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Classification of three-phase voltage dips based on CNN and random forest
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(1. School of Information Engineering, Nanchang University, Nanchang 330031, China;
2. State Grid Jiangxi Electric Power Research Institute, Nanchang 330096, China)

Abstract: Feature extraction is the critical step in power quality disturbances recognition, while the traditional methods
combining the mathematical manipulations and shallow neural networks cannot extract the features automatically.
Therefore, the paper proposes a hybrid model based on the Convolutional Neural Network (CNN) and Random Forest
(RF) to perform the automatic feature extraction and classification of the three phase voltage dip data. Firstly, the three
phase voltage dip data is transformed to the Space Phasor Model (SPM). Secondly, CNN is used for extracting the
features of the SPM. Finally, RF is applied for classification. For the acceleration of the training of CNN and the relief of
over-fitting, the dropout, exponential decay of learning rate and update of weights by adaptive moment estimation are
introduced. Experimental results demonstrate that the proposed method has a better generalization performance and
higher classification accuracy compared to other classification methods, which provides an objective and efficient
auxiliary method for voltage dip recognition.
This work is supported by National Natural Science Foundation of China (No. 61662047).
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Fig. 1 Waveform and SPM of type Cc voltage dip
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Table 1 Comparison of different classification methods

Jith accuracy mean-P mean-R mean-F1
SVM 91.79% 91.79% 91.79% 91.79%
RF 95.86% 96.11% 95.86% 95.98%
PCANet-SVM 96.48% 96.43% 96.48% 96.45%
PCANet-RF 96.86% 96.99% 96.86% 96.92%
LeNet 89.64% 89.78% 89.64% 89.71%
CNN-RF 99.36% 99.37% 99.36% 99.36%

4 Lt

A Ay H T B R R S BRI T — R 2
yRELVE, B CNN 5 RE SHTHRAE AN, S0
TR AH R BRI B SRR SRR 432K . A
M) B TAERA R EE R T

1) R = AH R B B 40 oA 521 SPML KR
B, AU AT BR TS, i R S
(B IR TR R S B E

2) CNN 8RR 5 Ab A8 % 2 A B U IR 1E
PEELAE S, B REESIHREEL SPM AR, JEN
RF $ At 2R 4

3) RF ] Bootstrap FBEAURFEZE I 7 %0800 T
FL S AR AP O, B0 T B Rz AP e
P T R

4) Ui KFFIE4ESCl 8, CART Mk 50 H
SPM %4 K/ 30x 30 I, CNN-RF H A i &
A3 FRUERF A A B DR ) VT

S L BT BRI H, R ST AR A B
WA R I )RR B A0 45 2 40 VRS v U 40 %
ZORVE . ASCION R REAE T B8], H RF
TR CNN o — 22 mig . Rk F

BB AR n A T4 RE TH SR NIRRT )

HL B BRSO TV

Sk

[1] LI Zhengming, LI Wenwen, PAN Tianhong. An optimized
compensation strategy of DVR for micro-grid voltage
sag[J]. Protection and Control of Modern Power Systems,
2016, 1(1): 78-85. DOI: 10.1186/s41601-016-0018-9.

(2] ZEEK, XL, Aul. JET W0 M & i s B

R ERBINED]. B RSG5, 2017,
45(2): 131-139.
LI Xialin, LIU Yajuan, ZHU Wu. A new method to
classify and identify composite voltage sag sources in
distribution network[J]. Power System Protection and
Control, 2017, 45(2): 131-139.

(3] ZTF, LR, B2 H, 55 A E0LR s AR

e L R G A LR AE PEDTAE[)). D RS S
514, 2017, 45(8): 67-72.
LI Sheng, JIANG Chengcheng, ZHAO Zhiyu, et al. Study
of transient voltage stability for distributed photovoltaic
power plant integration into low voltage distribution
network[J]. Power System Protection and Control, 2017,
45(8): 67-72.

