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ABSTRACT: The actual available operation data of power

system generally contain the noise caused by the measurement

error of wide area measurement system (WAMS), and are also 10 39
characterized by class imbalance, leading to great influence on
the classification performance of the power system transient
stability evaluation algorithms based on machine learning. This
paper proposes a transient stability assessment method based
on modified LightGBM (Light Gradient Boosting Machine).
This histogram agorithm is used for data discretization to
strengthen the robustness to noise, and larger weights are given
to unstable samples in training process to mitigate the impact of
imbalanced samples. Meanwhile, a regularization term is DOl 10.13335/].1000-3673.pst.2019.0085
introduced into the loss function to reduce overfitting. The 0

LightGBM

simulation results on New England 10-machine 39-bus system
and an actual 500-bus grid in State of South Carolina, USA
show that, compared with other machine learning methods, the
proposed model is hardly prone to over-fitting under noise
interference with better robustness. It has a higher recognition .
rate for unstable samples with satisfactory overall accuracy.
Additionally, the proposed method has obvious superiority in [2

computation speed compared with other ensemble models.
KEY WORDS: transient stability assessment; machine

learning; class imbalance; noise; modified LightGBM
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