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Classification for power quality disturbances based on CNN-LSTM network

CAO Mengzhou, ZHANG Yan
(Logistics Engineering College, Shanghai Maritime University, Shanghai 201306, China)

Abstract: In order to improve the power quality disturbance classification accuracy, aiming at the characteristics of timing, a
power quality disturbance classification method based on convolution-long short-term memory is used. Firstly, the
disturbance signal is sampled as input. Secondly, the feature data is extracted via convolutional neural network. Then the
extracted feature data is used as input of long and short term memory network in the form of sequence, and the feature data is
screened and updated. Finally, the output feature data is classified by learning. The simulation results show that the average
classification accuracy of this method for power quality disturbance signals is 99.6%, which is better than the single CNN
method and the single LSTM method.
This work is supported by National Natural Science Foundation of China (No. 61503240 and No. 61603246).
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Fig. 3 LSTM classification network structure

Kl 3 i Z s K2 CNN 2B El, X AL
AR, “cell state” AHIATEARFRAL T 4K
e, W T HAEN AR, “cell state” HHALHE T
ST BT BT T, AR 4 Ay
B AR AT

4 cell state £5#4
Fig. 4 Structure of cell state

cell state AEAR L b5 SO i N I A5 5 [ e
BB, W e Ao, AR TR S R
POl HARM TAERE AR .

QB 4 Pt R T AR e 2 At A
MNMER, HRIEAHh

€ = O'(W/ Ay, fi1+ b/) (7)

Kb e RSN A 8 E— DM s S

S RN EAEE R b, IS T T B I AT
25t Sigmoid PRI B — 5 7 il — 355

i 4 T TR R OR B S B

PR, HREAY
I, :GU/V: '[ht—wft]—i_bi) (8)



WS, S TR KR A L RE SR B K - 89 -
& =tanh(W, -[h_,, £]1+b,) ) KE, w5 For. K, BANERE-CES 2

¢, =e-c_ +i-C (10)
@) i RoRFATIBR: b, 25N T T e B0
KOF: ¢ FRAT—Z cell ]RA; b, TR cell R
BE. A0, ¢ FYHT cell IR Sigmoid
PRI tanh RRECIIZRMTNBUE W, . W, . Sigmoid
PR A T TR I, tanh BREREE KD
PRI . R0 : e-c  FRBILHER: i -¢
FOoREOFTAE R, BT B2 S HT ) cell IRF
¢, » RIS A Bk SR AL .
T 4 v T TR P DU A A e A R
o,=cW,h_.,x]1+b,) (11
f' =0, -tanh(c,) (12)
e o, oM IR b, Fosim T fh LT
ik sigmoid RRFCKHFEIH 045 S, tanh PR
AR ¢ 58— DM T [-L1] BME, AR EA
sigmoid I AR, B hd aim b s sy /) .
LSTM 532807 SRR 1564 s e i
MG T RAEK £ J5H T cell state, 2R J5£83d cell
state X f AT PRI T OB ) 7 0 )2
P2 25K
3.2 KEGHRICIZMEEHIFE I A%
AL LSTM A A2 38 B I 204 3 7 7R )
(ADAM), EREWHHENSHAGENRY )%, H

n ~
0., =0, \/Et+8mt (13)
A, WBBER S — 288 s O, BRI 2R
ISR LT E .
ADAM LA s T HR SR LR, W DAY IE
S ARA BRI ), Ankh BETH 2R Wesiod
WS ) A A

4 EFER-KERICIZMERIEAR

H T A 25 X 4% (CNIND) AL 3AAE TRFAE ) 42
B, KA 002 M 28 (LS TM) AR AAE T T RFAE
SIS R A R, i CNN HRE S e 200
LSTM il L J5 5B I B A I T AR, o S 435 1y
HLBE R s 5 ORRE . 2R HE s —F CNN
F1LSTM L if,

CLSTM M4t udEimNZE. BHE. H—
WE. HWZE. W2, cell state. SEEE. 4

W3 AN, ARER.

