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Summary

The Self-Organizing Map (SOM) is a neural network algorithm
based on unsupervised learning. The weight initialization is very
important for training data. Because the appropriate weight
initializations enable a learning convergence to global or local
minima to be more correctly. However, traditional weight
initialization is randomized in a range of 0 and 1. This results in
a problem of a single winner node, which leads to miss of
clustering because the initial value is not related to the input
datasets. Additionally, the learning convergence is very slow
when the initialize value is long distance from the dataset. This
paper presents a novel method called as Ant Self Organize Map
(ASOM) to alleviate such problems. A proposed original idea is
that lost node is recoverable to overcome the problem of a single
winner node by exchanging from new datasets. The proposed
ASOM is based on the Ant Colony Optimization (ACO) and
Fuzzy Ants Clustering as following. Firstly, weight initialization
is done from random input data which is selected by a
probability of loading. This technique of selecting is applied
from Fuzzy Ant Clustering. Secondly, exchange connection
weights for lose nodes are made by the methodology of
Pheromone of Ant which will keep records of winner and lost
nodes. Lost nodes which have pheromone values less than a
given threshold are re-initialized by randomizing from new
datasets. From the experimental result, it is found that the
average of accuracy rates increases up to nearly 16 % when
compared with traditional SOM on standard datasets e.g. iris
datasets.
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1. Introduction

Data Clustering is one of the most important
unsupervised learning techniques. Kohonen's Self-
Organize Map is known as a good technique for clustering
large-scale databases [1,2,3,4,5,6,7,8,9,10,11].

Even though Self-Organizing Map (SOM) or
conventional clustering methods have their superior
features for clustering analysis, their combinations into
two-stage methods are generally much more powerful than
individual methods such as the ant-based SOM clustering
model [12].
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The SOM is an unsupervised learning technique
which consists of 2 steps for learning. In first step, weight
initializations are randomized in a range of 0 to 1. This
method is typically used for normalized data. However,
these data will be lost scaling information. Additionally, a
problem of a single winner node is appeared when the
number of member in each class is more different. This is
resulting in missing clustering. Tsutomu Miyoshi [13]
proposed an idea of using input data space as initialized
nodes connection weights known as initial node exchange.
This method gives a better performance in time reduced to
complete learning and the average of moving distance of
all nodes when compared with traditional randomized in a
range of 0 to 1. This is because the connection weights are
initialed directly from input space without input from
outside. This method can solve the problem of the attribute
with multi-scale but it cannot overcome the problem of the
difference in the number of dataset. Because a random
value from selected dataset used to be the initial value for
each connection weight may come from the same class of
dataset. For example, the glass datasets (well-known
dataset) contains of two classes. A number of first class is
163 while a number of member second class is only 51.
From experiments in [13] show that if the glass dataset is
used, there is only a single winner node and this result in a
wrong of classification. In second step, the finding winner
node and the weight update are performed.

Thus, in this paper proposed a novel methodology to
improve the accuracy in classification. In order to
alleviate the problem of the single winner node which is
caused from the difference in the number of dataset, this
paper presents a novel idea for selecting appropriate initial
value called as ASOM. The proposed ASOM consists of
two states. One is an initial state, and the other is an
exchange state. In the initial state, initialized value is
randomized from input datasets in order to overcome the
single winner node problem. Then, in the exchange state, a
new class is used as an indicator to make decision whether
the initialized value is good or not. If not, the initial value
is changed by random from dataset.

Initial nodes are exchanged by using initialized values
of connection weights which is input node. This method is
handled without the input from the outside. Therefore, the
initialization process and initial node exchange process
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can be completed without specific learning data, which
selected by probability of loading P4 from Fuzzy Ant

clustering [14, 15, 16, 17, 18, 19, 20, 21, 22, 23]. The
weight initialization from random data by a probability of

loading will make good weights which come from datasets.

Additionally, the probability of loading avoids the local
minimum problem. Finally, the good weight initializations
will be obtained by the proposed algorithm in the initial
state.

