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[Abstract]

In this paper, we propose a short-term electricity demand forecasting approach that integrates
power-related and meteorological data through feature selection and applies a Multi-Head RNN/LSTM/GRU
model. By leveraging the strengths of multiple recurrent neural network architectures, the proposed method
aims to enhance forecasting accuracy. Furthermore, we fuse power data with meteorological data, identify
the combination of features exhibiting the best predictive performance, and apply this to a Multi-Head
RNN/LSTM/GRU model. This approach is expected to support informed decision-making in power supply

management and contribute to the stable operation of modern power grids.
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I. Introduction

A% 2R cigol dole ME| 5 AT 7% dut
3738 Z71tEA A Ao R SOl (TlRe A
9ol oAl T 9k S5 FAY 713 Wae olo] uf
2 Uy AR A8l 35 B2 200 BojY
HEHS SA0 S A 20 5 A5 oy
QST otk ol2iat walo] chgabr) 9ok K a0
S AL Rt 991 1R neat o5 B
R 2 43t ) A9l g

olo} gz A
7| RA—E Z %EB}OE‘EHH 6%
2038E7X|9] 153 47| A g3
3 du] 25, $wd 2 A

Al 5o 3% e Ak et olsfat e g

2] A2 20 o5 g
W 7 7102 Ui 4 QleH2). B Jse A 4
29 712 & BA ¥4 710 204 BAZ 0|84 ol
405 o)3stel, AlpgEEol A4S BAYo] olmA]
oltt. of & £of, Holt-Winters X|{Hg
Hlo]g 9] FAf|(trend)et A’E/d(seasonality)Z 11245}
ol Q5 FARE E3F AbEelHolEEHARMA)
AAIE Hlol8 o] v, FAl ABde et AR
ARIMA(SARIMA) =5 HA] E2] ARREW, gt AA| &
A9 A £ o& Ao A& vp ATH2]. o2t
AR 7 29 27t iAol &olsithe=
Aol Qloy, Ha 7t BIAgA WAIE B35 BrgstA
3ttt G

ol2igt eHIE Bstr]| sl FZol= B2ld 78t o
& o] gdts] ey It &3] AAIE &M
Q4st J5& Hol:= £3 Al7dTHRecurrent Neural
Network, RNN)[3], AFT7] tjza] &A1 Ex12 7jAlst
Long Short-Term Memory(LSTM)[4], Z12]3l A
24T A S0l met o e 45e By 2
Gated Recurrent Umt(GRU)EO] A8 29 5o A
S Qeh). T8 )E TS £ U RARNN,
LSTM, GRU % stt)e %‘%3}714 ORIE oy &%

4 EA] MEi(feature selection)S 5825] ¥rGstA] £st

o n@
rlo
>
)
e

st

r>~
x0T
oo rr Fol‘

gl & 2ol AAY clolE BN W al=
(Multi-Head) %57} 22951 9lc. o] shto] g2 o

o|H{E of2] YHA ‘of|=(head) & w0l S5O
Gdo] Mz T oyt s & g

sto] A& de2 7S 53] o8 2orlM=
Sl LSTMS 383) 7|2 THAl o & Ao 3ARA]
T7F B EQITH5]. 224 A 9 of % Fotof|A]
35| HE & LRE kst RNN A2 Z=(RNN,
LSTM, GRU)of| EAJo] Mg3tw, X2l @ 714k glojg|=
Estdo g g 2st ot HESiC)

oo 2 =2 A H&l oot 714
st & EX] Me(feature selection)g 4835t 1, HE] 3
L= 23+ RNN/LSTM/GRU 2212 &r83}o]
7] AE £ o & FE g A= HS Aokt
2 Ate 7]% SAA 7]‘*4 EIEkEes 0}7119¥ 71E g
3
o]

N
rr oy =)

HolEE %

o v

II. Preliminaries

1. Studies on Electricity Demand Forecasting
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2. Deep Learning Techniques for Time Series Data
2.1 Recurrent Neural Network(RNN)
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Fig. 1. Structure of RNN[9]

2.2 Long-Short Term Memory(LSTM)
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Fig. 2. Structure of LSTM cell [6]
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2.3 Gated Recurrent Unit(GRU)
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Fig. 4. Multi-Head RNN/LSTM/GRU Model

IV. Experiments

1. Data Collection and Experimental Procedure
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Table 1. Data Configuration
Data Type Period No. of Samples
Training 2019 ~ 2022 1,461
Validation 2023 365
Test 2024 366

Table 2. Experimental Environment

Type Environment
CPU : Ryzen 7 5800H

H/W GPU : Internal Radeon 3GB
M/M : 32GB
0S : Windows 11

S/w Python 3.10.12

Table 3. Optimizer and Hyperparameters

Type Parameters
Optimizer : Adam
Optimizer Batch size @ 32
P Epochs @ 20
Learning rate : 0.001

3. Experimental Results
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ZF 2.71%, 5.39%, 3.50%%, RNNo| 7
£ 29t} Figs. b, 6, 72 ZI7F & &= RNN, LSTM,
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Table 4. Results of the Single-Head Algorithms

Model MAPE MAE RMSE R?
RNN 271% 1962.71 2998.36 0.8946
LSTM 5.39% 3817.50 4660.94 0.7453
GRU 3.50% 2514.23 3392.68 0.8651

2024 B A WA vs AR (MAPE: 271%). (MAE: 1962.71), (RMSE: 2998.36). (R2: 0.8946)
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Fig. 5. Comparison between Actual and Predicted Values
using Single—Head RNN
SH-LSTM 2024 E{AE A0 MM vs OIS 2t (MAPE: 5.39%), (MAE: 3817.50), (RMSE: 4660.94), (R2: 0.7453)
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Fig. 6. Comparison between Actual and Predicted Values
using Single—Head LSTM

SH-GRU 202411 B AE 4 AKZ vs G152 (MAPE: 3.50%), (MAE: 2514.23), (RMSE: 3392.68), (R2: 0.8651)
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g. 7. Comparison between Actual and Predicted Values
using Single-Head GRU
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Table 5. Results of the Multi-Head Algorithms

Model selzsie MAPE | MAE | RMSE | R?
Features
Inst. Cap., Sup.
Cap., Res.
RNN | Power, Avg. 2.64% | 1911.80 | 2949.42 | 0898
Temp., Max
Temp., Precip.
Sup. Cap., Res.
Power, Res.
LSTM | Ratio, Avg. 3.11% | 225294 | 323416 | 0877
Temp., Precip.,
DOW
Sup. Cap., Res.
Power, Avg.
GRU | Temp., Min 2.77% | 199897 | 287470 | 0903
Temp., Precip.,
DOW
MH-RNN 20241 2S48 AL vs IS (MAPE: 2.64%), (MAE: 1911.80), (RMSE: 2949.42), (R2: 0.8980)
oo ) I
|l
( f |
im | ) H . v “
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Fig. 8. Comparison between Actual and Predicted
Values using Multi-Head RNN
MH-LSTM 202441 E{AEA WM vs IF T (MAPE: 3.11%), (MAE: 2252.94), (RMSE: 3234.16), (R2: 0.8774)
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Fig. 9. Comparison between Actual and Predicted
Values using Multi-Head LSTM
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MH-GRU 202441 E|AE41 AXIZ vs 1S (MAPE: 2.77%), (MAE: 1998.97), (RMSE: 287470), (R2: 0.9031)
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Fig. 10. Comparison between Actual and Predicted
Values using Multi-Head GRU

V. Conclusions
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