HRTTRWT: ERBIaE SREA f1EN
CNN [N, R e ER R S E0T 5 g Mt
BUERGHEFA T, H— 2. B2, k21t
TR BIE R T, BHJS FFdEA LSTM 21, cell
state Xt g I PRI REAE 075 126 S0 B 2 OB IR IE T B
Je PR S R IE AT N SRt 2. FLIZR 7 =K
FH SGD 145

g0 oy Ty - TN L1
a(l) 46
8(2) > o
-..'t.:.l’.'l BT HLAA P » el state k:;l‘;;‘;j.‘
0 > |
0 - St AR
il . il
AL IR lfﬁ: ‘
5 CLSTM 5 ML L5
Fig. 5 CLSTM classification network structure
5 AEXW
FEAT T, R LA A] CNN . LSTM

CLSTM JEXF AL 11 10 45 5T 02, X4
FAF TN 20 dB, 30 dB. 40 dB )75 7 10
A, 3G 500 MREAS, - RAE S ILAL K 5000 A4
FEA . BENLIZHEE 4 500 DMEAVERINGREE, FIRIT
500 NMFEA IS UFEEAIMNERAE, SLrh GRS I T
A T PE A SO I, A, S
REE R IR N 53 2R IFR%E . R THI{E FH Matlab
1 deep learning T HAG 40 A Bl 4 A7 = 2R E L
HEAL R AT 5325, BARRISEUT T R,

SEH CNN YEBEAT 4325, %) CNN &5y )2 T
i, BARWR: A2 imagelnputLayer Z4(1% N
1x3000x1, %32% numclasses %A 10, I 54
GBRUZ, HGR filterSize K/NmlwE1x21 |
123 1x25 . 1x27 « 1x29 ; $r 711 P& %% numPFilters
MR 4. 164 32, 64, 128; 1§ padding Al
same VEA I AU ETE {1 H] batchNormalizationLayer
HATIH— AL, {FH reluLayer BT30S . A =1
AL, BKHZ PoolSize ZH A/ NMYBE N 1x3
5N 1x2 . B )2 dropoutLayer M % S %
probability WA 0.2. ] softmaxLayer pAECK %
s . 1 classificationLayer pRZLIEAT 4325,
NI SGD VAN ZRM 45, fiz/Mit )] Minbatchsize Z4{
WE N 200, ¥]4H2% 2] % InitialLearnRate % 4 le-3,
B RINZRiE MaxEpochs & 120, 22 >) LB 24K
LearnRateDropFactor %4 0.2, 2#>]3E % LearnRate
DropPeriod %4 20,



290 - @A &R B R

PR K LSTM 3T 7035 X LSTM 4514 )2
AT, BARWTR: WS inputSize WA 1, 5
FH R 10, BRI 0 numHiddenUnits 435 1 4
60 40. FLEREFN 5> R4S CNN VL5 1
ADAM RN LS, PATIRESFRE N gpu, BHEE
{H GradientThreshold %4 1, f/MitR R 80, #
KRN 120, JFFIHKETRE A longest.

I Ji H CLSTM VAT 43 2K . 564 CNN JZ it
Ej CNN A FE4F LSTM JZ2 %, HamiE o
HEE CNN . LSTM AR, B p oo
128, Y75 CNN VEMIA] . MG BB 4r S5 8
B CNN . LSTM 324,

PL CLSTM Ay fil, xR U kR & 6 s o
BRNAAE i 7. B8 frk. =Rk
FKUEHIF R 1 s,

Confusion Matrix

500 o 1 0 1] 1] 1] 1]
10.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.

0 | 495 | 1 0 o 0 2 0
0.0% | 9.8% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | O.|

] 1 498 1 1] 1] 1] 0
0.0% | 0.0% {10.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | O.

o 0 o 495 L1} 1 L] 1]
0.0% | 0.0% | 0.0% | 9.9% | 0.0% | 0.0% | 0.0% | 0.0% | O.