The traditional training or learning is more powerful
by the additional proposed exchange state. Although good
initial weights will be obtained by the proposed method in
the initial state, the training with a large of data makes a
problem of the local minimum. To solve this problem, this
paper also presents a novel process of evaluation which is
the additional from traditional training in the proposed
exchange state. The evaluation process is applied from ant
optimization. Pheromone of ant will be increased for a
node which is the winner node in each epoch.

A lost node which its pheromone density is less than

T will be exchanged by a new initial value from

create
input space by using B, . The local minimum problem is

avoided by the proposed method. In conclusion, the
proposed algorithm is an integration of Ant colony
Optimization and Fuzzy Ant Clustering in the Self-
Organize Map. This introduces a fast learning
convergence and more accuracy in clustering.

The rest of this paper is organized as follows: In
section 2, authors state background of the Self-Organize
Map. In section 3, authors propose Ant Self-Organize Map

(ASOM). In section 4, experiment and result are presented.

In section 5, discussion is stated and Section 6 offers
conclusions.

2. Background of the Self-Organize Map
(SOM)

Kohonen's Self Organizing Maps (SOM) [1], a neural
network algorithm based on unsupervised learning and
competitive neighborhood learning. Prototype of SOM
consisted of 2 layers: Input layer and Output Layer. The
output layer represents data of each group. In learning
process, the output layer nodes compete with each other in
order to get the winner node. The connection weight
which is the closest to the input data in terms of Euclidean
distance is selected as the winner node which will be the
output layer [13]. Connection weight of the winner node
and its neighbor nodes are then adjusted by trying to close
the direction of the input pattern. However, traditional
weight initialization is randomized in a range of 0 and 1.
This results in a problem of a single winner node, which
leads to miss of clustering because the initial value is not

related to the input datasets. Additionally, the learning
convergence is very slow when the initialize value is long
distance from the dataset.

Therefore, winner node would be initialized, but
cannot initial others node.

Mag Map Map Map
Mode Made Node MNode

Fig. 1 Concept of Self-Organize Map

2.1 Initialization Stage and Parameter setting

Initial weight vectors with small arbitrary values
W = {leWvas’-"Wk}

2.2 Training Process

Step 1: Find winner nodes or the Best Match Unit (BMU)

BMU =arg _min{“DataT _Wi”}' 1)
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Step 2: Update the weight vector of the winning node and
the neighbor nodes

W, (t+2) =W, () + a®h, O[Data-W, )] @
Where
o (t) is the learning rate for iteration t

W, (t) is the weight vector of the winning node
2
”rc B r||| . . .
hg; (t) = exp(—~-—--) is the neighborhood function
20°(t)
I.,r, €N are the radius of BMU

Each Qutput Node

Kohonen
Layer

Input Layer

Fig. 2 Problem of Self-Organizing Map present only winner node to
connecting

3. Ant Self-Organizing Map (ASOM)

3.1 Conceptual

The proposed model can be divided into five steps as
shown in figure 3. Step 1 is to initialize weights which is
selected from input node. Additionally, Ant picking up a
single object method is proposed to be criteria for making

decision. B, is given as 0.6 according to [14] . Step 2 is

SOM training and resulting in getting winner node. Then,
weight update of winner node is performed. Step 3 is to
accumulate pheromone of winner node. This step presents
to keep record for each node. Step 4 is to examine the
record for each node and then lost nodes which are node

with low pheromone density are found. Step 5 is to
exchange node. A value of the lost node is changed by ant
approach. Re-initialized weight for the lost node is taken
place. It should be noted that re-initial will be chosen from
input node without duplicate node.

