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Abstract In this paper, autoassociative multi-layer perceptron model is used for image recollection

and recognition. The feedback structure returning autoassociative image output and recognition result

improves noise reduction effect based on multi-layer perceptron model. Additionally, modified backp-

ropagation learning algorithm with momentum parameter variations is introduced to improve the

network learning time.
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Fig. 1. 2-layer Perceptron neural network st-
ructure.
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Fig. 2, Stored image set.
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Fig. 3. Image recovery and classification with
feedback.
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Fig. 4. Noisy inputs and recovered images.
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Fig. 5. Noise removal effect on the noisy ima-
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Table 1, Image recoveries and classifica-
tions.
(a) with no feedback
(b) with feedback applied three
times.
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Fig. 6. Classfication rate(Pc) vs. Pixel noise.
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