[4] MAID A A, SAMET H, GHANBARI T. K-NN based fault
detection and classification methods for power transmission
systems[J]. Protection and Control of Modern Power
Systems, 2017, 2(2): 359-369. DOI: 10.1186/s41601-
017-0063-z.

[5] MAHELA O P, SHAIK A G, GUPTA N. A critical review
of detection and classification of power quality events[J].
Renewable & Sustainable Energy Reviews, 2015, 41:
495-505.

[6] BEGHERI A, BOLLEN M, GU L

characterization of multi-stage voltage dips based on the

Improved

space phasor model[J]. Electric Power Systems Research,
2018, 154: 319-328.

(7] KARTHIKEYAN M, MALATHI V. Wavelet-support
vector machine approach for classification of power
quality disturbances[J]. International Journal of Recent
Trends in Engineering, 2013, 1(3): 290-293.

[8] KANIRAJAN P, KUMAR S V. Power quality disturbance
detection and classification using wavelet and RBFNN[J].
Applied Soft Computing, 2015, 35: 470-481.

[9] MARKOVSKA M, TASKOVSKI D. Optimal wavelet
based feature extraction and classification of power quality
disturbances using random forest[C] // 17th International
Conference on Smart Technologies, July 6-8, 2017, Ohrid,
Macedonia: 855-859.



- 118 -

@ ERIEF B R

[10] s, Wb, 252, & T ot A E B Aot

U Ik CAR Ny e &7 ey Dk AR AV | )
THEARZER, 2017, 32(17): 21-34.
ZHUO lJinbao, SHI Weifeng, LAN Ying, et al. Location
and identification of micro-grid power quality
disturbances based on modified morphological filter and
arc length differential sequence[J]. Transactions of China
Electrotechnical Society, 2017, 32(17): 21-34.

[11] BRIEEE, 2T, M8, 55, — M g Fem0sh 7>

KITIE]. HTHRZAR, 2017, 32(3): 45-55.
CHEN Xiaojing, LI Kaicheng, XIAO Jian, et al. A
method of real-time power quality disturbance
classification[J]. Transactions of China Electrotechnical
Society, 2017, 32(3): 45-55.

[12] LAZZARETTI A E, FERREIRA V H, NETO H V. New
trends in power quality event analysis: novelty detection
and unsupervised classification[J]. Journal of Control
Automation & Electrical Systems, 2016, 27(6): 718-727.

[13] BALOUIJI E, SALOR O. Classification of power quality
events using deep learning on event images[C] // 3rd
International Conference on Pattern Recognition and
Image Analysis (IPRIA), April 19-20, 2017, Shahrekord,
Iran: 216-221.

[14] BAGHERI A, GU I, BOLLEN M, et al. A robust
transform-domain deep convolutional network for
voltage dip classification[J]. IEEE Transactions on Power
Delivery, 2018, 33(6): 1-9.

[156] NIU X X, SUEN C Y. A novel hybrid CNN-SVM
classifier for recognizing handwritten digits[J]. Pattern
Recognition, 2012, 45(4): 1318-1325.

[16] CAO G, WANG S, WEI B, et al. A hybrid CNN-RF method
for electron microscopy images segmentation[J]. Journal
of Biomimetics Biomaterials & Tissue Engineering, 2013,
18(2): 1-6.

[17] MERENTITIS A, DEBES C. Automatic fusion and
classification using random forests and features extracted
with deep learning[C] // Geoscience and Remote Sensing
Symposium, July 26-31, 2015, Milan, Italy: 2943-2946.

[18] BASATINI F M, CHINIPARDAZ R. Softmax model as

generalization upon logistic discrimination suffers from

overfitting[J]. Journal of Data Science, 2014, 12(4):
563-574.

[19] WANG J, HUANG P, HUANG Q, et al. Dialogue act
recognition for Chinese out-of-domain utterances using
hybrid CNN-RF[C] // International Conference on Asian
Language Processing, November 21-23, 2016, Tainan,
China: 14-17.

