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Abstract: Under the “double carbon” goal, China’s power itz (long short-term memory, LSTM) A T &R/ 0E4T
system will present the characteristics of “double height” and the S AT e . S, ST RMZ AR e Bl 2
balance of supply and demand in power system will face new A, AR R AT RGB (L1400 =5 @) #%
challenges. A more accurate power load forecasting method is R s AR . HOUR, KRG AY B IR R R RO
urgently needed. Therefore, a method to visualize the load data LSTMAYE AGEATHN . IS, e T [ 2 34 1 e il e
is presented and the long short-term memory (LSTM) artificial A B S WA RN SE 5 7 PeE R T e
neural network is used for short-term power load forecasting. ek RIS, R T LSTM 7 b7 @4 b7 FrAb 3 [
B . SCERE RN, ZINE e R L T
A P ARORE RE , 96 AL SR AR K

Firstly, the graphical load data expression method is introduced,
including the transformation of time series load curve into

an RGB format picture and its inverse process. Secondly, the

graphical time series load data is used as the input of LSTM for S ST, AT BERE L. RGBS
forecasting. Finally, the predicted picture is transformed into . Ko

time series curve to obtain the final short-term load forecasting
results. This method not only enriches the expression of load
data, but also highlights the advantages of LSTM method in 0 gl

image analysis and processing. The experimental results show

that this method improves the accuracy of short-term load 20204F, M- FEAAESEISRBESE RS FiRE
forecasting to a certain extent and meets the needs of practical T SR BAR, B E 8 AR HER 4 2030
e AERTA TR, %500 FIR20604F RS BLaR A 5%
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Fig. 1 Examples of load time series curve
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Fig.2 Flow chart of load image digitization
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Fig.3 Cell structure and operation of LSTM
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Fig. 6 Comparison of forecasting results
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Table 1 Comparison of forecasting results based on digital LSTM
and graphic LSTM
"k E& UL ATFTLSTM FRHER FILSTM
izl (HEi&1) (Eix2)
MAPE 4.36% 9.72%
RMSE 4957.1 9566.8

12 H 961 R 5 1 Ao SEBRELUEA T IR 22 007, 45 R
F2R . XS FEMAPERIRMSEM 3545 & B, K
FHLSTM ) 28 A58 (14) 500 45 R AL T BP A 28 0 45 Fl Bl AL
ARG, ULEHLSTMIM 45 455 0 77 [ 15 Ak 671 g LN I
38 I B . IR SBPRIZ A L, VR Ry —Fh
FRERAY A TIEAZ DI RE TG PR 22 45, LSTMAY
IR T T A — 2 JE I 1 7 £ k[R5 ) 3
DAL o TR 4

K2 FAXFESEMTENTNZERST L
Table 2 Comparison of forecasting results of the method in this
paper with other methods
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