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Fig.1 Typical load curves of different types of loads
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Fig.2 A load prediction method using memory
neural network and curve shape correction
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Fig.4 Autocorrelation coefficient of load peak
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Table 3 Calculation results of approximate entropy
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Table 4 Prediction error comparison of different
load per-unit curve models
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Table 5 Prediction error comparison of different models

Ty ik Eyye/MW  Epyse/MW  Eypu/%
SVM 11.92 16.69 11.14
SRR 3.78 4.95 3.61
BP [ %% 3.65 4.83 3.42
BiLSTM %% 2.42 3.13 2.34
CEEMDAN-LSTM 2.14 2.67 2.18
ek 1.86 2.16 1.85
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Table 6 Comparison of computing time
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Fig.9 Comparison between predicted value
and actual value of working day

180 —
— SEPR

1601 — Seefojyiss N\

140} | M
oA
ig 100} J \
=

80 + / N

60 [Pen”

40
0

20 40 60 80 100
KRR
E 10 EITEHBFNESKRMEE
Fig.10 Comparison between predicted value of
nonworking day and actual value

RE VR 90 e F B 4T PR R R R A B, 15 SEBRfELAY
MEFEE R 5 BN ACR B4 1) CEEMDAN-LSTM
HABTIA L, 76 G A7 il 2% 10 SRy iR AR (L AL, SCHh O
ERBL A BIERE . 10 RTRUE S0
JTEAEAE AR H AR BAT ERA 1 45 2R o

5 it

SCAP R Y — R A2 1 22 1 45 0l 2RI AR
B TE 1A B 47 TN 53, v R A0 0 00 G
JE o TS B R0 56 BT 4 T 12 B9 AR R M U
BE, FEARWT

(1) SR MIC i 3 52 i 673 Ay g (L F) 32 22 TR R
FHor M U AR A A AL RFAIE , 4545 Attention AL Al
BiLSTM 5 28 S 7. 5 17 i D (0 A 0 A 125 7 19 o 00 A6
T BT O A TR



125 SRR A — TR AR 2 P 25 R 2T ARAE TE Y Gy U0 Jy 12

(2) FESAETIBTEARAEL H B 5 ATAR Z ik
FHMAGERY, ) FH % 22 480 K52 k- AR 4BL H FIAE 28 H AN
[F] (A AR 0, i o A 2 5 S B AR e A 4 i
BIHR T .

(3) Xt M LRI AR B A B3R 22 LA I 5
2207 9 1y AE 7 £ 4 AE, 2 57 kT CEEMDAN F
BiL.STM o 2% 14 1% 22 FUASE Y, L3 2 T 45 SR8 1
TSR 2 #E 2 A0t PO AEL, 4 w5 i 2R A9 T o
BRE o [RIINE 5 1A R 22 FoU0 A5 2 3kt e 1 15 Se 48 1
e M SN TE SR H S 2 /AN TR
ARG JBE AN e [, SE— A i T 600 £ A R 0 ) 55
PEFIATEHE
SE
(1] AR 0, 2 A8, 45 BR IR Sl T 12 22 3R 3l il 5 )

S S AT PO g AR e AR SE L T]. P E e L AR
4%,2020,40(2) :487-500.

ZHENG Ruicheng,GU Jie,JIN Zhijian, et al. Research on short-
term load forecasting variable selection based on fusion of data
driven method and forecast error driven method [ J ]. Pro-
ceedings of the CSEE,2020,40(2) :487-500.

(2] skibUk , 250, 22408, 5. 55T FPA-VMD FlI BiLSTM #fi 2: [&

2% B0 3H R A B B R A P T SRR TN [T ] A R, 2022, 46
(8):3269-3279.
ZHANG Shuqing, LI Jun, JIANG Anqi,et al. A novel two-stage
model based on FPA-VMD and BiLSTM neural network for
short-term power load forecasting[ J ]. Power System Technolo-
2y,2022,46(8) :3269-3279.

[3] BREF, Bl , 5L, BT A TR % A A vh [ Re 0 0 Tl 37

BT S LT]. T E LR A 4R, 2020,40(2)
369-379.
CHEN Guoping, LIANG Zhifeng, DONG Yu. Analysis and re-
flection on the marketization construction of electric power with
Chinese characteristics based on energy transformation[ J]. Pro-
ceedings of the CSEE,2020,40(2) :369-379.

(4] BB, G, T, & T U0 B8 TS X AL B

Jy gt KA B [ T]. AL 543 ,2022,59(11) :34-41.
LU Chenbin, BAO Zhejing, YU Miao, et al. Power load interval
prediction based on improved adaptively constructed interval op-
timization method [ J ]. Electrical Measurement & Instrumen-
tation,2022,59( 11) :34-41.

