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Executive Summary.

These algorithms perform: i) a new type of fuzzy clustering to partition data sets into classes that
either contain a mineral or do not; and ii) a new type of neural network training on mineral data
sets so as to recognize the presence or absence of a mineral of interest. The software module was
devel oped for use with the GIS ARCView software package, bit it can be run independently as
well.

1. Introduction

The purpose of this project was to develop a software module for use with Arc-SDM.
The module implements: i) afuzzy clustering algorithm for unsupervised (self-organizing)
classification of data; and ii) a neural network algorithm for training on known data so that it
could then classify unknown data. Both algorithms are new and are not yet in use in the technical
community. The software module performs data analysis in combination with Arc-SDM and with
other software from other sources. This project, however, concerns only the development of the
software to perform the fuzzy clustering on data and to train and apply radial basis functional link
net neural networks to data, where the data was to be in the format required for Arc-SDM.

The programming was performed by Mrs. Xiangyin Yin and Mr. Han Y u, who worked as
research assistants under the direction of Prof. Carl G. Looney in the Computer Science
Department, University of Nevada, Reno, NV 89557.

This report includes the description of the two algorithms, respectively, for the fuzzy
clustering and for the radial basis functional link net. It also includes the operation of the
software.



2. The Fuzzy Clustering Algorithm

2.1 Classification and Clusters. The classification of a set of entities by alearning system based
on their vectors of features (measured attribute values) is a powerful tool for acquiring
knowledge from observations stored in data files. Given a set of feature vectors, a self-
organizing process clusters them into classes with similar feature values, either from atop-down
(divisive) or bottom-up (agglomerative) process. Classes can aso be learned under a supervised
training process where each input vector is labeled and the process parameters are adjusted until
the process output for each input vector matches the target output (label, or codeword). Artificia
neural networks learn with labeled data under supervised learning. In this section we develop an
agglomerative self-organizing (unsupervised), or clustering, approach.

The major problemsin clustering are: i) how do we find the number K of clustersfor a
given set of feature vectors {x@: q = 1,...,Q} when K is unknown? ii) how do we assess the
validity of agiven clustering of adata set into K clusters? iii) how do we permit clusters to take
their own natural shape rather than forcing them into the shapes of normed unit balls? iv) how
do we assure that the clustering is independent of the order in which the feature vectors are
input? and v) how do we assure the independence of the order in which clusters are merged? In
what follows, {x@: q=1,...,Q} isaset of Q feature vectorsthat isto be partitioned (clustered)
into K clusters{C,: k=1,...,K}. For each k™ cluster C, its prototype (or center) is designated by
c®. The dimension of the feature vectors x@ = (x,@,...,x,@) and centers c® = (¢,®,...,c,®) isN.
The feature vectors are standardized independently in each component so that the vectors belong
to the N-cube [0,1]".

2.2 Clustering Validity. A ball of uniformly distributed vectors has no cluster structure. But if a
set of vectors falls into multiple subsets that are compactly distributed about their centers and the
centers are relatively far apart, then there is strong cluster structure. We say that such clusters are
compact and well-separated. These are criteriafor well clustered data sets when the clusters are
contained in nonintersecting normed balls. Not all data sets have strong cluster structure.

A clustering validity measure [12, 19] provides a goodness-of-clustering value. Some
general measures for fuzzy clusters are the partition coefficient (PC), the classification entropy
(CE) and the proportional exponent (PE). The uniform distribution functional (UDF) is another
measure that was proposed in 1982. These are not as independent of K asis the Xie-Beni [19]
clustering validity that is a product of compactness and separation measures. The compactness-
to-separation ratio v is defined over K clusters by

v ={(UK)Zperiy 6 I Dty 02 = ZigeroWei[X@ - ¥ k=1,...K (1)

where D, is the minimum distance between the prototypes (cluster centers) and ¢, 2 is the
(fuzzy) weighted variance of the k™ cluster over all Q vectors (even those in other clusters, which
have very littleinfluence). A larger D,,,, value means alower reciprocal value. Any ¢, 2 is smaller
for more compact clusters. Thus alower value of v means more compactness and greater
separation.



We modify the Xie-Beni fuzzy validity measure by summing over only the members of
each cluster rather than over al Q exemplars for each cluster. We also take the reciprocal « = 1/v
so that alarger value of « indicates a better clustering and we call « the modified Xie-Beni
clustering validity measure.

2.3 The New Fuzzy Clustering Algorithm. The weighted fuzzy expected value (WFEV) of a set of
real values x,,..,Xp was defined by Schneider and Craig [15] to be a prototypical value that is
more representative of the set than is either the average or the median. It uses the two-sided
decaying exponential but we use the bell shaped Gaussian function instead in Equation (3) below
because it isacanonical fuzzy set membership function for the linguistic variable
CLOSE_TO_CENTER. After computing the arithmetic mean pu© of aset of real valuesx;,..,x as
theinitial center value, we employ Picard iterations to obtain the new value

MO = B0 0%, (@)= B a0 (x, - WO @)

0, = @XPl-(X, - KNI/ {E reasy ©XPL-(k - W20} ©

The value p = u® to which this process convergesis our modified weighted fuzzy
expected value (MWFEV). Usually 5 to 8 iterations are sufficient for 4 or more digits of
accuracy. For vectors the MWFEV is computed componentwise. The 6? in Equations (2, 3) isthe
weighted fuzzy variance (WFV). It changes over the iterations also and an initial value (for the
spread parameter ¢) can be set at 1/4 of the average distance between cluster centers. An open
guestion currently is that of guaranteed convergence of the MWFEV and WFV. Our preliminary
investigation shows empirically that the WFV can oscillate with increasing iterations, but that a
subsequence converges (thisistrue of the fuzzy c-means weights). Therefore we substitute a
fixed nonfuzzy mean-square error (variance) for the WFV in our algorithm.

The MWFEV method weights outliers less but weights the central and more densely
distributed vectors more heavily. It provides a more typical vector to represent a cluster. Figure 1
at the end of Section 2 shows an example of the MWFEV versus the mean and the median for a
simple 2-dimensional example. The 5 vectors are (1,2), (2,2), (1,3), (2,3) and (5,1). The outlier
(5,2) influences the mean (2.2,2.2) and the median (2,2) too strongly. The MWFEV vector
(1.503,2.282), however, isinfluenced only slightly by the outlier in the y-direction and even less
in the x-direction.

We first standardize the Q feature vectors of a sample by affinely (linearly plus
translation) mapping all Q values of the same component into the interval [0,1] (we do this
independently for each n™ component over n = 1,...,N). The standardized vectors are thusin the
unit N-cube [0,1]™. We circumvent the problem that the order of input vectors will affect the
clustering by using a large number K of uniformly distributed initial prototypes to spread out the
initial cluster centers.



