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ABSTRACT 
In this paper, supervised learning for Self-Generating 
Neural Networks (SGNN) method, which was originally 
developed for the purpose of unsupervised learning, 
is discussed. An information analytical method is pro-
posed to assign weights to attributes in the training 
examples if class information is available. This signif-
icantly improves the learning speed and the accuracy of 
the SGNN classifier. The performance of the supervised 
version of SGNN is analyzed and compared with those 
of other well-known supervised learning methods. 
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1 INTRODUCTION 

The SGNN (Self-Generating Neural Network) method 
proposed in [11] is an unsupervised learning method. 
It has been applied to different application areas such 
as image coding, diagnostic expert system and docu-
ment/information retrieval system [10]. Although the 
SGNN method performs quite satisfactorily comparing 
with other unsupervised learning methods, it cannot 
compete with other supervised learning methods in some 
cases since the class information has not been used. 

In this paper, an information analytical method is 
proposed to assign weights to attributes in the train-
ing examples using class information. This significantly 
improves learning time and the predictive accuracy of 
the SG NN classifiers. The method is different from the 
conventional supervised learning methods, such as ID3 
[5, 7], CN2 [1] and Backpropagation (BP) [8, 4], and 
can find its analogy with self-learning or learning from 
textbook. Class information is only used in assigning 
weights and not used in training for reinforcement. That 
is, there is no teacher supervising the learning proce-
dure all the time and the system learns from a pre-
processed/weighted training set which plays a similar 
role of a well-edited textbook. The performance of the 
supervised version of SGNN is analyzed and compared 
with those of well-known supervised learning methods. 
Below, we will use a simple version of SGNN - SGNT 
(Self-Generating Neural Tree) to elaborate how super-
vised learning (i.e., using class information) is carried 
out. 

In the following section, we describe the basic unsu-
pervised SGNT algorithm and show that it is compara-
ble with some other known unsupervised methods but 
not as good as some supervised methods. In Section 3, 
we propose some information measures that are used in 
Section 4 to assign weights to attributes and select fea-
tures. Stopping criteria are also given for the weight 
assignment procedure. In Section 5, we show in de-
tails how the information measures are used to assign 
weights and select features through three problems. In 
Section 6, we give a discussion on the features of super-
vised/unsupervised SGNT and the method ~f extending 
SGNT from the unsupervised to the supervised and its 
limitations. 
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2 SGNT ALGORITHM 
Neural networks are usually designed by human experts. 
It is fairly tricky to choose the right structure of the neu-
ral network suitable for a particular application at hand. 
In this section, we briefly discuss the SGNT method pro-
posed in [11] to generate neural trees [2] automatically 
from the training examples without human intervention. 

For this kind of networks, not only the weights of the 
network connections but also the structure of the whole 
network are learned from the training examples directly. 
These include: 

1. the number of the neurons in the network, 

2. the interconnections among the neurons, and 

3. the weights on the connections. 

A neural tree generated in this way is called a self-
generating neural tree. 

Before we describe the algorithm, some related defi-
nitions are given below: 

An instance e; is a vector of attributes: e; = < 
ail, ... , a;n > . A neumn nj is an ordered pair < 
Wj , Cj >, where Wj is the weight vector of the neu-
ron: Wj = < aj 1 , ... ,ajn >,and Cj is the child neuron 
set of nj. 

An SGNT is a tree < {nj}, {lk} > of neurons gen-
erated automatically from a set of training instances 
by the algorithm given below, where { nj} is the neu-
ron/node set and {lk} is the link set of the tree. 

A neuron nk in a neuron set { nj} is called a winner 
for an instance e; if't/j, d(nk, e;) :::; d(nj, e;) where d(n, e) 
is the distance between neuron n and instance e. Any 
distance measure could be used, but we use a modified 
Euclidean distance measure as an example in this paper: 

(1) 

where Pk is the weight for the k-th attribute. Note that, 
these weights, p, are different from those weights, w , de-
fined later, for the links of the SGNT. The former are 
determined by a method proposed in the next section 
or a human expert prior to the learning phase while the 
latter are learned from the given training data set. If 
the learning system makes use of the class information 
available to select a set of suitable weights for the at-
tributes, the performance of the classifier generated by 
SGNN/SGNT will be improved significantly. Especially 
when there are many attributes irrelevant to the under-
lying classification problem and other attributes make 
contributions which are of different importance. The 
main purpose of this paper is to propose an information 
analytical method to analyse the training set to assign 
different weights to different attributes so that we can 
improve both the classification and generalization sig-
nificantly. We first introduce our SGNT algorithm: 

Algorithm (SGNT Generation) 

Input: 
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1. A set of training instances E 
0, 1, ... ,N. 

