FaE F1H
2024 %1 A

T REREJR

Renewable Energy Resources

Vol.42 No.l
Jan. 2024

TRSHRBEBEREFEABHE MM
A H S A B R

R,

MOINRE !, AR, KA, I R

(1. ERATAL A o A FRA EE B EA R, Wl A%E 0500005 2.F Mmdta e A BRA R, Wb A5 E
050021 ; 33t FE AR A BRA ], b 100080; 4440 1k A S5 F T2, dtat 102206)

B E: HEWE OB PREIE I, ) A REALE SIS B S fer AR e AW, (2585
TEMELUMER U _L 3 75 T A S AR AU M T v I 9 R g is AT, TR R 3 A OB IR Fe AR B
e TIN5, SCEER T — 2% i3 A1 O AR R M 9 e 300 S ey T 32 o DGR AT By vl 0 775 552 B
HUSAT S GIR R Ty Z (] Y 22 {EL, DI, SCREAEAG I B A BSOS 211, 8 e R T RBUAZ S EAR , e AR T
PP S5 LA K — 28 545 F s i PR 28 22 ) AR SRV 308 o A 0 AR S PR A i) DR 3R A A iy
TSR i ARAIESE s SRS R R RIG AR LN Y LSTM P28 [ 2 PSR | R A2 4 707 e SRR AIE . R
PR AR A AL , B BOMACR S (R . S 4G AR, SO P I ik BE A R

AR AOGIR 1 AT TTOIDRG

KA M AEOUIR MG, AR IHLE] LSTM; BORMEALI ;S it

FESES . TK51; TM7  XERES: A

0 5§

H AT, A BREEIR 1 I A B IR g, R E
IEAh T BB VR 23 (0 I Al 8 119 G B A A R [ -
VU A B A A A AR 2025 AR SE Bk
IR DR bR 8 KT R R 35 A B R
JIR G H s 1) S A5 A 2 AR
FHR XU DGR SEHT RE IR A KA & K= L A1)
JF I RS I B R AR m HE s &4, Herh 2 A 20Ok
PRERAE R — R 2R B Be VR & B X, XAk
RETR A5 1, 4E 501 REvalHE | SC 02 0 AT 2L K e
BAEREN, EHABETIRE T, A M
R 4 T A TR R AT TR A b 2 AR B T 1Y)
ALK 23 SR TE A P A ) 15 DA R L )i
BH W 2B YRR T R E B AREE , (B2,
G 2O HLIEA A T S Re IR & L, B HA Bl
BUE U Bl DA B (] BCHE S5 R | 33X 45 67 Ao T30
R —E W RIXE , DR AE T B ) R G e i 72
b B I A U RE IR A BT AL ) R G
AR

FE IS TN ) T AR AR 2 I A I
[i] 2 51 L[] )5 43 B k7 XGBoost!™! AH 151 il

KimBEH: 2023-07-07,
BE&WA: BEEAMARRA SR H (5204XA22000D)

XEHS: 1671-5292(2024)01-0096-08

P R4 Ho SCER[10[ T —
P2 4 TR B S Rp ) LT R 58, i
BRIz I A, R S B 2A AR R AR
{14 17 5 Jec 97 ey 2 B P8, AR S AR I AL
YIRSt , AT Bt o TS B SBR[ L3R T
— L VR e 25 PR T A AR 1) e A 71 £ T
D51, ek T A R 25 I 26 B BURRAE ), TR
KL 0 28 A SEIUA B PARRAE 12073
FETIUIAS BE A BTt SCHR[ 12060 A gei FR 2= )
Pl (ELM) Sk T okt, R 4R Tt
ELM Bkt iifl, %07k HUEXT ELM 30
BROAT T T, AEEXHUR 51 P SRR ) 2
IRAEAE—E W R R  SCRR[ 13[4 0 T — Ttk
()5 28 LS o AR AR A M 45 A 255 1
FMAR S far TR0 3%, 2 B S it i 22
YRS A A SRR v 7 T o i R A ARE
RS PR (IMF) , P IR BE AR & X B> IMF
Sy TR SRR, 5 Jeke 221 B bR 10
S5 SMAS B I 2 P e o7 for SO 255, %07
ENTIE S AN TB W N SRR g it el W R S TR
7], (LSRR P A M A PR 28 X4 67 i (1) 52 0]

EE®IT: #/NE(1989-), 55 WL, TR, P07 1) g B <R R REIRAR 48 B, E-mail :277135930@qq.com

