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Fig.4 Schematic diagram of classification and
confidence analysis of transient stability
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B 25 i Pyee/%  Pu/ % Pya/%
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3 SVM 97.12 1.25 1.63
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Table 2 Comparison of performance among SDAE feature integration classification model and its sub-classifiers %
o
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Pyce Pyp Py, Picc Pyp Py Pyce Py Py, Pycc Pp Py Pyce Pyp Py,
%E  97.85 0.80 1.35 98.05 0.80 1.15 98.25 0.75 1.00 98.55 0.55 0.90 98.80 0.50 0.70
mhiksE  97.61 1.14 1.25 97.77 1.03 1.20 97.88 0.82 1.30 98.04 0.71 1.25 98.20 0.60 1.20
kg 1 97.20 1.30 1.50  97.40 1.20 1.40  97.70 1.10 .20 97.60  0.90 1.50 97.80 0.70 1.50
B4 2 97.00 1.40 1.60 97.30 1.20 1.50 97.60 1.10 1.30 97.60 1.00 1.40 97.80 0.90 1.30
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Table 4 Partition results of different sample sets
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Table 5 MAE of SDAE feature integration regression model
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Table 6 Results of severity grading
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Deep learning based transient stability assessment and severity grading

YIN Xueyan', YAN Jiongcheng' ,LIU Yutian',QIU Chenguang’
(1. Key Laboratory of Power System Intelligent Dispatch and Control of Ministry of Education,
Shandong University, Ji'nan 250061, China;2. State Grid Jiangsu Electric Power Company, Nanjing 210032, China)
Abstract: A transient stability assessment method combining SDAE ( Stacked Denoising AutoEncoder) and an en-

semble model based on SVMs( Support Vector Machines) is proposed under the concept of security region. The po-

wer flow data before the fault are set as inputs, from which the multi-level features are abstracted by SDAE, for train-

ing SVMs. An ensemble classification model based on SVMs is established to assess the transient stability, and the

confidence analysis of the results is carried out to divide the input space into stable area,boundary area and unstable

area. The utility theory combined with the proposed transient stability margin index is used to grade the severity of

operation modes. Case results show that,the proposed transient stability assessment method has higher accuracy and

better generalization ability ,and the proposed severity grading method can directly show the risk degree of different

operation modes.

Key words : transient stability assessment ;deep learning;ensemble learning ; support vector machines ;severity grading