0 1] o (1] 500 (1] 1]
0.0% | 0.0% | 0.0% | 0.0% |10.0%| 0.0% | 0.0% | O

0 4 o 3 (1] 499 1
0.0% | 0.1% | 0.0% | 0.1% | 0.0% |10.0%| 0.0% | 0.

o 0 0 1 1] 0 | 496
0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 9.9%

(1] o [} 0 1] ] 0 0%
0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% [10.0%| 0.0% | 0.0% | 0.0%

o o o 0 0 (1] o [} ®
0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% |10.0%| 0.0% | 0.0%

o 0 1] 1] (1] (1] 1 1] 1 500 |99.6%
0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% |[10.0%] 0 4%

100% [99.0% |99.6% |99 .0% | 100% [99.8%99.2% [99.8%:|99.8% | 100% |99.6%
0.0% | 1.0% | 0.4% | 1.0% | 0.0% | 0.2% | 0.8% | 0.2% | 0.2% | 0.0% | 0.4%
\

2

(=]

Output Class
L]

L% L ™ ° o A @ L]
Target Class

[El 6 CLSTM 4258 & %804

Fig. 6 CLSTM predictive classification confusion matrix

100

train
——validation

90
80
70
60
50+

Accuracy/

a0}
30

20

0 50 100 150 200 250
Iteration

Bl 7 CLSTM By4> 2R fh &k

Fig. 7 CLSTM classification accuracy curve

25

train
—— validation

Loss

%0 50 100 150 00 250
[teration

[E]1 8 CLSTM HIRkhzk

Fig. 8 CLSTM loss curve

B 6 IFERES SCaTh: 20504 1147 11 81, %
N ECT 0 2 9 RoRFF RIS S, il
7 0 2 9 FoR M 7328 e Jm — AT HIMS 1 (A
N ABRAN) LT 2 BRI T TR R 8)
IR RIHERG R NI 20 EERos B 5
X RBN I o R R e BIRS T(hR A
BRA) _ETi ) o0 B Ros Bt 500 o 58— 3h3h
FITERfR N TR P 2 e RoR T T T VR 7 R K —
PR R
B 7 il gy 2Ruenfi e . Ml 2kt th 2
#amd literation EACHCAK Tt T 1, BEWIH>
TR LS -
SR I i RN = AN S TR =R S AV
sEnmET 0, BEHI LAY ZR AN e .
x1 BERENNESEZMAETHDLERE
Table 1 Power quality disturbance signals classification

accuracy based on three methods

CNN LSTM CLSTM

FRUEE 5 (s0) 90.2% 99.4% 100%
R THs1) 95.4% 98.2% 99.0%
U T (s2) 85.8% 99.2% 99.6%
LR BT BR(s3) 84.2% 96.8% 99.0%
FEL TR PR A5 (s4) 96.2% 99.8% 100%
BIAIRY(s5) 95.0% 99.4% 99.8%
1P (s6) 91.6% 97.8% 99.2%

kA bt (s7) 91.0% 99.2% 99.8%
L THHIE B (s8) 84.4% 99.8% 99.8%
R [ 1 (59) 90.8% 98.6% 100%
SEHME 90.5% 98.9% 99.6%




WL, %

T B R T2 19 2% 1) PR ST 4R 80 43 25

- 9] -

1 TS

1) CNN J7iEW~ P34 0 R UEif R . LSTM Al
CLSTM ik, 2 90.5%. 1fi LSTM #1 CLSTM [1J°F-
)03 FEUER R A i AN D, 43 98.9% A1
99.6%. 1X2 T LA IR BNE 52— B )
BAH)TF, CNN HGEXHEENE S HRRE R THEEL,
FERCEI R AE A B A I AR, oo VR %
FUIRAE s 10 LSTM DU BB 4 NSRBI 45 5 97 126 B 37
EIRT T IN R, ARG TR S IR
R Wkl CNN it A/ 1 CLSTM WIJZE CNN 42
IURFIE A bt HL & T I TR AR, B LLE R 4y
KM F e, IR B ZRG T LA
4. CLSTM ¥dpelf, LSTM v:H K, CNN ¥t
B2,

2) CLSTM V2% —HEHLENE 5 17 S LR UF
N} s8(HL B FH+i i )« sOCHEL 2T F+18 U0 ) 1 4328
HERE A3 0 ih 99.8% K1 100%. —EALENE S5,
CLSTM XF &M T/ 5> S HUERG R AR LL 53 AN RN 7 V207
bt sOFRUES 5)A s4CEEINAD)IA R T 100%.

