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Adaptive sensing of power quality composite disturbances in distribution systems
based on GWO optimization and BILSTM-AM
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Automation and Artificial Intelligence, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

Abstract: In order to effectively address power quality disturbances (PQDs) such as voltage swells and voltage
oscillations caused by the high penetration grid connection of distributed generation, a composite disturbance adaptive
sensing method based on a bidirectional long short-term memory (BiLSTM) network integrated with an attention
mechanism (AM) is proposed. First, the grey wolf optimizer (GWO) algorithm is employed to optimize the parameters of
the improved complete ensemble empirical mode decomposition with adaptive noise (ICEEMDAN). The modals of the
disturbance signals are decomposed and reconstructed. Subsequently, the features of hierarchical weighted permutation
entropy (HWPE) of the disturbance signals are extracted. Finally, a BILSTM-AM model is constructed to capture the
long- and short-term dependencies of multidimensional features for composite PQD recognition. Validation using both
simulated and real-world power grid datasets demonstrates excellent identification performance on various disturbance
types with the proposed method. Moreover, compared with other deep learning models, the proposed model further
demonstrates higher recognition accuracy.
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Table 1 Mathematical models and parameter indicators of single PQDs
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Fig. 8 Recognition confusion matrix under various SNRs
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Table 2 Data collection scenarios under different time

periods and events

EEGS 06:00—09:00  11:00—14:00  18:00—21:00
IEHTE 90 41 90 4 90 #4
BARH R 360 41 360 41 360 41
[ 270 41 270 41 270 41
=AM 360 41 360 4 360 41

Kbt JA 3 270 41 270 41 270 41
LR & 55l 270 4 270 41 270 4
il 180 41 180 41 180 41

R 3 NEIBEHIT TP
Table 3 Number of disturbance types corresponding to

different events
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Fig. 9 Partial disturbance recorded waveforms
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Fig. 10 HWPE values of various types of measured disturbances
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Table 4 Identification results of measured waveform data

SEHR SN 5l R HERR 2R /% Fl-score/%
Kl: IE#® IE#181T 100 100
K2: #Jt A 96.67 96.52
K3: P& pesay| 99.26 99
K4: k% wili 98.52 96.19
KS: i Liviin s 100 100
K6: WA PN YR 97.78 96.63
K7: kit = AH R 96.67 99.2
K8: VA e 98.15 97.63
K3 +K4 Livin s 90.37 87.63
K3 +K8 WD) 95.56 97.09
K3 +K7 B 96.30 98.04
K2 + K4 PP W 98.15 97.62
K2 +K8 KATTE BN 97.78 95.92
K2 +K7 =AH R 98.15 97.63
K5 +K8 AR 96.67 96.52
K7+K8 KRB 98.89 98.62
K2 +K7+K8 g 99.63 99.63
K3 +K4 +K8 WD) 99.63 99.63
K3 +K6+K7 ZAHWE 100 100
K4 +K5+K8 P RE B 98.52 98.30
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R — IR AR TVE A S, BT A R
KA 1% % 7] 20 K 48 B & N A2 (synchroextracting
adaptive S-transform, SAST)/77E. —4EEUG M
Bk Z2 M 2% (2D-ResNet) c503 ik 26 48 2 5% (improved
sparrow search algorithm, ISSA)— #k %ty £ &£ $& FF
(extreme gradient boosting, XGBoost). 3Z ¥ [ &AL
(SVM)-741 25 5 [m] 9 4% (classification and regression
Tree, CART)J7VER O 47 %6f EL 40 Hr

EEE S AR I RIS (Rl F AR« &5 MR LR ()12
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Table 5 Average time metrics for disturbance recognition of
each model under different SNRs

] SPIIRAR SIS S35 b HE
Ve fiF 18] /s i} [H] /ms
AR 80 360.72 42.18
SAST 80 470.24 46.25
2D-ResNet 80 869.18 163.73
ISSA-XGBoost 80 363.25 87.22
SVM-CART 80 390.25 95.02

S LSRR AL S e % B P L IR R, L
J Fl-score. it Fl-score A F,, HH, P FR{ER
RUTI A BT 5 2R v, AR R IR A P B AT
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Table 6 Average metrics for disturbance recognition of
each model under different SNRs
%

- S T T i
RS AR EIEES F1-score

AR 98.20 98.44 98.44 98.44

SAST 95.54 95.54 96.13 95.83

2D-ResNet 97.69 97.65 98.04 97.84

ISSA-XGBoost 97.12 97.56 97.62 97.59

SVM-CART 98.09 98.02 98.35 98.18
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Fig. 11 Recognition accuracy of sixteen types of PQDs with
five models under different SNRs
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gy ) K RS 4l 2 & 2 R HE 41 5 (refined
composite multi-scale permutation entropy, RCMPE).
FEME A % R EEIBHEY ) (refined composite multi-
scale weighted permutation entropy, RCMWPE). JZ{X
HE%1 4 (hierarchical permutation entropy, HPE)#2 HX
WANFHE. RANERI R AL 7 Fos, BFshiR)
THOLAnE 12 s .

R 7 TEMEMRLE T & X BEEIRAER
Table 7 Recognition performance of different entropy
types under various SNRs
%

S 27 HWPE RCMPE RCMWPE HPE
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Fig. 12 Recognition accuracy of sixteen types of PQDs under

different SNRs using four entropy values
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