPOT HRV 
image (with 3-bands: G, R, and IR) from 1991. A sub-image of 565×453 pixels covering the 
region (11.3 km×9.0 km) around Westborough Massachusetts was extracted as the study site.  
Training sites for twelve land use/cover classes were digitized and extracted from the 
imagery. A total of 8875 training samples were selected for training the SOM (Table 1).  
 



 

Table 1 Information classes and training site areas 
 

Class ID Land use/cover Training site pixels 

1 High density residential area                    348 

2 Low density residential area                      401 

3 Industrial and commercial area                      366 

4 Roads/Transportation                      237 

5 Deep water                    1420 

6 Cropland                     349 

7 Deciduous forest                     2967 

8 Wetland                      1067 

9 Conifer forest                       313 

10 Grass                     181 

11 Shallow water                    1154 

12 Reeds                      72 

 Total 8875                     

 
 
Table 2 Parameters used in the experiment 
 

Parameter Value 

Input layer neuron number 3 
Output layer neuron number 15 × 15 

Initial neighborhood radius 25.04 

Minimum learning rate 0.5 

Maximum learning rate 1.0 

Minimum gain term 0.0001 

Maximum gain term 0.0005 

Coarse tuning iterations 21,357 

Fine tuning iterations 2,758,200 

Fine tuning algorithm LVQ2 

 

4.2 Methods  
 
The software used for this research was a SOM classifier being developed by the authors as 
part of a suite of neural net classifiers for an upcoming release of the IDRISI GIS and Image 
Processing software system (Eastman 2003). Soft classifications using the two proposed 
algorithms were undertaken after training the SOM. All parameters used in this experiment 
are listed in Table 2. As a comparison, a Bayesian posterior probability soft classifier (Bayes) 
and a Mahalanobis typicality soft classifier (MTP) were also used1. Because an initial 
exploration indicated that there was significant correlation between the measures it was 

                                                 
1 The Bayesian posterior probability and Mahalanobis typicality soft classifiers used were the BAYCLASS and 
MAHALCLASS procedures in IDRISI Kilimanjaro, respectively. 



 

decided to use Principal Components Analysis (PCA) to explore the relationship between 
them.  
 
 
 
Table 3 PCA loadings for the deciduous forest class  
 

Component C1 C2 C3 C4 

Bayes 0.97 0.01 0.24 -0.02 

MTP 0.73 0.54 -0.08 0.41 

SOM-C 0.96 -0.21 -0.16 0.01 

SOM-T 0.76 0.57 -0.18 -0.27 

 
 
Table 4 Variance explained by the components for the deciduous forest class 

 

Component C1 C2 C3 C4 

% var. 85.9 8.2 3.6 2.3 

 

5 Results and Discussion 

Soft classification maps for each of the twelve classes from all classifiers were created. Due 
to limited space, we only have chosen maps of the deciduous forest class as shown in Figure 
3. Note the similarity in the outputs of the Bayes and SOM-C classifiers and between MTP 
and SOM-T. Similarly note the differences between these two groups. Visually it would 
appear that the SOM-C algorithm does produce a measure similar to a posterior probability 
while SOM-T produces a form of typicality.  
        For an analytical confirmation of these observations, a PCA was used to produce four 
components from the results for each class. The results of these 12 analyses were very similar. 
Thus we have chosen to illustrate them through an examination of the results for the 
deciduous forest class. Figure 4 shows these component images for the deciduous forest class 
while Table 3 shows the component loading and Table 4 indicates the variance explained by 
each component.  
        The results show that Component 1 explains 85.9% of the variance of the four models, 
and has extremely high loadings on both the Bayesian soft classifier (0.97) and SOM-C (0.96) 
and moderate loadings on MTP (0.73) and SOM-T (0.76). These results are interesting in that 
Component 1 shows that probability models are the key elements in common. Bayes and 
SOM-C are almost perfectly and equally associated with this component while MTP and 
SOM-T show lower but similar correlations with this component. It is logical that the 
typicality measures would be moderately correlated with posterior probability since the 
pixels which are most typical of a class would also be highly probable to belong to that class.  
        Independent of Component 1, the second component explains 8.2% of the variance and 
is similarly equally associated with both SOM-T and MTP with loadings of 0.57 and 0.54 
respectively. In contrast the Bayes and SOM-C show loadings of 0.01 and -0.21 respectively. 



 

Thus it would appear that Component 2 expresses what the typicality measures provide 
which is independent from the probability measures. The fact that the component looks 
similar to the typicality measures and that their loadings are very similar gives credence to 
our position that the SOM-T measure does express typicality.    
        Component 3 has positive loadings (0.24) on Bayes and negative ones on the other three, 
which shows some difference between Bayes and all the others. Component 4 has opposite 
loadings on MTP (0.41) and SOM-T (-0.27), which indicate Component 4 highlights a 
difference between these two algorithms. We believe that Component 4 may have picked up 
a difference between the assumption of normality for MTP and the non-parametric character 
of SOM-T. However a definitive explanation of character of Components 3 and 4 is beyond 
the scope of this study. They are not large components, but were consistently found in all 12 
covers. Thus we expect these to become topics of future work.   
 
6 Conclusions 
 
In this paper we developed soft supervised classification algorithms for the Kohonen’s Self-
Organizing Map: SOM-Commitment and SOM-Typicality. These algorithms are explicit, 
meaningful and easily implemented. Great similarities exist between the SOM-C and a 
parametric Bayesian posterior probability classifier, and between the SOM-T and a 
Mahalanobis typicality classifier. There are three important implications of this development. 
First, they are non-parametric and free from assumptions about the form and distribution of 
input data. Thus they act as appropriate substitutes for posterior probability and typicality 
soft classifiers in the context of non-normal data. Second, the SOM-T procedure has the 
additional attraction of requiring only intra-class information. Thus it is suitable for analysis 
of a single class. This can be of value in remote sensing where evidence is sought of the 
presence of a specific cover type or to fields such as ecology that need to model species 
distributions on the basis of presence data alone. Finally, the SOM-C measure provides a 
measure classification uncertainty which can provide feedback not only about the quality of 
training data, but also whether too few neurons have been used in the network topology.  
 
 
 
 



 

 

 (a)  (b) 

 (c)  (d) 

Figure 3 Soft classification maps for the deciduous forest class created from (a) Bayesian soft classifier;  
(b) SOM Commitment; (c) Mahalanobis typicality classifier; and (d) SOM Typicality 



 

(a) (b) 

(c) (d) 

Figure 4 PCA for the deciduous forest class: (a) Component 1; (b) Component 2; (c) Component 3; (d) Component 4 
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