6 45iE

AL G A BIPPZE P 25 (CNN) A 13 12 kA
ZZ(LSTM)HIHE#, FI CNN Al LSTM f4H &R v
JI T CNN ARSI 2 SR i e /D I ) A S
(i B, IR 5 IR T LSTM AR 2R G VA B U AIE ) e
Wao fiELE5 R, CLSTM ¥ELLH—1f) CNN ¥4
FUERI AL T 9.1%, L) LSTM VA3 JEHERf
FYEF T 0.7%, IREFHUGRED T 53 AW RI VAR Jai B
Mo AR TAEAE T 1IN 2 H A R SR a5 [
R, ULAEZ AW RS DK,
Sk
(1] 3o, ZEe. sl Bl 2 M — i ge s i i il

S B NI I]. Th LT RE AR, 2013, 33(19):

93-101.

XU Wilsun, YONG Jing. Power disturbance data

analytics—new application of power quality monitoring

data[J]. Proceedings of the CSEE, 2013, 33(19): 93-101.
(2] #Ridte, BT, MW, % SCARRHESREUNENR

ZER[T]. AR, 2018, 17(5): 13-18.

XU Guanhua, ZHAO Jingxiu, YANG Hongya, et al.

Review of text feature extraction methods[J]. Software

Guide, 2018, 17(5): 13-18.

[3] KOCHMANN J, MANJUNATHA K, GIERDEN C, et al.

A simple and flexible model order reduction method for

FFT-based homogenization problems using a sparse

sampling technique[J]. Computer Methods in Applied

(4]

(5]

(6]

[7]

(8]

(9]

[10]

[11]

[12]

Mechanics and Engineering, 2018.

SEBASTIAN P, DSA P A. Implementation of a power
Quality signal classification system using wavelet based
network[C] // 2015
International Conference on Power and Advanced
Control Engineering (ICPACE), 2015:
157-161.

SR T S R H A BRI T [D]. Kb
WK, 2010.

YI Jiliang. Power quality disturbance analysis based on
S-transform[D]. Changsha: Hunan University, 2010.
ZHAO Liquan, GAI Meijiao, WANG Lin. Classification
of multiple power quality disturbances based on the
improved SVM[C] // 2017 International Conference on
Wireless

energy distribution and neural

Bangalore,

Communications,
Networking (WiSPNET), March 22-24, 2017, Chennai,
India: 2625-2628.

SAINI R, MAHELA O P, SHARMA D. An algorithm

based on hilbert transform and rule based decision tree

Signal Processing and

classification of power quality disturbances[C] // 2018
IEEE 8th Power
(PIICON), 2018, Kurukshetra India: 1-6.

JKELES, BARRE, BUREE, A BET 2R N AL M2
MO RGeS R TUIIT]. LT, 2018, 46(8)
67-73.

ZHANG Hongzhe, ZHAO Kang, LI Lemeng, et al.

Overvoltage forecast during power system restoration

India International Conference

based on multilayer artificial neural network[J]. Smart
Power, 2018, 46(8): 67-73.

FEESE, MRS, WG, & BL T iR e SR
HLGTUIJVAL]. B L, 2018, 46(6): 101-105.
YAN Guoping, CHEN Hao, TAN Fenglei, et al. Fault arc
identification method based on current feature extraction[J].
Smart Power, 2018, 46(6): 101-105.

JR . BT S AR i e SRS U SEE D],
WE RIS WEJRVE DMK K2, 2017.

ZHOU Zuning. Research on power quality disturbance
identification algorithm based on S-transform[D]. Harbin:
Harbin University of Technology, 2017.

wEE, &H, BUR. BT SVM IWRe s 4>
ZK[I]. HIS 1R, 2014, 51(23): 69-72.

LEI Zhiguo, JIN Yue, TAN Wanyu. Classification of
power quality disturbances based on SVM[J]. Electrical
Measurement and Instrumentation, 2014, 51(23): 69-72.
70, T3 LTt DDAGSVM £ 250 25k (1)
MRS RS R [J]. B RGO S I, 2018,
46(5): 82-88.

REN Zihui, WANG Qi. Power quality disturbance



-92 -

@A &R B R

[13]

[14]

[15]

[16]

[17]

[18]

recognition based on improved DDAGSVM multi-class
classification strategy[J]. Power System Protection and
Control, 2018, 46(5): 82-88.

