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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 form the researchers in the past few years. This
technique has many parameters to tune, such as drop, pick, and radius of perception parameters
that have crucial role in performance and convergence of the algorithm. These parameters are
usually tuned with trial and error. In this paper we use CLA-PSO, which is a discrete version of
PSO based on cellular learning automata, to tune parameters of ant clustering technique. To asses
the performance of the proposed method, we compared the proposed method with the only
reported method for automatic adaptation of ant clustering parameters which is based on genetic
algorithm. Experimental result shows the superiority of the proposed method over the method
based on genetic algorithm and k-means method.
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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

4 i := random select(remaining items)

5:  pick up(agent(j), i)

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

8: end for

9: for each it_ ctrin 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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‘While not done do
For each particle i in CLA do
Generate a new corner of hypercube and go to that location
Evaluate the new corner of hypercube
If fitness(new location)> fitness(PB;) then
Update PB;
End if
Select LB; cells from neighbors of cell i
Generate the reinforcement signal vector
Update LAs of particle i
Correct out bound probabilities of LA in particle i
End for
End while
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Entropy 0.1054 0.4021 0.1050
Variance 166.0238 | 260.7895 | 171.0297
IRIS k-means | Ant-GA | Ant-PSO
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Variance 16.4638 16.7332 16.3139
Datal k-means | Ant-GA | Ant-PSO
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Rand Index | 0.9526 0.9026 0.9834
Entropy 0.1787 0.3319 0.0849
Variance 55.2279 | 74.0501 51.5061
Ecoli k-means | Ant-GA | Ant-PSO
F-Measure | 0.6512 0.6749 0.7625
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Variance 38.0333 | 44.9740 43.6553
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Variance 29.6713 34.7015 32.1147
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