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Improving Ant based Clustering Technique using Learning Automata
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Abstract

Ant based clustering is a bio-inspired method for clustering. This method has some interesting
characteristic that has prompted special attention from the researchers in the past few years. In this paper
an improvement on ant based clustering using learning automata is proposed. In improved ant based
clustering every ant is equipped with a learning automaton which learns the place that the ant should drop
its data item on the grid. To show the performance of the proposed method, it is tested on five standard
data sets and the results are compared with the results obtained for the only reported method in the
literature for determining important places in grid which is called “Short Term Memory” and K-means
method. The results of comparison have shown the superiority of the proposed method over “Short Term
Memory” and K-means methods in term of computational effort and accuracy.

Keywords: Ant based Clustering, Learning Automata, Short Term Memory
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Algorithm Ant Clustering

1: INITIALIZATION PHASE

2: Randomly scatter data items on the toroidal grid

3: for each j in 1 to #agents do

i ;= random select(remaining items)

pick up(agent(j), i)

g := random select(remaining empty grid locations)
place agent(agent(j), g)

A A
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8: end for

9: for each it_ ctr in 1 to #iterations do

10:  j:=random select(all agents)

11:  step(agent(j), stepsize)

12:  i:=carried item(agent(j))

13:  drop := drop item?(f(i)) // see equation 2
14: if drop = TRUE then

15: while pick = FALSE do

16: i ;= random select(free data items)
17: pick == pick item? // see equation 1
18: end while

29:  endif

20: end for
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Wisconsin k-means | Ant + Memory | Ant+ LA
F-Measure 0.9699 | 0.8714 0.9653
Rand Index 0.9240 | 0.7274 0.8970
Entropy 0.1054 | 0.2994 0.1039

F Evaluations - 440,631.20 375,152.05
IRIS k-means | Ant + Memory | Ant+ LA
F-Measure 0.8478 | 0.9533 0.9733
Rand Index 0.8627 | 0.9404 0.9656
Entropy 0.2519 | 0.1864 0.1051

F Evaluations - 141,276.30 67,234.60
Datal k-means | Ant + Memory | Ant + LA
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F Evaluations - 181,114.60 155,982.95
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