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Motivation 

1. Analyzing the vulnerability of power systems in cascading 

failures is generally regarded as a challenging problem. 

2. The graph convolutional network (GCN) is a deep learning 

based method that operates in the graph domain, which is 

designed to work directly on graphs and leverage structural 

information. 

3. Existing studies can extract some critical rules, but they fail to 

capture the complex subtleties under different operational 

conditions. 

4. GCNs are seen as “black-box” models; thus, it is difficult to 

explain how and why the system reaches a particular outcome.  



Main idea 

1. Based on the branch information, a line graph topology can better 

understand the information from the branch relationship perspective. 

We consider the spatial information that describes the informative 

edge by adjusting weight importance. 

2. Compared with the existing deep learning models, multi-graph 

convolutional networks learn the graph features while considering 

the power system topology information with a variable graph 

structure and size. 

3. The layer-wise relevance propagation (LRP) model identifies the 

contributing factors that may have caused the cascading failures 

and manage the power system to mitigate the damage. 



Method 

1. Data generation  

The ORNL-PSERC-Alaska (OPA) model simulates the features of a 

cascading failure in each sample. Every sample includes five elements, 

the topological connection, branch flow, busload, protection relay, and 

component outage, as part of the GCN. The target class is a 

component outage. 



Method (Cont’d) 
2. Weighted line graph transformation 

Convert the graph topology to branch topology and identify the concept 

of a weighted line graph to capture the edge importance based on the 

graph structure. Then, calculate the impedance value to quantify the 

spatial correlation of the power system. 



Method (Cont’d) 
3. To study the multigraph, we consider abstract learning 

edges jointly with a GCN  

 

 

 



Method (Cont’d) 

4. To understand the model prediction, the LRP algorithm was 

proposed for explaining how input data support the prediction in 

the trained model.   



Major results 
Accuracy result  



Major results (Cont’d) 

Interpreting result of IEEE 39 dataset using MGCN model. 



Major results (Cont’d) 

Interpreting result of IEEE 118 dataset using MGCN model. 



Conclusions 

1. For vulnerability analysis of power systems in cascading 

failures, the multi-graph convolutional network model has been 

proposed for classifying the power system’s vulnerability level.  

2. Power weight topology improved the prediction accuracy 

based on the MGCN model.  

3. The prediction results of the MGCN model are interpretable, 

enabling the user to check the logic of the model and uncover 

the factors that caused the cascading failures. 
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