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Abstract: To address the limitations of cooperative spectrum sensing algorithms based on convolutional neural net-
work (CNN), including simple network structures, insufficient feature extraction, and reduced sensing performance, a
cooperative spectrum sensing algorithm based on residual attention dense network (RADN) was proposed. The basic
residual block was enhanced and attention mechanisms across receptive field, channel, and spatial dimensions were
introduced. By integrating residual and dense connections, a powerful deep feature extraction framework was formed,
which was termed residual in dense (RID), its feature extraction and sensing performance had been significantly
boosted. Experimental results show that under low signal-to-noise ratio (SNR) conditions, the RADN algorithm out-
performs traditional deep learning methods, adapting well to various modulation schemes and achieving high detec-
tion probability and robustness.
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