2. A threshold e > 0. 
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{e;}, 

3. A distance measure for each attribute/weight 
in instances/neurons. 

Output: An SGNT generated from E. 

Method: copy(root,eo); 
for each item in the training data 

minDistance = test(e;,winner); 
if(minDistance > ~) 

if winner is a leaf do 
copyCn1,winner); 
connect(n1,winner); 

copy(n2 , e;); 
connect(n2 ,winner); 

update(winner,e;); 

A neuron in an SGNT is called a leaf neuron if it has no 
child neuron. The routines/functions above are defined 
as follows: 

1. copy (n, e) : generate a neuron n and copy the at-
tribute values in the instance e to the weights in 
n. 

2. test(e,winner): find a winner in the current 
SGNT for instance e and return the distance be-
tween the winner and e. 

3. connect(n0 , nd: connect neuron n0 to n1 making 
no as a child neuron of n1 . 

4. update(n,e): update the weight vector of neuron 
n by the attribute vector of e based on the updating 
rule below: 

1 
Wij,k+l = Wij,k + k + 1 · (ak+l,j- Wij,k) · 

where Wij,k is the j-th weight of n; after having seen the 
first k examples covered by n;. 

As the network is trained repeatedly by the training 
set, the dead branches which stop growing are pruned 
away in order to improve the quality of the network and 
decrease its size. An SGNT branch is called dead if 
the number of examples covered by its root does not 
increase during the repeated training. Finally, it is pos-
sible to simplify an SGNT by a method similar to Quin-
lan 's method of decision tree simplification [6]. For more 
detailed information about the SGNT algorithm, op-
timization, pruning, and simplification, please refer to 
[11]. 

The performance of the SGNT method described early 
is quite satisfactory in both accuracy and speed aspects 
comparing with some well-known unsupervised learning 
methods such as CLASSWEB and ECOBWEB1 (see Ta-
ble 1, where the unit of time is second). 

Since the SGNN/SGNT classifier does not make use 
of the class information even when this information is 

1 These two are the variations of Fisher's COBWEB [3]. 
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available, it cannot compete with the classifiers devel-
oped by some well known supervised methods (see Ta-
ble 2 starting from the second row). Therefore, it seems 
necessary to find a way for the SG NN /SG NT method to 
make use of the available class information. Note that 
except the first rows in Tables 1 and 2 are reported by 
us, the rest can be found in [9] . The MONK's problems 
are to be explained in Section 5. 

3 INFORMATION 
MEASURES 

In this section , we propose some information measures 
to assign weights to attributes in the training examples 
so that a more informative attribute for classification 
is assigned with a larger weight . In order to determine 
whether an attribute is informative or not , we give the 
following discussion : 

Suppose a set S of objects is divided into Ne subsets, 
called classes. The expected information (or entropy) 
for classification is 

.life 

I(S) =-L n e ·log2 n e ' 

c=l n n 

where ne is the number of objects belonging to class Cc, 
and n is the total number of objects inS. Similarly sup-
pose Si!~ is a subset of S in which the i-th attribute A; of 
all objects has its k-th value. The expected information 
in S;k for classification is 

where n;k is the number of objects for which A; takes 
its k-th value, and among these n;k objects, nikc belong 
to class Cc. Therefore, for attribute A; the expected 
information is 

Learning method 
tested M1 M2 

where N; is the number of values A; can take. Thus, the 
first order information gain contributed by A; is 

and is a measure of A; 's contribution to classification. 
Because the gain 9; defined above is related to the num-
ber of values .M that an attribute A; can take, i.e., A; 
tends to have a large fh if N; is large, we also use normal-
ized gains to measure the contribution of each attribute. 
The normalized gain is defined as 

g~- Q; 
• - I;, 

In [5], 9; and 9: are maximized to choose attribute to 
branch in decision trees for ID3 . 

