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Fig.2 Schematic diagram of generating virtual features
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Fig.3 MHSA neural network model architecture
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Fig.4 Transient stability key feature selection
integrating MHSA and Boruta
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Fig.7 Attention weight coefficient for real
and virtual features
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Table 5 Comparison of results for different
feature selection methods
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Table 7 Comparison of results for different feature
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ment of power system based on temporal convolution and graph

Fusion of MHSA and Boruta for key feature selection in power

system transient angle stability
WANG Man', ZHOU Xiaoyu', CHEN Fan'?, LAI Yening®, ZHU Ying’
(1. School of Electric Power Engineering, Nanjing Institute of Technology , Nanjing 211167, China;
2. State Key Laboratory of Smart Grid Protection and Control, Nanjing 211106, China;
3. College of Energy and Electrical Engineering, Hohai University, Nanjing 211100, China)
Abstract:In response to challenges posed by existing transient stability feature selection methods, which often encounter
limitations in searching for the optimum combination of critical features and lack an objective criterion for determining the
optimal number of key features, this paper introduces a novel approach. A transient power angle stability key feature selection
method that seamlessly integrates multi-head self-attention (MHSA) and the Boruta algorithm. A deep neural network (DNN)
with an MHSA model is initially constructed to execute transient stability assessments directly on the input grid features. The
model dynamically adjusts attention weights during training, focusing on key features. Subsequently, the Boruta algorithm is
employed to determine the number of key features. It generates a combination of real and virtual features, which the MHSA
model trains to select the actual features that are higher than the maximum virtual feature weight,and the model autonomously
determines the optimal number of key features. An analysis is conducted on the IEEE 39-node and 118-node systems to validate
the proposed method. The results demonstrate that this approach ensures evaluation accuracy while significantly reducing the
number of input features. Moreover,the key features identified exhibit higher evaluation accuracy than traditional methods.
Keywords ; multi-head self-attention ( MHSA ) ; Boruta algorithm; transient stability; feature selection; key features; vir-

tual features
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