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A Method for Identifying Power Quality Disturbancesin the
Petrochemical Industry Based on Multi-scale TCN and
Multi-head Self-attention M echanism

WANG Hongzhang
(Electric Instrument Center of Sinopec Anqing Branch, Anqing 246000, China)

Abstract: With the digital transformation and development of the petrochemical industry, power quality issues are
becoming increasingly serious. Due to production needs, a large number of nonlinear, asymmetric, and impactful power
loads are connected to the power grid, resulting in a series of power quality disturbances that affect the safe operation of
the petrochemical industry. On this basis, a deep-learning-based method for identifying power quality disturbances in
the petrochemical industry is proposed. A multi-scale temporal convolutional network (TCN) is used to extract global
and local features of power quality time-series signals, and a multi-head self-attention mechanism is introduced to
highlight important features and improve the recognition performance of the model. Based on simulation data and
power grid data from a petrochemical industry in a certain region, the experimental results show that the proposed
method can achieve high-precision identification of single and composite power quality disturbance signals, and has
strong anti-noise and generalization capabilities.
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Fig. 1 Waveforms of common power quality disturbance
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Fig. 4 Network architecture of multi-scale TCN

23 H RPN g S5 a5 B, 38
EHEB AT AR TR 2 A, AR A 0~
A BIRFIALE W SR, B i )20 B bl
FRFHE ] S ISR NS 48 RAE Ry I 2kt o TE
TILHIACEF] 7 sRECR s AR 7 3, Hika
)iy

Attention(Q, K,V') = softmax [ (\Q/%T JV (1

{Hi = Attention(QW,, KW, ,VW,)) 2)

MAS(Q, K,V) =concat(d,, H,,---, H,)W,

1. Attention(-). softmax(-). MAS(:). concat(-)
SR IINLHI ARG R Q  HAREdE ; Kl
V NEHEXT(Key, Value); d, F Q BIZERE; h MR
TR MG s Wi Wi Wi W, ST AUE A
B, W, e R™™™ W, W, e R™% W, e RM™
d,h VIR, BARRIZk AEE LRI
(B EE0 2 Q=K=V,,
23 HEE

a2 A2 Softmax JZUIAG, 4R
JERZ A TTRUR SN 16,9, 30 pRBCR ] Tanh,

Softmax JZ2H4 2% 250 H LT 20, 11X, 153
BRI A, PR AT H R R
Softmax JZ )N
S, = mei
2.e
Kb S HBIZEE, | R, o N A
FRITIETH ;o m RS

Phik

3)

5 SABEEAVHIMELEH
Fig. 5 Network structure of multi-head
self-attention mechanism
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Fig. 6 Training process of model
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Tab. 4 Recognition accuracy of the model in

different environments
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C8 98.89 9811 98.88  99.08 99.70
C9 96.65 97.18 96.50  96.40 96.53
C10 97.79 9819  97.65 96.88 96.53
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Fig. 7 Comparison of recognition accuracy of
different models
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Tab. 5 Recognition accuracy of different modelsin noisy environment

%
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Tab. 6 Classification results of power quality disturbances
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