Step 1 (Initial weight)
-Initial value of weight is
selected from input node
based on Probability of
load mg { P|_.:]_.f}

Step 2 (SOM Training)
—=- Find winner node
- Update weight

Step 3 (Pheromone Update)
- update pheromone of
winner node for recording

frequency

Step 5 Step 4
{Exchange) { pheromone
= value of lost check)
node will be = evalyating for
re-initialized cach node
by ant algorithm

eromone < Teppate

Fig. 3 Conceptual of Ant Self-Organizing Map
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3.2 Diagram

The proposed algorithm which is used for clustering
consists of three states as shown in a figure 3. The novel
idea in this paper is both state 1 and state 3 which are to
apply ant algorithm picking up value of input node into
initial weight. In other words, the proposed algorithm is a
feed-back control as shown in a figure 4. After training
state, if winner and lost node is all node, this means that
lost node will be feed back to the exchange state for re-
initial. And then, training state is re-processed with all
nodes which include both obtained winner node and initial
value of lost node. Otherwise, the process will get only
winner node without lost node, this means that weight of
all node are stable and stop.

= Error fel LR L

Exchange |- { ¥

L o W
State 1 4, change initial weight

«
Chan
m value by ant algorithm
nitial state

Fig. 4 Diagram of Ant Self-Organizing Map

3.3 The proposed algorithm

In this study, we proposed ASOM, in order to avoid
falling into local minimum during the solution search
process. The algorithm detail is presented below.

3.3.1 Initialization Stage and Parameter setting
A: Define number of clustering equal to number of weight

(N,)
B: Define number of feature (N)

C: Define number of sample of data (N )

D: Initial weight vector W by selected randomly
from dataset number equal to k

W= {\N1'W2'W3"'Wk}

3.3.2 Training Process
Step 1: Find winner nodes or the Best Match Unit (BMU)

BMU =arg minﬂ|Data1 —Wi||}. 1)

Step 2: Update the weight vector of the winning node and
the neighbor nodes

W, (t+1) =W, (t) + a(t)h, ()[Data-W,(t)] @
Where
o (t) is the learning rate for iteration t

W, (t) is the weight vector of the winning node

Step 3: Update the accumulate value for winner nodes
(BMU)

1
A=A+— (@
Ng
Step 4: Check accumulate value for change lost node by
selected randomly from dataset

Data VA <T
Wi — random Ai create (5)
W, A>T

create

Step 5: The stopping criteria by checking different of
changing of weight vector W

Algorithm 1 ASOM Algorithm
Require: {Data,\-—‘r }:_II s Ny, Ny, Ny

Not necessary to normalize feature value between 0 and 1

Ensure: W;

1: for epoch + 1 to number of epoch do

2 for j + 1 to N,, do

3 Wj — Data,gndom

4: end for

5 for k + 1 to N do

6: A0 (i =1.N,

T i« argmin | W — Datay|

8: Wit +1) + Wi(t) + a(t)h(t) [Data, — Wi(t)]

9: Ai = A + \J—J

10:  end for
11:  for j + 1 to N, do

12: if A; <Tiyeqr then
13: H”‘j — Datargndom
14: end if

15 end for

16: end for

4. Experimental and Result
The proposed algorithm was tested with three standards

dataset: Iris Plant database, Wine Recognition database
and Glass Identification database.

4.1 Iris Dataset

This data set contains information about different types of
Iris flowers. The data set consists of 150 examples each
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with four numeric predictive attributes. The data set
contains 3 classes of 50 examples each, where each class
refers to a type of Iris plant. One class is linearly separable
from the other 2; the others have some overlap.

4.2 Wine Dataset

The data is the result of a chemical analysis of wines
grown in a region in Italy but derived from three different
cultivars. The dataset consists of 178 examples each with
13 continuous attributes. The data set contains 3 classes
with the following class distribution class 1 have 59
examples class 2 have 71 examples class 3 have 48
examples.

4.3 Glass dataset

The data set consists of 214 examples each with 9
continuous attributes. The data set contains 2 classes with
the following class distribution class 1 have 163 examples
and class 2 have 51 examples.

