55 48 455 3 W] WO R R (H AR ) Vol. 48 No.3
2020 45 A Journal of Hohai University ( Natural Sciences) May 2020

DOI:10. 3876/j. issn. 1000 - 1980. 2020. 03. 012

ETHEMBHARBESR-IREKE
WP KR E I ERE HETLH K BIE

(1. R RE IR S o S 2B VL0 M AT 210098 ; 2. [ [iE =t d AN &) VLR H =i 222000
3. E MR E AR AE LR ERE 223500)

HE. ATRENBAPZ2MAE IR KON B RS RRBELLR LT MG EMNEER E Ik
R bk R 5 5 R B F AP 2 W B AR ab o B A G AN IR AT 0 AR AL R E
AAVE A MNT xR A H FHva, AR RGN T 2 oA AR W& 0D 4 5
% A BEAY B AN BB G RBETER R F A Ta, BT R G R EME SH A
T AR 560G 5 PR VB b o) FAE A BEATINGE . 4R AW, A T XE AT B 2 W 4 69 B R b 35 AL F—
T RBEA LI H 0 R,

KR LR B3 AR FAER  WUE AT At 22 W 28 Iy NS AR SR 3 P 24425 AR AL

hESES . TM714 XEkFRAERD: A X E 451000 - 1980(2020)03 - 0268 - 08

Neural network based model of photovoltaic output
power-weather information
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Abstract: In this study, a non-mechanism model for the output power of photovoltaic ( PV) plant considering
weather factors such as irradiance, etc. was established based on a two-layer feed-forward neural network. Firstly,
a neural network-based model of output power of PV power plant was established by using weather factors as the
inputs. Secondly, the combination of input features for the neural network model was selected. The impacts of
different weather factors combinations to the model accuracy were compared to select the input combination of the
power model. Then, the training algorithm, the number of hidden layer neurons, and the training times, were
changed in the neural network to compare the estimation accuracy and simulation time, and thus the optimal
network configuration and parameters of the power model were determined. Finally, the optimized power model of
the PV power plant was validated based on the actual measured data. The result shows that the proposed power

model has high accuracy.

Key words: PV power plant; weather-power model; two-layer feed-forward neural network; input feature

selection; network configuration optimization
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Table 2 Errors of testing day based on weather-power estimation model of PV plant

ERMSE/MW EAMRE/%
KA
4 2 B % # u B %
FPN 0.3289 0.1886 0.2382 0.4548 0.50 1.08 1.32 2.76
Zn 1. 0062 1.8165 1.0552 1.3667 4.19 5.07 2.14 3.72

S 0.7648 0.6376 0.9945 0.7098 9.93 5.48 7.85 6.50
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P& KA W 3 2020 5 A 15 B, HAAR M5 P R B ARA KR FIE RN E ZRA TA2ANME
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P2 44 &K AT SR AR IR @

(FHFEYRZT BT 4 NS, — A BERIT, BB EBBITH RN AEBATHR £ T,
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