To cluster the sample {x@: g=1,...,Q} we employ arelatively large initial number K of
uniformly randomly drawn prototypes to start with alarge number of initia cluster centers. Then
we thin out the prototypes that are not useful and do our special fuzzy clustering, followed by
fuzzy merging. Theinitia large number K and the thinning to a much smaller number ensures
that we find reasonable centers for al clusters. The largeinitia K isempirically derived as
shown in Table 1 by K = max{ 6N + 12|0g,Q, Q}. For example, for N = 32 and Q = 256 the
computed K would be 288. In the main loop we compute the fuzzy weights and the MWFEV
(componentwise) for each k™ cluster to obtain the prototype c®. We also compute the mean-
squared error 6,2 for each k™ cluster. Then we again assign all of the feature vectors to clusters
based on the minimum distance assignment. This processis repeated until the fuzzy centers do
not change. The fuzzy clustering algorithm follows.

Fuzzy Clustering Algorithm

Step 1: 1 =0; input 1 I* Set current and max. iteration
numbers. */
input N and Q; /*N = no. components; Q = no. feature vectors.
*/
compute K; /* K=max{ 6N +12log, Q, Q}.*/
forg=1toQdo input x; /*Read in Q feature vectorsin file to be
clustered.*/
fork=1toK do /* Generate uniform random prototypesin [0,1]"
X/

¢ = random-vector();
for k=1to K do count[k] =0; /*Initialize number of vectorsin each cluster*/

T =1.0/(K)"™; /* Threshold for prototypes being too close. */
Step 2:  repeat
dmin = 9999.9; [* Parameter for smallest distance between
centers. */
for k=1to K-1do /*Check all distances between prototypes */
for kk=k+1 to K do /*to obtain minimum such distance. */

if (|c® - ¢ < dmin) then
dmin = ||c% - c&9|;

kmin = kK; /*Index for possible deletion. */
if (dmin <) then /*1f deletion criterion is met then */
for k= kmin to K-1 do [*remove prototype too close to another
one*/
¢ = ck*D; /*by moving all higher prototypes down
one place. */
K=K-1, /* Decrement K upon each removal. */
again = true; /*Do process again if prototype istoo close. */
else again = false; /*Do not repeat if smallest distance istoo large
*/
until (again = false); [*in which case “again” is afalse boolean
variable. */



Step 3: fori=1to20do
forg=1toQdo
k* = nearest(q);
clust[q] = k*;
count[k*] = count[k*]+1;
for k=1toK do
c® =(0,...,0);

forg=1toQdo
if (clust[q] =k)
e = ¢ 4 x(@

c® = c®/count[K];
Step 4: eliminate(p);

Step 5: fork=1toK do
fuzzyweights();

o2 = variance();

c® = fuzaverage();
for k=1to K do count[k] =0;
Step 6: forg=1toQdo

k* = nearest(q);
clust[q] = k*;
count[k*] = count[k*]+1;
l=1+1;
Step 7: if (1 >1,) then
compute k;

merge();

stop;
elsegoto Step 5

Elimination Algorithm (eliminate(p) in Step 4)
fork =1toK-1do
if (count[K] < p) then
fori=ktoK-1do
count[i] = count[i+1];

/*Do 20 k-meansiterations. */

* Assign each x@ via nearest prototype c®. */
*c®) is nearest prototype to x@, */

* Assign vector X to cluster k*. */

/*Update count of cluster k*. */

[*Zero out all prototypes (centers) for averaging.
*/

[*For each feature vector, check if it belongs */
/*to cluster k, and if so, then add it to the sum*/
[* averaging to get new prototype
(componentwise). */

/*Eliminate clusters of count < p (user given p).
*/
/*Begin fuzzy clustering. */
*Use Eqn. (16), compute fuzzy wts. in k™
cluster. */
/* Get variance (mean-square error) of each
cluster. */
[* Fuzzy prototypes (Egn. 15a. */
[*Zero out counts for reassignment.*/
/* Assign each x@ to a C, viaminimal distance.
*/
/* Assign x@ to nearest ¢, */
/*Record thiswith index clust[q] = k*. */
/*Increment count for assigned vector. */
/*Increment iteration number. */

/*Check for stopping criterion. */
/* Compute modified Xie-Beni validity measure.
*/
/*Call function to merge, eliminate empty
results. */
[*Stop if stop_criterion = TRUE*/
[*or if number of iterations is exceeded, else
repeat loop*/

[*For each cluster k, eliminateit if its*/

[*count < p (empty clusters also). */
[*First, test for size < p. If so, then move*/
/*all count indicesdown by 1. */



forg=1toQdo /*Move assignment indices down by 1 */
if (clust[g] =i+1) then /*for any vector in k™ cluster. */
clust[q] =1;
K=K-1 /* Decrement no. clusters on elimination. */
if (count[K] < p) then K =K - 1; /*Check to eliminate last cluster center. */

2.4 Fuzzy Merging of Clusters. Wefirst find the R = K(K-1)/2 distances {d(r): r = 1,...,R}
between unique pairs of prototypes. For each such distance, the indices k1(r) and k2(r) record the
two cluster indices for which the distance d(r) was computed, ordered so that k1(r) < k2(r). Each
r'" prototypical pair k1(r) and k2(r) is merged only if the following condition is met: d(r) < pD,
where D isthe WFEV of al of the distances{d(r): r = 1,...,R} and 3 satisfies 0.0 < B < 1.0, where
B =0.5isagood empirically derived first trial value). There are optional criteriaaswell. Oneis:
the ball of radius (6, + 6)/2 centered on the midpoint vector y = %4 c*® + c**"] between
the cluster centers contains at least 20% of the vectorsin each cluster (the default percentages can
be changed).