Table 1: Parameter Value

Dataset Pload Tcreate Nm
Iris 0.6 0.25 3
Wine 0.6 0.2 3
Glass 0.6 0.2 2
4.4 Result

The reported results were averaged for 200 runs of the
experiments, which have a number of epochs or numbers
of ant were between 20 and 4000. In each run, define for

Poad + Tereate @nd N, which were listed separately for

each experiment. The results for the three sets of
parameters for the datasets are shown in Table 1.

Table 2: Error comparison between Fuzzy Any, Initial SOM and ASOM.

the number of error in classification for every datasets
when compared to Fuzzy Ant and Initial SOM. This
means that the proposed ASOM give a better performance
in accuracy classification when compared to other
methodologies.

Table 3: The result of Experiments with Iris Datasets.
Err. Err. Err. Avg. Max.
Method
Acc.
Classl | Class2 | Class3 | Acc. Rate
Rate
Int. SOM 3 22 9 76.31 91.25
ASOM 0 10 6 88.30 95.33
diff 3 12 3 11.99 4.08
Table 4: The result of Experiments with Wine Datasets.
Err. Err. Err. Avg. Max.
Method
Acc.
Classl | Class2 | Class3 | Acc. Rate
Rate
Int. SOM 24 13 39 56.92 60.67
ASOM 9 12 25 68.56 75.28
diff 15 1 14 11.64 14.61
Table 5: The result of Experiments with Glass Datasets.
Err. Err. Avg. Max.
Method
Classl Class2 Acc. Rate Acc. Rate
Int. SOM 0 51 77.57 77.57
ASOM 11 33 78.96 93.93
diff 11 18 1.39 16.36

N N Err. Err. Err
Dataset
class feature FAurz]iy Slg:n ASOM
Iris 4 150 18 10 7
Wine 13 178 52 70 44
Glass 9 214 83 51 13

Table 2 shows the experimental result that was done at
200 for each methodology which is Fuzzy Ant, Initial
SOM, and the proposed ASOM. There are three datasets
for testing as follow: Iris, Wine, and Glass dataset. It can
be seen that the proposed ASOM introduces the lowest of

In table 3 shows that ASOM can decrease number of error
in each class of Iris datasets when compared with
traditional SOM. In addition, ASOM and SOM introduces
88.30 % and 76.31 % of the average of accuracy rate,
respectively. This means that the proposed ASOM can
increase accuracy rate when compared with SOM up to
11.99 %. Moreover, it can be seen that ASOM and SOM
introduces 95.33 % and 91.25 % of the maximum average
of accuracy rate, respectively. In other words, the
proposed ASOM increases the maximum average of
accuracy rate when compared with SOM up to 4.08 %.
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Iris Dataset

Accuracy Rate

—+— Initial SOM
—*— FASOM

I I I I I
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Number of Epoch
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O

Fig. 5 Comparisons accuracy rate Initial SOM and ASOM

The figure 5 shows a comparison of the accuracy rate in
case of the Iris. This experiment was done for 20-4000
epochs. It can be seen that ASOM gives an accuracy rate
at 80-90 while SOM introduces an accuracy rate at only
50-90. In other words, the proposed ASOM introduces a
better performance in the accuracy rate when compared
with SOM.

The result shows that the data could not be separated
distinctly. After random initialization was done, the data
was more distinct separated. By using the proposed
ASOM, those datasets could be precisely separated when
compared with traditional SOM.

Experimental result with Wine datasets presents accuracy
rate of Initial SOM and ASOM Algorithm as shown in a
table 4. It can be seen that ASOM can decrease number of
error in each class of Wine datasets when compared with
traditional SOM. In addition, ASOM and SOM introduce
68.56 % and 56.92 % of the average of accuracy rate,
respectively. In other words, the proposed ASOM can
increase accuracy rate when compared with SOM up to
11.64 %. Additionally, it can be seen that ASOM and
SOM introduces 75.28 % and 60.67 % of the maximum
average of accuracy rate, respectively. This means that the
proposed ASOM increases the maximum average of
accuracy rate when compared with SOM up to 14.61 %.
From these result, it can be seen that distribution of wine
datasets with weight from Initial SOM leads to the
incorrect weight while ASOM can introduce the correct
weight better than Initial SOM.

