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[Abstract]

In the summer, when the cooling load rises due to high temperatures, the hourly demand increases
during the day and is relatively less at night compared to the day. These characteristics are considered
important information in predicting summer electricity demand. However, if time information is simply
expressed as a dummy variable, the model simply recognizes differences between time zones rather than
learning changes in time. In this study, we would like to approach this problem by using a time
variable using the Fourier transform. Time variables using the Fourier transform will be able to
effectively learn differences between times. As a result of evaluating the type of time variable in the
summer electricity demand forecast for 2022 and 2023 using the BiGRU model, the model using the
time variable using Fourier transform showed the best performance with MAPE of 2.01% and 2.04%
confirmed. The results of this study are expected to improve prediction accuracy in the summer when

power usage increases and prevent problems such as large-scale power outages.
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II. Preliminaries

1. Variables
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1.3 Days Variable
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Fig. 1. 3 weeks power demand comparison
(2017.08.28. ~ 2017.09.17.)
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2. BiGRU
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ITII. Comparison Time Variables
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IV. Performance experience and
Results

1. Performance Experiments
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Table 1. Three Model Variable Summary
variables summary
Electricity min : 42489
Demand(MW) max @ 92337
. . min @ 54.35
Commmen Discomfort index max : 8628
XIJI perceived min @ 14.02
Models temperature max : 40.37
day dummy 3 variables
iellieE] 1 variables
dummy
Model 2 Cosine-Sine .
2 variables
Only Dummy
Model 3 24 hour 24 variables
Only Dummy

Table 2= Table 19] ¥25S m3tslHA], oI3tof A}

4% HolHE 7IkF 992 ol E-dolH, FS5H0]
B, F7iHolE= S22t Zolch

Table 2. Variable Term

2017.06.01. ~ 2017.09.30
2018.06.01. ~ 2018.09.30

Train
2019.06.01. ~ 2019.09.30
2020.06.01. ~ 2020.09.30
Validation 2021.06.01. ~ 2021.09.30
2022.06.01. ~ 2022.09.30

Test
2023.06.01. ~ 2023.09.30
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Table 3. Data shape

Model X 1 (168,7),
1 Y 1 (24,1)
Model X 1 (168,9),
2 Y 1 (24,1)
Model X 1 (168,31),
3 Y 1 (24,1)

BiGRU z=lo] sloln njelu]gs Asy J12S Akxs}
of, 27§} BIGCRUE AHEsHAL, BHX|27]= 128, SE|0F

o|A1 Adam, 3482 0.0010]ck, o LAL 500312 &
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__________________________

Training
(2017--2020)

Validation
(2021)

1
1
1
:
1
Dara Splitting :
1
1
1
1
1
1

__________________________

I Model 1 | l Model 2 ‘ ‘ Model 3 ‘
Building Bi_GRU & Prediction l l
(Model 1, Model 2, Model 3)
. Training & Training & Training &
Repeatl0 times per each Model Validation Validation Validation

Calculate the average and standard error of
MAE and MAPE for each model

Table 4% A1HaA S UERdCH

Table 4. Experimental environment

Factors Specifications
12 th Gen Intel(R)
cPU Core(TM) i7-12700
GPU NVIDIA GeForce RTX 4070 Ti
Memory 64GB
Windows 11
Tools CUDA 11.7
Python 3.10.12
Tensorflow, Keras 2.10.0

Ao A= stEYo]= 12th Intel(R) Core(TM)
i7-12700 CPU2+ NVIDIA GeForce RTX 4070 Ti GPUOo]
oh. Az EQo] &2 Windows 11 2 GRIAfIA] 485
o, g 71452 3t CUDAE 11.7 BiXlojo}

o el 3 Aol Python 3.10.12 B{Alo] AREE]
gon, d3d ZlojHgg]2Z= TensorFlowelt Keras
2.10.00] &8E]9)ct. TensorFlowe} Keras:= A= 29
A5 ZHS 153 &, AAIE HolHE AlgjstL AEY
DES A 2 ek adollA ARREQI

2. Performance Experiments

AlZF Ho)7t BiGRUE o]-&st 20229x} 20239 %9] ot
A A 2050 vRlE dFE Fsh] Hsl ARG
0] ARESHA] o2 2HIQl Model 1, Model 12] ¥4~
F2jo]| ¥gks o]&stof ARF Wa-F 2719] W4 (Cosine,

Sin}& 7IXl= Model 2, ARt R 24719] Hoj2 wigh
3t Model 39] A%< u]wst Aak= Table 59} 7t}

Table 5. Evaluation of Prediction Models

Model Model Model
1 2 3

MAPE AVG 2.32 2.01 2.07

2022 (%) STE 0.06 0.03 0.03
MAE AVG 1554 1355 1395

(MW) STE 33.47 18.11 20.83

MAPE AVG 2.21 2.04 2.08

2023 (%) STE 0.06 0.03 0.09
MAE AVG 1506 1379 1405

(MW) STE 38.69 18.35 52.49

Table 504 QI 4 Q10 AR WS F715}o]
i

Hlushls o, 202289 20239 BF 4% 52 B
Ak ARFHAS 7R 2R 2] Hluofals, 202210
+ Model 27} MAPE= 2.01+0.03%, MAE= 1355+
18.1IMWZ 2435t M58 B9 Y, ORRIZIX| 2 20239 %
Model 27} MAPE:= 2.04+0.03%, MAE+= 1379+
18.35MW= 7H 2435 458 Bgch

A7 23 vlwgt A2 Model 27t MAPES} MAE
WA 43t 55 7] ™2l model 29 o %
w2 AA| 29| F7t Fuit A=A #ER1E E
87} Stk Fig. 9= Model 29] of|5} AA| HloJEfo] &
LS I ol
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W) 3 » [
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Fig. 9. Model 2 Prediction Data Distribution
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