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A Real-time N-1 AC Power Flow Calculation Method Based on
GPU-CPU Heterogeneous Computing Framework
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ABSTRACT: With the increment of scale of power system, in
order to satisfy the increasing real-time and accuracy
requirements of N—1 security verification, a real-time N-1 AC
power flow calculation algorithm based on graphics processing
unit-central  processing unit (GPU-CPU) heterogeneous
computing framework was proposed. In the algorithm, a
method for solving the N-1 power flow problem was designed,
which concatenated several independent power flow problems
into one. The concatenated Jacobi matrix was generated by
parallel processing, and the linear equations were solved by the
direct method or the iterative method according to the scale of
equations, in which the iterative method was parallelized. The
algorithm was divided into CPU processing part and GPU
processing part. CPU processed iterative initial value set, node
admittance matrix formation, check set formation, iterative
value correction and convergence judgement while GPU
processed generation of concatenated Jacobi matrix. Correction
equations solution was processed by CPU or GPU depended on
the scale of equations, in order to achieve fast solution. The
case analysis shows that, the proposed algorithm has high
efficiency, high accuracy and small storage space. It has
advantages compared with traditional N-1 power flow
algorithm, which can meet the real-time requirement of N-1
power flow calculation and has engineering application value.

KEY WORDS: N-1 power flow calculation; GPU-CPU
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Tab. 1 Acceleration effect analysis of
parallel generation of Jacobi matrix
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Tab.2 Comparison of time consuming, convergence and accuracy of traditional methods and the algorithm in this paper
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With the expansion of scale of power system, the
static security problem is becoming more and more
severe. Contingency simulation, especially N-1 security
is an important means for stability analysis. Since N-1
security is used for real-time security analysis and
decision-making support, N-1 power flow calculation
has a high demand for computing accuracy and speed,
especially in large-scale system.

In order to satisfy the increasing real-time and
accuracy requirements of N-1 security verification, a
real-time N-1 AC power flow calculation algorithm

based on GPU-CPU heterogeneous computing
framework is proposed.
In the algorithm, a method for solving  the N-1

power flow problem is designed, which concatenates
several independent power flow problems into one. In
specific, the node power injection correction vectors and
Jacobi matrices can be concatenated respectively. Such
concatenated equations need to be solved.
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According to the linear algebra theory, these
equations share the same solution with the independent

power flow problems. The concatenated power flow
problem needs N-R method solving for only once.
Considering that the concatenated Jacobi matrix is a
sparse matrix, the sparsity storage technology is used to
store the Jacobi matrix to save storage space. In addition,
the concatenated Jacobi matrix is formed by parallel
processing.

When the scale of the concatenated problem is large,
matrix preprocessing technique, iterative method and
parallel processing are used to accelerate equations
solving. In this paper, an iterative method based on Krylov
subspace theory and incomplete LU decomposition
preprocessing is used to solve large-scale equations.

The overall algorithm is divided into the CPU
processing part and the GPU processing part. CPU
processes iterative initial value set, node admittance
matrix formation, check set formation, iterative value
correction and convergence judgement while GPU
processes generation of concatenated Jacobi matrix.
Correction equations solution is processed by CPU or
GPU depended on the scale of equations, in order to
achieve fast solution.

The case analysis shows that, the proposed
algorithm has high efficiency, high accuracy and small
storage space. It has advantages compared with
traditional N—-1 power flow algorithms, which can meet
the real-time requirement of N-1 power flow calculation

and have engineering application values.

Tab.1 Comparison of time consuming and accuracy of traditional methods and the algorithm proposed in this paper

CASE Algorithm in this paper Newton-Raphson method PQ decomposition method DC method
Time/ms Time/ms Time/ms  AU/pu 8U/%  AP/MW Time/ms AU/pu 8U/%  AP/IMW
CASE4 1 17 11 0 0 0 12 0.10 10.8 11.17
CASE39 30 124 147 0 0 0 38 0.08 7.54 62.77
CASE57 189 214 209 0 0 0 67 0.39 65.0 20.93
CASE118 874 1122 633 0 0 0 187 0.10 10.6 90.07
CASE300 2529 4211 2832 0 0 0 668 0.21 26.6 272.15
BENCH 44633 140175 76964 0.005 0.52 32.68 15678 0.20 25.2 1010.10
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