Table 5 shows the experiment result of the glass dataset.

It can be found that ASOM and SOM introduce the
number of error in classification for first class 11 and 0,
respectively. And the number of error in classification for
second class 33 and 51, orderly. It should be noted that the
glass dataset has 163 samples in the first class and has 51

samples in the second class. This means that initial SOM
can’t separate the data set into two classes. It classifies all
input data into the first class while the proposed ASOM
can separate the input data into two classes. Therefore, the
proposed ASOM introduce a better performance in
classification when compared with initial SOM.
Additionally, ASOM and SOM give 78.96 % and 77.57 %
of the average of accuracy rate, respectively. This means
that the proposed ASOM can increase accuracy rate when
compared with SOM up to 1.39 %. In addition, it can be
seen that ASOM and SOM introduces 93.93 % and
7757 % of the maximum average of accuracy rate,
respectively. This means that the proposed ASOM
increases the maximum average of accuracy rate when
compared with SOM up to 16.36 %.

From experimental result of the glass dataset, it proves
that Initial SOM allows all data converge to only one
weight and results in classification all data into only the
same class. It also confirms that ASOM can avoid the
local minimum problem.

5. Discussion

For Iris Plant Datasets, this data set contains information
about different types of Iris flowers. The data set consists
of 150 examples each with four numeric predictive
attributes. The data set contains 3 classes of 50 examples
each, where each class refers to a type of Iris plant. One
class is linearly separable from the other 2; the others have
some overlap. Each Attribute is continuous attributes
which is not between 0 and 1 but value of attribute range
from 0.10 to 7.90. Therefore, the initial weight from
randomize by minimize value or value 0 to 1 because the
weight cannot convergence to control all group data. For
winner node in the first time will update weight with
distance data and weight which make be winner forever.
This is because another weight cannot winner the first
value of another weight far from data. This means that it
is more distance than the first so the winner weight has
only one present in the figure.

For Wine datasets, in this datasets consists of 178
examples each with 13 continuous attributes. The data set
contains 3 classes with the following class distribution
class 1 has 59 examples class 2 has 71 examples class 3
has 48 examples. All data in a mixture, combined elements
lose their individual identities and are fused, are difficult
to determine class correctly and clearly because each data
have nearest distant for each attribute.

For Glass datasets, in these datasets contains 2 classes
with the following class distribution: the first class 1 has
163 examples and the other class has 51 examples. The
number of samples in the first class has more than 70 % of
all samples. This allows opportunity of random which
come from the first group to be more possible. And this
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leads the Initial SOM to make winner weight just only one.

The proposed ASOM algorithm has the pheromone to
keep statistic of weight updating. Although weight from
random data is the same class, the ASOM algorithm can
change weight from new random data until weight is
converged to need weight which can represent all correct

data. The proposed ASOM has the pheromone and T,

create
for controlling the number of data.
From experiment, the Initial weight by the approach of the
exchanging node gives a good performance but it is not
the best. This is because weight initialization may be
obtained from the same group dataset. Therefore, with
new approach of ASOM, the weight initialization random
from input node is selected by the probability of loading
which is applying from Fuzzy Ant Clustering [14-23] and
principle of Initial of Fuzzy C mean. This is a good
solution for the good initialization weight. However, the
good initialization weight is just the start of training, when
training without evaluate not good for result. This paper

proposes to evaluate by using T, Which is applied
from Fuzzy Ant Clustering. This method is normally used

for evaluating convergence of data. T, can scope data

requirement of probability of target which all technique
can separate data correctly as shown in the figure 5.