Merging Clusters (merge())

Stepl: r=1; /*For every one of the K(K-1)/2 unique */
for k =1to K-1do [*pairs of prototypes, get the distance*/
for kk =k+1toK do /* between them and get the indices for*/
d[r] = |c® - c*: I*the prototypical pairs (k1() and k2(). */
k1[r] = k; k2[r] = KkK;
rr+1; [*Increment r (" pair), 1 < r < R=K(K-1)/2. */
for k=1to K do Merge[k] =0;  /*Zero out mergeindices. */
Step2: D= MWFEV{d[r]})); [* Find MWFEV of the d(r) values. */
Step 3: r* =1,
forr =2to K(K-1)/2 do /*Over all inter-prototype distances*/
if d[r] <d[r*] then r* =r;  /*find apair with least distance for merge test.
*/
[Sep 4: K1=0; K2=0; [*Optional: Zero out counters1 and 2. */
y = Y kD 4 ¢ty /* Compute midway vector between prototypes.
*/
0= Oey T Oy s /*Compute ¢ for ball centered at y. */
for g=1to Q do /*Find feature vectors in overlapping ball. */
if (X9 -y/< o) then 1*x@ must be close to y and also be in either */
if (clust[q] = k1[r*]) then K1 = K1+1; /*cluster k1(r*) or cluster k2(r*).
*/
if (clust[q] = k2[r*]) then K2 = K2+1;
P1 = Kl/count[k1[r*]]; /* Compute proportion of Cy,, pointsin ball, */
P2 = K2/count[k2[r*]; ] I*proportion of Cy,,, pointsin ball (optional).*/
Step 5: if (d[r*] <pD) [*Test merging criteria (try p = 0.5 first). */



[ AND ((P1 >0.2 AND P2 >0.2) ] /*Optional criteria for merging. */

forg=1toQdo /*Check each q" feature vector: isit in Cyyv?
*/
if (clust[q] = k2[r*] then /*If so, then reassign it to Cyy ) (Class k1(r*)).
*/
clust[q] = k1[r*]; 1*k2(r) > k1(r) is aways true for samer.
*/

count[k1[r*]] = count[k1[r*]]+1; /*Increment count of Class k1(r)*/
count[k2[r*]] = count[k2[r*]] - 1; /* Decrement count of Class k2(r)*/

Mergelk2[r*]] = [K1[r*]]; *Record merger. */
A = ctar, /*Save old prototype. */
stop_criterion = falseg;
else
stop_criterion = true;
Step 6:  eliminate(0); /*Eliminate empty clusters (p = 0). */
if (stop_criterion) stop; /* Test for stopping( no previous merging). */
else goto Step 1; /*1f no stopping then repeat merge test. */

This algorithm merges successfully with or without the optional criteriain Steps 4 and 5.
When cluster k2(r) is merged with cluster k1(r) we record that as Merge(k2(r)) = k1(r). Itis
always true that k1[r] < k2[r].

2.5 Computer Test Results. To show the affects of ordering on the standard (Forgy [3] and
MacQueen [10]) k-means algorithm we used the data file testfz1a.dta shown in Figure 2 (at the
end of Section 2). The numbers 1 through 15 are the vector indices that give their order of
presentation to the algorithm. The file testfz1b.dta was formed by exchanging feature vector
number 1 with feature vector number 8 in the ordering. With K = 5 the different results are
shown in Figures 3 and 4. Other changes in the ordering caused yet other clusterings. The shown
clusterings are not intuitive. Our merging algorithm applied to the clustersin both Figures 3 and
4 with B = 0.5 yielded the identical results shown in Figure 5, which agrees more with our
intuition of the classes. It is known that the k-means algorithm convergs to alocal minimum
[16], but it may not be agloba minimum.

Figure 6 shows the respective results of our new fuzzy clustering and fuzzy merging
algorithms on the file testfz1la.dta. The results were the same for testfz1b.dta. The modified Xie-
Beni validity values were also identical for the two files. This, and other tests, showed that the
strategy of drawing alarge number of uniformly distributed prototypes and then thinning them
out to achieve a smaller number of more sparsely uniformly distributed prototypes prevented the
order of inputs from affecting the final clustering in these cases. Theinitial K was 59, which was
reduced to 8 by eliminating empty clusters and then to 5 with p = 1. K was reduced to 3 by
merging with § = 0.5. Figure 7 shows the K = 5 resullts.



The second data set is Anderson’s [1] well-known set of 150 feature vectors of that are
known to be noisy and nonseparable. The dataislabeled as K = 3 classes that represent 3
subspecies (Sestosa, Versicolor and Virginica) of theiris species. The given sample contains 50
labeled feature vectors from each class for atotal of Q = 150. The feature vectorshave N = 4
features: 1) sepal length; i) sepal width; iii) petal length; and iv) petal width. Table 1 presents
the results of our complete fuzzy clustering and fuzzy merging agorithm. Our modified Xie-Beni
clustering validity measure shows that K = 2 classes are best, which coincides with the PC and
CE validity values, but the PE gave the best value for K = 3 rather than K = 2 [6]. Thisyields 3
votes out of 4 that K = 2 is the best number of clusters for theiris data set. We have reduced the
dimensions from 4 to 2 by taking ratios of petal width to length and sepal width to length, which
reduces the noise due to size of the specimen and the plotted results show clearly that there are
two classes. We note that in each clustering of Table 1 the Sestosa class contained the correct
number of 50 feature vectors (underlined) and the same weighted fuzzy variance (underlined).
The second class therefore has two subclasses that are not well separated.

Initially, our value for K was 150, but after deletions (due to close prototypes) it was
reduced to 57. K was further reduced to 16, 9 and then 7 by elimination with p = 2, 6 and 10,
respectively. After 40 fuzzy clustering iterations, the fuzzy merging with § = 0.5 reduced K to 4
as shown in Table 1. Thiswas followed by further fuzzy merging with g = 0.66 toyield K =3
clusters, and then with 3 = 0.8 to yield K = 2. The modified Xie-Beni validities are also shown in
Table 1.

Table 1. Fuzzy Clustering/Merging the Standardized Iris Data.

DataFile No. Clusters K Validity Cluster Sizes [
iris150.dta 4 0.5766 50, 40, 29, 31 0.192, 0.174, 0.182,
0.227
3 1.1520 50, 51, 49 0.192, 0.248, 0.215
2 5.8216 - 50, 150 0.192, 0.323

Our third data set is taken from Wolberg and Mangasarian [17, 18] at the University of
Wisconsin Medical School (also see [11]). We randomly selected 200 of the more than 500
feature vectors of that contained 30 features. As usual, we standardized each feature separately to
bein [0,1]. The vectors are labeled for two classes that we think are benign and malignant. One
label is attached to 121 vectors while the other is attached to 79 vectors. Our radial basis
functional link net (neural network) “learned” the two groups of 121 and 79 vectors “correctly”.
However, the vectors do not naturally fall precisely into these groups because of noise and/or
mislabeling (adanger in supervised learning with assigned labels). Table 2 shows that K = 2
(with sizes of 128 and 72) has the best clustering.



Table 2. Results on the Wolber g-M angasarian Wisconsin Breast Cancer Data.

DataFile No. Clusters K Validity Cluster Sizes
whbcd200.dta 5 0.1050 30, 53, 69, 22, 26
4 0.2575 35, 117, 22, 26
3 0.4114 54, 109, 37
2 1.1442 - 128, 72

The original K was 272, which was not reduced by deletion of close clusters with the
computed t (N = 30 features provided alarge cube). Eliminationswith p =1, 7, and 11 and fuzzy
clustering and merging with = 0.5, 0.66, 0.8 and 0.88 reduced K 5, 4, 3, and 2, respectively.
We conclude from the validity values that the data contains extraneous noise and does not
separate into compact clusters.

