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Abstract 

Designing a prototype-based classifier involves three is-
sues: how to generate the prototypes, how many proto-
types to generate and how to use these prototypes for 
classification. We propose a comprehensive scheme for 
designing a prototype-based classifier. Self-Organizing 
Feature Map(SOFM) is used to generate an initial set 
of prototypes. Starting with this initial set a tuning 
algorithm produces a set containing an adequate num-
ber of prototypes. The tuning algorithm evaluates in 
each iterative step the classification performance of the 
prototypes using them in a nearest-prototype classi-
fier. Based on their performances prototypes may be 
deleted, merged, or split resulting in a new set of pro-
totypes. The new set of prototypes is retrained using 
SOFM algorithm with winner-only update. The final set 
of prototypes is used to design a nearest-prototype clas-
sifier. We tested our algorithm on several well known 
data sets and performance is found to be quite good. 
We applied our algorithm for classification of remotely 
sensed images and also obtained very good results. 

1 Introduction 

A classifier can be defined as any function V : ~P -t 
Ne, where Ne = { e; I i = 1, ... , c, e; E !Re} is the 
set of label vectors, c is the number of classes and 
every object is represented by a vector x E !RP. If 
V is a crisp classifier, e;s are basis vectors with 
components e;j = OVi =f. j and e;; = 1. If V is 

a fuzzy classifier then e;j 2: 0 and LJ=l e;j = 1. 
Designing a classifier involves finding a good V. V 
may be specified functionally, e.g., Bayse classifier, 
or as a computer program e.g., nearest neighbor 
(NN) cla.Ssifiers (crisp or fuzzy), prototype-based 
classifiers (crisp or fuzzy), neural networks etc. 

While designing a prototype-based classifier one 
faces three fundamental issues: 
• How many prototypes are to be generated? 
• How to generate the prototypes? 
• How to use the prototypes for designing the clas-
sifier? 

Depending on the schemes adopted to address these 
questions, there are a large number of classifiers. 
To illustrate these we discuss the simplest of them, 
the nearest-prototype classifiers with a single pro-
totype per class. The number of prototypes is sim-
ply the number of classes, i.e ., c = c. In this kind 
of classifier the prototype for a class is usually gen-
erated by taking the mean of the training data vec-
tors from that class. The third issue is commonly 
addressed by using the Euclidean distance function 
cS. A vector x E !RP is classified using the prototype 
set V= {v;, I; I i = 1, ... c, v; E !RP, l; E Ne}, where 
c is the number of classes and l; is the label vector 
associated with v;, as follows. 

Decide x E class i <=> Vv,0(x) = l; 
<=> cS(x, v;) ~ cS(x, Vj )Vi =f. j. 
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This simple scheme and its variants work quite well 
in many problem domains. However, such a clas-
sifier has been proved inadequate if the data from 
one class are distributed into more than one clus-
ters or more precisely, if the data from two differ-
ent classes cannot be separated by a single hyper-
plane, as demonstrated in the famous "XOR" data 
[1]. Therefore, for a generalized classifier design 
one must keep provisions for multiple prototypes 
for a class. 

As soon as one decides on using multiple prototypes 
for a class, deciding on the three issues concerning 
the prototypes becomes much more involved, but 
at the same time a lot of sophisticated techniques 
become available for dealing with them. Though 
these three issues can be addressed independently, 
there are some schemes in which the strategy used 
for answering one issue depends on the strategy 
used for dealing with other or a single strategy 
takes care of more than one issue. 

We now briefly review some commonly used 
schemes for addressing these issues. There is no 
"fulproof' method for determining the adequate 
number of prototypes required for the classifica-
tion job. The optimal number of prototypes re-
quired depends on both the inter-class as well as 
the intra-class distribution of the data. Commonly 
used procedures include using suggestions of a do-
main expert, using some clustering algorithm to 
find cluster centroids in the training data set and 
going for enough prototypes to represent the clus-
ters. However, most of the clustering algorithms 
(e.g. c-means algorithm) require the of number 
clusters to be supplied externally or to be deter-
mined using some cluster validity index . The k-nn 
algorithm (2], on the other hand, uses each data 
point in the training data set as a prototype. 

