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ABSTRACT: An enhanced Informer—based spectrum prediction method incorporating De—Station—
al-Attention (DS—Attention) was proposed to address the performance limitations of existing
spectrum prediction models when applied to real-world non—stationary datasets. The proposed ap—
proach synergistically combined the anti—over—stational capabilities of DS—-Attention with the pa-
rameter—efficient characteristics of Informer’s self-attention distillation mechanism. Extensive ex—
periments performed on authentic spectrum measurement datasets demonstrate that the method

achives superior performance across multiple evaluation metrics, including MAE, RMSE, R?,
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and MAPE, outperforming five baseline models. Specifically, compared with conventional neural

network models such as LSTM and TCN, the proposed method achieves RMSE improvements

of 31.0% and 56.0%, respectively. When benchmarked against Transformer variants Autoformer

and Informer, it achieves RMSE improvements of 18.4% and 9.0%, respectively. These results

substantiate the effectiveness of the proposed approach.

KEYWORDS: cognitive radio; spectrum prediction; non-—stationary time series; deep learn—

ing; Informer; DS—Attention
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Fig. 1 System model
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Fig.2 Indoor and outdoor spectrum data spectrum diagrams and correlation analysis
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Fig. 4 Self-attention distillation mechanism of the encoder
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