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Ultra-Low-Power Analog Approximation Integrated Implementation of Analog CMOS Correlator as a High-Speed Spectrum Sensor
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Geo2SigMap: High-Fidelity RF Signal Mapping Using Geographic Databases Code and measurement data available on GitHub! https://github.com/functions-lab/geo2sigmap
« A framework for RF S|gnal mapping combining three open-source tools: OpenStreetMap (geographic databases) Blender (computer graphics), and Sionna (ray tracmg)
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RF Signal Propagation Mapping
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p Capacity-Achieving Scheduling Algorithms in Directional Networks < I Full transceiver IC design and integration with an SDR
8 - \We evaluate the capacity of sectorized networks that employ directional antennas at each 5 platform for experimental evaluation of spectrum sensing
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