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Statistical Information-Based
Hierarchical Fuzzy-Rough Classification Approach
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Abstract

In this paper, we propose a hierarchical fuzzy-rough classification method based on statistical information for
maximizing the performance of pattern classification and reducing the number of rules without learning approaches
such as neural network, genetic algorithm. In the proposed method, statistical information is used for extracting the
partition intervals of antecedent fuzzy sets at each layer on hierarchical fuzzy-rough classification systems and rough
sets are used for minimizing the number of fuzzy if-then rules which are associated with the partition intervals
extracted by statistical information. To show the effectiveness of the proposed method, we compared the classification
results(e.g. the classification accuracy and the number of rules) of the proposed with those of the conventional
methods on the Fisher’'s IRIS data. From the experimental results, we can confirm the fact that the proposed method
considers only statistical information of the given data is similar to the classification performance of the conventional
methods.
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Fig. 1. The structure of a hierarchical
fuzzy-rough classification system
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Fig. 2. Substructure of a hierarchical fuzzy-rough
classification system
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Table 1. Correlation of IRIS data

daA | SL SwW PL PW
SL 1 -0.118 0.872 0.8118
SW -0.118 1 0428 | -0.366
PL 0.872 -0.428 1 0.963
PW 08118 | -0.366 0.963 1
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Table 2. Statistical information on IRIS data

24 Setosa Versicolor Virginica sD
Min | Max | Min | Max | Min | Max

SL 43 5.8 49 7.0 49 79 | 0.828

SW 2.3 44 2.0 34 2.2 3.8 | 0436

PL 1.0 19 3.0 51 45 6.9 | 1762

PW 0.1 0.6 1.0 1.8 14 25 | 0.765
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Table 3. Fuzzy sets for antecedent and consequent parts
of layer 1

Petal Length®] A&7 - R AAZH | 28 F
(1) PL1 = [0 0 42 45]
(2) PL2 : [4.2 45 4.8]
(3) PL3 = [45 4.8 51] 570
(4) PL4 : [48 5.1 54]
(5) PL5 = [5.1 5.4 8662 8662]

Petal Widthe] £&77 - 487 Ax332 | 28

(1) PW1 = [0 0 1.2 1.4]
(2) PW2 = [1.2 14 1.6]
(3) PW3 = [14 1.6 1.8] 570
(4) PW4 = [16 1.8 2.0]

(5) PW5 = [1.8 2.0 3.265 3.265]

Yl - 85 AAZE

(1) Setosa = [0 0.25 0.5]

(2) Versicolor = [0.25 0.5 0.75] 370
(3) Virginica = [05 0.75 1.0
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Table 4. Number of Layer 1’s rules before and after
reduction of attributes

&4 745 A SR Z 739
(Fx14el YEdEos A i
Setosa : 170, Versicolor : 970, Virginica : 97} 197
2 1% 3 943 = 9
(Y EZ} 17H +3) T
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Table 5. Inference results on layer 1

Zo) YL (A% 19 F£2H)
ot SEF 71
Setosa 042500 (507H) NE

Versicolor | 0.2500 — 0.7500 (2571) {0.2500 — 0.7500 (2570)
Virginica |05764 — 0.7500 (4771) 1 05764 - 0.6250 (37)
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AF 18 F243d g3 HALE AR
[0.25-0.217, 0.75+0.217]1 = [0.0330, 0.9670]
[0.5764, 0.6250]
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Table 6. Fuzzy sets for antecedent and consequent parts
of layer 2

Y19 4£&77 - ¥ §x7A3 o ¢
(1) Y11 = [0.033 0.033 0.25 0.5764]
(2) Y12 = [0.25 05764 0.625] AR
(3) Y13 = [05764 0.625 0.75]
(4) Y14 = [0625 0.75 0.967 0.967]
Sepal Length®] £&77F - 88 HAFIA2 | 28 +
(1) SL1 = [3.472 3472 4.2 4.9]
(2) SL2 = [4.2 49 56]
(3) SL3 = [4.9 56 6.3] 671
(4) SI4 = [56 6.3 7.0
(5) SL5 = [6.3 7.0 7.7]
(6) SL6 = [7.0 7.7 8728 8.728]
Y2 - &85 HAxF% =g F
Y1e 8% Hqx3de 243703 59 370
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Table 7. Number of Layer 2's rules before and after
reduction of attributes
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Setosa : 270, Versicolor : 671, Virginica : 67} 1474
&4 75 T 943 F 139
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Setosa @ 270, Versicolor : 670, Virginica : 371 1170
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Table 8. Inference results on layer 2
Y2 (AF 29 #2843
T ais SEF 7
0.2500 - 0.5000 (3970)]0.3962 - 0.5000 (117H)
0.2500 - 0.7500 (4470) | 0.2500 - 0.7500 (67W)
0.7500 (5071) S

el
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[0.0600, 0.9400]
[0.3962, 0.5000]
370 (min : 0.25, max : 0.75, sd : 0.19)
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Table 9. Fuzzy sets for antecedent and consequent parts
of layer 3

Y29l A& T-99% AU 2 &
(1) Y21 = [0.06 0.06 0.25 0.3692]
(2) Y22 = [0.25 0.3962 0.4481]
(3) Y23 = [0.3962 0.4481 0.5] 571
(4) Y24 = [04481 05 0.75]
(5) Y25 = [05 0.75 0.94 0.94]
Sepal Widthe] 2%7<t — 8y AAAG2 | #8 5
(1) SW1 = [1564 1.564 1.88 2.2]
(2) SW2 = [1.88 2.2 252]
(3) SW3 = [2.2 252 2.84]
(4) SW4 = [252 2.84 3.16] 871
(5) SW5 = [2.84 3.16 3.48]
(6) SW6 = [3.16 348 3.8]
(7) SW7 = [348 38 412]
(8) SW8 = [3.8 4.12 4.836 4.836]
V3 - 297 dA4E £
Yid £9% AAA%e 2Et 59 37

[~ ri
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Table 10. Number of Layer 3’s rules before and after
reduction of attributes
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(X421 Yoz A4) -

Setosa : 1270, Versicolor : 970, Virginica : 670 | 2770
&4 2E F 4 % 7139

(HHYEZ 14Y 73) F

Setosa : 97N, Versicolor : 970, Virginica : 17§ 197
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Table 11. Inference results on layer 3

2o Y3 (A% 34 =243
vHT QEF T3
Setosa 0.2500 - 0.5000 (497H) 05 (17)
Versicolor | 0.3657 — 0.6112 (5071) N
Virginica | 0.74995 — 0.74999 (5071) e
34 A&YH HX-2=Z 2FZe} 7|=9 EFUHE
me| vl m

H 12, 7t AZe) B8 Rgne 749 5
Table 12. Classification accuracy and number of rules on

each layer
- o me e %
A% R o B Py
A% 1 122/150 (81.33%) 1970 1270
Az 2 127/150 (84.67%) 1470 110
AZ 3 149/150 (99.33%) 2770 1971
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Table 13. Comparison the proposed with conventional

methods
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e I Ty
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The proposed method 1974 (539320)
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