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Abstract: Seismic data, a crucial tool for exploration and monitoring, often faces interference from various noises, impacting the
quality and accuracy of data interpretation. This study aims to improve the existing noise suppression network, Denoising
Convolutional Neural Network (DnCNN), and enhance its ability to remove random noise from seismic data. In the denoising
experiments, we extensively explore the design and performance influences of DnCNN. We systematically evaluate their performance
in seismic data denoising by contrasting common activation functions, including traditional ReLU and Hard-swish. Results indicate that
the HS-DnCNN network, constructed with Hard-swish, outperforms the original DnCNN in suppressing random noise. Moreover,

compared to other denoising methods, it more effectively mitigates random noise. Subsequently, we apply HS-DnCNN to practical
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seismic data denoising experiments, validating its excellent applicability in real-world scenarios. HS-DnCNN demonstrates superior

denoising effects while preserving and emphasizing essential signals. This summarizes the essence of our study.

Keywords: seismic data denoising; random noise; Hard-swish activation function; DnCNN
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Tab. 1 Comparison of synthetic data denoising performance
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Fig. 7 Actual data denoising
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Tab.2 Comparison of actual data denoising performance
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