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Abstract : A big data processing method to predict solar power generation using systems engineering
approach is developed in this work. For developing analytical method, linear model (LM), support vector
machine (SVN), and artificial neural network (ANN) technique are chosen. As evaluation indices, the
cross—correlation and the mean square root of prediction error (RMSEP) are used. From multi—variable

comparison test, it was found that ANN methodology provides the highest correlation and the lowest RMSEP.
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[Figure 1] Context diagram of Big data system for the
prediction of solar power generation (Level 0)
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[Figure 2] Level 1 Context Diagram
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[Figure 4] Training accuracy (top) and loss (bottom) term
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[Figure 5] Four(4) Steps for implementing prediction
model
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<Table 3> Linear regression and cross—correlation
(R?) per models

Model Linear regression Cross—correlatiop (R?)
of Model Measured/Predicted

SVM | y = 0.9607x + 45.294 R? = 0.9908

LM y = 0.9766x + 6.8309 R* = 0.9917

ANN | y = 0.9926x — 3.205 R* = 0.9946
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[Figure 6] Visualization of regression model (top : LM,
bottom : ANN)

g 2 S5 A% Aoy A ¥y A 63



<Table 4> MOP Results (Cross—correlation and RMSEP)

Model Cross—Correlation RMSEP
SVM 0.9908 104.315
LM 0.9917 95.439
ANN 0.9946 76.114
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<Table 5> Input variables for prediction hourly based
power generation rate

Required Input Available Input
Variables Variables
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<Table 6> Analysis results of cross—correlation and
RMSEP per predicted items

Prediction |\ 1 vtic Ttem| LM | SVM | ANN
Item

Average Solar Cross— 0.50 0.499 0.797
Radiation on a| Correlation
Tilted Surface RMSEP 946 950 603
Average Solar Cross—
Radiation on a| Correlation 0.52 0.52 0.82

Horizontal

Surface RMSEP 819 821 499

Accuracy of Cross—

0.96 0.96 0.97

Power Correlation
Generation
Prediction RMSEP 173 173 139
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[Figure 7] Correlation between Measured and Predicted power output
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[Figure 8] Correlation between Measured and Predicted power output
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[Figure 9] Hourly based power output prediction results
(March 6" and 7)
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