Given the number of prototypes there are many 
procedures for generating them; for example, clus-
tering algorithms like c-means algorithm [2], fuzzy 
c-means algorithm (3], mountain clustering method 
[4], etc. Am~ng others are learning vector quan-
tization (LVQ) methods, neural network based 
methods such as Kohonen's SOFM, random search 
methods, gradient search methods etc. Each 
method has its own advantages and limitations. 
Often more than one methods are used together 
for producing a good set of prototypes. However, 
for most of the cases the number of prototypes to 
be generated has to be supplied. 

Once the prototypes are generated, there are sev-
eral ways of using the prototypes in the classifier. 
To mention a few, in a nearest prototype classifier 
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they are used to classify a data vector x based on 
its distance from the prototypes. The data point is 
assigned the class label of the prototype closest to 
it. In a fuzzy rule-based classifier, each prototype 
can be used to generate a fuzzy rule to define a 
fuzzy rulebase (13]. This rulebase is then used for 
classifying the data. 

In our scheme we use Kohonen's self organizing fea-
ture map (SOFM) [5] algorithm to generate an ini-
tial set of prototypes. SOFM has the interesting 
property of achieving a distribution of the weight 
vectors that approximates the distribution of the 
input data. We exploit this property of SOFM for 
generating a small number (equal to the number of 
classes)of prototypes. Though we use labeled input 
data, the SOFM is trained without using the class 
information. When the training is over, the weight 
vectors are converted into labeled prototypes us-
ing the class information following a "most-likely 
class" heuristic. An iterative dynamic prototype 
tuning algorithm starts with this initial set of pro-
totypes. In each iterative step the classification 
performance of the prototypes are evaluated. Pro-
totypes are then deleted, merged with other proto-
types or split into several new prototypes depend-
ing on the evaluation results. The new set of proto-
types are ·retrained using SOFM algorithm. Thus, 
in each iteration a new set of prototypes with better 
classification performance is generated. The eval-
uation and tuning are repeated until the number 
of prototypes and the performance of the classifier 
stabilize. Finally, a nearest prototype classifier is 
designed with the terminal set of prototype gener-
ated by the tuning algorithm. 

Classification of multispectral remotely sensed im-
ages is one of the most active areas of research as 
well as application. Various methods are used for 
this purpose. To name a few, statistical methods 
[6], fuzzy set theoretic methods [7], neural networks 
[8] etc. Usually these image data have very com-
plicated distributions. We studied the effectiveness 
of the nearest prototype classifiers designed by our 
scheme for multispectral satellite images. 

2 Self-organizing 
Map 

Feature 

The self-organizing feature map (SOFM) is an algo-
rithmic transformation denoted here by A~oFM : 
RP -r V(Rq) that is often advocated for visualiza-
tion of metric-topological relationships and distri-
butional density properties of feature vectors (sig-

Australian Journal of Intelligent Information Processing Systems Volume 6, No. 2 



112 

nals) X = {x1, ... ,xN} in RP. SOFM is imple-
mented through a neural-like network architecture 
that is believed to be similar in some ways to the 
biological neural network. In principle X can be 
transformed onto a display lattice in Rq for any 
q; in practice, visual display can be made only for 
q :::; 3 and are usually made on a linear or planar 
configuration arranged as a rectangular or hexago-
nal lattice. In this article we concentrate on (m x n) 
displays in R 2 • 

Input vectors x E RP are distributed by a fan-out 
layer to each of the (m x n) output nodes in the 
competitive layer. Each node in this layer has a 
weight vector Wij attached to it. Let Op = { Wij} C 
RP be the set of m x n weight vectors. Op is (log-
ically) connected to a display grid 0 2 C V(R2 ). 

( i, j) in the index set { 1, 2, ... , m} x {1, 2, ... , n} is 
the logical address of the cell. There is a one-one 
correspondence between the m x n p-vectors Wij 
and the m x n cells ({i,j}),i.e., Op +----7 0 2 . In the 
literature display cells are sometimes called nodes, 
or even neurons, in deference to possible biological 
analogies. 

