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Abstract Singular value decomposition (SVD) for solving least-squares estimation problem was studied. The proposed
iterative divide and merge algorithm (IDMSVD) which aims to improve the singular value decomposition in the estima-
tion of parameters is very time-and memory space-consuming. Based on IDMSVD, a parallel IDMSVD algorithm was
proposed and realized using the Nvidia GPUs. The experimental results show that IDMSVD can effectively improve the
minimum run time and memory space consuming problems in the SVD squares solution,and the prallel IDMSVD algo-
rithm can further improve IDMSVD operation time.
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