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Figure 3: The PD data is almost separable based on the 3 features. There are fairly distinct clusters with few

* Samples contain 3840 data points outliers, especially when considering all 3 features together.
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Method Corona Floating Particle Void * Better accuracy and less data than
SVM 0.9915 + 0.014 110 0.9954 + 0.014 | 0.9789 + 0.042 | 0.9923 + 0.010 phase based features
Logistic Regression | 0.9997 +0.002 | 0.9882 + 0.024 | 0.9680 + 0.035 | 0.9809 + 0.024 | 0.9847 + 0.011 * Stacking ensemble outperforms any
I Random Forest | 0.9905 + 0.014 1+0 0.9954 + 0.012 | 0.9832 + 0.035 | 0.9931 + 0.009 single model
11 Gradient Boosting | 0.9672 + 0.030 140 0.9862 + 0.024 | 0.9785 + 0.035 | 0.9838 + 0.012 » Higher accuracy and lower variance
Fuzzy SVM (FSVM) | 0.9859 + 0.023 140 0.9943 + 0.017 | 0.9712 + 0.029 | 0.9893 + 0.011
Best Stacking Model | 0.9985 + 0.007 10 0.9984 + 0.008 | 0.9836 + 0.021 | 0.9961 + 0.005 ACKN OWLEDG M ENTS

Figure 4: SVM (Support Vector Machine), FSVM, and Random Forest have high overall accuracy. However,
Logistic Regression performs best for just Corona PDs. The stacking ensemble model has the best overall This work was supported by the U.S. Department

accuracy with lower variance than any single model. of Energy, under Contract No. DE-
ACO02-05CH11231.

PD Type Recall Precision Figure 5: The precision and recall for all PD types
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