SOFM begins with a (usually) random initializa-
tion of the weight vectors Wij . For notational clar-
ity we suppress the double subscripts. Now let 
x E RP enter the network and let t denote the 
current iteration number. Find Wr,t- 1, that best 
matches x in the sense of minimum Euclidean dis-
tance in RP . This vector has a (logical) "image" 
which is the cell in 02 with subscript r. Next a 
topological (spatial) neighborhood Nr(t) centered 
at r is defined in 0 2 , and its display cell neighbors 
are located. Finally, Wr,t- 1 and the other weight 
vectors associated with cells in the spatial neigh-
borhood Nt(r) are updated using the rule 

Wi ,t = Wi,t-1 + hr;(t)(x- Wi,t-d· (1) 

Here r is the index of the "winner" prototype 

r = arg min{llx- w; t-111} (2) ..___._.... ' 

and 11 * 11 is the Euclidean norm on RP. The func-
tion hr; (t) which expresses the strength of inter-
action between cells r and i in 0 2 , usually de-
creases with t, and for a fixed t it decreases as 
the distance (in 0 2) from cell r to cell i increases. 
hr;(t) is usually expressed as the product of a 
learning parameter O!t and a lateral feedback func-
tion 9t(dist(r, i)) . A common choice for 9t is 
9t(dist(r, i)) = exp-dist,(r,i)/uf. O!t and Ut both 
decrease with time t. The topological neighbor-
hood Nt(r) also decreases with time. This scheme 

when repeated long enough, usually preserves spa-
tial order in the sense that weight vectors which 
are metrically close in RP generally have, at ter-
mination of the learning procedure, visually close 
images in the viewing plane. 

3 Generation of Labeled Pro
totypes 

We first train a one-dimensional SOFM using the 
training data, without using the class information 
of the input data. Initially the number of nodes in 
the SOFM is the same as the number of classes 
c. The motivation behind this is the fact that 
the smallest number of prototypes that may be re-
quired is equal to the number of classes. At the 
end of the training the weight vector distribution of 
the SOFM will reflect the distribution of the input 
data. These unlabeled prototypes are then labeled 
using the class information. For each of N input 
feature vectors we identify the prototype closest to 
it, i .e., the winner node. Since no class information 
is used during the training, it is only natural that 
some prototypes may become the winner for data 
from more than one class. For each prototype v; 
we compute a score D;j, which is the number of 
input data from class j to which v; is the closest 
prototype. Due to strong interaction among the 
neighboring nodes of the SOFM during the train-
ing some prototypes may be so placed that for no 
input data they become winners; i.e., D;j is 0 for 
all j.We reject such prototypes. For the remaining 
prototypes the class label C; of the prototype v; is 
determined as 

C; = arg maxD;j .....__._., 
j 

(3) 

The scheme will assign a label to each of the c 
prototypes, but such a set of prototypes may not 
classify the data satisfactorily. For example, from 
(3) it is clear that '£j"#i D;j data points will be 
wrongly classified by the prototype v;. Hence we 
need further refinement of the initial set of proto-
types Vo = {v1o,v2o, ... ,vco} C RP. 

3.1 Refinement of Prototypes 

A good set of prototypes must be capable of deal-
ing with class specific characteristics (such as class 
boundaries) of the data. The prototypes generated 
by the SOFM algorithm represent the overall dis-
tribution of the input data. So we need a strategy 
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to modify the initial set of prototypes V0 so that it 
enhances the performance of the classifier. This is 
an iterative scheme. 

On m-th iteration the prototype set Vm-1 from pre-
vious iteration is used to generate the new set of 
prototypes Vm. The labeled set of prototypes Vm-1 
is used to classify the training data and its perfor-
mance is observed. Let I1'i be the number of train-
ing data to which prototype v; is the closest one. 
Let S; = max;{D;;} = D;c,. Thus, when v; is 
labeled as a prototype for class C;, S; data points 
will be correctly classified by v; and F; = Li;tj D;; 
will be incorrectly classified. Therefore, 

and 
W; = L:nii· 

j 

Let X = { x1, ... , XN} be the set of training data 
and n; be the number of points from class j. Two 
retention parameters, global retention parameter 
a and class-wise retention parameter (3 are used to 
evaluate the performance of each prototype. Based 
on the result of the evaluation, different operations 
may be performed on the prototypes to generate a 
new set of prototypes. We use the following oper-
ations in our algorithm. 

