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Decision Trees (DT), Support Vector
Machine (SVM), Random Forest (RF),
Artificial Neural Networks (ANN)

Power System Model Data Generation
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Experimental setup

4955 samples are generated with multiple RMS simulations by varying fault location and duration in IEEE 9 bus test system.
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Results
Decision Tree Regressor
1.04
MSE 084
0.0094
R?score  §°°]
0.9026 P
Max error
0.59 021
0.04
400 600 1000
Sorted samples
SVM Regressor
12 — Prediction
MSE o — Truth
0.0027 08
R2score &
506
0.9725 ¥
Max error = °*
0.197 02
0.0

=)

200 400 600
Sorted samples
Random Forest Regressor

800 1000

1.0
MSE
0.0045 o8
RZ score 506
09539 ¥
Max error & 04
0.3526

0.2

0.0

400 600
Sorted samples

1000

Artificial Neural Network Regressor

1.0
MSE
0.0021 '
R2 score :
0.978 ]
Max error
0.263 0.2

0.0

=
o

Risk factor
=
o

=
=

600
Sorled samples

1000

Discussion & Conclusion
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Classification thresholds can be adjusted based on system operator needs.

require system operators to generate new training data with simulations.
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Machine learning models enable us to predict the risk of the operational conditions fast, accurately, and robustly.

Decision support tool for system operators to improve and monitor the security of the operation.

Tree-based models have lower prediction capabilities and are not suitable for our complex, nonlinear problem.
SVM and ANN models outperformed other estimators in both regression and classification models.
SVM and ANN classifiers’ mismatches lie around the decision boundaries since operating conditions are similar.

Performance is directly linked with the quality of the training data. Major changes in the system or multiple topological changes

Although machine learning models are easily scalable, running a large amount of RMS simulations is challenging and if the

dynamic system model is not available then risk estimator cannot be implemented.
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