132 S3yEHRSM7I&E=2K A7A H3Z

ZY2HY S o] &3 TSK HAXFE Al2=d] HA & )4
ERER

Design and Analysis of TSK Fuzzy Inference System using
Clustering Method
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Abstract We introduce a new architecture of TSK-based fuzzy inference system. The proposed model
used fuzzy c-means clustering method(FCM) for efficient disposal of data. The premise part of fuzzy rules
don’t assume any membership function such as triangular, gaussian, ellipsoidal because we construct the
premise part of fuzzy rules using FCM. As a result, we can reduce to architecture of model. In this paper,
we are able to use four types of polynomials as consequence part of fuzzy rules such as simplified, linear,
quadratic, modified quadratic. Weighed Least Square Estimator are used to estimates the coefficients of
polynomial. The proposed model is evaluated with the use of Boston housing data called Machine
Learning dataset.

Key Word : Fuzzy c-means Clustering Method, Particle Swarm Optimization, Weighted Least Square
Estimator, Least Square Estimator Fuzzy Inference System,
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# 1. WLSE & we] dsA4
I?Io. of Distance Polynomial - L
Cluster type
Simplified 7.634+0.284 7.540+0.432
Linear 2.285+0.102 3.875+0.439
Euclidean
Quadratic 0.841+0.054 8.234+4.589
M.Quadratic 0.963+0.067 6.073+0.825
Simplified 7.472+0.290 7.444+0.454
Linear 2.464+0.097 3.769+0.225
20 Manhattan
Quadratic 1.017+0.055 6.666+3.228
M.Quadratic 1.160+0.080 5.145+0.651
Simplified 7.824+0.237 7.743+0.414
Linear 2.267+0.113 3.930+0.495
Minkowski
Quadratic 0.763+0.422 8.303+4.024
M.Quadratic 0.880+0.054 6.533+0.975
Simplified 7.518+0.288 7.465+0.468
Linear 2.186%0.148 3.935%0.466
Euclidean
Quadratic 0.779+0.039 7.647+4.766
M.Quadratic 0.911+0.069 6.503+1.239
Simplified 7.357+0.295 7.313+0.497
Linear 2.368+0.082 3.853+0.353
25 Manhattan
Quadratic 0.957+0.041 6.604+3.003
M.Quadratic 1.114+0.069 5.297+0.783
Simplified 7.693+0.276 7.658+0.495
A . Linear 2.171+0.150 4.045+0.527
P Quadratic | 071430040 | 7.902¢4225
M.Quadratic 0.851+0.070 6.703+0.977
& 2. LSE & wjo] deAs
No. of Distance Polynomial Pl EPL
Cluster type
Simplified 7.485+0.299 7.458+0.402
Linear 0.940+0.099 21858+234.1
Euclidean
Quadratic 0.009+0.031 82.64+42.09
M.Quadratic 0.016+0.038 82.64+42.09
Simplified 7.069+0.284 7.307+0.492
Linear 0.849+0.138 220.02+191.9
20 Manhattan
Quadratic 0.007+0.024 109.58+65.86
M.Quadratic 3.2e-8+3e-8 171.91+127.2
Simplified 7.725+0.242 7.732+0.360
Minkowsk Linear 0.949+0.121 184.79+275.1
i Quadratic 0.011+0.034 61.32+2094
M.Quadratic 0.014+0.044 216.45+389.5
Simplified 7.325+0.285 7.331+0.503
Linear 0.490+0.160 266.53+236.4
Euclidean
Quadratic 0.011£0.035 58.93+24.21
M.Quadratic 0.012+0.040 142.07+184.2
Simplified 6.943+0.264 7.100+0.584
Linear 0.343+0.211 311.55+213.6
25 Manhattan
Quadratic 0.021+0.067 89.47+58.98
M.Quadratic 0.001+0.005 80.608+37.21
Simplified 7.552+0.248 7.539+0.499
Minkowsk Linear 0.466+0.149 277.10+307.2
i Quadratic 0.012+0.040 56.61£26.71
M .Quadratic 0.010+0.033 83.18+43.92
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X 3. 7|ER} d5A 4 val
No. of
Model PL EPL
Cluster
RBFNNI[7] H=25 6.36+0.24 6.94+0.31
RBENN with context= | 0 | 550m025 | 6912045
free clustering[7]
Linguistic modeling[7]
without optimization H=25 521+0.12 6.14+0.28
One-loop optimization H=25 4.80£0.52 5.22+0.58
Multi-step optimization H=25 4.21%0.35 5.32+0.96
Simplified 7.634+0.284 | 7.540+0.432
Our Linear 2.285+0.102 | 3.875+0.439
mode H=25
1 Quadratic 0.841+0.054 | 8.234+4.589
M.Quadratic 0.963+0.067 | 6.073+0.825
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