Merging of a prototype with respect to a 
class: Let a prototype v; represent D;k training 
data from class k. To merge v; w.r.t. class k we 
identify v1 closest to v; such that C1 = k (i.e., v1 
also is a prototype for class k). Let X;j be the set 
of training data vectors from class j whose nearest 
prototype is v;. When we merge v; with v1 w.r.t. 
class k, v1 is updated according to (4), 

~ t1'Iv1 + LxeX;k x 
Vt- . 

Wz+D;k 
(4) 

Note that we do not say here, when to merge. That 
will be discussed later. 

Modifying a labeled prototype: A prototype 
v; is modified according to the following equation, 

(5) 

Splitting a prototype: A prototype v; is split 
into r new prototypes for r different classes ac-
cording to the following rule. For each of the r 
new prototypes, Vt, of class Ct we compute 

LxeXoc1 X 
VI= . 

Dw, 
(6) 
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The prototype v; is deleted. So after the splitting 
the number of prototypes is increased by r - 1. 

Deleting a prototype: The prototype v; is 
deleted and the number of prototypes is reduced 
by one. 

Now we are in a position to schematize the evalua-
tion and enhancement strategy for the prototypes 
as follows. 

Algorithm {Update Prototypes): 
m +-1 
Repeat until termination condition is satisfied 

For i = 1 to I V m-1 I 

If W; < aN and there is at least another 
prototype for class C; 

then delete v;. (Global deletion); 
/*If a prototype does not represent a reason-

able number of points, it fails to qualify to become 
a prototype. *I 

If W; > aN but D;; < f)Ni, Vj 
then merge v; for the classes for 
which D;j > 0, delete v;. 
(Merge and delete); 

/* The prototype represents reasonable num-
ber of points, but not reasonable number of points 
from any particular class so that it can qualify as 
a prototype for a particular class. But we cannot 
ignore the prototype completely. We logically first 
split v; into s prototypes v;1, v;2, ... v;8 , s ::; c, s is 
the total number of classes for which D;j > 0, and 
then merge Vij to its closest prototype from class j. 
v; is then deleted. * / 

If W; > aN and Dw, > f3Nc, 
but D;j < (3Nj for all j "f:. C; 

then merge v; with respect to all the 
classes other than C; for which 
D;; > 0 using (4) and modify 
v; using(5).(Merge and modify); 

/* The prototype represents points from more 
than one classes, however, the points from one class 
only are well represented by the prototype. Accord-
ing to our labeling scheme the prototype is labeled 
with the most represented class. Thus we merge v; 
with respect to the classes other than C; using (4) 
and then modify v; by (5). *I 

If W; >aN and D;; > f3N; for 
more than one class 

then merge v; w.r.t. classes for 
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which Dij < f3Nj by ( 4)and split 
Vi into new prototypes for the 
classes for which Dij > f3Nj by (5). 
Add these new prototypes to the 
new set of prototypes V m. 

(Merge and split); 
/* The prototype represents. points reasonably 

well from more than one classes. So we merge the 
prototype with respect to the classes whose data are 
not represented reasonably well and split the proto-
type into one for each class whose data are reason-
ably well represented by Vi. *I 

End For 

Vm= 
{V m-1 - { deletedprototypes)} U { newprototypes} 

Run SOFM algorithm on Vm with winner-only up-
date (i.e. no neighbor is updated) strategy. 

/* At this stage we want only to fine tune 
the prototypes. If the neighbors also are updated the 
prototypes again might migrate to represent points 
from more than one class. *I 
m~m+l 

End Repeat. 

