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Abstract

In this paper, a new fuzzy single layer learning algorithm is proposed, which shows more improved learning time and
convergence property than that of the conventional fuzzy single layer perceptron algorithms. First, we investigate the
structure of physiological neurons of the nervous system and propose new neuron structures based on fuzzy logic.
And by using the proposed fuzzy neuron structures, the model and learning algorithm of Physiological Fuzzy Single
Layer Perceptron(P-FSLI®) are proposed. For the evaluation of performance of the P-FSLP algorithm, we applied the
conventional fuzzy single layer perceptron algorithms and the P-FSLP algorithm to three experiments including
Exclusive OR problem, the 3-bit parity bit problem and the rccognition of car licence plates, which is an application of
image recognition, and evaluated the performance of the algorithms. The experimentation results showed that the
proposed P-FSLP algorithm reduces the possibility of local minima more than the conventional fuzzy single layer
perceptrons do, and enhances the time and convergence for learning. Furthermore, we found that the P-FSLP
algorithm has the great capability for image recognition applications.
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Table 5. The Comparison of the learning time and the

recognition rate for learming patterns between fuzzy
single layer learning algorithms in the recognition of car
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Table 6. The Comparison of the recognition rate for
experiment data between fuzzy single layer learning
algorithms in the recognition of car licence plates
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Fig. 6. the result screen of the experiment for the
recognition of car licence plates
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