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Abstract: With the widespread application of Internet of things technology, non-orthogonal multiple access (NOMA)
has been recognized as an efficient multiple access technique, offering significant advantages in large-scale connectiv-
ity and spectral efficiency. However, impulsive noise, a common source of interference, has been found to severely de-
grade the performance of NOMA systems. To address this issue, a deep learning-based compressed sensing method

was proposed for impulsive noise suppression. By exploiting the temporal sparsity of impulsive noise in NOMA sys-
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tems, a data-driven approach was employed, with the network being used to estimate the impulsive noise. Firstly, a

linear mapping network was used to replace the compressed sensing algorithm in computing the pseudoinverse, pro-

viding an initial estimate of the impulsive noise. This estimate was then fed into a compressed sensing reconstruction

WaveNet (CSR-WaveNet), which could learn the sparse characteristics of the impulsive noise for more accurate noise

estimation. Simulation results show that, compared to existing methods, the proposed approach can achieve lower bit

error rates.
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