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Electrical Level Prediction of Power Grid Merging Unit Based on Time Series Analysis

ZHANG Zhaohui', LUO Wei', LIN Kangzhao', QIN Guanjun®, JIN Yanlei*, DING Li’, ZHOU Yu’

(1. Guangzhou Bureau of EHV Transmission Company of China Southern Power Grid Co. Ltd., Guangzhou 510663, China; 2. NR
Electric Co. Ltd., Nanjing 211102, China; 3. College of Computer Science and Technology, Nanjing University of Aeronautics and
Astronautics, Nanjing 211106, China)

Abstract: The equipment monitoring of the merging unit relies on on-site staff records, practical
experience and preset alarm threshold, and the lack of analysis and mining of the system monitoring data
makes it impossible to realize the device state prediction. In view of this, according to the timing
characteristics of the level data of the monitoring merge unit, a combined model of the traditional timing
model of autoregressive integrated moving average (ARIMA) and long short-term memory (LSTM) is
constructed and optimized by using shuffled frog leaping algorithm (SFILLA). The optimized model is
applied to the level data prediction analysis of the combined unit laser monitoring. The comparison of the
ARIMA-LSTM optimized combination model with the single model verifies that the former has higher
accuracy than the latter. Further comparison experimental results show that the combined model is superior

to the other combined models after the SFLLA algorithm optimization, which can better mine the hidden
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information and trend in the data, improving the accuracy of time series data prediction and the efficiency of
fault troubleshooting. By comparing the combined ARIMA-SVM model and the proposed ARIMA-LSTM
model, experimental results show that the proposed ARIMA-LSTM model is superior to the ARIMA-
SVM model, and it can better analyze and grasp the device state information, and realize the level data
prediction of the merging unit equipment.

Key words: merging unit; time series analysis; autoregressive integrated moving average-support vector
machine (ARIMA-SVM); long short-term memory(LSTM); shuffled frog leaping algorithm(SFLA)
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mized by SFLA

R
<™ ARIMA  LSTM  SFLAftfb4ls
RN
MSE 11.72 8.42 5.72
RMSE 3.42 2.90 2.39
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Table 3 Performance comparison between two com-
bined models optimized by SFLA

BRES Z 5t SFLA AL Zt SFLA AL RY
By ARIMA-LSTM ARIMA-SVM
MSE 5.72 9.75

RMSE 2.39 3.12
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Fig.7 Prediction results of different prediction models

x4 AEMUFTENAGERERITLL
Table 4 Performance comparison among different op-

timized methods for combined models

WA R SFLA AL ity
- ST A4
8 br HE HE
MSE 5.72 6.34 6.53
RMSE 2.39 2.57 2.55

Mk 2 AR ARIMA-SVM #il ARIMA-LSTM H1 4

A0 5 A8 B — AR 0 Sy b — A0 B T ORGSR . S b Ak B R A K PO A BE AL R S



RPN F AT 5208 W& £ -Ffnl 1177

Qi#

BEAUAH LE , 7 o AT ASE 2 30 9% DU 1 [ it vy S0 000065
SFLA S HAT R 1 2 R 48 A P AR AR 1% A7 20 0005 i R JH SFLA B8 i 2 & T A5 2

A IR R AR R R, A L A A 5 BB v A R AS R AR A AT IR RO R TR O AR R 2
A TN A AR N AR E B [0 R, RE A8 E — 20 312 g TOIIDRS 32

A ARMA Al SVM 41 & 888 BEAT A Ak, 5 I 07 FHTAE PR 0 P ey o SF- T, G 2 L B — 458 280 1 25

R 5 BT AT Fir 452 w8y, O FiL 90 v ) o S 00 2 (8t 1 — A AT 22 A R 00 O ik

S Z 3 HK:
(1] SN, IM e, AR 28 B 45 370 o 1 22 W I 22 495 1 o, U505 R (0], 48 % v 6 19, 2019, 36(10): 46-48.

[10]
[11]
[12]
[13]
[14]

[15]

[16]

CUI Zongqing, SUN Renlong, ZOU Rongsheng.Power supply scheme for on-line monitoring system of converter station[J]. In-
tegrated Circuit Application, 2019, 36(10): 46-48.
RO Al AR PR T R R I BT I e R (], e T B, 2018(20): 82-83.
ZHAO Yanjun, RU Zuwei, CHEN Yu. A brief discussion on the application and development of consolidated units[J]. Elec-
tronic World, 2018(20): 82-83.
ST RS0 M 5 2R A TML BB EBUR 24 R, 2004.
WU Huaiyu. Time series analysis and synthesis|[M]. Wuhan:Wuhan University Press, 2004.
T VLR AL — OB A I ) R 81 AE IR R Gk 4 AT SR —— = R Ak ) SR SHLT R 5 R R, 2012(12):
147-157.
LIN Ziyu, JIANG Yi, LAI Yongxuan. A new time series delay correlation analysis algorithm: Three-point predictive probe
method[J].Computer Research and Development, 2012(12): 147-157.