The fourth data set was geological data provided by Dr. Gary Raines of the US
Geological Survey. Itislabeled for K = 2 classes. Each data vector has 4 feature values and a
fifth component that is the class label. There were Q = 70 feature vectorsin the noisy sample
where the |abels were made by humans who assigned 35 vectors to one class and 35 to the other.
Our neural network “learned” the labeled classes “ correctly,” which shows that neural networks
learn what they are instructed to learn, whether or not it is correct. The clustering showed that the
data did not fall into equal sized classes.

For fuzzy clustering, the largeinitial number K of class prototypes was 98, but this was
reduced to 33 by deletion of close prototypes and then respectively reduced to 13 and 8 by
elimination with p =1 and p = 4. After 40 fuzzy clustering iterations, the fuzzy mergings with p =
0.5, 0.66, 0.8 and 0.88 brought it down to the respective K values of 7, 5, 3 and 2. Other paths
through the deleting, eliminating and merging also yielded the same results as are shown in Table
3.

Table 3. Results on the Geological L abeled Data.

DataFile No. Clusters K Validity Cluster Sizes
geo70.dta 5 0.6267 14, 26, 7, 16, 7
3 1.0112 17, 13, 40
2 2.1545 - 51, 19
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3. The Radial Basis Functional Net Algorithm

3.1 Radial Basis Functions. Radial basis functions (RBFs) originated in 1964 as potential
functions[7]. The architecture and training algorithms for RBFNNs are ssimple and they train
more quickly than do multiple layered perceptron (MLP) networks. Unlike MLPs, they allow for
explanation when interpreted as fuzzy rule-based systems. We use RBFs with the random vector
functional link nets (RVFLNS) of Pao et al. [13] to obtain a more general and powerful radial
basis functional link net (RBFLN).

Figure 8 presents aradial basis function (RBF) on the vectors x in the plane. An RBF
with center vector at v is generally defined on N-dimensional feature vectors x by

y = f(x;v,0) = exp[-|x - v[?(26?)] @)

with spread parameter 6. The name radial indicates that all points x equidistant from v yield the
same valuey. A number M of these radia basis functions can be centered on M center vectors so
that the circular balls of radius o,, cover a bounded region of interest in the feature space. We
consider v as the prototype, or center, of a cluster of radius c-ball.

Figure 9 shows a dlice through the center of an RBF and its receptive field, also called the

response region. Figure 10 presents an RBFNN that implements the composite mapping x - y -
z. Each node in the hidden (center) layer represents an RBF. An input feature vector x activates

13



(fires) aunique vector y. The weights {u,;} at the nodes in the output layer are trained (adjusted)
to force the outputs z to approximate their targetst very closely (the targets are the label s that
humans supply). Generalized Gaussian basis functions with inverse covariance matrices C* may
be used in hidden nodes, especially where C is diagonal so that the diagonal of C* contains the
reciprocals of the diagona elements of C. Such eliptical Gaussian RBFs are radial with respect
to the Mahalanobis distance (e.g., see[7]) and satisfy

y = exp[-(x-v) CH(x-V)] ()

3.2 Radial Basis Functional Link Nets. The RBFNN of Figure 10 has an input layer of N nodes,
ahidden layer of M neurodes (neural nodes rather than biological neurons) and an output layer
of J neurodes. Feature vectors x are fed to the input layer. The respective outputs from the m™
neurode of the hidden layer and from the j™ node of the output layer for the g input exemplar
vector xX@ are

ym(q) = eXp[-H X(q) - V(m) H 2/(20m2)]1 Zj(q) = (:UM)[Z(mzl,M)umjym(q) + bj] (6a1b)

wherem=1,..,M andj = 1,...,J. The weights u; are gains on the lines from the hidden layer to
the output layer. The usual bias b isincluded at each output node as shown in Figure 10 to model
trang ations.

Figure 11 presents three types of feedforward neural networks: a) a multiple layered
perceptron (MLP) with sigmoid functionsin the hidden and output layers; b) an RBFNN with
RBFsin the hidden layer and sumsin the output layer; and c) our radial basis functional link net
(RBFLN) with extralines from the input nodes that connect directly to the output neurodes with
another set of weights{w,;} on these lines (w,; weights x,, at the j™ output node). Thisis an
RBFNN when the extra weights are set to zero.

14
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An RBFNN represents a nonlinear model while our RBFLN includes that nonlinear
model aswell as an additive linear (affine) model due to the direct lines from the input to the
output nodes. Such parts of a transformation being modeled do not need to be approximated by
the nonlinear RBFNN. Thus the RBFLN is a more complete model of a general nonlinear
mapping than isthe RBFNN. Multiple layered perceptrons (MLPs) [9] and RBFNNSs, and thus
RBFLNSs (which include RBFNNSs) are universal approximators[4, 5, 14] and can approximate
any mappingof N-dimensional space into J-dimensional space as closely as desired provided that
asufficiently large number of neurodesis used.

The training is done with asample of Q input exemplar feature vectors and a set of Q
associated output target vectors, designated respectively by

{x9:q=1,.,Q}, {t@q=1,..,Q}

The training of an RBFLN consists of the following two stages: i) initialization of the
centers, spread parameters and weights; and ii) weight and parameter adjustment to minimize the
output total sum-squared error (TSSE) E defined as the sum of the partial sum-squared errors
(PSSEs) in

E=Z 1ol B = Zgiof Zg=1yt@ - 29)% (7)

The RBFLN output components differ from Equation (6b) for RBFNNs and are given by

Zj(q) = [1/(M +N)] {Z(m=1,M)umjym(q) + 2(n=1,N)anXn(Q)} (8)

Training on the weightsis extremely quick via steepest descent iteration per
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Each center and spread parameter can also be updated with steepest descent via

Vn(m) - Vn(m) - 1’]3(6E/(9Vn(m)) =

Vo™ + [y sz]z(q=l,Q){ Z(jzl,.])(tj(q) - Zj(q))umj} Y D%, - v, ™) (11)

sz - sz - T]4(aE/a(Gm2)) =

sz + (n4/0m4)2(q=1,Q){ E(jzl,J)(tj(q) - Zj(q))umj} [ym(q) H X(q) - V(m) HZ] (12)

Hidden Neurodes
(Radial Basis Functions)

Fig. 10. An RBFNN.

The learning rates ), absorb factors
of ¥2in certain of Equations (9-12). Instead
of training over epochs with asingle g"
input feature vector at atime as does
backpropagation, we input all Q feature
vectors and use steepest descent on the
TSSE error E rather than on each PSSE in
Equation (7). We call thistechnique
full propagation. [8, 9].Our adjustment of
each weight isinfluenced by all Q input
feature training vectors, which is more
stable and substantially more efficient than
epochal training.