[5] LIB,LUM Z,ZHANG Y Y,et al. A weekend load forecasting
model based on semi-parametric regression analysis considering
weather and load interaction[ J]. Energies,2019,12(20) :3820.

(6] F M. T B i PR AR N 1) 22 St 1] U1 v, g 67 53000
[J]. 7KL AEIEAL ,2018,36( 10) :201-205.

WANG Baocai. Load forecasting of multiple linear regression
based on temperature recency effect[ J]. Water Resources and
Power,2018,36(10) :201-205.

[7] IMANI M. Electrical load-temperature CNN for residential load

forecasting[ J ]. Energy,2021,227.120480.

[8] AMALOU I, MOUHNI N, ABDALI A. Multivariate time series
prediction by RNN architectures for energy consumption fore-
casting[ J|. Energy Reports,2022,8:1084-1091.

[9] KONG X Y,LI C,WANG C S, et al. Short-term electrical load
forecasting based on error correction using dynamic mode de-
composition[ J]. Applied Energy,2020,261:114368.

(10] FEWME, MRULAE , SR AERE, 5. JE T4 s b 82 4 T A 8] 45
RO 2% 1) 6 30 | g B I [0 ). i e R B0R, 2022, 48

(8) :3059-3067.

TANG Xianlun,CHEN Hongxu,XIONG Deyi, et al. Short-term
power load forecasting based on extreme gradient boosting and
temporal convolutional network[ J]. High Voltage Engineering,
2022,48(8) :3059-3067.

[11] F4kA AL, JETF Attention-BiLSTM 1 22 5 4% F1 < 5 K

EIER IS U AR [T ]. Wy B sh ki dg, 2022, 42
(4):172-177,224.
WANG Jidong, DU Chong. Short-term load prediction model
based on Attention-BiLSTM neural network and meteorological
data correction [ J]. Electric Power Automation Equipment,
2022,42(4) :172-177,224.

[12] &3¢, E4%, L. BHE P AT Atention-LSTM 1)

FEI A BRI T ). BRI EA,2019,43(5) : 1745-1751.

PENG Wen, WANG Jinrui, YIN Shanging. Short-term load

forecasting model based on Attention-LSTM in electricity mar-

ket[ J]. Power System Technology,2019,43(5) :1745-1751.

WPH AR 3, EAR, FIAUEE. BTl B = e RE

CNN-BiLSTM-Attention {45 301 H1 73 4 s 000 532 [0 ] Ha g

RGP 594 ,2023,51(2) 1 132-140.

OUYANG Fulian, WANG Jun, ZHOU Hangxia. Short-term

—
—_
(O8]

[

power load forecasting method based on improved hierarchical
transfer learning andmulti-scale CNN-BiLSTM-Attention [ J ].
Power System Protection and Control,2023,51(2) :132-140.

[14] 2L, XBEse, 5 Ji, 4. 2T Bi-LSTM FRHIE KB 1

SIHTHY H A W B 4 R [T ). WL R AR, 2021, 45 (7)
2719-2730.
LI Yuzhi, LIU Xiaoliang, XING Fangfang, et al. Daily peak
load prediction based on correlation analysis and Bi-directional
long short-term memory network[ J ]. Power System Technolo-
gy,2021,45(7) :2719-2730.

[15] GUO Y X,LI Y,QIAO X B, et al. BiILSTM multitask learning-
based combined load forecasting considering the loads coupling
relationship for multienergy system[J]. IEEE Transactions on
Smart Grid,2022,13(5) :3481-3492.

[16] LAOUAFI A, LAOUAFI F, BOUKELIA T E. An adaptive
hybrid ensemble with pattern similarity analysis and error cor-
rection for short-term load forecasting[ J]. Applied Energy,
2022,322.119525.

[17] WANG D Y, YUE C Q,ELAMRAOUI A. Multi-step-ahead e-
lectricity load forecasting using a novel hybrid architecture with
decomposition-based error correction strategy[ J]. Chaos, Soli-
tons & Fractals,2021,152,111453.

(18] XUSCAS, XA, EIET, 45, 5T 50 5 B I8 P M P 4 L 22



A LBRA

126

[19]

[20]

[21]

[22]

LSS A 1) LSTM-Attention [ 2% S 1A Fit, g 67 £ 8 0 7 ¥
[J]. HJyatis,2022,43(2) :98-108.

LIU Wenjie,LIU He, WANG Yingnan,et al. Short-term power
load forecasting method based on CEEMDAN and LSTM-atten-
tion network [ J |. Electric Power Construction,2022,43(2) .
98-108.

