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Multi—output multi—resolution electromagnetic spectrum mapping method
SHAO Hanrui, LI Zhi

(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract: In cognitive radio networks, constructing electromagnetic spectrum maps in under—covered regions is constrained by
sparse observations and complex propagation environments. Traditional single — output methods struggle to capture spatial
discontinuities and quantify predictive uncertainty. To enhance mapping reliability, this study proposes a two—stage multi—output and
multi — resolution spectrum mapping framework. By employing a generative adversarial network to dynamically fuse sparse
measurements with learned propagation features, the first stage generates multiple low — resolution candidate maps to quantify
uncertainty and constructs an information—value map that guides UAVs toward high—reward sampling locations. The second stage
progressively refines the reconstruction using high—resolution supplementary observations. This framework overcomes the limitations
of conventional single—output models and integrates uncertainty modeling, multi—resolution progressive optimization, and intelligent
UAV swarm guidance. Experimental results demonstrate that the proposed method significantly reduces reconstruction errors across
various sampling rates in complex urban and non—uniform propagation environments. The improvement is particularly pronounced
under low sampling rates, where the method maintains stable and superior reconstruction accuracy, exhibiting stronger robustness to
sparse observations compared with typical deep learning models.
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Fig. 1 Cognitive radio spectrum mapping scenario
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Fig. 2 Schematic diagram of the low—resolution multi—output preliminary mapping module
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Fig. 4 Results of the two—stage spectrum map construction method
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Table 1 Comparison of PSNR and SSIM among different algorithms at various sampling rates
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