[20] PHAISANGITTISAGUL E. An

regularization between 12 and dropout in single hidden

analysis of the

layer neural network[C] // 7th International Conference
on Intelligent Systems, Modelling and Simulation (ISMS),
January 25-27, 2016, Bangkok, Thailand: 174-179.

[21] WANG Z, WANG Z, ZHANG H, et al. A novel fire

CNN-SVM  using
tensorflow[C] // 13th International Conference on Intelligent
Computing (ICIC), August 7-10, 2017, Liverpool, UK:
682-693.

[22] BEGAE, XfH, 2HeH], 55 JET ZARERENLARMRI
BEH A I8l IEN]. B RGR SR,
2017, 45(11): 1-7.

QU Hezuo, LIU Heng, LI Xiaoming, et al. Recognition

detection approach based on

of multiple power quality disturbances using multi-label
random forest[J]. Power System Protection and Control,
2017, 45(11): 1-7.

[23] CHAN T H, JTAK, GAO S, et al. PCANet: a simple deep
learning baseline for image classification[J]. IEEE
Transactions on Image Processing, 2015, 24(12): 5017-5032.

s B H#A: 2018-10-26; f&E HHj: 2018-12-28
fEE B

ey (1994—), F, MEARLE, AT & A CER
. RAF; E-mail: 406130716118@email.ncu.edu.cn

L% (1979—), 5, GAIAEN, TEHRTAALE
AME . AN, E-mail: chenkexud@163.com

R 0956—), F, @EE, HE, 2R, RS
W AT EGLE., BRAFE T EXRA. E-mail:
jhwu@ncu.edu.cn

(R4 # )



	DOI: 10.19783/j.cnki.pspc.181337 
	基于卷积神经网络和随机森林的三相电压暂降分类 
	Classification of three-phase voltage dips based on CNN and random forest 
	1.1 三相电压的SPM变换 
	1.2 CNN 
	1.3 RF 
	3.1 实验数据 
	3.2 参数寻优 
	3.3 不同分类算法比较 

