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Abstract

The purpose of the work is to develop a simple solar irradiance prediction model using a deep
learning method, the LSTM (long term short term memory). Other than existing prediction
models, the proposed one uses only the cloudiness among the information forecasted from the
national meterological forecast center. The future cloudiness is generally announced with four
categories and for three-hour intervals. In this work, a daily irradiance pattern is used as an input

a OPEN ACCESS vector to the LSTM together with that cloudiness information. The proposed model showed an
error of 5% for learning and 30% for prediction. This level of error has lower influence on the
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Table 1 Weather informations forecasted by countries?2?

Information Korea UK USA Canada
Temperature O O O O
Dew-point temperature X X O X
Humidity @) @) O O (Daily average)
Wind speed @) O O O
Sky cover by categories 4 30 100 4
Time interval 3 hours 1 hour 1 hour 1 hour
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3. Held 78 Aol 2 Vi
3.1 LISTMUIEQA
tjEAel dejd 22 Convolution Neural Network (CNN)-Z2} RNN (Recurrent Neural Network)
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Table 2 Parameters of the LSTM model

Opt. algorithm Adam Hidden layer 3
Initial Learn Rate 0.001 Hidden Unit 300 (x3)
Execution Environment GPU Max Epochs 800
3.2 2Afols 2%

QA QA go] B A7 ARkl Ak el mEe V] QAker A SRS LSTM RS 55 51,
o152 WP ek, o714 LSTM mele geielolelo] wle] 37]e] nfe} 2] o] He)7] nhio]
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Fig. 1 Example of data vectors used for learning
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Input data ( A number of matrices of 3 by 24)

1. Dally maance Yeclar (lay) _ Target data ( Same number of matrices of 1 by 24)
1. Daily irradiance Vector (Day-+1)

2. Sky cover Vector (Day)

m HW sTH 1 'lw
f networks

3. Sky cover Vector (Day+1)

m m _~/Learning with exiting data (other regions)

Fig. 2 1/0 of the proposed LSTM model for the learning step
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Table 3 Annual occurrence of solar irradiances over time periods

Time I-5 6 7 8 9 w0 11 12 13 14 15 16 17 18 19 20-24
Event 0 42 112 264 343 353 358 357 360 360 356 344 286 184 85 0
Percent (%) 0 Ir 3 72 94 97 98 98 99 99 98 95 79 50 23 0

n

Z; (EP,i - Eﬂf,i)2 (1)

RMSE =

n

NRMSE = RMSE )

EM, max EAM, min

4.2 ZAL|S 2 Ha}

AFE LA} 2 678 2] 0] YRS TR O] TAIE 7P HARS= lat glojo] Afo]o] A LS
ol ES LSSt of7)4] S5 dlofEl7} Bl 671 A1 2] YA TS HIS5HA] BARskE BES
Sl Hoha ghgol] ARSE|R] G2 dlolE QI QIR o] Ak A | oS A7} EolE A= 7|t
S 4= Qlek. whbA] dlSe] 9bA WA BEo) kg5 452 BAIeHl 11 Ahe Fig. 37} 2tk AR = 4 E0]
ZHAo) F2 g55 Rdlo] kS onloh=t] 29| o[ A& A @]old thE-E o] ZEo] M iz &
o]l B35 05 RMSE 5.7 W/m?, NRMSE 3.9%2] @ xpqkg- 1 ¢ict,
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Fig. 3 Learning performance :total horizontal irradiance prediction model
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Fig. 4 Predicting performance : total horizontal irradiance prediction model
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Fig. 5 Sequenced solar irradiance prediction (12 days)
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Fig. 6 Sequenced solar irradiance prediction (one week)
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Fig. 7 Solar irradiance prediction using LSTM (3 vs. 5 regions)

Table 4 Learning and prediction performance of LSTM models according to numbers of input regions

Model Phase RMSE (W/m?) NRMSE (%)
. Learning 2.52 1.72
3-Region model o
Prediction 53.94 313
Current . Learning 3.97 271
meteorological 5-Region model .
- Prediction 53.52 30.0
prediction (3 hours)
) Learning 577 3.94
6-Region model o
Prediction 47.75 28.93
) . Learning 1.18 0.81
One-hour basis 6-Region model o
Prediction 43.49 24.96
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