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Short-term photovoltaic power generation prediction based on VMD-ISSA-KELM
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(1. College of Electrical and Control Engineering, Xi’an University of Science and Technology, Xi’an 710054, China;
2. Weinan Power Supply Company, State Grid Shaanxi Electric Power Company, Weinan 714000, China)

Abstract: There is a problem of a strong randomness, volatility and low prediction accuracy for photovoltaic power
generation. Thus a prediction model based on variational mode decomposition (VMD) and an improved squirrel search
algorithm optimization kernel extreme learning machine (ISSA-KELM) is proposed. First, photovoltaic power data is
clustered using a Gaussian mixture model to obtain similar samples under different weather types. Second, the original
photovoltaic power generation power sequence is stabilized using VMD to obtain a number of regular subsequences. Then,
the KELM prediction model is constructed for different subsequences and ISSA is used to optimize nuclear and
regularization parameters of the KELM. Finally, the predicted value of different subsequences is reconstructed to obtain
the final prediction result. Combined with an actual example, the results show that the proposed VMD-ISSA-KELM
model can obtain satisfactory prediction accuracy in different weather conditions, and is significantly better than other
models, verifying its effectiveness and superiority.
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Fig. 4 Prediction results for different weather types
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Table 2 Comparison of predictive errors of each model
under different weather types
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SVR 11.9219 7.5767 27.5798

KELM 8.6239 6.1453 18.9261

EEMD-KELM 6.4522 4.0871 16.1254

L VMD-KELM 5.8016 3.2385 15.7947
VMD-SSA-KELM 5.5543 3.0494 14.9062
VMD-ISSA-KELM 5.5064 3.0275 14.6967

EHEE 2 W1, 6 PPl 28 35 R A bk 3
FRANRIR AR WG R F D2 s T, {HAH
P2 N, A A TR A4S 3] () PRS2 T o —
) SVR. KELM #i#1, ffij%fF EEMD-KELM i
VMD-KELM 20 & TN BE B Sk ik, 45 R B
VMD-KELM 15 2| FiliRZ 5 /N, bR T
VMD FiiEX AR D2 HR AT PRk AL 3 5 By
L3, REMEIRS T m TS . AT VMD-
KELM #%, VMD-SSA-KELM #HEIEERE K. 2=
AR R RSB T X gppee 790 FBET 21.7466%-
6.3714%. 4.2626%, X, 730 FFE T 28.7210%-.
6.9967%. 5.8391%, X, 77l FFE T 31.1797%.
5.2369%. 5.6253%, FHULFEH, @it VMD “Fiafk
AbH R, FIH SSA AL KELM HA 5 5 i
PERE - 1T VMD-ISSA-KELM A% T VMD-SSA-
KELM HAHEEFEN M, FEER. ZafINAR
BB Xauee 7790 FFE T 1.7867%-. 0.9706%-
0.8624%, X 730l FFE T 2.8208%. 1.3014%.
0.7182%; Xyyupe 7307 TFE T 3.2984%. 1.2746%.

1.4055%, HAHILZER, ISSA FH#E:T- SSA HA H ok
IR E M FALEE T, RENS T NA RUHE = KELM
T PERE , 3% B AR SC BT HE A A (1) A R4 vE A
R



- 146 -

CEEE R R

N T B RAE TR LSS, F 3 AR
KA BRI R 22 8 RGP A, IR 5 5
b SCHRPE HH AR b, S5 Rk 3 k. MK
3 PAIHL, AR Xyape PPTTRAR N, A SCER Y AORERY
Xuape /9 6.5451%, BIEAL T H AN FERLAY, 3t —
AYGIE T A ST SRR A S SR K TN BE

* 3 SHMAAEBNRELRER

Table 3 Comparison of error results with other combined models
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