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Double-input single-output (actuz
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Abs(error)=0.029714 MSE=0.0(
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F— REHRZIE - CPRARTAYER - No. MF % 5 B B8 EH - Avg.

Rk F¥HEHEZE - MSE is the mean squared error. Avg. D is the average absolute

differences.
Single-input-single-output system
CP No. MF Avg. MSE Avg. D
real numbers 7 0.3054 0.1209 1.391134
real numbers 14 0.1758 0.0551 0.220473
simple functions 7 0.2379 0.1115
simple functions 14 0.1767 0.0653
Double-input-single-output system
CP No. MF Avg. MSE Avg. D
real numbers 7 0.040032 0.002470 0.0385440
real numbers 14 0.029714 0.001491 0.0297030
simple functions 7 0.105136 0.019700
simple functions 14 0.081677 0.013900

% = mean squared errors (MSE)E 7~ 6] 77 3% b #y th 81 %
Method MSE

our model (3-label for each input) 0.04701
our model (5-label for each input) 0.02257
our model (7-label for each input) 0.008385
gradient descent method 0.01574
from [5]- without parameter identification 0.318
from [5]- with parameter identification 0.079
from [5]- position-gradient type 0.010
from [5] 0.073
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The design of a fuzzy system based on data
transformation methods

Hung-Jin Chen Yo-Ping Hung

Abstract

In the past day of a inference fuzzy system, we always refine the central point and width
of a membership function in order to ‘ﬁtting the input of a system We use the gradient descent
method in this proposed system. Since adjusting a rule to satisfy one pattern may deteriorate
the others performance and result in a lengthy tuning process. This paper approaches from
another viewpoint to adjusting the fuzzy model built for the preprocessed data. The
membership functions defined for each premise variable are equally distributed and fixed in
the transformed domain. To better identify the fuzzy model, either the transformation
functions or consequent parts of fuzzy rules or both need t6 be optimized. We then treat each
triangular membership functions as two disjoint ones such that each fuzzy rule is divided into
mutually independent rules. This in turn benefits the refinement of consequent parts in the
fuzzy rules since adjusting a rule will not be demonstrated but also the results from the
conventional approaches will be givens for comparisons. We use the least squared method to
calculates the desired consequent real numbers for the data located in the same region of
transformed domain. The conformity of the after-tuned consequence parts in the fuzzy rules

with the desired values further verifies the effectiveness of the presented methodology.

Keywords: Gradient descent methods; Fuzzy modeling; Transformed function