	[1]   LI Zhengming, LI Wenwen, PAN Tianhong. An optimized compensation strategy of DVR for micro-grid voltage sag[J]. Protection and Control of Modern Power Systems, 2016, 1(1): 78-85. DOI: 10.1186/s41601-016-0018-9. 
	[2]  李夏林, 刘雅娟, 朱武. 基于配电网的复合电压暂降源分类与识别新方法[J]. 电力系统保护与控制, 2017, 45(2): 131-139. 
	LI Xialin, LIU Yajuan, ZHU Wu. A new method to classify and identify composite voltage sag sources in distribution network[J]. Power System Protection and Control, 2017, 45(2): 131-139.  
	[3]  李升, 姜程程, 赵之瑜, 等. 分布式光伏电站接入低压配电网系统暂态电压稳定性研究[J]. 电力系统保护与控制, 2017, 45(8): 67-72. 
	LI Sheng, JIANG Chengcheng, ZHAO Zhiyu, et al.  Study of transient voltage stability for distributed photovoltaic power plant integration into low voltage distribution network[J]. Power System Protection and Control, 2017, 45(8): 67-72. 
	[4]  MAJD A A, SAMET H, GHANBARI T. K-NN based fault detection and classification methods for power transmission systems[J]. Protection and Control of Modern Power Systems, 2017, 2(2): 359-369. DOI: 10.1186/s41601- 017-0063-z. 
	[5]  MAHELA O P, SHAIK A G, GUPTA N. A critical review of detection and classification of power quality events[J]. Renewable & Sustainable Energy Reviews, 2015, 41: 495-505. 
	[6] BEGHERI A, BOLLEN M, GU I. Improved characterization of multi-stage voltage dips based on the space phasor model[J]. Electric Power Systems Research, 2018, 154: 319-328. 
	[7]  KARTHIKEYAN M, MALATHI V. Wavelet-support vector machine approach for classification of power quality disturbances[J]. International Journal of Recent Trends in Engineering, 2013, 1(3): 290-293. 
	[8]  KANIRAJAN P, KUMAR S V. Power quality disturbance detection and classification using wavelet and RBFNN[J]. Applied Soft Computing, 2015, 35: 470-481. 
	[9]  MARKOVSKA M, TASKOVSKI D. Optimal wavelet based feature extraction and classification of power quality disturbances using random forest[C] // 17th International Conference on Smart Technologies, July 6-8, 2017, Ohrid, Macedonia: 855-859. 
	[10] 卓金宝, 施伟锋, 兰莹, 等. 基于改进形态滤波器和弧长差分序列的微电网电能质量扰动定位与识别[J]. 电工技术学报, 2017, 32(17): 21-34. 
	ZHUO Jinbao, SHI Weifeng, LAN Ying, et al. Location and identification of micro-grid power quality disturbances based on modified morphological filter and arc length differential sequence[J]. Transactions of China Electrotechnical Society, 2017, 32(17): 21-34. 
	[11] 陈晓静, 李开成, 肖剑, 等. 一种实时电能质量扰动分类方法[J]. 电工技术学报, 2017, 32(3): 45-55. 
	CHEN Xiaojing, LI Kaicheng, XIAO Jian, et al. A method of real-time power quality disturbance classification[J]. Transactions of China Electrotechnical Society, 2017, 32(3): 45-55. 
	[12] LAZZARETTI A E, FERREIRA V H, NETO H V. New trends in power quality event analysis: novelty detection and unsupervised classification[J]. Journal of Control Automation & Electrical Systems, 2016, 27(6): 718-727. 
	[13] BALOUJI E, SALOR O. Classification of power quality events using deep learning on event images[C] // 3rd International Conference on Pattern Recognition and Image Analysis (IPRIA), April 19-20, 2017, Shahrekord, Iran: 216-221. 
	[14] BAGHERI A, GU I, BOLLEN M, et al. A robust transform-domain deep convolutional network for voltage dip classification[J]. IEEE Transactions on Power Delivery, 2018, 33(6): 1-9. 
	[15] NIU X X, SUEN C Y. A novel hybrid CNN-SVM classifier for recognizing handwritten digits[J]. Pattern Recognition, 2012, 45(4): 1318-1325. 
	[16] CAO G, WANG S, WEI B, et al. A hybrid CNN-RF method for electron microscopy images segmentation[J]. Journal of Biomimetics Biomaterials & Tissue Engineering, 2013, 18(2): 1-6. 
	[17] MERENTITIS A, DEBES C. Automatic fusion and classification using random forests and features extracted with deep learning[C] // Geoscience and Remote Sensing Symposium, July 26-31, 2015, Milan, Italy: 2943-2946. 
	[18] BASATINI F M, CHINIPARDAZ R. Softmax model as generalization upon logistic discrimination suffers from  overfitting[J]. Journal of Data Science, 2014, 12(4): 563-574. 
	[19] WANG J, HUANG P, HUANG Q, et al. Dialogue act recognition for Chinese out-of-domain utterances using hybrid CNN-RF[C] // International Conference on Asian Language Processing, November 21-23, 2016, Tainan, China: 14-17. 
	[20]  PHAISANGITTISAGUL E. An analysis of the regularization between l2 and dropout in single hidden layer neural network[C] // 7th International Conference on Intelligent Systems, Modelling and Simulation (ISMS), January 25-27, 2016, Bangkok, Thailand: 174-179. 
	[21] WANG Z, WANG Z, ZHANG H, et al. A novel fire detection approach based on CNN-SVM using tensorflow[C] // 13th International Conference on Intelligent Computing (ICIC), August 7-10, 2017, Liverpool, UK: 682-693. 
	[22] 瞿合祚, 刘恒, 李晓明, 等. 基于多标签随机森林的电能质量复合扰动分类方法[J]. 电力系统保护与控制, 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. 
	[23] CHAN T H, JIA K, GAO S, et al. PCANet: a simple deep learning baseline for image classification[J]. IEEE Transactions on Image Processing, 2015, 24(12): 5017-5032. 



