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Abstract: In allusion to the defect of traditional extreme learn-
ing machine easily falling into local optimal solutions and the
characteristic of environment variation leading to the fluctu-
ation of photovoltaic (abbr. PV) output, based on complete en-
semble empirical mode decomposition with adaptive noise (ab-
br. CEEMDAN) algorithm and combining with extreme learn-
ing machine neural network optimized by chimp optimization
algorithm a short-term PV output prediction model was con-
structed. Firstly, by use of CEEMDAN algorithm the key envir-
onment factor series impacting PV output was decomposed to
obtain the local feature of data signals in different time-scales
to reduce the non-stationary of environment factor series.
Secondly, taking each decomposed subseries and PV historical
data series as the input of extreme learning machine prediction

model optimized by the chimp algorithm the prediction was

A F7,2023,40(5)

performed. Finally, the data set of DKASC Solar Centre PV
station was chosen to conduct the contrast and verifying for dif-
ferent prediction models. Results of simulation example show
that the prediction effect of each index of the constructed im-
proved PV output prediction combined model is better and suit-
able to the prediction of PV generation in different environ-

ments.

Keywords: short-term prediction of photovoltaic; CEEM-

DAN; extreme learning machine; chimp optimization al-

gorithm
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Comparison of results from various prediction models under sunny and cloudy weather conditions
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Table 4 Comparison of predictive indicators of various
models in sunny weather

T AR Epap/% Ermse/% R¥%

BP 19.36 22.52 97.73

ELM 16.42 17.51 98.63
ChOA-ELM 15.42 16.64 99.01
CEEMDAN-ELM 28.59 34.28 94.74
CEEMDAN-ChOA-ELM 6.55 7.91 99.72
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Table 5 Comparison of predictive indicators of various
models in cloudy weather

T A 78 Epap/% FErusg/% R¥%

BP 31.4 35.16 93.37

ELM 21.76 25.58 96.49
ChOA-ELM 19.34 22.75 97.23
CEEMDAN-ELM 45.6 54.87 83.86
CEEMDAN-ChOA-ELM 12.63 15.53 98.71

2) CEEMDAN-ChOA-ELN ##i £ [ £ Fii il 45
AUTE D 50 A 4 v 0 FUIORG BE A e, T O
I I HAEB R RIS ILELE] 99.72%, 7F
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