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Implementation of Robust Feedforward Neural Network
Using Classifier Structure
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Dept. of Electrical Eng., Seoul National University

Abstract

In this paper, we improve fecdforward neural network
performance by eliminating the effect of gross error
using classifier structure. At first, we prove the output
of classifier converges to the posteriori probability of
each pattern given input x, A(8ilx). And we apply
filtering approach based on the robust statistics before
reconstructing  continuous output. The data distorted
with noise can be rejected by this process. Finally, we
suggest ncurofilter structure.

Sirmulation result shows that our structure yiclds
consistent estimates even in the presence of noise.
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