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Abstract: Accurately predicting the power load in a station
area can encourage power companies to arrange dispatching
plans reasonably, ensuring the safety and stable economic
operation of the station area. To fully exploit the characteristics
of power load data and improve the accuracy of forecasting, a
power load prediction method based on adaptive symplectic
geometry mode decomposition (ASGMD), multiple linear
regression (MLR) and convolutional long short-term memory
(CLSTM) was proposed. Firstly, ASGMD was applied to

decompose the station load data into two components: weakly
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correlated and strongly correlated. Secondly, MLR and LSTM
were adopted to forecast the above two components,
respectively. Finally, the load forecast value was obtained by
combining the results of each model. The experiments show
that the proposed method obtains higher forecasting accuracy

than other models.

Keywords: power load forecasting; adaptive symplectic

geometry mode decomposition (ASGMD); multiple linear
regression (MLR); convolutional long short-term memory
(CLSTM)
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Fig.2 Flowchart of load forecasting based on
ASGMD-MLR-CLSTM

3 =BG

31 HIETAE

K FHTL 7548 el A R R IXC N 5 IXCHEAR R 4%
Iy S g0 pp B s R AEAS, SEATAR DGR, JIf 5 SEBR
AT R . BEHRCEAE 1 A 1 HRS4ES H 16
H 3Lt 864 d 9 %cd, w698 d F/EVIZ:, J5 166 d
FHVEBCE TR, 45 K0 | h PEA7REE, W4 Kn]
KA 24 A58 o SRR & XA Ty 2 R 5
A KBNS EEYE, s Rk
ToAE 55 S0 B, X 3k S g sl 7 ey 5 AT T Ak

WA ® Ay, 2025,42(4)

AR AR —
GIVANIES {6/

oA

AR — BT
IS 18] F2 51, AR 2K
I 7 K 5040
TEIHFE

Hi 2 E N
YN

0 {HIFFEHL
Al — RHHE
FFE e E

A

PRAF i IF 3

A

B3 HEHLEAERER
Fig. 3 Diagram of data preprocessing
A 3 ps, 8BRS R SRR A i
SRIECS (o
i 3 min-max JH—4k, X HL 7 g 21T
LA, B R [0,1] Z0H], W= (22) Fs
X = Xmin

= ——mn (22)

Xmax ~ Xmin
B Ak B 2 5 1 6 XA DY) R R ] 4
Jis, K L2 BT ] S0 B, A e S
A

0 015 1?0 1?5 2?0
I [H] /h x10*
4 FAERTREXBEHNATTEHE

Fig. 4 Power load data of a station area in Nanjing
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Table 1 Comparison of forecasting indexes of
single models

L ST RMSE/KW MAE/KW MAPE/%
SVR 542.68 415.04 5.01
DBN 417.56 331.94 423
MLR 353.58 269.39 3.48

CLSTM 216.28 154.13 3.12
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Fig.7 Forecasting results of single models
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Table 2 Comparison of forecasting indexes of
combined models

¥
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Gty

RMSE/kW MAE/KW MAPE/%
ASGMD-MLR 205.12 140.75 2.74
ASGMD-LSTM 216.45 151.62 2.42
ASGMD-CLSTM 221.68 157.65 2.37
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Fig. 8 Forecasting results of combined models
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Table 3 Forecasting indexes of ASGMD-MLR-CLSTM

i RMSEKW  MAE/KW  MAPE/%
ASGMD-MLR-CLSTM 198.27 138.41 1.41
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Fig. 9 Forecasting results of ASGMD-MLR-CLSTM
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