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Noise-Suppression Deep Learning Strategy via Reliability
Estimation Gate for Image Classification
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Abstract: In recent years,more and more attention has been paid to the study and research of noise suppression. This
paper proposes a noise suppression deep learning strategy that deals with the presence of noise in training data by construc-
ting a Noise Unaware Network (NUN) and Reliability Estimation Gate (REG). By evaluating the reliability of each sample
and adjusting its weight during training, the influence of label noise on network training can be reduced. As the model is up-
dated iteratively ,the weight of clean data will gradually increase, while the weight of noise data will be suppressed. Experi-
ments on multiple benchmark data sets demonstrate the effectiveness of the proposed deep learning strategy for noise sup-
pression.
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