In our case, if 9; is greater than an appropriate thresh-
old, we may use it as the attribute weight of A ; in (1) . 
If 9; is too small , it depends if 9; should be used as the 
weight of A;, because the information gain may be not 
only contributed by A; itself but also by some noise or a 
deviation of the sample set from the true distribution of 
S . In this case, second or higher order information gains 
may be considered. The definitions of second or higher 
order information gains can be given in a way similar to 
that of first order information gains. For example, the 
second order information gain of a pair of attributes A; 
and Aj can be defined as follows: 

where 
Jl!; N'i 
~~n· · kl &;j = LJ LJ ....,;]_ · I(Sijk t) ; n 
k=ll=l 

(2) 

nijkl is the number of objects in S whose i-th and j-th 
attributes take their k-th and l-th values, respectively; 

.life 

I(s ) ~ n i jklc l nijkle 
ijkl = - LJ -- · og2 --; 

c=l n ;j kl nijk l 

and nijklc is the number of objects belonging to class Cc 

whose i-th and j-th attributes take their k-th and l-th 

Test results Tester(s) 
M3 Average 

SGNT (unsupervised) Accuracy 82.6% 78.2% 84.5% 81.8% Wen et. al. 
time 1.47 2.37 

CLASSWEB 0.10 Accuracy 71.8% 64.8% 
time 1406.47 2013.78 

CLASSWEB 0.15 Accuracy 65.7% 61.6% 
time 867.47 977.04 

CLASSWEB 0.20 Accuracy 63.0% 57.2% 
time 499.94 646.06 

ECOBWEB leaf prediction Accuracy 71.8% 67.4% 
time 

ECOBWEB l.p & inform.util. Accuracy 82.7% 71.3% 
time 

Table 1: Comparisons for MONK's problems among un-
supervised learning methods 
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2.69 
80.8% 72.5% Kreuziger et. al. 
1311.25 
85.4% 70.9% Kreuziger et. al. 
822.09 
75.2% 65.1% Kreuziger et. al. 
521.21 
69.1% 72.5% Reich & Fisher 

NjA 
68.0% 74.0% Reich & Fisher 

N/A 
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Learning method Test result 
tested M1 M2 M3 

SGNT (supervised) 100% 87% 100% 
AQ17-DCI lOO% lOO% 94.2% 
AQ17-HCI lOO% 93.1% lOO% 
AQ15-GA lOO% 86.8% lOO% 
Assistant Professional lOO% 81.3% lOO% 
mFOIL lOO% 69.2% lOO% 
ID5R 81.7% 61.8% N/A 
IDL 97.2% 66.2% N/A 
ID5R-hat 90.3% 65.7% N/A 
TDIDT 75.7% 66.7~ N/A 
ID3 98.6% 67.9% 94.4% 
ID3 (no windowing) 83.2% 69.1% 95.6% 
ID5R 79.7% 69.2% 95.2% 
AQR 95.9% 79.7% 87.0% 
CN2 lOO% 69.0% 89.1% 
PRISM 86.3% 72.7% 90.3% 
Backpropagation lOO% lOO% 93.1% 
Backprop. with weight decay lOO% lOO% 97.2% 
Cascade Correlation lOO% lOO% 97.2% 

Table 2: Comparisons for MONK's problems among su-
pervised methods 

values, respectively. The normalized second order 
gain can be defined accordingly. 

./tl; ./tlj 
I E E nijkl I nijkl 
ij = - -- · og2 --· n n (3) 

k=ll=l 

Sometimes, we need consider not only the absolute 
higher order gains but also the higher order gains related 
to the corresponding lower order gains. For example, the 
second order gain of attribute pair A; and Aj related to 
the first order gain (h is 9ij,i = Q;j - Q; and the corre~ 
spending normalized relative gain g:j,i = g:j - g:. The 
relative gains are useful when both Q; and Qij are greater 
than the corresponding thresholds, and we would like to 
know whether the contribution of Aj is significant to the 
classification. 

Although the impact of higher order information gains 
are not as obvious as that of first order gains, it is some-
times important for the performance of the classifiers. 

4 ATTRIBUTE 
SELECTION AND WEIGHT 
ASSIGNMENT 

In this section, we discuss heuristic rules to select at-
tributes related to the underlying classification, when 
there are irrelevant attributes in the training examples, 
and to assign weights to the selected attributes. 