Rl AR R SR, AR TR R B Il 2 M D BR (D] R R 22 4, 2002(Z21): 571-575.
WU Zhihua, HAN Xie, ZHANG Yongmei, et al. Temporal data analysis method based on knowledge discovery[J]. Journal of
Testing Technology, 2002(Z1): 571-575.
RIS . I I Z S0 AR LA 5 2k (0], B i S B S IR, 2011, 41(18): 189-195.
ZHANG Meiying, HE Jie. Review of time series prediction model research[J]. Mathematics Practice and Understanding, 2011,
41(18): 189-195.
T itE B WG, B ) S0 S 5 ik SRR D] A EHLREE 2019, 46(1): 21-28.
YANG Haimin, PAN Zhisong, BAI Wei.A review of time series prediction methods[J]. Computer Science, 2019,46(1):21-28.
E A, H AR BT ARMA B R f 28 5 AE S R ] 77 51 % 35000 43 A (0], 5 B0BE TR 2 2 4R i@ B4 5 TR, 2004, 28
(1): 133-136.
WANG Lina, XIAO Dongrong.Forecasting analysis of economic non-stationary time series based on ARMA model[J]. Journal
of Wuhan University of Technology (Transportation Science and Engineering Edition), 2004, 28(1): 133-136.
JENKINS G M, RIESEL G C. Time series analysis: Forecasting and control[M]. NY: Prentice Hall Inc.,1994.
SHUMWAY R H, STOFFER D S. Time series analysis and its applications[M]. New York: Springer Science Business
Media, 2006: 79-99.
AT R T Hui A o Bt S 3Ry [ BEALLT). A S k2441, 2000, 26(1): 32-42.
ZHANG Xuegong. Statistical learning theory and support vector machine[J]. Acta Automatica Sinica, 2000,26(1): 32-42.
PEARL J. Fusion, propagation, and structuring in belief networks[J]. Artificial Intelligence, 1986, 2(3): 241-288.
KIM K. Financial time series forecasting using support vector machines[J]. Neurocomputing, 2003, 55(1): 307-319.
TAY F E H, CAO L. Application of support vector machines in financial time series forecasting[J]. Omega, 2001, 29(4):
309-317.
DAS M, GHOSH S K. A probabilistic approach for weather forecast using spatio-temporal inter-relationships among climate
variables[C]//Proceedings of International Conference on Industrial &. Information Systems. [S.1.]: IEEE, 2015.
DAS M, GHOSH S K. semBnet: A semantic Bayesian network for multivariate prediction of meteorological time series data

[J]. Pattern Recognition Letters, 2017,93: 192-201.



1178 R EB LI Journal of Data Acquisition and Processing Vol. 37, No. 5, 2022

[17] YU HF, RAO N, DHILLON I S. Temporal regularized matrix factorization for high-dimensional time series prediction[C]//
Proceedings of the 30 th International Conference on Neural Information Processing Systems. [S.1.]: [s.n.], 2016: 847-855.

[18] LANGKVIST M, KARLSSON L, LOUTFI A. A review of unsupervised feature learning and deep learning for time-series
modeling[J]. Pattern Recognition Letters, 2014, 42(1): 11-24.

[19] LV Y, DUAN Y, KANG W, et al. Traffic flow prediction with big data: A deep learning approach[J]. IEEE Transactions on
Intelligent Transportation Systems, 2015, 16(2): 865-873.

[20] ROMEU P, ZAMORA-MARTINEZ F, BOTELLA-ROCAMORA P, et al. Time-series forecasting of indoor temperature
using pre-trained deep neural networks[M]. Berlin: Springer, 2013.

(21] wisEJE , DR U5k T 000 B 22 T 45 ) 42 3T BR (] 3 H S PL TR, 2019,45(8): 198-202.
GAO Maoting, XU Binyuan.Recommendation algorithm based on cyclic neural networks[J]. Computer Engineering, 2019, 45
(8): 198-202.

(22] B IRWIME, T2 00, 5 LTI IIIC 1200 28 9 46 B0 SR 300 s S0 [, 45 B A, 2019(10): 27-31.
ZHAT Yi, XU Liyan, JI Xuechun, et al. Short-term load prediction based on long and short-term memory neural network[J]. In-
formation Technology,2019(10): 27-31.

[23] TANG Deyu, LIU Zhen, YANG Jin, et al. Memetic frog leaping algorithm for global optimization[J]. Soft Computing, 2019,
23(21): 11077-11105.

[24] DOLADO JJ, GONZALO J, MAYORAL L. A fractional Dickey-Fuller test for unit roots[J]. Econometrica, 2002, 70(5):
1963-2006.

fE& T

HERIE(1989), B 4T
0 e L R =0 S = R
iy W iE 4t 7w, E-mail:
zzhsddxdq@163.com,

FE F(1982°), 5 , i 1L,
e G LRI, BIF 58T 1] B
AE VR K4 0 BT A g
ARG

B3 (1981), EE1EH,
B WEgE )y ) e A
O HEAR KRS =it
BB AR E AL 2 BT, E-mail:

zhouyu@nuaa.edu.cn,

B (1984-), B mi L, w5
2 TR, BF 5% 5 [ < o )
BB AT T I

EEH&Z0978), 5 w1,
AR BEFE TS 1) L R

OB EB (1986-), I3 , A B},
AR AT 16 R
i B s AT 4Ry
Il o

T &(1992-), B, A - BF 5%
Az BT TT 1) < B 5T .

(% 4% . 25%)



