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Abstract: Constructing a new type of power system is an important means to promote the transformation and develop-
ment of modern power systems and achieve the dual-carbon goal. Accurate load forecasting results are crucial for
optimizing the balance of power supply and demand and enhancing energy utilization efficiency, and artificial intelligence
(AI) technology represented by deep learning can effectively optimize the balance of power supply and demand and en-
hance energy utilization efficiency. Al technology represented by deep learning can effectively optimize the balance of
power supply and demand and improve energy utilization efficiency. Based on this, the paper firstly analyzes the current
status of load forecasting research from the perspectives of scene objects, data types, evaluation methods, forecasting
methods, etc., and systematically evaluates and summarizes the development history, advantages and disadvantages of the
existing deep learning-based load forecasting methods for power systems. Finally, in view of the challenges of load fore-
casting under the new type of power system, the research outlook of the future technology is made from the model and
scenario levels, respectively.

Key words: new power system; load forecasting; artificial intelligence technology; double carbon; neural network; deep

learning

0 a|= R RS, ROy E RERAT LR R
hZ B XTSRRI S, B “IRkEhTzh”

RIEEF BB ST Geit, WERIATIL =R BN “URRTES)” A RE M L ERE L
PRRHEI & 2 E BRI AR AR R R R B RSN, ATRER N RGYE, T8
(1 40% /. AT RBRFFU E m U, B2 78 “fr” UR AT REMR my TOIRE B2, AT S T S
SEBUBRIEVE . B AT H AR 2 “ SR 02, MBS PSA A, 38 N B R R T REIR T 9N PR 755K
UE, KRAFRFIRIHREIR, # LU JefRovE FEL 7 14y TN AF 8 R AZ L il AL £ ) P B
A Sl ST, X AR ORI % B [8]

EeEHWE: HEERRFECHARR(U22A20224); FHXEH AR

4 45(52077109). B B SR A BEAT FOTINE, DA T A 205 S 43 Ha oA 3
Project supported by National Natural Science Foundation of China Joint NS Pkl I\ LB S Ok 2 Ats
Foundation Program(U22A20224), National Natural Science Foundation of }g N @ﬂzﬁ‘ﬁ” N ﬁ$%73 *ﬁ N ;‘Fﬁ EE‘/}E{% ¢ Wﬁ *ﬁ ﬂ‘gIﬁ

China(52077109).



1234 i LR AR

2025, 51(3)

M 550560, AR 8 47y PR 3 B R S T BT A
BOERGE vASEIL, BEE R BN R R A
BREBRIIRE AR, Bl IRsh N T RETT %
BTSN L A TN R ST . Rk
TIREE A SIS N 7%, i T AR A
FRLNEEARRE S ERIILSS, AT ORISR THR R 2
WREST, FESETH TS L Rl S 7 ) i 45
MR MBS, He TR ST TN 5%
AT LA Gy S KRR« S Y I e R, S
BUSEIN MR A ZHRF LRI DA AR (1 AN i
Ptk
B 1R, ARSCER A TN, E

BRI R R BEZ R W . By it
ATHREAN AT SRS B i, A2 IR AAIA A

WG, S0 TR B 2 =0 B B R 4 A7y TN T vk
TGS A, MR R ST 5% 2 D Txs H
HIAFAE IR 1P UREAT VRl I e SRR R LT 17

1 GRFUNR IR 547

Fais PRI D9 v SR R U I T i 2 —
B AR AR S Bm #EAT i sefti v, v is
AT TAR R E B S HRYET, R fRE I RS
FRFEIBAT . OREE D B & B B K.

P 2 XI5 A7 4y TN QTR (1A AT 7 ol 2R 5% B A
B A OL S KA TR EEAT T S B BN BB AL
Ao ATULE Y, UTEER T N BEBARATHAL

BRI E, RE 2 RERI N TR e RR
BT R A AT T PR 3 A SR AT RV BT A

H 20 20 80 ARG, [ A FE g A7 A7 T 1)
B RE T HEFC . FHE2223 Landberg - 20 42 90 4E
RAFR T 58 BRI R R, BEE DT FLHIARAN
ATZ RN, FERFARFS = it 5. E
SIMIE 5 LA TR i TR RS JE AT SE A E S
KHABIEOIEG IR, Plass I, R
SIRRAE . REAHSCHT TG T 2008 4F, 25 JLAFE
PRI, BEREIT i L 7 G AT TIUI AT 7 A 7 ZX AR
WHBERE 2238 71 2% o [ P BIE 9 32 B S0V i v FREM G 22
FIEEMERE R, SRR BRI  HLEE
SO RIS SIS, KA I e e X 2%
BI85
(convolutional neural network, CNN). Transformer %5
TN A R B 52 31957
L1 FERNREAL

M FXS GRFE, W LAy AR TR 4E T
BT FHEIN AR AN 5] A7 A e A ) T

7 R A ) H 6 AR S TR B S A
INETE L, AR T 4EREAN ], A AT 73 4
He VL 96 miH 4 381, WIS RIVEEPRE, X
FIHE— DRI R RTINS
ST, il 3 B AR FO0m A i 1) RUBE ok
oK 15 min~4 h; FEIIFENONARRK 1~3 d; TR
RIVREJ LA KA LA H 214

(long-short term memory, LSTM).

\.:,|

% FHENEEMAE |

g % E% il |ff|azEERvsE ]
I Z] i yA
f. @l IR W R HR |
e e e e Mlum i smam
i H | | | [ LLMEE ) 6 B ||
%ﬁ R % T M REE
3 ¥ 5 | It
| ¥ o || :
ie | S| e
#$B = e [
* % e i e I e R e
i I e o 3 iiﬁ !
% ;g%% ”m{ﬁm% ’E@ﬁ*’ﬁ*ﬁh || ARG |
]ﬁz?&sﬁé  =s
------------------------------------------------------------- . #
i A7 - C8:) K
iE - 17} IS %:E
IIIII g | 8
2= EY

B S P TR HE AL

Fig.1 Research framework of load forecasting
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Fig.4 Load forecasting process of active distribution network
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