An attribute A; is called first order selectable, if its 
gain g: > Q'( 1), where Q'(l) is the average of all nor-: 
malized first order gains. If an attribute is first order 
selectable, its contribution to the classification is above 
average and thus should not be ignored. If an attribute 
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is not first order selectable, it can still be selected be-
cause of the joint contribution of the attribute and other 
attribute(s). An attribute A; is called second order se-
lectable if one of the following conditions is satisfied: 

1. There is another attribute Aj, A; and Aj are not 
first order selectable but the normalized second or-
der gain g:j > Q'(2), where Q'(2) is the average of all 
normalized second order gains except those second 
order gains corresponding to attributes which are 
both first order selectable. 

2. A,; is first order selectable, but A; is not, and 9ij,j > 
r.(2 ,1) 1\ g! . . > Q'( 2,l) where Q'(2,l) and Q(2,lJ are 
':1 $J,J ' 
the averages of relative normalizedfunnormalized 
second order gains of all pairs of the attributes ex-
cept those that correspond to two first order se-
lectable attributes. 

Note that the order of the above logic expression is sig-
nificant. That is, if gij,j > Q(2•1) is not true, we can 
simply reject A; as selectable, and it is not necessary 
to calculate and test g:j,j > Q'(2•1). In these cases, the 
average of the gains is only over those gains which have 
already been calculated. 

Higher order selectibility can be also defined similarly. 
If expert knowledge is available in the learning, the aver-
ages can be replaced by any thresholds chosen according 
to the knowledge. In this paper, we use the averages as 
the thresholds assuming no expert knowledge is avail-
able. 

If an attribute is neither first nor second order se-
lectable, we call it second order rejectable. In this· paper, 
we reckon that an attribute is irrelevant to a classifica-
tion problem if it is at least second order rejectable and 
thus is assigned a weight 0. For all other attributes, if 
their first order gains are greater than a threshold, say 
~,where N is the number of attributes in a training 
vector, set their weights equal to the gains. Otherwise, 
set their weights to the reciprocal of the corresponding 
gains since we would like to reduce the deviation of the 
training samples from the true distribution. It should 
be noted that although .normalized gains are used for at-
tribute selection, unnormalized gains should be used for 
weight assignment since attributes with larger numbers 
of values need bigger driving forces for classification. 

Before we show, in examples, how to use information 
gains and the above heuristic rules to assign weights to 
the attributes, we discuss when the higher order gains 
should be calculated, or when the calculation is not nec-
essary. 

4.1 Stopping Criteria 
At the beginning, two sets are defined: SELECT and 
START. SELECT is null and START contains all the 
attributes. Data is ·treated in a conventional mam1er, 
divided into two sets: TRAIN and TEST. P; is a per-
formance measure, e.g. predictive accuracy. 

1. i = 1, {3 = 0. 02; # {3 is a tunable parameter 
2. compute ith order gains to select attributes 
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from START and add into SELECT; 
induce a concept hierarchy, C, using 

the attributes in SELECT; 
obtain P1 of C on TEST; 

3. i = i +i; 
compute ith order gains to select attributes 

from START and add into SELECT; 
induce a concept hierarchy, C, using 

the attributes in SELECT; 
obtain P2 of C on TEST; 

4. if (START = SELECT) or 
(P2 < Pi) or 
(P2 < P 1 + {3) or 
(P2 ~ 1 - {3) 

then STOP 
else Pi = P2; 

go to 3. 

Here we provide four stopping criteria. First one 
says if all attributes are selected, the selection algorithm 
should stop. Second one points out a theoretical possi-
bility that the more attributes selected, the worse the 
performance. The algorithm should stop if this occurs. 
Third one amounts to if there is no significant improve-
ment, stop. And fourth one states that if the perfor-
mance is sufficiently good, stop. 

5 EXAMPLES 
The MONK's problems proposed in [9] become a de 
facto standard set of benchmarks because 

1. MONK's tests have been performed for many 
(at least 20) well-known supervised/unsupervised 
learning methods at the 2nd European Summer 
School on Machine Learning during summer 1991. 
This makes a comparison between our method and 
those well-known methods much easier and less bi-
ased. 

2. The training and test data and the test results for 
other well-known methods are easily accessed. 

3. The MONK's problems are not too complicated, 
time-consuming to test but are also reasonably dif-
ficult to be solved in different aspects such noise, 
joint concepts. 

