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An efficient optimal power flow model reduction method based on graph neural networks
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[ Abstract] Addressing the challenges of computational complexity and redundant constraints in Optimal
Power Flow (OPF) calculations for large-scale transmission networks, this paper proposes an efficient OPF model
simplification method based on Graph Neural Networks (GNNG5s). First, critical branches are defined based on branch
power flow calculation results and current carrying capacity thresholds (e.g., 90%), and power grid graph-structured
data including node features, edge features, and adjacency matrices are constructed. Second, a GNN model is trained
to predict the states of critical branches, identifying the set of branches in the power grid that are likely to violate
limits. Finally, based on the critical branch set predicted by the GNN, a Reduced Optimal Power Flow (ROPF) model
with significantly fewer constraints is formulated. Simulation analysis is conducted using a self-built 73-node
transmission network. Results show that under the 90% loading threshold, the prediction error of key branches using
the GNN model is only 2.47% compared to the original OPF, and the solution time of ROPF is reduced by 13.2%.

[ Keywords ] Optimal power flow; Graph neural network; Critical branches; Model reduction; Loading
threshold
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