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ABSTRACT: The diversified mode of power system operation
puts forward higher requirements for speed and topological
generalization of weak branch identification. In this paper,
graph deep learning and interpretation method are used to
identify and analyze the weak branches. A weak branch
identification model based on graph convolutional network via
initial residual and identity mapping (GCNII) is constructed.
The model can integrate feature based on topological relation,
and evaluate the weakness of branches based on security
situation of neighboring power grids. The interpretation method
based on mutual information optimization is used to analyze
the decision basis of the identification model and extract
dominant factors of weak branches. The results of IEEE68
system and actual power grid example show that the
identification model has preferable accuracy and topological
generalization. The results of attribution analysis are consistent
with the conclusions of traditional mechanism cognition, which
can provide effective guidance for real-time warning and

preventive control of cascading failure.

KEY WORDS: power system; cascading failure; weak branch;
graph deep learning
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Fig. 3 Simulation of cascading failure
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Table 2 Sample sets for GCNII model
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Cascading failures are often caused by
disconnection of weak branches. It is urgent to identify
weak branches and analyze the causes based on the
spatial distribution of power flow state, so as to provide a
basis for real-time early warning and prevention
controlling of cascading failures.

Based on the requirements of accuracy, topology
generalization and interpretability of weak branch
identification methods in complex and changeable
operation modes, geometric deep learning and
interpretation method are used to identify and analyze
the weak branches in this paper.

As shown in Fig. 1, this method includes two parts:
offline training and online application. The offline training
includes three steps: cascading failure simulation, sample
construction and model training. Online applications

include identification and causal analysis.

e |
: Cascading failure simulation Model training :
| |
I Offline ¥ ‘ZHD =/ |
: Sample construction B P :
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Fig.1 Identification and attribution analysis of weak branches

In the model construction process, the weak branch
identification model based on graph convolutional
network via initial residual and identity mapping (GCNII)
is constructed. The model can integrate feature based on
topological relation, and evaluate the weakness of
branches combined with power grid security. GCNII based
on initial residual and identity mapping is used to
construct the identification model, so that the calculation
performance of the deep model is significantly improved.

In the causal analysis process, the interpretation
method based on mutual information optimization is used
to analyze the basis for decision making of the
identification model and extract the factors of the weak
branches.

S12

In the example analysis process, five data-driven
algorithms are compared with GCNII, and the result
shows that GCNII has better identification accuracy.
Compared with the power flow betweenness method, the
GCNII model has better The
misjudgment and omission indexes (Map" and M,p ) of

identification effect.

the model are constructed, and the samples with
unknown topology are used to construct test set. The
result (Fig. 2) shows that GCNII model has better
topological generalization.
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Fig.2 M,p* and M,p~ of models
in topological generalization test
Through the analysis of historical data and the
optimization effect of factors, it can be found that the
the
objectively characterize the dominant factors and their

conclusion obtained by causal analysis can
contribution to the formation of weak branches, and is
consistent with the intuitive experience and mechanism
cognition, which can provide effective guidance for the

prevention and control of cascading failures.