The MONK's problems [9] rely on an artificial robot 
domain, in which robots are described by six different 
attributes: 

A1: head..shape E round, square, octagon; 
A2: body_shape E round, square, octagon; 
Ag: is ...smiling E yes, no; 
A4: holding E sword, balloon, flag; 
As: jacket_color E red, yellow, green, blue; 
As has_ tie E yes, no. 

The learning tasks of the three MONK's problems are 
binary classification tasks, each of them is given by the 
following logical description of a class. 
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• Problem M1: 
(head_shape = body _shape) or (j acket_color = red) . 
From 432 possible examples, 124 were randomly se-
lected for the training set. No noise is present. 

• Problem M 2 : 

Exactly two of the six attributes have their first value. 
From 432 examples, 169 were selected randomly. 
No noise is present. 

• Problem M3 : (Jacket_color is green and holding a 
sword) or (jackeLcolor is not blue and body_shape 
is no octagon). From 432 examples, 122 were se-
lected randomly. and among them there were 5% 
misclassifications, i.e., noise in the training set. 

The graphical representations of the training and test-
ing sets for all these three problems are given in the 
Appendix of the report. It is easy to see that M3 should 
be the easiest one to learn if there were no noise present 
because there is only a Disjunctive Normal Form (DNF) 
of first order relations to be learned in the description. 
M 1 is a bit harder because there is a second order rela-
tion, head_shape = body_shape, to learn. However, the 
noise in M 3 changes the order of difficulty between M 1 
and Ma. The most difficult one is M2, one has to exam-
ine all the six attributes of any example to tell whether 
it belongs to the right class. 

Methods like SGNT/SGNN or COBWEB [3], will not 
perform well for these examples. The reason is twofold: 
firstly, these methods are unsupervised; secondly, these 
methods treat all attributes equally important, but in 
some (Mt and Ma) of these problems some attributes 
may be much more important than the others. In ef-
fect, A a, A4 , and A6 are corn pletely irrelevant in M 1 , 

and At,Aa, and A6 in Ma to the classification problems. 
Methods such ID3 [5] and the like should perform bet-
ter than the above mentioned methods not only because 
they are supervised, but also because they discriminate 
some minor attributes from the others in one way or an-
other. However, even ID3 cannot achieve the best results 
for MONK's problems because the problems are obvi-
ously involved in higher order relations but ID3 deals 
only with first order information. An information anal-
ysis conducted below also confirms the above intuitive 
conjectures. 

5.1 MONK'S PROBLEM 1 
The information analysis for the training set can be per-
formed starting from calculating the first order informa-
tion gains. For M1, the result of first order information 
analysis is shown in Table 3. 

The expected information for classification in M 1 is 

62 62 62 62 
I(Mt) = -- ·log2--- ·log2 - = 1 0 124 124 124 124 . 

For A1 = 0 in M1, the information is 

14 14 31 31 
I(At) =- 45 ·log2 45 - 45 · log2 45 = 0.8946. 
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Attr Value class Info. N 'lized 
val # Co c1 gain g gain Q' 
0 45 14 31 

A1 1 42 22 20 .0753 .0476 
2 37 26 11 
0 35 15 20 

A2 1 42 22 20 .0058 .0037 
2 47 25 22 

A a 0 65 35 30 .0047 .0047 
1 59 27 32 
0 42 26 16 

A4 1 43 21 22 .0263 .0166 
2 39 15 24 
0 30 11 19 

As 1 31 11 20 .2870 .1437 
2 34 11 23 
3 29 29 0 

As 0 56 29 27 .0008 .0008 
1 68 33 35 

Table 3: Information analysis for M1 

Gains Norm Gain Rela Gain Norm Rela 
gl2: .5147 Qb: .2403 g l 2,1 : .4394 gb.l: .1926 
gl3: .0855 gb: .0487 
gl4 : .0968 gi4: .0447 
gl6: .0876 gi6: .0498 
g23: .0125 g~3: .0075 
g24: .0335 g24: .0167 
g25: .3006 g2s: .1322 g2s ,s: .0136 
g26 : .0305 g~6 : .0183 
g34 : .0353 9~4 : .0268 
9as: .3078 9~5: .2004 g35,5 : .0208 
g36 : .0195 g~6: .0193 
g45: .3247 g-45: .1344 g45,5 : .0377 
946: .0509 g,46: .0293 
g56: .3053 g~6: .1351 9s6,5: .0183 
Average: .0552 .1060 .1926 

Table 4: Second gains for M1 

Similarly, the information for A1 = 1, and 2 is 
0.9985, 0.8780, respectively. Thus, the expected infor-
mation and the first order information gain for A1 are 

45 42 37 
£1 = 124 . 0.8946 + 124 . 0.9985 + 124 ' 0.8780 = 0.9246, 

and 
gl = 1 - 0.9246 = 0.0753. 

