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A dual-branch parallel-based feature fusion approach for power quality
disturbance classification
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Abstract: To enhance the classification accuracy of power quality disturbance signals (PQDs) in the presence of noise
and abnormal data interference, this paper introduces a dual-branch parallel feature fusion network-based classification
method. First, feature extraction of two branches is accomplished by using a one-dimensional residual neural network and
a one-dimensional convolutional neural network. Then, these extracted features are fused together through a feature fusion
module. Finally, a classification module is used to accurately classify PQDs. In contrast to serial neural networks, this
approach combines feature vectors enhancing feature distinctiveness and is compatible with parallel computing, further
improving recognition speed. Simulation results demonstrate that this method achieves recognition rates exceeding 95%
for PQDs classification tasks with signal-to-noise ratios of 13 dB, 15 dB, and 18 dB. Additionally, the method exhibits a
certain level of robustness in classifying abnormal data.
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Fig. 1 Architecture diagram of convolutional neural network
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Table 1 Parameter structure of the feature extractor 1
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LR/ A

= A [AIS W R i R
%A

LN — — — 12001

B 4x1x32 2 600 x 32

. LeakyRelu

Ak 1 2x1 2 300%32

B2 4x32x32 2 150x32

. LeakyRelu

ik 2 2x1 2 75%32

B3 4x32x 64 2 38x 64

. LeakyRelu

Ak 3 2x1 2 19x 64

L 4 3% 64 %64 1 19% 64

. LeakyRelu

ik 4 2x1 2 8x 64

H#S 2x64x 64 1 8x 64
LeakyRelu

ik 5 2x1 2 4% 64

JE T2 — — — 256

IR 100 — Tanh 100

2.2 1A%

P i NG AR A 3 fros, e aiEEdE
orElS RN GRAIRI AL PEAL 3 304y b e 4
BN BRI 14233 BIELBIRI A I ZRE
ISAFEE RN AE ;AT S 4 P I GRSk AT A A
ST AL, BRI RINGIR)GEUE L2t TS
By, ARG ARIEETES B, B
fi] S AR 5 AR Aoty e P R S I R A A
HATVERE PP (2, AT SRUE AR SCRE R R B 43
77 TH FIAERPE BT RE IRz A BE )R 15 R AT o

e AT S A

TRFEALE

IIZRREALE WEFEA SR

-

il

Y

BRI

v
IR ARAEAY

& 3 WIGRIER
Fig. 3 Training workflow diagram
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Table 3 Types of electric power quality disturbance signal
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Fig. 4 Training results of three fusion methods
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Table 8 Comparison with proposed method and existing methods
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Table 9 Classification results for anomalous data
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HERR A TIRKMIRET, IF Ik ERE aitsh
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Table 10 Comparison of perturbation classification results
I HUER /%
EIRSIETiL) SCHR[28]77 1% ART7

T 60 dB 40dB 20 dB TohgE 60 dB 40dB 20 dB

R1 97.78 * 97.78 95.00 100.00 100.00 100.00 100.00

R2 * * * 100.00 100.00 100.00 100.00

R3 98.89 * 98.89 98.33 100.00 100.00 100.00 99.90

R4 100.00 * 100.00 98.89 100.00 100.00 100.00 100.00

R5 98.89 * 98.89 97.78 99.80 100.00 100.00 99.80

R6 96.67 * 96.11 95.56 100.00 100.00 100.00 100.00

R7 100.00 * 99.44 98.33 100.00 100.00 100.00 100.00

RS 96.67 * 95.56 94.44 98.10 98.70 99.20 99.10

R9 96.67 * 94.44 93.33 100.00 100.00 99.80 99.20

R10 96.67 * 96.11 95.00 99.90 100.00 100.00 99.30

R11 95.56 * 95.56 93.33 100.00 100.00 100.00 100.00

RI2 * * * 99.40 99.80 99.50 99.40

RI13 * * * 99.40 100.00 99.80 99.80

R14 * * * 99.90 100.00 100.00 100.00

R15 * * * 99.60 99.60 100.00 99.80

R16 * * * 99.40 99.80 99.80 99.50

R17 * * * 97.90 98.50 98.90 98.50

RIS * * * 99.90 100.00 100.00 100.00
PRI/ % 97.78 * 96.78 96.00 99.63 99.80 99.84 99.69
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