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China, Post Code: 014010)

Abstract: Aiming at the intermittent and stochastic nature of PV power and the difficulty of accurate pre-
diction by traditional methods, a PV short-term power prediction model based on kernel based extreme
learning machine ( KELM) optimized by pied kingfisher optimizer ( PKO) was proposed. Firstly, the
Pearson correlation coefficient was used to select the main characteristic factors affecting the PV power
and the weather types were clustered based on the similar day theory. Then, the variational modal decom-
position (VMD) was used to decompose the classified raw data into multiple sub-sequences, so as to re-
duce the influence of random fluctuation components on the data effectively. The natural behavior of the
pied kingfisher in the foraging process was used to optimize the kernel function parameters and regulariza-
tion coefficients of the KELM model. Finally, the KELM model was used to establish the temporal char-
acteristic relationship between the historical data to obtain the prediction results of photovoltaic power gen-
eration. The results show that the proposed PCC-VMD-PKO-KELM model can achieve a coefficient of de-

termination of 0.99, which has a better fitting effect than other algorithms.
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Tab. 2 Center frequency of cloudy mode

k KB KP45 5 LA/ kHz

2 0.0002 0.0273

3 0.0002 0.0270 0.056 1

4 0.0002 0.0270 0.0561 0.349 1

5 0.0002 0.0270 0.0560 0.1969 0.3519

6 0.0002 0.0270 0.0542 0.0877 0.2001 0.4337

7 0.0002 0.0270 0.0542 0.0877 0.1998 0.3495 0.4355
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Fig.3 VMD decomposition of total horizontal

solar radiation in cloudy weather
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Fig. 5 Forecast result diagram of cloudy days
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Fig. 6 Power forecast error diagram of cloudy days
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Tab. 3 Forecast time of each model

Al FET/s
BPNN 3.03
ELM 0.80
KELM 0.06
VMD-KELM 0.22
PKO-KELM 10.94
VMD-PKO-KELM 65.08
PCC-VMD-PKO-KELM 62.49
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Tab. 4 Calculation of evaluation indicators

KA A RMSE MAE R*/%
%K BPNN 2.1789  1.5629 0.990 4
ELM 20.5005 16.8406 0.1555
KELM 25.756 4 19.2658  0.330 0
VMD-KELM 10.2415 8.558  0.7892
PKO-KELM 3.6068 2.5431 0.9739
VMD-PKO-KELM 2.9649  2.5149 0.9823

PCC-VMD-PKO-KELM

—_

L1632 0.9126 0.997 2
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