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Abstract: Focusing on low the channel estimation accuracy is jff virthal angular domain channel for Frequency Division
Duplex based MASSIVE Multi-Input Multi-Output ( MASSIVE MIMO) systems, a new algorithm Based on Threshold Sparsity
Adaptive Matching Pursuit ( BT-SAMP) was proposed. The ‘algorithm combined the atomic selection characteristics of BAOMP
algorithm and the adaptive characteristics of Sparsity€Adaptive Matching Pursuit ( SAMP) algorithm. The Backtracking-based
Adaptive Orthogonal Matching Pursuit ( BAOMR)\ rule of the " adding atom" algorithm was used as the atomic selection
preprocessing of the SAMP algorithm, the fixed atom was added by reasonable threshold, and then the step size of the SAMP
algorithm was extended to find the maximum approximation coefficient of the channel matrix, which can improve the accuracy
of SAMP algorithm and accelerate the convergence speed of the algorithm. The simulation results show that the channel
estimation accuracy is improved compared with the SAMP algorithm in the case of low Signal-to-Noise Ratio (SNR), especially
when the SNR is 0 to 10 dB, the estimation accuracy is improved by 4 dB, and the running time of the algorithm is reduced by
about 61% .

Key words: MASSIVE Multi-input Multi-output ( MASSIVE MIMO); channel estimation; Compression Sensing ( CS);

Sparsity Adaptive Matching Pursuit (SAMP); virtual angular domain
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