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Abstract

In this paper, solar power generation power is predicted by establishing a hybrid model for solar
power generation based on the optimisation of Sparrow Search Algorithm (SSA). In the first place,
the Improved Complete Ensemble Empirical Mode Decomposition with Adaptive Noise
(ICEEMDAN) technique is utilized for preprocessing solar power generation data, decomposing
the original data into Intrinsic Mode Functions (IMFs) and residuals to effectively remove noise
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and non-stationary components. Subsequently, the preprocessed IMFs and residual data are input
into a Bidirectional Long Short-Term Memory network (BiLSTM) for modeling, with further stea-
dily learning for long-term dependencies achieved through ODE-LSTM technology. To enhance the
performance of the predictive model, SSA is employed for hyper parameter optimization. Experi-
mental results demonstrate that the SSA-optimized ODE-BIiLSTM model outperforms traditional
ARIMA, standalone LSTM, and Random Forest models in terms of Mean Squared Error (MSE), Mean
Absolute Error (MAE), and R-squared (R?) metrics, exhibiting superior predictive accuracy and
stability. This study confirms the potential of hybrid models and optimization algorithms in the
field of solar power generation forecasting, providing robust support for efficient management of
renewable energy within smart grids.
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T o DARK PR 2 S LA Stk ) N ASE B 7 98/ i 72 0 T A B AR e Pk o adad B AN AR 7 BE L AL,
AR(PSO. CRPSO. APSO), Ffiy NALEEFI{w & HH B SRS . LUEGER M, APSOMLALIIELMAE Y FE )
TR ZE P LN iR 25 R 456 1 43 bR 22 7 TS AR T ILAMAE A o ST B SEACHE 00, B Y s E
TSR S5 B X FE (2018) 4 HY Tl [ 38 N K- 218 5 T TSR IE IR B T (GRU) &5 A 1 48 SR T AR AL 8],
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R=M(s')
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R =M (R4 +BE (W))
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3.3. ODE-LSTM
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C i, +C - f

t+1=z

t+1 t+1

ht+1 = tanh (Ct+1) Oy

T RSB [E] 7 1 AT R (R R () 5H , ODE-LSTMAST B & B P KSR i 28 SR AR FEL ST MR 4 HEIRAS
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B, MAESIILSTM, BILSTMAEHE M AT ) A ] AN J7 [ 527 51 AR TR G &, SRETE 5 14
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FEAR BF (R HG TIUI H (10066 B35 9 O SRR S 1 B, F 75 FHODE-LSTMYKE BILST M) i H il N 3% S B[] B2 44)
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AL > FFEHE 4 (https://www.kaggle.com/datasets/anikannal/solar-power-generation-data) , {5 7E #5 Bh iff 7¢
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Table 1. Dataset variables

* 1 BEELE

BT Eifipa
DATE_TIME 0SB )R
PLANT_ID B FR AT
SOURCE_KEY RIS AR AR IR AT
DC_POWER AR IR AR W E IR IR
AC_POWER T AR Z 4 HH A L D 2R
DAILY_YIELD YRR HE
TOTAL_YIELD Rtk

AMBIENT_TEMPERATURE BB SR
MODULE_TEMPERATURE X BH RS IR

IRRADIATION

P32 3 1K FH A I ik fE
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P
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Figure 1. Cluster heatmap
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Figure 2. IMF decomposition

2. IMF 53

SN A T IR R AT S5 S

RGNS 2 B

Table 2. Parameter data
#=2 BHER

BCE NS H MPEHF AR89 0.2, 0.1, FIH python %ifs

Parameter value
BiLSTM_layers 3
BiLSTM_neurons_list {51, 87, 106}
hidden_dim 408
num_layers 2
num_heads 2
learning_rate 0.0013750005425864223
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JEIT python FmfESIAE T ODE-BILSTM VR AR ML R, % 3 B i@ I ZRE AR AR 1E U 25
A8 TR ZE(MSE) I R Al « AR B i, v DLEAT JLRi AT . I aT BUE 21 MSE ik 2 31
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HRIZHE L T HdE o ARSI R BB LE IR0 2R K o X b I G0 i R B B AL I 2R i i, %
TR WA FPABEE WA IZ . A, ERANEIRES, REMAB KA D), BIREBTRZE TR
(1, X MFRIE R {5 K21 30 4> epoch 2 )5, NP A R0 20 TP, (AR5 26 i it 0 78
JE A T B, RN SRR ARIMA FI#L— LSTM #5Y DL Kz BEALAR PR 0 000 25 SRt L,

M3 3. WARA IR H 1Y SSA 4L 1) ODE-BILSTM FEBIZE = AN bR BB B 17 A 3
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Figure 3. Training iteration
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Table 3. Comparison of results between the ODE-BiLSTM model and baseline models

5% 3. ODE-BILSTM #R&I 5 E &R AIFTLE

o
ARIMA
LSTM
Random Forest
ODE-BiLSTM

MAE
419.33
287.69
233.92
106.38

RMSE
424.82
309.94
241.79
116.78

0.4565
0.4982
0.5234
0.7527

5. B4

FE T SSALAL 1K BH B8 & FEL TR G B 28 D 2 O B FEAE A SCHR A3 31 T IR AR AR . 15, JEat ek
HER 58 A BB 7 i ICEEMDAN) B AR X £ b b 47 TAR 3, K 23l 1l 22 A [ G 15 X ek B (IMF) F B
7=, MoK & T AR IR . SRS, R RS 2 5V (SSA) L AL [ ODE-LSTMAR R X Fi b 3 5
F A AT AR . I SSA T BRI TEAT N, ALK E] TR B AR SR A, AT IO R A A
PEFIEHEVE TSR] T R BRSSO R, AR FISSARLTIODE-BILSTMIE A BI7E
IJTIRZE(MSE) T H 4015 2 (MAE) LA E AR ZHG R LI T ZARIMA, H—LSTM X BEHLAR
MAETY, RIS T = TR BE AN RR e e . AW TR SE T VR S AR R A Ak S YA K PH BE . FEL TR0 45038 )
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