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Fig.1 Waveforms of nine types of power quality
disturbance signals
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Fig.2 Framework of power quality disturbance feature
extraction and classification
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Fig.3 Influence of sparsity parameter on classification
of power quality disturbances
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Table 1 Influence of sampling frequency on classification
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Table 3 Comparison of classification results
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Classification method of power quality disturbances based on
deep neural network of sparse auto-encoder

QU Xiangshuai'* ,DUAN Bin'?, YIN Qiaoxuan'?, YAN Yinxin®,ZHONG Ying’

(1. Key Laboratory of Intelligent Computing & Information Processing of Ministry of Education,

Xiangtan University , Xiangtan 411105, China;2. Cooperative Innovation Center for Wind Power

Equipment and Energy Conversion, Xiangtan University, Xiangtan 411105, China)

Abstract; Aiming at the increasingly prominent power quality disturbances in smart grid,a classification method of
power quality disturbances based on deep neural network of SAE( Sparse Auto-Encoder) is proposed. The unsuper-
vised feature learning is carried out for the original data of power quality disturbances by using SAE and the sparse
feature expressions of data features are extracted automatically. The deep features of power quality disturbance data
are acquired by learning layer by layer based on SSAE ( Stack Sparse Auto-Encoder). The deep features are connec-
ted to the softmax classifier for fine-tuning training to obtain the classification result of power quality disturbances.
SSAE is trained based on the data added with Gaussian white noise to improve the anti-noise ability of its feature ex-
pression. Simulative results show that the proposed method can accurately identify nine kinds of power quality dis-
turbance signals including two types of complex disturbances,and have good robustness.
Key words: power quality; classification of disturbances ; feature extraction; disturbance identification; sparse auto-

encoder;deep learning
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Table A1 Simulation models of power quality disturbances

HzhRH Fik A ZH
W JE 7 % (1) = Al - K (u(t,) - u(t,))] cos(r) 0.1<K<09,T<t,—t <9T
HJE BT T V(1) = AT+ K (u(t,) - u(t, )] cos(ar) 0.1<K <09,T<t,~1, <OT
o, s v (1) = Al1 = K (u(t,) — u(t,))] cos(wr) 09<K<1,T<t,—t, <9T
W v(t) = Acos(wt) + hy cos(3wt) + hs cos(Sawt) + h, cos(7wt) 0.02<h <0.1(i=3,5,7)
5 A= Alcostar+ K Y ) =8t K=0.7,r=0.1115,0, =21,
RGEH v(t) = A{cos(wt) + K exp[—(t —1,) / T]cos[(w, (t —t,))(u(t,) —u(t,))} SO0KEZ S f. S1300H
_ ) TS Kt (140,00 00 02<K<04,0<1,1,<0.5T,
HL s 5 11 v(t) = cos(at) +sign[cos( )]”Z:; {ult —(t,+0.02n)] —uft — (£ ,+0.02n)]} 001 <1, —1. 005
A 1) = cos(af) + si TS Kt — (120,000 —al— (140,00 02<K<04,0<1,t,<0.57,
I Y= costenssignleos(e )]nzz;‘ =1+ 0.02m) =l = 1+ 0020 0.01T <t,~1,<0.05T
B+ LR BT BE (1) = A[1= K (u(t,) —u(t,))][cos(@r) + hs cos(3ar) + by cos(Swt)+h, cos(Tat)] 0.1< K <£0.9,0.02< h, £0.1(1=3,5,7)
{8+ B 2 T (1) = A[1+ K (u(ty) —u(t,)) ][ cos(er) + hy cos(3ewt) + hs cos(5wr) + h, cos(Twr)] 0.1< K £0.9,0.02 <k, <0.1(1=3,5,7)
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Fig.A1 Two-dimensional represention of feature extraction for two method
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Fig.A2 Confusion matrix of classification accuracy for power quality disturbances
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Fig.A3 Influence of number of node in hidden layer of two-layer SSAE on classification of power quality disturbances
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