Other first order information gains and the normalized 
gains can be calculated similarly, and are shown in the 
last two columns of Table 3. The average of this the 
information gains 0.0666 can be chosen as the threshold 
of the information gains. Therefore, only two first order 
selectable of six attributes, A1 and As are selected with 
weights 0.0753 and 0.2870. The second order gains can 
be calculated according to (2) and (3), and are given in 
Table 4. 

It is easy to see from Table 4 that only A2 is second 
order selectable (see the first row in Table 4, in fact , it 
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9a : .0008 I 
l 94: .0029 1 9s: .2559 96 : .0071 J 
1 9i: .oo45 J g~: .1854 93: .ooo8 1 
1 94: .ooi8 J 9~: .1281 9~: .oo11 1 

Table 5: First order information gains forMa 

is not necessary to calculate gb 1 because it is the only 
candidate). Thus, A 2 is assigned a weight of 0.0058 and 
all the other attributes are second order rejectable and 
assigned weights 0. Using the attribute weight (p) set 
{0.0753, 0.0058, 0.0, 0.0, 0.2870 , 0.0} for M1 , we obtain a 
network with a classification accuracy of 100% for both 
training and testing sets (Table 2), thus the selection 
algorithm stops. 

5.2 MONK's PROBLEM 3 
As mentioned above, there were 5% misclassifications or 
noise in the training set of M3 . This makes M3 more 
difficult than M1 . If there were no noise in the training 
sets, Ml is more difficult than M3 . Hence, the selection 
of the gain threshold will be more sensitive to the classi-
fication performance for M3 . The first order information 
gains in the training set is given in Table 5. 

Among the first order gains only 92 and 9~ are greater 
than the average 0.0468 of the 6 first order normal-
ized gains. Therefore, A2 and A5 are assigned weights 
0.2937 and 0.2559 , respectively. There are 8 attribute 
pairs whose second order normalized gains are greater 
than the average 0.0682 . Among them only three 
9ls,s , 924,2 1 945,5 , have relative gains above the aver-
age. Because the normalized relative gain 9f 5 5 is be-
low average 0.0090, only A4 is second order s~lectable 
and is assigned a weight 0.0029. Using attribute set 
{0.0, 0.2937, 0.0, 0.0029, 0.2559, 0.0}, we generate a net-
work forMa, again, with 100% classification accuracy for 
testing set and thus the selection algorithm stops. It is 
interesting to note that the network constantly corrects 
the 6 misclassified examples when testing the training 
set. 

Our intuition has been verified by our information 
analysis that Ma would be harder than M1 because 
of the noise added in the training set. For M1 , no 
normalized relative gain needs to be calculated. How-
ever, for Ma, if we did not calculate the normalized 
relative gains and compare them with the average, we 
might well have selected A1 in addition to A4 . The 
result network generated by attribute weight (p) set 
{0.0071 , 0.2937, 0.0, 0.0029, 0.2559, 0.0} always misclas-
sifies 6-12 testing examples. 

5.3 MONK's PROBLEM 2 
As we mentioned above, M2 should be the hardest one 
among the three MONK's problems because the clas-
sification does not directly related to the values of the 
attributes. This intuition will be again verified by our 
information analysis. The first order information gains 
are given in Table 6. 
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presented. It has been shown to perform 
satisfactorily on colour and grey scale images. 
Due to its high restoration gain, the seeding method 
will quickly produce restorations on high loss images 
whereas convolution based methods slow down 
drastically. Morphological restoration may use a 
seeding method or a nearest good neighbour method. 
As images become more corrupted, pixels will be 
propagated for longer distances and larger spatial 
dislocation errors will occur giving poorer restoration 
results. Methods may use a single or dual buffer 
method for the restoration. Pictures with corruption 
of up to 95% of image pixels for grey scale images 
and up to 90% for a colour scene have been restored 
by these methods. 
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4. The method can be used for supervised, unsuper-
vised or even hybrid learning tasks depending on 
whether the class information is available or not. 
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