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Comprehensive assessment of power system dynamic stability based on

continuous wavelet transform
LIU Chunxiao',JIANG Tao’,LI Xue’,LI Peng',ZHANG Jianxin',LI Zhiyong', YANG Huanhuan'
(1. Power Dispatching and Control Center,China Southern Power Grid Co., Ltd., Guangzhou 510623, China;
2. School of Electrical Engineering,Northeast Electric Power University, Jilin 132012, China)

Abstract: A comprehensive assessment method of dominant oscillation modes, oscillation mode shapes, partici-
pation factors and coherent generator groups for power system is proposed based on CWT (Continuous
Wavelet Transform). Firstly, the time-frequency domain decomposition of multi-channel wide area measure-
ment information in power system is realized by using wavelet transform,and the wavelet coefficient matrix
corresponding to each measurement channel is obtained. For each wavelet coefficient matrix,the key wavelet
coefficient vectors strongly related to the dominant oscillation modes of system are identified by wavelet
power spectrum. Then,the oscillation frequency and damping ratio of dominant oscillation modes are assessed
based on the key wavelet coefficient vectors. On this basis,the system’s oscillation mode under each domi-
nant oscillation mode are assessed by means of the cross wavelet transform. Furthermore, according to the
obtained oscillation modes,the participation factor and coherent generator group of each measurement channel
are assessed, and then the comprehensive assessment of power system dynamic stability is realized based
on CWT. The proposed method is used to analyze the simulation data of 16-machine 68-bus test system
and the wide area measured data of an actual power grid,and the results verify the effectiveness and feasi-
bility of the proposed method.

Key words:wide area measurement information;continuous wavelet transform;dominant oscillation modes;os-

cillation mode shapes;participation factors;coherent generator groups;dynamic stability;electric power systems
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Power system transient stability assessment method based on XGBoost-EE

WU Chunming"*,REN Jihong®

(1. Key Laboratory of Modern Power System Simulation and Control & Renewable Energy Technology,
Ministry of Education,Northeast Electric Power University,Jilin 132012, China;
2. School of Electrical Engineering,Northeast Electric Power University, Jilin 132012, China)
Abstract: Deep learning plays an increasingly important role in transient stability evaluation. However, the
increase of power system scale generally results in dimension disasters. In this case,an efficient and tractable
computation model is highly desirable. Currently,the construction of transient stability features generally relies
on the experience of power system operators, which is more or less subjective. However, the deep learning
approach is generally time-consuming and labor-intensive in aspects of design and training. Based on the
above two points,a transient stability assessment method of power system based on XGBoost-EE is deve-
loped by combining XGBoost (eXtreme Gradient Boosting) algorithm and EE (Entity Embedding) network.
Firstly,the path rules of the tree are extracted and the category features are generated by XGBoost algorithm.
In this way,the original features are dimensionally reduced. Then,the EE network is used to classify the new
features, which provides a fast and accurate assessment. The proposed method, hence, takes full advantage
of the fast processing speed of machine learning algorithms and the high accuracy of neural network evalua-
tion. Simulative results based on IEEE New England 10-machine 39-bus system and IEEE 50-machine 145-
bus system show that the proposed method exhibits higher prediction accuracy and better anti-noise perfor-
mance than other approaches. Additionally, the proposed method is not easy to become over-fit during the
training process.

Key words: XGBoost algorithm ; entity embedding;transient stability assessment;deep learning;big data
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Table A1 Comparison of test performance of different TSA models in IEEE 39-bus system

(SR Pauc Pac/% YIZRR /s
LR 0.9299 96.47 122.72
SVM 0.9994 98.14 494.07
RF 0.9948 97.61 181.62
DT 0.9911 99.15 1579
XGBoost 0.9946 98.04 0.7
SAE 0.9850 98.39 4715
ANN 0.9415 93.67 697.8
CNN 0.9708 98.85 956.4
XGBoost-EE 0.9993 99.73 60.7

Q(tf)‘busZﬁ-bus79<-122 603394
Qtcl):bus9-bus39<-218.591843) C P(tf):bus16-bus19<-271.795471

leaf=-0.0824862123) (leaf=0.00697216718 ) Q(tf):bus1-bus39<-87.8025742 ) ( leaf=0.0952708647
Q(tel):busd-bus14<-49.184269 P(tel):bus16-bus19<-509.400024

IE[
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