6. Conclusion

In this paper, the proposed ASOM for data clustering
method based on Fuzzy Ant and Self-Organize map is
presented. A proposed original idea is that lost node is
recoverable to overcome the problem of a single winner
node by exchanging from new datasets. With the proposed
methodology, traditional normalizing features with value
in range of 0 and 1 are replaced by using initial weight
from random input data. This enables the initial value to
be related to the input datasets. Therefore, a problem of a
single winner node leading to miss of clustering is
alleviated. Additionally, lost nodes which have pheromone
values less than a given threshold are re-initialized by
randomizing from new datasets. This results in avoiding a
problem of local minimum.

Experimental results confirm that the proposed ASOM can
be used for both normalized and non-normalize data. In
case of complexity e.g. overlap data, the ASOM has a
better performance when compared with traditional SOM.
In addition, the proposed technique has only one
parameter which is a non-complexity technique.

Evaluation of ant by the proposed threshold (T, ) Will

confirm the number of data in group which you may guess
that near probability of target.

References

[1] T. Kohonen, Self-Organizing Maps. Springer, Berlin, 1995.

[2] Yin Huang, Ponnuthurai N. Suganthan, Shankar M.
Krishnan, and Xiang Cao, Evaluation of Distance Measures
for Partial Image Retrieval Using Self-Organizing Map,
ICANN 2001, LNCS 2130, 2001, pp. 1042-1047.

[3] James A. Bednar, Amol Kelkar, Risto Miikkulainen,
Scaling Self-Organizing Maps to Model Large Cortical
Networks, Neuroinformatics, Humana Press Inc., 2004,
pp.275-302.

[4] Thomas Nowotny, Ram’ on Huerta, Henry D. I. Abarbanel,
Mikhail 1. Rabinovich, Self-organization in the olfactory
system: one shot odor recognition in insects, Biological
Cybernetics (2005) 436-446.

[5] Sebastian Rodriguez, Nicolas Gaud, Vincent Hilaire,
St’ephane Galland, Abderrafi"aa Koukam, An Analysis and
Design Concept for Self-organization in Holonic Multi-
agent Systems, Springer-Verlag Berlin Heidelberg (2007)
pp. 15-27.

[6] Dimuthu Chandana Kelegama, LIU Li-hua, LIU Jian-gin,
Self Organization Map for Clustering and Classification in
the Ecology of Agent Organizations, Journal CSUT, Vol.7,
No.1 (2000) 53-56.

[71 Andrew Vande Moere, A Model for Self-Organizing Data
Visualization Using Decentralized Multiagent Systems,
Advances in Applied Self-organizing Systems, (2008) 291-
324 .

[8] Teuvo Kohonen, Samuel Kaski, Krista Lagus, Jarkko
Salojarvi, Jukka Honkela, Vesa Paatero, Antti Saarela, Self
Organization of a Massive Document Collection, IEEE
Transactions on Neural Networks, Vol. 11, No. 3 (2000)
574-585.

[9] Lagus, Timo Honkela, Samuel Kaski, Teuvo Kohonen, Self-
Organizing Maps of Document Collections: A New
Approach to Interactive Exploration KDD-96 Proceedings
on Spatial, Text, Multimedia, 1996 pp.238-243.

[10] Teuvo Kohonen, Jussi Hynninen, Jari Kangas, and Jorma
Laaksonen, SOM PAK The Self-Organizing Map Program
Package, Otaniemi 1996 .

[11] Wattanapong Kurdthongmee, Utilization of a Self
Organizing Map as a Tool to Study and Predict the Success
of Engineering Students at Walailak University, Walailak
Journal Science and Technology 2008, (2008) 111-123.

[12] Sheng-Chai Chi, Chih Chieh Yang, Integration of Ant
Colony SOM and K-Means for Clustering Analysis, 10th
International Conference, KES 2006, Bournemouth, UK,
2006, pp.1-8.

[13] Tsutomu Miyoshi, Relation Organization of Initial SOM by
Node Exchange Using Connection Weights, 2006 IEEE
International Conference on Systems, Man, and Cybernetics,
Taipei, Taiwan, 2006, pp.1554-1558.