For termination, we use de and dp to detect the con-
vergence of the algorithm in terms of rate of change 
of misclassification and number of prototypes. Let 
Em be the number of misclassifications for V m. The 
algorithm is terminated if 

(7a) 

and 

IIVm-11-IVmll ; 
IVm-11 <op. (7b) 

Where I V m-1 I is the number of prototypes in 
Vm-1· 
Thus the algorithm terminates when between two 
successive iterations both the number of prototypes 
and the number of misclassifications do not change 
significantly. 
For some data sets the algorithm may not converge, 
instead the number of prototypes may fluctuate 
with iterations while the rate of misclassification 
does not change appreciably. Such a condition may 
be detected by the number of prototypes for three 
successive iterations. For example, one can use .Q.P 

Data S1ze No. of rototypes No. of '7o Of 
Set 1mt1al .!""mal iterations Error 
Iris 150 3 7 3 2.66% 
Glass 214 6 28 7 22.89% 
Breast 569 2 5 9 10.89% 
Cancer 
Norm4 800 4 4 3 4 .0% 

Table 1: Performance of the classifier for different 
data sets. 

as defined bellow to detect the termination: 
I (IV m-2 I- I V m-1 I)- (I V m-1 I- I V m I) I /::,. 

I (I V m-2 1- I V m-1 I) I > P 

(8) 
The reason behind (8) is this 

I (I V m-2 I - I V m-1 I) ~~~ (I V m-1 I - I V m I) I 
but they differ in sign in case of non-convergence 
in terms of (7). Hence the left hand side of the 
8 is nearly 2 which cannot happen in case of con-
vergence. On termination (by (7) or (8)) if Em < 
Em- 1 we select Vm as the final set of prototypes 
else we select Vm-1 · 

4 Results 

We have used several well known data sets to test 
our algorithm, but we report here results for 4 data 
sets: Iris, Glass, Breast Cancer and Norm4. Iris 
data [9] have 150 points in 4 dimensions that are 
from 3 classes each with 50 points. Glass data [10] 
consist of 214 samples with 9 attributes from 6 
classes. Breast cancer [11] data have 569 points 
in 30 dimensions from two classes. The data set 
Norm4 [12) is a sample of 800 points consisting of 
200 points each from the four components of a mix-
ture of 4 class 4-variate normals. For these 4 data 
sets our reported results are obtained on the entire 
data using the computing protocol: 

a= f3 = 5%, Oe = 0.05, Op = 0.2 and .Q.P = 2. 
Table 1 summarizes the classification perfor-
mances. It is well known that classes 2 and 3 of Iris 
have some overlap and the typical re-substitution 
error with a nearest prototype classifier defined by 
3 prototypes obtained by some clustering algorithm 
is 15-16 (i .e., about 10% error with 3 prototypes) . 
Our algorithm terminated with 7 prototypes in 3 
iterations. The performance of the proposed sys-
tem with 7 prototypes is quite good resulting only 
2.66% error. 
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Breast Cancer data have been used in [11] to 
train a linear programming-based diagnostic sys-
tem by a variant of multisurface method (MSM) 
called MSM-Tree and about 97.5% accuracy was 
obtained. Breast cancer data of a similar kind have 
also been used in a recent study [13] with 74.0% ac-
curacy with 100 rules. Our classifier could achieve 
as low as 10.89% error with only 5 prototypes and 
it is quite good. 

High percentage of error for Glass data is possibly 
unavoidable, because a scatterplot (Fig. 1) of the 
two principal components shows that the data for 
class 3 are almost randomly distributed among the 
data points from other classes. In fact the points 
from class 3 (represented by +) are not visible in 
the scatterplot. In [13] the recognition score for the 
glass data is 64.4% i.e., about 35% error. Our clas-
sifier could realize more than 77% accuracy with 
28 prototypes generated in 7 iterations of the algo-
rithm. 
The performance on Norm4 [12] with only 4 proto-
types, i.e., one prototype/class is quite satisfactory 
too. In this case the SOFM based classifier could 
achieve up to 96% accuracy with only 4 prototypes. 

5 Classification of M ultispec
tral satellite Image Data 

Huge amount of information about the earth sur-
face is routinely generated using remote sensing 
techniques. Much of this digital information is in 
the form of images captured by satellite-based sen-
sors operating in different spectral bands. Analysis 
of such images form a major area of application for 
classification methodologies. Several methods are 
used for this purpose with varying degrees of suc-
cess [6, 7, 8]. In this paper we report the use of the 
NP classifier described above for the classification 
of a multispectral satellite image. 

