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Classification of complex power quality disturbances based on incomplete
S-transform and gradient boosting decision tree

XU Liwu, LI Kaicheng, LUO Yi, XIAO Xiangui, ZHANG Chan, CAI Delong
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Engineering, Huazhong University of Science and Technology, Wuhan 430074, China)

Abstract: In order to solve the problem of feature selection and classification accuracy in complex power quality
disturbances recognition, a method of feature selection and classifier construction based on incomplete S-transform and
Gradient Boosting Decision Tree (GBDT) is proposed. Firstly, the time-frequency matrixes of the disturbances are
obtained by the incomplete S-transform at the specific frequencies. Then the original feature set of 53 features is extracted
from the time-frequency matrix, and the importance level of each feature is measured by GBDT to select optimal features.
Finally, the disturbance classifier is trained and constructed by GBDT based on the selected feature set. The simulation
results show that the classification accuracy of the proposed method is higher than the CART, the Random Forest (RF),
the Multilayer Perceptron (MLP), and so on, for a total of 17 disturbance classes including 8 classes of combined
disturbances. Moreover, the classification results in different noise conditions indicate that the method has good anti-noise
performance and algorithm robustness, which shows good prospects for application.
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Fig. 1 Construction of classifier for PQDs
based on GBDT algorithm
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Fig. 2 Notch and its time-frequency analysis
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Table 2 Relationship between the accuracy of test set

and the number of selected features

LSRR 1 2 3 4 5
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FRIEEL 16 17 18 19 20
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Table 4 Performance comparisons of different

e Y

classification algorithms

— 3 FSHERIH %
50 dB 40 dB 30 dB 20 dB
Co 100.00 100.00 99.00 91.50
Cl 99.00 99.00 99.50 98.00
2 99.50 99.50 98.00 95.50
L C3 99.50 100.00 100.00 99.50
h C4 100.00 99.50 100.00 94.50
%) Cs 98.50 95.00 95.00 83.00
c6 98.50 98.00 96.00 82.00
c7 100.00 100.00 100.00 100.00
C8 100.00 100.00 100.00 100.00
9 100.00 99.00 100.00 99.50
C10 99.50 100.00 100.00 100.00
g2 Cl 100.00 100.00 100.00 100.00
&  C12 100.00 100.00 99.50 100.00
o c13 98.50 99.50 98.50 98.50
Z  Cl4 98.50 99.50 99.00 97.50
Cl15 99.00 98.00 97.00 94.00
Cl6 94.00 92.00 93.00 91.00
FIE 99.09 98.76 98.50 95.56

IrE: 53 FUERH /%
50 dB 40 dB 30 dB 20 dB
GBDT 99.09 98.76 98.50 95.56
CART 98.08 98.29 97.67 92.53
kNN 90.97 91.65 90.91 85.23
Naive Bayes 94.97 95.20 94.35 89.41
Random Forest 98.88 98.70 98.26 95.46
MLP 96.41 96.14 9491 92.61
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