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Abstract; In order to improve the prediction accuracy of photovoltaic power generation, an ultra-short-
term combined prediction model of photovoltaic power generation based on ICEEMDAN-DTW and ISMA-
WLSSVM was proposed. Firstly, according to Pearson correlation analysis, light irradiance, ambient tem-
perature and humidity were determined to be the key meteorological factors affecting photovoltaic power
generation, then, an improved complete ensemble empirical mode decomposition with adaptive noise

(ICEEMDAN) was used to decompose the historical PV power and meteorological factors and reduce
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their complexity and random volatility, and the dynamic time warping ( DTW) algorithm was used to de-

termine the input eigenvectors of each PV power subsequence. Secondly, the weighted least squares sup-

port vector machine ( WLSSVM) was obtained by assigning weights to the errors in the modeling process

of least squares support vector machine (LSSVM) , which solved the defect of low robustness of LSSVM

model. Finally, the parameters of WLSSVM were optimized through the improved slime mould algorithm

(ISMA) , the ISMA-WLSSVM prediction model was built, and the photovoltaic power generation predic-

tion simulation experiment was conducted under various weather types. Experimental results show that
compared with the EOSSA-ELM prediction model, this model reduces RMSE by 57.4% , 57.5% and
52.5% on sunny, cloudy and rainy days, respectively.

Key words: photovoltaic power prediction, dynamic time warping ( DTW) algorithm, slime mould algo-
rithm, weighted least squares support vector machine ( WLSSVM) , ICEEMDAN
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IMF,  19.20 10.25 0.35 23.93 0.35  0.21
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LRE TR LR AR, IR RN ER T
DTW {E/ T 10 f) imf £ 24 IMF (4 55 (i A RAE
4, AR DR T 1751 IMF A4 e i ARRAIE ) 42 L
%40

x4 RRDEFFIINREFNHTEEE
Tab. 4 Optimal input eigenvectors of

PV power subsequence

#],PSO FI5 36 A T B fL{E, &M PSO FLAE
J1— s 7 SMA WSl i 2 bE PSO R, HL7ESS 22
T B, (B FOUBCERALLE PSO g 4f 5 ISMA 1k
55 16 YCIS 3L - 2 00 3 VB2 {E, HLIZ [ PSO 5
SMA By L{E/IN, UEW] ISMA A2 f#% T 7 SMA Fif
7= A OB BERLAY 1) R[] I 42 2 1 B30k Bk s Jmy
{HRYRE I FFICREEE

8.5
e PSO

P A R oohso
=) \\ ISMA
a 81p N
P R O
B 79 SN
/o7t N

75 . . R

5 10 15 20 25 30 35 40
ARV

5 3 FALERIE R 2k

Fig. 5 Fitness curves of three optimization algorithms
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Tab. 5 Error evaluation index values of each prediction

model by different optimization algorithms

Ty vk RMSE MAE MAPE
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ISMA-WLSSVM 3.494 6 2.8737 0.136 8
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