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Motivation

1. Some large blackouts caused by the collapse of certain nodes
aroused wide awareness of the need for protection of the key nodes
In a power grid.

2. Evaluation methods using an index system can reflect the
importance of a power grid node from many critical perspectives.
However, power networks vary in scale, structure, and even
tolerance to different consequences caused by the node fault.

3. Since the power grid is an important system in the format of the
network along with the Internet, social networks, and so on, NE
methods have the potential to be applied to deal with power grid
problems.



Main idea

1. An NE method is used to vectorize features of power grid
nodes with regard to their structural and electrical information.
Based on this, a machine learning framework is established to
evaluate node importance.

2. Then, a sample set can be established based on a set of
steady-state and node fault transient simulations on different
operational modes of each specific power network. It can reflect
the relationship between features of nodes and their importance

3. Then, a machine learning method called support vector
regression (SVR) is used to automatically mine the valuable
information contained in these samples.



Method

1. Introducing feature extraction for power network nodes using
the network embedding method, text-associated Deep\Walk
(TADW) algorithm, including details when applied in power
network problems.

2. Introducing node fault consequence evaluation and fault
sample set establishment methods.

3. First, we use feature selection methods to improve the
performance of the whole framework. Then, we apply the
machine learning SVR algorithm to the establishment of the
model. Finally, we carry out various experiments based on the
proposed framework.



Major results

1. The proposed model can extract reasonable feature expressions
for the power grid nodes.
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Major results

2. Features calculated by the TADW algorithm can be further
selected by some feature selection methods to improve the
performance and efficiency of the machine learning framework.
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3. Based on the extracted features, machine learning methods can
be applied to predict the fault consequence of the power grid nodes
more precisely and effectively.



Major results

Table 3 Evaluation results of node importance ranking
by three methods
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Method A: proposed method; Method B: electnical betweeness
method (Xu et al. 2010); Method C: PageFank method (L1 et al |
2014)



Conclusions

1. First, in terms of universality, under the framework in this paper, a
particular sample set can be established for each specific power network.
This sample set can reflect specific physical characteristics of the power
network. The flexibility in the data labeling process taking account of the
specific preference to different node fault consequences also guarantees
universality. Thus, the sample set can avoid the possible bias of methods
based on an index system given the diversity of power networks.

2. Second, in terms of calculation speed, the proposed method can perform
rapid and efficient online calculation according to the operational
information of the power grid. The time-consuming steady-state and
transient simulation process, which aims at accumulating enough samples
for the SVR model, is performed offline.



	An artificial intelligence based method for evaluating power grid node importance �using network embedding and support �vector regression
	Motivation
	Main idea
	Method
	Major results
	Major results
	Major results
	Conclusions