3.3 The Full Training Algorithm for
RBFLNs. We present here the full training
(FT) algorithm for RBFLNs where the
centers and spread parameters are adjusted

as are the weights. The quick training (QT) agorithm isincluded in this upon omitting the
adjustments of the spread parameters and the RBF center vectors. FT and QT for RBFNNs are
included when the lines from the input nodes to the output nodes have zero weights (al w,; = 0).

QT isfast with asingle global minimum [2].

16



Full Training Initialization

Step 1:  Given randomly ordered

1 exemplar training vectors {x®: r =
S 1,..,R} of dimension N, select Q <R
An RBENN vectorsfor training and savetheR - Q
remaining ones for testing (validation) of
the training.

Step 2: Choose alarge M so that there
are M small balls of radius ¢ that
essentially cover the feature space. Put

Y V(m) - X(m) |f M < Q1 el% put V(Q) = X(Q)’ q =
(c) An RBFLN 1,...,Q and draw the remaining M - Q
centers at random in the feature space.

Fig. 11. Three feedforward architectures.
Step 3: Computeinitial o =
(UV2)[UM]"™N and put 6, = c form=1,...M.
Step 4. Select al weights{u,;} and {w,;} randomly between -0.5and 0.5forj =1,....J; m=
1,...M; and
n=1,..,N. Specify | iterations (e.g., | = 100).
Full Training Iteration
Step 5: Computey, @ from Equation (6a) for eachm=1,...M andq = 1....,Q.
Step 6: Compute @ from Equation (8) for eachj =1,...Jandq=1,...,Q.
Step 7:  Update weightsin Equation (9) and adjust the learning rate n, up on success, else down.

Step 8: Update weightsin Equation (10) and adjust the learning rate n, up on success, else
down.

Step 9: Update centersin Equation (11) and adjust the learning rate n, up on success, else
down.

Step 10: Update spread parameter in Equation (12) and adjust the learning rate n, up on success,
else down.

Step 11: Every P"iteration (e.g., P = 20), put the test vectors through the network and record the
validation TSSE E,,. If E,, increases for the first time and all training and test vectors are
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mapped into the correct targets, then stop.

Step 12: If | iterations are done, then stop, else go to Step 5 above.

Some refinements yield improved performance. Our en route technique [9] adapts the
learning rates {n,} of Equations (9 - 12) during iteration via an auto-adjustment mechanism that
Speeds up convergence considerably. It multiplies alearning rate ) by a number greater than 1,
say, 1.04, whenever a step of weight adjustmentsis successful in reducing the TSSE E, or else it
multipliesn, by anumber lessthan 1, say 0.94. We let the learning ratesn, and n, grow very
large, which yields a greedy algorithm (it takes chances to converge quickly, but may have to
recover if it jumpstoo far). In contrast, backpropagation algorithms must keep the learning rate
small, which causes slow convergence.

Training on al Q input feature vectors on each iteration (full propagation) aso increases
the learning efficiency by eliminating thrashing (learning and unlearning over a sequence of
PSSEs in backpropagation). QT omits Steps 9 and 10 and loops from Step 12 back to Step 6
rather than Step 5 because the outputs of the RBFs do not need to be recomputed (there are no
changesin their values because neither the centers nor the spread parameters are changed). This
yields a dramatic increase in convergence speed.

3.4 Comparative Training Runson Noisy Data. In al of our runsthe learning ratesm, and n,
were adjusted every 10" iteration, as was the single spread parameter . The centers were not
adjusted. Thus we used a modified QT for both RBFLN and RBFNN runs.

Table 4 presents the first data set that contains geological feature vectors from which
explorations can be made. There are R = 69 feature vectors of N = 4 dimensions and each has an
assigned target vector of a single component (0 or 1 for absence or presence of the desired
substance). There were 70 original vectors but we deleted one because it affected the training
adversely (it appears that it was too noisy and also had an incorrect label).

We selected 10 feature vectors at random to be used only for testing, which left Q = 59
feature vectors to be used for training. We used both M = 120 and M = 96 hidden neurodes for
the training runs on this data. Q feature vectors were used as RBF centersand M - Q centers were
drawn randomly as additional centers. The RBFLN was trained on the 59 training vectors for a
number P of iterations and the training total sum-squared error (TSSE) E was recorded. Then the
10 test vectors were put through the RBFLN and the validation TSSE E,,; and classification
results were retrieved. This two step process of obtaining E and E,, was repeated for various
numbers of iterations. No training was done on the test vectors, which were used only to show at
what point the generalized learning was completed and the specialized learning [ 7] was starting
(to minimize E,, approximately).
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Table 4. Some Geological Data
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Table5. RBFLN Runson the Geological Data

Training Training Test
Iterations Error Test-Error 02 uf Mo Misses Misses
M =120
150 1.2397 0.4407 0.0526 292.67 80519 O 0
180 1.0988 0.4107 0.0423 398.67 82143 O 0
200~ 0.9863 0.4023- 0.0335 423.96 755.95 0 0~
210 0.9247 0.40250.0304 543.09 838.00 O 0
230 0.8342 0.44330.0265 499.80 771.20 O 0
M =96
130 1.2835 0.4869 0.0418 238.15 490.70 O 0
140~ 1.2196 0.4770- 0.0404 22846 54396 O 0~
160 1.0713 0.50130.0587 130.92 20202 O 0

Table 5 presents the RBFLN results. The training on 200 iterations for M = 120 hidden
neurodes gave the lowest TSSE E,, on the test feature vectors. The best generalized learning for
M = 96 took 140 iterations. The output values were considered to be incorrect (misses) if they
fell strictly between 0.42 to 0.58 or yielded the wrong class.

The famousiris data set contains 150 each of 4-dimensional feature vectors from 3
classes. We assigned the 3 target codewords (-1,0), (0,1) or (1,-1) for the respective classes 1, 2
and 3. These targets differ by at least one unit in each of two components. These feature vectors
are known to be noisy and very difficult to classify. We extracted 18 vectors for atest set and
trained on the remaining ones. Table 6 shows the results for our RBFLN and Table 7 shows the
results for an RBFNN, both on the iris data. Neither the RBFLN nor RBFNN could learn with M
= 60 RBFs, but did better as M increased until they did very well at M = 160. The RBFLN had a
smaller TSSE than did the RBFNN and learned with fewer iterations. Our fullpropagation MLP
had a difficult time on this data and did not learn all vectors correctly with any of M =8, 12, 16,
20, 32 and 50.