The given image is of size 512 x 512 pixel cap-
tured by seven sensors operating in different spec-
tral bands from Landsat-TM3. Each sensor gener-
ates a 512 x 512 image with pixel values varying 
from 0 to 255. Figure 2 shows band 1 of the image. 
The 512 x 512 ground truth data give the actual 
distribution of classes of objects present in the im-
age. From these images we produce a labeled data 
set with each pixel represented by a 7-dimensional 
feature vector. Each dimension of a feature vec-
tor comes from one of the channel images and the 
class label comes from the ground truth data. The 
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frequency distribution of pixels of different types is 
given in Table 2. 

Classes No. of samples 
Forest 176987 
Water 23070 
Agriculture 26986 
Bare ground 740 
Grass 12518 
Urban area 11636 
Shadow 3197 
Clouds 358 
Total 262144 

Table 2: Classes and their frequencies in the images 
used . 

We randomly partition the data set into training 
and test sets. The training set contains 1600 sam-
ples, 200 samples from each class and the test set 
contains the rest of the data points. Thus the train-
ing set contains less than 7% of the data. For our 
experiments four such random partitions into train-
ing and test sets have been generated. Each train-
ing set is. used to design a NP classifier and then 
tested on the whole image. The performance of the 
classifier is summarized in Table 3. Table 3 shows 
that the best result on the test data yields 81.8% 
correct classification and the average classification 
performance is 79.47%. Figure 4 is the image rep-
resentation of the classification result while Fig. 3 
is the ground truth image. In both images, differ-
ent classes are represented by different gray values 
and they look alike. 

Set No. of Error Rate in Error Rate in 
No. Prototypes Training Data Whole Image 
1. 30 26.7% 22.2% 
2. 25 24.4% 23.0% 
3. 25 22.7% 18.7% 
4. 27 25.8% 18.2% 
Avg. 27 24.9% 20.53% 

Table 3: Classification performances of 4 NP clas-
sifiers designed using different training sets for the 
multispectral satellite image 

The same set of mliltispectral images has been used 
by Kumar et al. [14] in a comparative study using 
several classification techniques. The best result re-
ported by them using a fuzzy integral based scheme 
achieves a classification rate of 78.15%; i.e., an error 

Australian Journal of Intelligent lnfonnation Processing Systems Volume 6, No. 2 



116 

rate of 21.85% while our best result yields 81.8% 
correct classification. The average percentage of 
classification for our classifier (79.47%) is also bet-
ter than the best results reported by Kumar et al. 
[14]. 

6 Conclusions 

We proposed a simple but powerful approach of 
finding a set of reliable prototypes for a nearest 
prototype classifier. The algorithm tries to gener-
ate a small number of prototypes while at the same 
time tries to keep the error rate as low as possi-
ble. This is achieved by means of two opposing 
actions (1) splitting of prototypes and (2) deletion 
of prototypes. The former leads to an increase in 
the number of prototypes, with a view to ensur-
ing that class boundaries are taken care of; while 
the later decreases the number of prototypes by 
deleting prototypes which do not represent an ad-
equate number of data points. These two actions 
together try to ensure that there are enough proto-
types to represent the distribution of the data and 
each prototype represents a substantial number of 
data points. To achieve good generalization capa-
bility of the classifier the algorithm tries to place 
each prototype at the center of a dense set of points. 
This is achieved by retraining of the prototypes us-
ing SOFM algorithm with the winner-only update 
scheme at the end of each modification cycle. 

The results reported demonstrated the superiority 
of the proposed scheme. However, the process is 
sensitive to the choice of the parameters a and f3 
and to some extent on 6e, t5p and ~P. Further in-
vestigation is required to provide a guideline for 
selection of these parameters. 
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Figure 1: Scatterplot of the glass data in along two most significant principal components. 

Figure 2: Band-1 image (Mter histogram equalization) 
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Figure 3: The image reconstructed from the ground truth. The classes are represented by different shades 
of gray. 

Figure 4: The image reconstructed from one of the classification results. The classes are represented by 
different shades of gray. 
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