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ll, Data Collection and Preprocessing

1. Data Collection
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2, Data Preprocessing
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Table 1. List of Input Variables

No.| Variables | No.| Variables | No Variables

’ Monthsin 9 10 a.m. 17 6 p.m.
(Numeric) (Binary) (Binary)
Monthces 11 a.m. Tempavg

2 i 10 . 18 :
(Numeric) (Binary) (Binary)

3 Daysin . 11 12. p.m. 19 Te.mpMm
(Numeric) (Binary) (Binary)
Daycos 1 p.m. TempPuax

4 . 12 ) 2 )
(Numeric) (Binary) 0 (Binary)

6 a.m. 2 p.m. Temp
1 21

5 (Binary) 3 (Binary) (Binary)

7 a.m. 3 p.m. Humi
14 22

6 (Binary) (Binary) (Binary)

8 a.m. 4 p.m. Wind speed

7 1 2
(Binary) 5 (Binary) 3 (Binary)

9 a.m. 5 p.m. Precipitation

8 (Binary) 16 (Binary) 24 (Binary)

lll. Two-Stage Neural Network Optimization

[Data preprocessing for
input wariable configuration

I

Split the dataset into training
and testing sets

PV dataset from
Incheon

Training set
(24 input variables)

Testing set
(24 input variables)

Use the Optuna framework for
hyperparameter optimization

I

Build neural network models
with the best hyperparameter values

I

Estimate photovoltaic power generation
using five-fald cross-validation

Training set
(6 input variables)

Fig. 1. System Architecture

Predict photovoltaic power generation
on unseen dataset

Testing set
{6 input variables)

Predic photovoltaic power generation
using random forests
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IV, Experimental Results
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Table 2. Prediction Performance Comparison

Models MAE RMSE
Decision Tree 158.886 226.601
Random Forest 158.476 225.874
LightGBM 146.240 207.653
DNNyi =2 146.445 210.043
DNNi=3 146.246 208.147
DNNi =4 147.960 212.697
DNNi=5 147.960 212.697
DNNi=6 148.904 212.864
DNNy=7 148.233 214.357
Ours 140.823 199.135

V. Conclusions
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