- 06 -



Bk, %

2 BRI F TR 2 RO S0 A B A TN 45
AHE ORI, BEE A 2 IR A A
A FH P i T MR SR DR R] ke e
P JEE T A SR, B98I B8 TN 7 vk B AR AR
TP E 2,

AR SCHE T3 A FOCAR I ART H 9 7 e F) 52
Wi, $2 T — R A O IR A R iR 6
Ay P 3% o R T oA 3R R B A T
I, RS AN R AP = AL i e AN [l O T 9
T FEL 9 07 R SO T O | S S TR
Pa o MrE AR P S R oA OB IR
FEPELL RO 2 —F AR S , fe L
AR HTAER L SR T RS AR R
LA 22 248 S v S TOUMARE Y | 5 73 i BB 1]
FP9 Z B RO 2, R HTPAR AL LR
RPN S BT UL, 2k T BE ) 4
PLEIRERY  fieJe il S A, Sk 1A SRR
T BRI S
1 EESHRENE R R

AR e HL R — s K BH RE S 452 S Fi BE B4
R, BATI I TR, BA T
kRS, H AT A SO IR T2 R TR
Pl FE DXOGAR LA B AN FRFEDEAR S, a1
N, AT HOIR K i R G i i — R B AR i i 52
MM I B B AR, Ak AR ] TR
Kol Lk B M, XAk AL DT SR R
N, R IRAE T T, T R PR A
L AE—E AR T LGSR i X i LR T

1 APMEANS B RELE

Fig.1 Distributed photovoltaic wiring diagram for user access
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Fig.2 Load characteristic curve with distributed PV
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Fig.3 Daily power load characteristic curves of
three types of users

T RF AR IR PR 25 P 0 A 4 5
M, SCHEIE IR Pearson AH 3¢ R EUE M 748
HE AT, £ 140 T RAINEK SERIEH]
JA AT 2Z 1) R AR D ZR 0, T LA TR ) T P
T AR RS A B PR AP SRR
TR 3 i i, R v B A B B A, B A
RE IS ST 5 il R S AR, P 200 8 AR i) A5
FoREmE IR, SEUH R A Er b 3,
1 EHLARPATSERSERZEMNHEXRE

Table 1 Correlation coefficient between a commercial user’s
load and weather factors
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Fig.4 Photovoltaic sunrise force characteristics under
different types of weather
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Table 2 Correlation coefficients between photovoltaic output
and various influencing factors
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Table 3 Parameter Settings of prediction model and
optimization algorithm
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Short—term load forecasting technology with distributed energy
timing uncertainty

Yang Xiaolong', Yao Tao', Sun Chenjun', Wei Xinjie?, Zhang Huaming®, Sun Yi*
(1.Information Communication Branch of State Grid Hebei Electric Power Co.,LTD., Shijiazhuang 050000,
China; 2.State Grid Hebei Electric Power Co.,LTD., Shijiazhuang 050021, China; 3.Beijing Qingsoft Innovation
Technology Co.,LTD., Beijing 100080, China; 4.College of Electrical and Electronic Engineering, North China
Electric Power University, Beijing 102206, China)

Abstract; In recent years, with the rapid growth of the scale of distributed photovoltaic
deployment in cities and towns, the impact of random fluctuation characteristics of its output on
urban load is also increasing. The traditional method is difficult to accurately predict the complex
load fluctuation after large —scale deployment of distributed photovoltaic system, which is not
conducive to the safe and stable operation of power grid. To solve these problems, this paper
proposes a short —term load forecasting method considering distributed PV. Since the net load
including distributed PV is the difference between the actual consumption load of the user side
and the PV output, this paper first adopts the big data mining technology to analyze the
characteristics of PV output and the user—side load as well as the correlation between the two and
their respective influencing factors before constructing input data, and selects the influential
factors with high correlation as the input feature set of the net load prediction model. Secondly,
the LSTM neural network prediction model integrating self—attention mechanism is constructed to
deeply explore the characteristics of load sequence. The grey Wolf algorithm is used to optimize
the parameters of the prediction model and determine the model with the best prediction effect.
Finally, an example simulation shows that the proposed method can effectively improve the
prediction accuracy of net load with distributed PV.

Keywords: distributed photovoltaic; correlation analysis; self —Attention mechanism; LSTM;

grey wolf optimization algorithm; load forecasting
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