Table6. RBFLN Resultson thelrisDatawith M = 160

No. Iterations Error Test Error Training Misses Test Misses
480 1.1933 0.3620 0 0
500+ 1.1764 03603~ 0 0~
520 1.1578 0.3617 0 0
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Table 7. RBFNN Resultson thelrisDatawith M =160

No. Iterations Error Test Error  TrainingMisses Test Misses
730 7.1979 0.6379 0 0
750~ 7.1130 0.6345~ 0 (0
770 7.0530 0.6356 0 0

The next data set is a subset of 200 normalized vectors taken from the Wisconsin Breast
Cancer Data (Mangasarian et a. [11] and Wolberg et al. [17, 18]. The data we used has 30
features in each feature vector and a single output component as target that codifies two classes:
benign and malignant (we set these to 0.1 and 0.9). We used atraining file of 178 of these 200
vectors and atest file of 22 vectors. The respective results for RBFLNs, RBFNNs and MLPs are
presented in Tables 8, 9 and 10.

Table 8. RBFLN Results on the WBCD Data

M No. Iterations TSSE Test Error 6 Traning Misses Test Misses

220 200 0.7658  0.6631 0.0643 2 0
220 220~ 0.6383  0.6789~ 0.0587 0* 0~
220 240 0.5473 0.6927 0.05490 o*

Table9. RBFNN Results on the WBCD Data

M No. Iterations TSSE Test Error ¢  Training Misses Test Misses
220 300 (could not learn)
260 300 (could not learn)
300 300 (could not learn)

Table 10. ML P Resultson the WBCD Data

M No. Iterations TSSE Test Error TrainingMisses  Test Misses
20 1400 (could not learn)

50 850 1.3773 0.0440 0 0

50 900 1.3437 0.0407 0 0

50 950~ 1.2736 0.0265+ 0 (0

50 1000 1.1704 0.0450 0 0
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4. DataXplore Softwar e Description

The software developed for user friendly running of these two algorithms was donein
Visual C++ and is called DataXplore. Mr. Han Y u programmed the interfacing so that the user
can select either the fuzzy clustering algorithm or the radial basis functional link network by
clicking on the appropriate button in the main window. After selecting one of these, the user can
click to select afile from amenu of directories and files. The parameters are set for automatic
operation, but are shown in text boxes and may be changed by the user. In each case, when the
user isready to run the selected algorithm on the selected data, one clicks on the “Run” button.

The DataXplore system includes two major software modules, which respectively
implement: i) afuzzy clustering algorithm for unsupervised (self-organizing) classification of
data; and ii) aneura network algorithm (the RBFLN) for training on known data so that it can
then classify unknown data. The GIS package ARCView used by the Geological Survey of
Canada can call external programs and DLLs and so can call the DataXplore program to perform
data analysis on data in the format specified by the GS of Canada.

4.1. Starting and Stopping DataXplore. The user can start DataXplore by either of two
methods. First, from Windows Explorer, double-click DataXplore.exe. Second, select Run from
the Windows Start menu, then type in the full path to the “ DataX plore.exe” file or use Browse to
find the location of the DataXplore.exe file, click on it and then click OK. Then select “Open”
from the popup menu. The Main Work Interface will appear to prompt the user as shown in Fig.
12 below.

Werzion: 1.1.1

Authar, Carl Looney |, Han'Yu

Usze E-mail to contact uz Check User Manual Here

—HRBFLM [ Supervized | — FUEEY [ Unsupervised]——
Train
Train [
Test
. Claszify
Clagzify

Fig. 12. The Main Work I nterface menu.
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Fig. 12 shows that DataXplore includes two major modules shown on the left and right of
the Main Work Interface: i) RBFLN for radial basis functional link net supervised learning of data
(on theleft); and ii) the FUZZY unsupervised learning process (on the right). The details of each
function are discussed in the following sections. The user can click on the Quit button in the
center of the menu to exit the system.

4.2 The RBFLN (Supervised) Function. In Fig. 12, the RBFLN module includes three functions
designated by the buttons with captions Train, Test and Classify. Train uses known data that
includes both input vectors and target (labeled) vectorsto train the RBFLN neural network so that
it can perform automatic classification operation on unknown (unlabeled) vectors after training.
Test is used after apartial or full training segment on the RBFLN network that yields a set of near
optimal weights. It is used to classify a set of known (labeled) vectors to determine whether or
not the training is good. These vectors have not been used in any training operations and are
novel to the network and so provide atest. The Classify procedure uses the trained (and tested)
weight parameters in the RBFLN in the on-line operational mode to process unknown datafiles
of (unlabeled) vectors for the purpose of classifying them. After training and satisfactory testing,
the RBFLN and its learned weights are called by the GIS to operate on other data sets of vectors
with the feature values from the same population of objects as used in the training and testing to
classify them into the appropriate classes that indicate the presence or absence of a desired
minera (or other uses).

Look in [ &3 EERE - & @ e
c101.dta @ gimple.dta

@ clazsnew.dta @ best] . dba

@ Geotrn?.dta @ brainnes. dta

|#] hanyu.dta whed200n.dta

irs. dta

@ Parity3.dta

File namme: |

Open I

Files of type: [ Fibfin Train data files(*.dta]

LI Cancel |

™ Open az (ead-only

i

Fig, 13. Selecting adatafile for RBFLN training.
To train, the user clicks on the Train button of the RBFLN module (Ieft side of the Main

Work Interface menu of Fig. 12) to bring up the OpenFile dialog box of Fig. 13 below that
prompts the user to select the data file to be used in the training stage (the default file name suffix
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is dta for vector data sets). The user can browse and select the desired data file to use for training
by clicking Open on the bottom right. A click on the Cancel button returns to the Main Work
Interface.

A click on Open above brings up the RBFLN Train Parameters dialog box as shown in
Fig. 14 to prompt the user for the content of the current initialization parameter set for the
RBFLN training procedure and also to enable the user to make custom modifications. The upper
part of thisdialog box (Fig. 14) shows the file name in the Training Data text area and also
shows four other parameters used to define the scale of the current RBFLN network. These are:
No. of Input Dimension, No. of Unique Conditions, No. of Hidden Layers and No. of Outputs.

HBFLN Train Parameters
— RBFLM Parameters From data File
Ttraining D ata: IE:'\M_I,J Docurnentshdatafileins. dta
Mo, of Input Dimension; i4 Mo, of Unique Conditions: |150
Mo, of Hidden Lavers ; 120 M. af Dutputs: |2

r Initialization Parameters
— Learning rates init;

Etal: ID.3 EtaZ: |EI.3 It Iteration Mumber : iEUU

Etaz: 103 Biazes: ID1 Irit Sigrna: iDD1 1410836614

— Centers and Weights [nit

% |nitialize randamly ta 01 ' Input fram the center file

Center file [.cen) |

Start Train |

EF!etum To kain Menuél

Fig. 14. The RBFLN Train Parameters dialog box.

