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Object Recognition Using Neuro-Fuzzy Inference System
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ABSTRACT

In this paper, the neuro-fuzzy inference system for the effective object recognition is studied.
The proposed neuro-fuzzy inference system combines learning capability of neural network with in-
ference process of fuzzy theory, and the system executes the fuzzy inference by neural network
automatically.

The proposed system consists of the antecedence neural network, the consequent neural net-
work, and the fuzzy operational part. For dissolving the ambiguity of recognition due to input vari-
ance in the neuro-fuzzy inference system, the antecedence's fuzzy proposition of the inference rules
are automatically produced by error back-propagation learning rule. Therefore, when the fuzzy in-
ference is made, the shape of membership functions is adaptively modified according to the vari-
ation, The antecedence neural netwerk constructs a separated MNN{(Model Classification Neural
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Network) and LNN(Line segment Classification Neural Networks) for dissolving the degradation of
recognition rate. The antecedence neural network can overcome the limitation of boundary decision
characteristics of neural network due to the similarity of extracted features. The increased recog-
nition rate is gained by the consequent neural network which is designed to learn inference rules

for the effective system output.
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Fig. 1. Strucure of neuro-fuzzy inference system.
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