Wireless Location Tracking via Complex-Domain Super MDS with Time Series Self-Localization Information
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1. Abstract 2. Problem description and CD-SMDS algorithm review
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4. Simulation results

3. Proposal: SL-aided CD-SMDS (SL-CD-SMDS)
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Summary: A novel wireless location tracking algorithm, SL-CD-SMDS, is proposed, which is an extension of the CD-SMDS to location tracking problems under the assumption that time series information of distance and angle simultaneously can be
utilized. Simulation results show that the proposed method significantly outperforms the conventional method, especially when the measurement error is large and/or the information is partially unattainable.
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