B, EMF, XU, & JTH4TH NS BP
Pl 0 5% 1) TE HL I 2R 08 P BB B R P B o 6 5 R D).
MU R GRS 517, 2017, 45(10): 69-76.

HE Julong, WANG Genping, LIU Dan, et al. Localization
and identification of power quality disturbance in
distribution network system based on lifting wavelet and
improved BP neural network[J]. Power System Protection
and Control, 2017, 45(10): 69-76.

PRAAE, IME, e, & SR T 2 AR BEREHLARMRI R
BE U A L sh 70 T[] WD R AR S FE L,
2017,45(11): 1-7.

QU Hezuo, LIU Heng, LI Xiaoming, et al. Recognition
of multiple power quality disturbances using multi-label
random forest[J]. Power System Protection and Control,
2017, 45(11): 1-7.

WA, M, S, L BT IMTRR L R BEREAY
B IR LBl AT 2 ). T R RIS
2019, 47(2): 80-86.

XIE Shanyi, XIAO Fei, Al Qian, et al. Parallel hidden
Markov model based classification of power quality
disturbance events[J]. Power System Protection and
Control, 2019, 47(2): 80-86.

T, K, R BT PSO-LSSVM K H
Ae R s R A BT [0]. T, 2018, 17(7):
196-199.

WANG Xinhuan, LIU Zhichao, LU Caixia. Research on
coal mine power quality disturbance identification based
on PSO-LSSVM[J]. 2018, 17(7):
196-199.

MOHAN N, SOMAN K P, VINAYAKUMAR R. Deep
power: deep learning architectures for power quality
classification[C] // 2017
Conference on Technological Advancements in Power
and Energy (TAP Energy), 2017, Kollam: 1-6.

gk, BRoish, MK, 5. R T RIRBURZ 2N
REFURE PSRRI M AR EERNR), 2016,
40(1): 30-34.

MA Jian, CHEN Kexu, XIAO Luxin, et al. Recognition

of power quality compound disturbance based on

Software Guide,

disturbances International

[19]

[20]

[21]

[22]

[23]

restricted Boltzmann machine[J]. Journal of Nanchang
University (Science Edition), 2016, 40(1): 30-34.

M ERR. T URBE A ST R e SRR SDIRI[D). H A
R KR, 2017

XIAO Luxin. Disturbance recognition of power quality
based on deep learning[D]. Nanchang: Nanchang University,
2017.

FRAET*. T LSTM BRI s P[], RHEy
@7, 2018(12): 18-21.

ZHANG Yanning. Short-term load forecasting based on
LSTM model[J]. Science and Technology and Innovation,
2018(12): 18-21.

KA, RIRENRI. TR T IR A 2 R AL Y P RE
WAETB 2 GBI, T E AN TR AR, 2012,
32(34): 83-90, 13.

ZHANG Yang, LIU Zhigang. A new method for power
quality hybrid disturbance classification based on multi-
characteristic variables in time-frequency domain[J].
Proceedings of the CSEE, 2012, 32(34): 83-90, 13.
IS, B, B BT E R 2 i BEA LR
BN BREVED. HEPL RS ® I, 2018, 39(2):
441-445, 462.

WANG Gongpeng, DUAN Meng, NIU Changyong.
Random gradient descent algorithm based on convolution
neural network[J]. Computer Engineering and Design,
2018, 39(2): 441-445, 462.

AN, RIEEE. Adam AL CNN R 2p B4 FAE (D).
TR SRR, 2019(5): 858-865.

ZHAO Xiaoqgiang, SONG Zhaoyang. Adam optimized
CNN
Frontiers of Computer Science and Technology, 2019(5):
858-865.

super-resolution reconstruction[J]. Journal of

Yrfs HEF: 2019-03-18;

{&El HHF: 2019-05-09

EEEIT:

=
A

EHA1995—0), B, AEHEL, LT QA BHR
W, ) A 4B AT S 0 E-mail: 1078646767 @qq.com
K197, &, HE, SRR, ART@A AL

A %942 %) 5 /4%, E-mail: zhangyan@shmtu.edu.cn

(%% o mm)



	DOI: 10.19783/j.cnki.pspc.190288 
	基于卷积-长短期记忆网络的电能质量扰动分类 
	Classification for power quality disturbances based on CNN-LSTM network 



