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ABSTRACT

In this paper, we propose a Fuzzy Classifier System(FCS) to find a set of fuzzy rules which can carry out
the edge detection of a image. The FCS is based on the fuzzy logic system combined with machine learning.
Therefore the antecedent and consequent of a classifier in FCS are the same as those of a fuzzy rule. There
are two different approaches, Michigan and Pittsburgh approaches, to acquire appropriate fuzzy rules by
evolutionary computation. In this paper, we use the Michigan style in which a single fuzzy if-then rule is
coded as an individual. Also the FCS employs the Genetic Algorithms to generate new rules and modify rules
when performance of the system needs to be improved. The proposed method is evaluated by applying it to
the edge detection of a gray-level image that is a pre-processing step of the computer vision. The differences
of average gray-level of the each vertical/horizontal arrays of neighborhood pixels are represented into fuzzy
sets, and then the center pixel is decided whether it is edge pixel or not using fuzzy if-then rules. We compare
the resulting image with a conventional edge image obtained by the other edge detection method such as Sobel

edge detection.
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Table 1. Useful classifiers for the edge detection

State Conditions Output

Rules X0 X1 Gfes
R1 D D
R2 VD VB
R3 VD M
R4 SD D
RS D B
R6 M D
R7 SD VB
R8 M VB
R9 D VD M
R10 VD VD VD
R11 SD VD VB
R12 B VD
R13 SB M
R14 VD D VB
R15 M VD M
R16 VD SD D
R17 D D VB
R18 VD B D
R19 VD M D
R20 VD SB VD
R21 VB VB
R22 SB M
R23 VD VB M
R24 SB VD VB
R25 SD D B
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