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Multi-noise stochastic resonance study based on convolutional neural network
LIU Yun, WANG Youguo

(College of Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

Abstract; Aiming at the problem that noise—enhanced convolutional neural networks do not consider the influence of noise types on
model performance, an improved noise —enhancing convolutional neural network algorithm is proposed, which uses the rectified
linear function as the activation function to add uniform noise, Gaussian noise and Laplace noise to the output neurons, and
compares and studies the noise gain existing in convolutional neural networks under different noise types. The simulation results on
the MNIST dataset show that the improved noise—enhancing convolutional neural network has higher classification accuracy, and it is
demonstrated that Laplace noise is the optimal noise type of the model.
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Fig. 2 Flowchart of the improved algorithm
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