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SAOR-Based Signal Detection Algorithm for Massive MIMO System

XU Yaohua', YOU Yangyang', HU Mengyu', WANG Jian®

(1. School of Electronics and Information Engineering, Anhui University, Hefei, 230601, China; 2. Shanghai Aerospace Electronic
Technology Institute, Shanghai, 201802, China)

Abstract: The minimum mean square error (MMSE) detection method in the massive multiple input
multiple output (MIMO) system has a problem that the matrix inversion complexity is too high. In recent
years, there have been many studies to reduce the complexity. How to improve the convergence speed and
detection performance of the algorithm while reducing the complexity of the detection algorithm has always
been the focus of attention. The symmetric accelerated overrelaxation (SAOR) iterative algorithm is
applied to the signal detection of massive MIMO systems, which avoids complicated matrix inversion
calculation, and the implementation complexity is reduced by an order of magnitude compared with the
MMSE method. The simulation results show that the SAOR-based detection method can approach the
detection performance of the MMSE algorithm with fewer iterations, which provides a better
implementation method for the fast detection of received signals in massive MIMO systems.
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over-relaxation; matrix inversion
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