[14] Parag M. Kanade, Lawrence O. Hall, Fuzzy Ants as a
Clustering Concept, 22nd international conference of the
North American fuzzy information processing society,
NAFIPS, 2004, pp. 227-232.

[15] Valeri Rozin, Michael Margaliot, The Fuzzy Ant,
Computational Intelligence Magazine, IEEE Vol. 2 Issue:4
(2007)18-28.



236 IJCSNS International Journal of Computer Science and Network Security, VOL.10 No.7, July 2010

[16] Parag M. Kanade, Lawrence O. Hall, Fuzzy Ant Clustering
by Centroid Positioning, Fuzzy Systems, 2004. Proceedings.
2004 IEEE International Conference, 2004, pp. 371- 376.

[17] Parag M. Kanade, Lawrence O. Hall, Fuzzy Ants and
Clustering, IEEE Transactions on Systems, Man, and
Cybernetics—Part A:, Vol. 37, No. 5 (2007) 758-762.

[18] Xiao-Ying Wang, Jonathan M. Garibaldi,  Simulated
Annealing Fuzzy Clustering in Cancer Diagnosis,
Informatics(03505596) Vol. 29 Issue:1 (2005) 61-70

[19] André L. Vizinel, Leandro N. de Castro, Eduardo R.
Hruschkal, Ricardo R. Gudwin, Towards Improving
Clustering Ants:An Adaptive Ant Clustering Algorithm,
Informatica 29 (2005) 143-154.

[20] J. Handl, J. Knowles, M. Dorigo, Ant-based clustering and
topographic mapping, Artificial Life, Vol.12 No.1 (2006)35
- 61.

[21] Marco Dorigo, Vittorio Maniezzo, Alberto Colorni, The
Ant System: Optimization by a colony of cooperating
agents, IEEE Transactions on Systems, Man, and
Cybernetics—Part B, VVol.26, No.1, (1996)1-13.

[22] Marco Dorigo, Luca Maria Gambardella, Ant colonies for
the traveling salesman problem, BioSystems (1997)

[23] Marco Dorigo, Gianni Di Caro, Luca M. Gambardella, Ant
Algorithms for Discrete Optimization, Artificial Life, Vol.5,
No0.3,(1999)137-172.

Napatsarun Chatchawalanonth received
the B.S. degree in Computer Science from
Bangkok University, Thailand in 1992 and
M.S. degrees in Finance and Banking from
Sri-patum University, Thailand in 1999
and studying Philosophy of Doctor in
Information ~ Technology at Rangsit
University, Thailand. She is currently a
lecturer of Science and Technology with
the Department of Computer Science, Suandusit Rajabhat
University, Thailand. Her research interests are distributed
machine learning, data clustering, pattern recognition, and
integrating Al into image processing.

Chom Kimpan received D.Eng. in
Electrical and Computer Engineering from
King Mongkut’s Institute of Technology
Ladkrabang, MS. EE from Nihon
University, Japan, and B.Eng. in
Telecommunication  Engineering  from
King Mongkut’s Institute of Technology
I Ladkrabang, Bangkok, Thailand. Now he
is an associate professor at Faculty of
Information Technology, Rangsit University, Thailand. His
interests are in pattern recognition, image retrieval, speech
recognition and swarm intelligence.

Sanon Chimmanee received B.Eng
degree in Electrical Engineering, Rangsit
University, Thailand in 1996 and M.S.
degree in Telecommunications Science
and Computer Network Engineering,
South Bank University, London in 1998
and Ph.D. degree in Technology from
| Sirindhorn  International Institute of
b= Technology (SHT), Thammasat
University, Thailand in 2007. During 1999-2002, he joined NEC
Communication System (Thailand) as a supervisor network
engineer and obtained Cisco certifications as follows: CCNA,
CCDA, CCDP and passed CCIE exam. He is now an assistant
professor at Faculty of Information Technology, Rangsit
University, Thailand.




