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In data clustering ,ACO based methods have been effective for cluster distributions with high accuracy. However,
it have been difficult to set optimal parameters for each data set, requiring trial-and-error repetitions of parameter
tuning. In this paper, we have analyzed the behavior of the ACO based algorithm, called ESACC, and clarified
optimal parameters in ESACC for some benchmark datasets. We also demonstrate that ESACC with our found
parameters can be more effective than some clustering method.
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Algorithm 1 ESACC

while do

end while
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1: FM-index
flag2=True flag2=False

Flag1=True TP FP

Flag1=False TN FN

2:

1000 1000 1

20 20 1

0.01 0.30 0.01 30

L 1 30 1 30

Emin 0 15 1 16

Emax 1 20 1 20

2.3 FM-index
FM-

index(Fowlks Mallows index)[Fowlkes:1983]
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FMI = TP ÷ sqrt((TP + FP ) ∗ (TP + FN)) (2)
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1: L

4.

4.1

A B

A : ,

B : , L , Emin , Emax
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4.2

UCI Machine Learning Repository[UCI]

Iris Wine Synthetic Control Chart Time

Series Data Set(Sccts)

Iris

4 150

3

3:

Iris 150 4 3

Wine[UCI] 178 13 3

Sccts[UCI] 600 60 6

4: ESACC
L Emin Emax

Iris 0.1 10 2 6

Wine 0.1 16 5 10

Sccts 0.1 30 10 20

Wine

OD280/OD315

13 178

3

Sccts

6 100 60

600 6

( )

Table3

OS : ubuntu16.04 LTS 32bit

CPU : Intel R©CoreTMi7-4790 CPU

: 15.7GiB

: Python2.7

numpy

3

FM-index 1

10

1. ESACC: [Liu:2010]

ESACC

2. ESACC-OPT:

ESACC

3. k-means:

ESACC 4 ESACC

ESACC
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5: ESACC-OPT
L Emin Emax

Iris 0.04 4 2 2

Wine 0.1 5 2 2

Sccts 0.09 17 10 20

6:

Iris 1000 20

Wine 1000 20

Sccts 1000 60

ESACC-OPT 5

ESACC-OPT

ESACC ESACC-OPT
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4.3
2 3 4

2: FM-index (Iris)

ESACC

ESACC-OPT Iris

Wine ESACC-OPT k-means

4.4
ESACC ESACC-OPT

k-means Sccts

L

Sccts

5.

3: FM-index (Wine)

4: FM-index (Sccts)
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