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ABSTRACT

In line with Jeju Special Self-Governing Province carbon neutrality policy,
the importance of accurate, region-specific power demand forecasting has
been increasing. This study proposes a recurrent neural network-based model
that integrates key weather variables such as air temperature and ground
temperature to improve the accuracy of hourly power demand forecasting in
Jeju City. Pearson correlation coefficients were used to analyze the relationship
between weather variables and power demand, and the selected variables were
incorporated into the input features of the prediction models. Comparative
experiments between models with and without the inclusion of weather
variables confirmed that all models showed improved performance in terms
of MAE (Mean Absolute Error), MSE (Mean Squared Error, and the coefficient
of determination (R2) when weather variables were included. These results
suggest that weather conditions have a significant influence on power demand
and demonstrate the effectiveness of incorporating weather data in enhancing
the forecasting precision for Jeju City.

Keywords Power demand forecasting, Pearson correlation coefficient, Weather data,
RNN, LSTM, BILSTM
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Algorithm 1 Power Demand Forecasting with RNN-based Models

1. Input: Raw dataset D = {{z¢, y:)}1_,

. Output: Trained models for each configuration
: Step 1: Missing Value Handling

Apply linear interpolation to fill NaN values

: Step 2: Unit Conversion

ye ¢ /1000

: Step 3: Normalization

4 — min(z)

> kWh to MWh

N o w e W

= max(x) — min(x)

. Step 4: Train/Test Split

10:  Split D* into Dyraiy and Dyege by time

11: Step 5: Sequence Generation

12: for t =1 to T — Ly, — Loyt step s do

13: Koo, i3ty ]

14 ¥+ [?}:‘—Lm,- < Uv+L.,J+L.,...—J]

15: end for

16: Step 6: Model Training

17: for each dataset configuration € {with temperature, without temperature}
do

18: Generate training/test sequences

19: for model € {RNN, LSTM, BiLSTM} do
20: Train model on sequences

21 Evaluate using MAE, MSE, R?

22 end for

23 end for
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Table 1. Hyperparameter Settings for Each Model

Model
Model RNN LSTM BiLSTM
Hyperparameter
Optimizer Adam Adam Adam
Learning Rate 0.001 0.001 0.001
Epoch 100 100 100
Hidden Size 50 50 50
Batch Size 32 32 32
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Table 2. Power Demand Forecasting Performance

S Model | /4p MSE R’
RNN w/o Temp. 5.993 79.311 0.984
RNN with Temp. 5.946 76.937 0.985
LSTM w/o Temp. 5.087 61.253 0.988
LSTM with Temp. 4.701 57.032 0.989
BiLSTM w/o Temp. 4.774 56.874 0.989
BiLSTM with Temp. 4.69 55.685 0.989

Relative Improvement in MAE, MSE, and R2 with Temperature Variables
7.59%

[ MAE Improvement (%)
6.89% @3 MSE Improvement (%)
3 R? Improvement (%)

~
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Figure 5. Performance Improvement Rate when Temperature Variables
Are Used
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