The lower part of this dialog box permits the user to custom modify any initialization
parameters, including the learning rates ( etal, eta2, eta3 and biases ), initial iteration number
and initial sigma values. The default values given are reasonable for essentially all cases and
should usually be accepted. A user can aso select which method in the Centers and Weights Init.
Section toward the bottom will be used: Initialize randomly to O~1 or Input from the center file
(the center file has a suffix of .par to denote that it isafile of parameters (weights and centers of
the RBFs) learned from the previous training. The default configuration is the first (left) radio
button selection and is used for initial training.

Using this dialog box, the user can define parameters once, then use them repeatedly for
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later training, i.e., the user can make the training accumulative by the following operation: before
the next segment of training, select Input from the center file and then locate the parameter .par
fileof thelast training segment for the same training datafile. During this procedure, the user
can modify any other desired parameters to make the individual training stage more efficient.

In the RBFLN Train Parameters dialog box of Fig. 14, users can make parameter
modifications based on previously completed training to start training again, or select “Return to
Main Menu” to accept the current parameter file as optimal parameters for the RBFLN network
so that it can be used for later “Test” and “Classify” stages.

After pressing Start Train, the RBLFN Training function starts. The RBFLN Train Status
dialog box will pop up as shown in Fig. 15 below. Three areas are used to show the training
status: i) Status Description, which gives textual information about which step of RBFLN
Training is under processing; ii) Current Iteration; and iii) Current SSE, which is used to show
the output’ s variance from the set of targets (the sum squared error of Equation (7)).

RBFLN Train Status

| I weight and igma adjusting ...

Current Iteration: IBD Current SSE: |B'2?033?

Fig. 15. The RBFLN Train Status dialog box.

After the training procedure finishes, the RBFLN Train Result dialog box of Fig. 16
comes up, which shows the RBFLN network general parameters, SSE for evaluating the results as
the training proceeds, and Vector No. / Target / Actual Output / Input for each input feature
vector. The user can print all mirrored content of the dialog box to atxt- format file. When the
user decides that the result is optimal enough for usein classification of novel input feature
Vectors, one can save the parameter set to a parameter result file (with suffix .par) and return to
RBFLN Train Parameters dialog for further training. The two buttons at the bottom of the dialog
box alow these capabilities.
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Rbfln Train Result B3

[ REFLN TRAMN RESULT LIST
Mo, of Hidden Lapers ;120 j

Mao. of Input Yectars: 150
Mo, of Unique Targets: 3
Total lterations: 200
SSE. 454706

Fesutl of Training

VectorMo. / Target /  Actual Output £ Input

41000 0000 4 1138 0263 4 B100 3500 1400 0200

/0000 1.000 /0066 0240 / 7000 2200 4700 71.400

A.000 1,000 /05966 0446 4 B300 3300 BOOD 2500

A1.000 0000 /1022 0323 /44900 3000 1400 0200

Aooo 1000 /013 0128 4 6400 3200 4500 1600

Moo00 o000 4 0y4d4 031 S BAEO0 2V00 RI00 1.900

/1000 0000 /1050 0300 /44700 3200 1300 0200

/0000 1.000 /0195 0196 /6800 3100 4500 1.500

A0o00 4000 4 07ss 0162 4 V100 3000 BS40 2100

A1.000 0000 /4 0946 0277 /44600 3100 15800 0200

/ooo 1000 ¢ 0248 0163 4 RAOD 2300 4000 1.300 ’l

b

Y Y S S gy

Print ListBox Content ta Temparary File

Sawve Result az .par and Return ‘

Fig. 16. The RBFLN Train Result dialog box.
4.3 RBFLN Test. Upon pressing the Test button in the RBFLN part of the Main Work I nterface
of Fig. 12, the user will get the same data file selection dialog box as in the RBFLN Train stage
for selecting adatafile to be used in the RBFLN Test stage (the default file suffix is also .dta).
One can browse and select the training data file desired to use in the test and then select from
another dialog box that comes up the appropriate parameters file used for the network being
tested (the default suffix for parameter filesis .par) as shown in Fig. 17 below. Here we see the
iris.par parameter file.

Look n [ 3 EERE = & @ e

iris.par

File name: Iiris Open I

Files of type: lFlI:qun Test Parameter files(*.par) ﬂ Cancel I/
o

Fig. 17. Selecting a.par parameter file for RBFLN Test.
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After the test procedure finishes, the RBFLN Test Result dialog box pops up to show the
RBFLN network general parameters, the SSE of Equation (7) for evaluating the testing, and
information as shown in Fig. 18. The user can print all mirrored content to a. .txt format file via
the Print ListBox Content to temporary file button or return directly to the Main Work Interface
viathe Return button. These buttons are on the bottom of the dialog box of Fig. 18..

RBFLN Test Result ]|

RBFLM Test Result

Input Vectors Dimengion: 4 a
Ma. of Hidden Layers : 120

Target Wectars Dirmengion: 2

Ma. of Input VYectars: 150

SS5E: 6.44945

Tatal target nurnber iz 3, Walid Target: Number : 3

Target [0 . Capacity 35 | wectors :

Dimengion 0: -1.000000
Dimengion 1 : 0.000000

" o

Frint LiztE ox Content to temporary file

Fig. 18. RBFLN Test Result dialog box.

4.4 RBFLN Classification. When the user presses the Classify button of the RBFLN modulein
Figure 12, the same data file selection dialog box as we saw in the RBFLN Train function comes
up (see Figure 13). One selects the datafile to be used in the RBFLN Classification stage (the
default file suffix is aso .dta). The user can browse and select the desired data file. Then another
dialog box comes up that is the same as the parameter file selection dialog box shown in the
RBFLN Test function above. The purpose of this dialog box is for the user to select a parameter
file to be used in the RBFLN Classification stage (the default file suffix isaso .par). The user
can browse and select the desired parameter file.

The classification procedure then begins. After it finishes, an RBFLN Classify Result
dialog box as shown in Fig. 19 below prompts the user and shows the RBFLN network general
parameters, SSE, Total Targets No., Valid Target No., the Capacity, feature vector and target
vector, and Vector No./Classified Class No./Target Output/Actual Output. The user can print all
mirrored content in the dialog box to a.txt format file or save the classification results to a special
RBFLN classification results file (with default suffix as.rbn). The user can return to the Main
Work Interface by clicking the Return button.
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Rbfln Classify Hesult

! Rbfln Clagzify Result List

Input Wectors Dimenzion ;4 -
Mo, of Hidden Layers : 120
Target Vectors Dimension . 2
Mo, of Input Vectors: 150
SSE: 6.44345
Total Targets Number iz 3, Walid Target Mumber iz 3
Target [0], Capacity 35 , vectors
Dimenszion 0 : -1.000000
Dimengion 1: 0.000000
Target [1], Capacity 95 , vectors :

. -

Save Result as .tbn and Retum

Save LiztBox Content az temporary file

Fig. 19. The RBFLN Classify Result dialog box.

