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A Staircase Multi—scale Neural Network Model for
Stripe Noise Reduction

WANG Zhao™ ,WANG Yan,SU Guo-hui, SHI Sheng—kai
( Qingdao Institute of Marine Geology ,Qingdao 266071 ,China)

Abstract:In view of the complex stripe noise in remote sensing images, a staircase multi —scale convolutional neural network noise
reduction model ( SmCNN) is proposed. The model adopts a lightweight design of the staircase network structure , highly integrates multi—
layer network features such as high and low layers, and has excellent recognition and removal capabilities for heterogeneous, high
coverage , multi—scale stripe noise on images. The model mainly uses 3 * 3 dilated convolution to construct multi—scale network and
residual network to integrate multi—scale feature information, enhance the detection ability of multi—scale stripe noise and make up for the
degradation of deep network. The jagged hybrid dilated convolution network is used to solve the problem of image information
discontinuity. The multi—scale network structure of staircase type is designed, and the 1 * 1 convolutional lightweight neural network
model is introduced to reduce the complexity of the model. The experimental results show that SmCNN has better denoising performance
than traditional image denoising methods. Compared with the classical DnCNN model , the denoising quality evaluation indexes of mean
square error, peak signal —to —noise ratio and structural similarity are improved by 61.2% ,11. 8% and 0. 7% respectively. The
lightweight effect of network structure is remarkable,and 53.11% of the model training time is saved.
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