PINELET WL, U 45 BT 2B C ER KM
TRC FEL P S A BT T [T ] . AV, 2022,41(3) :65-71.
SUN Jingliao,HU Changhong,XIANG Yeyun,et al. Short-term
load forecasting of distribution networks based on multiple
kernel fuzzy C-means clustering[ J]. Zhejiang Electric Power,
2022,41(3) :65-71.

BRI X, Blb A, 4. B TR AR AL 1 /] 3t X A 0 £
TN T )], HIEIA,2008,32(5) :87-92.

LI Canbing, LIU Mei,SHAN Yecai,et al. Short-term load fore-
casting method of small region based on decoupling mechanism
[J]. Power System Technology,2008,32(5) :87-92.

TRV, 282, B TT %, 45 /DNl B 288 11 T 78 3901 67 i it
WIrbrsE[J]. HIMEIAR,2016,40(2) :521-526.

SHEN Chen, QIN Jian, SHENG Wanxing, et al. Study on short-
term forecasting of distribution transformer load using wavelet
and clustering method[ J]. Power System Technology,2016,40
(2):521-526.

J7NE B R, . SRS SRS B Y
FEI A B 7 vk (T ] e R GRS ], 2018, 46
(15).:29-35.

FANG Baling, LI Long, ZHAO Jiazhu, et al. Short-term load

forecasting based on the combination of dynamic similarity and

[23]

[24

—

2018,46(15) :29-35.

B 25 2 TR R ARG H T S 3 6 £ TN A A 5
[D]. M7 PaRE:,2017.

QIN Fanglu. Study on modeling of power system short term
load forecasting considering multi factor meteorology[ D]. Nan-
ning: Guangxi University ,2017.

BEFH, 56T, R AR, 5. JET UTCI-MIC 5 iR 08 546 K
e D K QN BTt R R e ik I s 5 7 N
2020,44(2) :556-563.

XUE Yang,ZHANG Ning, WU Haidong, et al. Short-term load
forecasting method for user side microgrid based on UTCI-MIC
and amplitude compression grey model[ J]. Power System Te-
chnology,2020,44(2) :556-563.

A . TG PSO-PFCM SREFEIE i1 v ) e 7
MITELT]. RGPS 10, 2021,49(18) : 161-166.
LI Qing. Power big data anomaly detection method based on an
improved PSO-PFCM clustering algorithm [ J]. Power System
Protection and Control,2021,49(18) :161-166.

YEH A

TKFE L (1975) , 55, Wi, YR, B9 05 1)
BT REIR R R G B e AL VBT RE IR A LI
RS A 5 )i B (E-mail ; zhangjiaan @ foxmail.
com) ;

AR (1998) , 20, WAL, WF5E 7 0k
N LB RS TE H ) 28 58 1) I T e v ) B
O ;

FERAL(1973) , 5, W4, SLH I, BF 5L 7

static similarity [ J ]. Power System Protection and Control, W] AT RE TR 2E 2 R e AL o

A load prediction method using memory neural network and curve shape correction

ZHANG Jiaan'?, LI Fengxian’, WANG Tiecheng*, HAO Yan'?
(1. State Key Laboratory of Reliability and Intelligence of Electrical Equipment, Hebei University of Technology , Tianjin
300130, China;2. School of Electrical Engineering,Hebei University of Technology , Tianjin 300130, China;
3. College of Artificial Intelligence and Data Science,Hebei University of Technology, Tianjin 300401, China;
4. Experimental Training Center, Hebei University of Technology, Tianjin 300401 )

Abstract: Aiming at the problems that multiplex influencing factors and strong uncertainty in distribution network load caused by
the capacity accumulation of distributed generation and new loads, a load prediction method using memory neural network and
curve shape correction is proposed. In load peak prediction, the maximum information coefficient is applied to calculate the
nonlinear correlation between load peak and influencing factors,so as to select the input features. Considering the long-term and
short-term autocorrelation in load peak sequence and the different correlation between input features and load peak, the load peak
prediction model is established with the Attention mechanism and bidirectional long-short term memory ( BiLSTM ) neural
network. In load per-unit curve prediction,a prediction model is established by combining similar day and adjacent day through
the reciprocal error method. In view of the non-stationary characteristics of prediction deviation,the complete ensemble empirical
mode decomposition with adaptive noise and BiLSTM network are used to establish an error prediction model to correct the curve
shape. The validity of the proposed model is verified by an example of regional power grid load of a city in northern China.
Keywords : ulira-short term load prediction; attention mechanism ; bidirectional long-short term memory ( BiLSTM ) neural

network ; load peak ;load per-unit curve;curve shape correction
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