4.5 The Fuzzy (Unsupervised) Module. Asshown in Fig. 12, the FUZZY (Unsuper vised)
module includes the two functions Train and Classify. Train uses unknown data (the data file
may be the same as that used for the RBFLN training and may include target (labeled) outputs,
but the targets are ignored). The fuzzy clustering finds the prototypes, or centers for K clusters.
After gaining the optimal parameter set of these centers (saved as a.cen file), other unknown
data files can be passed to the fuzzy clustering procedure based on this optimal parameter set.
However, the fuzzy clustering procedure is a complete and independent self-organizing,
unsupervised, learning algorithm and works very well on any set of unknown vectors by setting
its own parameters. Thus it does not need any parameter files.

4.6 Fuzzy Training. Here one presses the Train button of the FUZZY modulein Fig. 12 to get an
OpenFile dialog box for the purpose of selecting a datafile to be used in the Fuzzy Train stage
(the default file suffix is .dta and the same files may be used as were used for the RBFLN
training). Here we see theiris.dta file in Fig. 20 below.

The Fuzzy Train Parameters dialog box of Fig. 21 prompts the user by showing the
content of current initialization parameter set for the FUZZY training procedure and it also
enables the user to make custom modifications. The parameters include Training Data File
Name, No. Data Categories K, Closeness and Iterations (the number of iterations desired). The
default parameters are reasonable for essentially all cases. Also the training procedureis
accumulative.
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Lask in: | 3 datafile

= & @l & = E|

c101.dta
clazznew.dta
GeotnyO.dta

ruu. dba

gimple. dta
teztl.dta

trainnew. dta

Whed200n.dta

File name: |iris

Open I

Files of type: !Fuzz_l,l Train Data files[*. dta)

_ﬂ Cancel I

A

Fig. 20. Selecting adatafile to be used in Fuzzy Train.

Fuzzy Cluster Parameters X |

Fuzzy Cluster Parameters  List

— Parameters

[rata file:

Mo, Data Categories

[teratiaons:

IE: Yedp Diocumentssdatafilehiniz. dta

A

200

IIII.EIEIE

K Clozeness:

Start Clustering

Fig. 21. The Fuzzy Cluster Parameters dialog box.

After clicking the Start Clustering button, the fuzzy clustering procedure starts. The Fuzzy
Train Processing Information dialog box then prompts the user as shown in Fig. 22, which aso
presents the user with information as to which step of the fuzzy clustering algorithmisin process.
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Fuzzy Train Procezsing Information |

|  Processing  Information

Start Fuzzy Cluster ...

Fig. 22. Fuzzy Train Processing Information dialog box.

After the training procedure finishes, a Fuzzy Train Result dialog box comes up asin Fig.
23. It shows the No. of Classes, each center vector, the details of each class ( including Vectors
No., WFV for the current class, and the indices for all vectors contained in each class), aswell as
the important clustering validity value (the larger it is, the better is the clustering) the reciprocal
Xie-Bene measure.

i Merge finished

Mumber of Classes: 2 -

Center[1] = 6.24066, 2.88109, 4.8761, 1.67326
Center[2] = 499828, 339746, 1.46071, 0.248533

[Class 1) Wectors Number = 98 | Weighted Fuzzy Variance [wFY] = 1.355338

Wectar Index in thiz Clazs :
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1517 1820 21 24 26 27 23 30
32333536 383941 42 44 45

47 48 50 51 53 54 56 57 53 B0

B2 B3 65 66 BB EI 71 72 74 75
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92 53 95 96 98 93 101 102 104 105

107 108 1710 111 113 114 116 117 119 120
Zr 123178 12R 128,129 121 132 134 13R
4

Save LigtBox Content to temporary file

Fig. 23. The Fuzzy Train Result dialog box.

The user can now press the Merge button to further merge clustersthat are close to each
other. When the user is satisfied with the result, one can print all mirrored content of the dialog
box to a .txt format file, or click the Finish button to save the current parameter set to a parameter
file (the default suffix is .cen) for later classification use. Fig.24 shows the iris.cen parameter file
as an example. Finally the user returns to the Main Work Interface to quit or do further
processing. In the usual case, the training isthe classification for fuzzy clustering, so any
unknown data can be used to classify it merely by putting it through the fuzzy training as given
above. Nothing further is required.
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Fig. 24. Saving the Fuzzy Train Result parameter file.

4.7 Fuzzy Classification. In the process shown here, atrained fuzzy classifier isused to classify
data other than that data which was trained on. Thisis not the usual or recommended process, but
can be used in special cases. The user presses the Classify button in the FUZZY modulein Fig. 12
(Main Work Interface) to get the same data file selection dialog box asin the Fuzzy Train
function (the default file suffix isalso .dta). The user can browse and select the desired datafile
for classification. The example we useistheiris.dta file. Another dialog box for selecting the
parameter file saved from previous fuzzy clustering appears and prompts the user as shown in
Fig. 25. Here one can browse and select the parameter file (default file affix is .cen) desired. We
show theiris.cen as example that contains the centers from previous training.

Laok I 5 i

iri&.cen

File: niarne: |i[is Open I

Files of type: IFuZZ_l,J claszify center files(* cen) j Cancel |/
£

Fig. 25. Selecting a parameter file for further fuzzy classification.
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After the classification procedure finishes, a Fuzzy Classify Result dialog box prompts the
user as shown in Fig. 26. It also shows No. of Classes, each class center vector, details of each
class (including Vector No., WFV for current class, and all vectors index contained in this class).
It also shows the clustering validity (higher values are better). Clicking Finish returns to Main
Work Interface.

The user can print all mirrored content in the dialog box to a .txt format file, or save the
classification result to special Fuzzy Classify Result file (with default suffix .fuz). Fig. 27 shows
thefileiris.fuz as an example.

Fuzzy Claszszify Result x|

! Fuzzy Classify Result  List

Mumber of Clazzes: 2 -

Center[1] = 6.24056, 2.88109. 4.8761, 1.67326
Center[2] = 4935328, 3.39746, 1.46071, 0.245583

[Clasz 1 ]Yectors Mumber = 93, Weighted Fuzzy Variance MwFY] = 1.626724

Yector Index in this Clags

2356891112 14
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:ﬂm g1 aF ac a0 a9 i 107 104 )_IJ

Save LigtBox Content ta temparary file |

Fig. 26. The Fuzzy Classify Result dialog box.

e = 58| @ sl ==

iris. fuz

File name: s Save |
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S

Fig. 27. Saving Fuzzy Classification Result data.
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