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[ Abstract] The Helmholtz equation is the core of dynamic framework ‘of Global and Regional Assimilation Prediction
System (GRAPES) for numerical weather forecast. This equation can essentially be transformed into the solution of a
large-scale sparse linear system, but the solution efficiency is limited by hardware resources and scaling data size, and
becomes a bottleneck of the system computing petformance. This paper explores three parallel methods (MPI, MPI+
OpenMP and CUDA) of implementing the Generalized Conjugate Residual (GCR) method for solving large-scale
sparse linear equations. At the same time, the ILU preconditioner is used to optimize the number of conditions of the
coefficient matrix, which speeds up the convergence of the iterative method. In the CPU parallel scheme, MPI is
responsible for coarse-grained parallelismwand communication between processes, and OpenMP introduces shared
memory to achieve fine-grained parallelism within the process.In the GPU parallel scheme, the CUDA model uses the
optimization approaches of data transmission, coalesced access and shared memory. Experimental results show that the
performance of MPI+OpenMP hybrid parallel optimization is about 35% higher than that of MPI parallel optimization,
and the performance of CUDA parallel optimization is about 50% higher than that of MPI+OpenMP hybrid parallel
optimization, which gets the best performance.

[Key words] sparse linear system; Generalized Conjugate Residual(GCR) method; Message Passing Interface (MPI) ;
OpenMP programming ; Compute Unified Device Architecture( CUDA )
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