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Using DNN and LSTM

Kim, Youngsoo™ and Park, Hojeong™ "

"Ph.D. candidate, Graduate School of Energy and Environment, Korea University, Seoul, Korea
“Professor, Department of Food and Resource Economics, Korea University, Seoul, Korea

ABSTRACT

Demand for electricity is influenced by factors, such as economic structure, industrial sector, and environmental volatility.
This paper aims to capture characteristics pertaining to electricity demand by developing a daily forecast model. Key variables
were selected from socio-economic and environmental perspectives. Installed capacity alongside socio-economic metrics
including the consumer composite sentiment index (CCSI), trade balance, unemployment rate, and day of the week were
added. Environmental variables for the model were average daily temperature and COVID-19 case count.

The Deep Neural Network (DNN) model, an Artificial Neural Network (ANN) model, was used to compensate for lack
of definitive linear relationships between variables for electricity demand. The trained model was performed with rRMSE of
3.74% and MAPE of 2.67%.

Further scenario analysis helped to shed light on the utility of this model. The scenario aims to explain how energy demand
is affected by supply-centric electricity policies and demand management policies, as well as macro-economic expansion and
contraction. A recurrent network model, LSTM, was used to forecast average daily temperatures and COVID-19 cases before

the DNN electricity demand forecast model interpreted the forecast results.
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Fig. 1. Electricity consumption by sector (IEA, 2019)
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Fig. 2. Comparison by energy source (IEA, 2019)
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Share of economies in recession, 1871-2021

1871 1901 1931 1961 1991 2021

The proportion of economies with an annual contraction in per capita GDP. Shaded areas refer to global
recessions. Data for 2020-21 are forecasts
rce: World Bank

Fig. 3. The proportion of economic with and
annual contraction in per capita GDP
(World Bank, 2020)
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Fig. 4. Qil price hits 18-year low (Bloomberg,
2020)

ol A =9 AAFZ} oA FHoA 1 A
o1& ;d—o]—i 2~ 011-4-

A A R0)4 480l oF 50%F ARt S
3 GARE AR B4 AAFRE 7P AR L B
S Hus] Bt 453] 2 FAE HolE

AT AGFRIL RARE BY, R, TP~ S} o]
APE Ao =9 AY7HAS AFstqint. =2 23t

oA ARl vf, ®E AR Foll 7Hg vl Aol

Journal of Climate Change Research 2021, Vol. 12, No. 3

oll}, BFL AT AHAFL G4 Y5 AT

Az AebdAo] Mg Qoo 22 2% AT BT 4

A AL, PR HTAOR 23E SAAL,

1 AT HEQRL OE e SEH g Bk ope

e ol gio] slaAE AiHoz WA S5 ek
weks] 2 Wl o83t o] AAs)

S AGTRE £ FAQ B, AR A4

—_é_‘%o] 'C‘_E]XHQ]' &2 ’é}q—l—_: 7]-}—] /\] -}T\“%Z_ ]-1_ L—ﬂ“r-g-

B/t Beieth. $25712 YESE AN W 42
N42 Pt

o, 33 o] H7|Fe4u8 el U K-REI00C.E
waxelng AF SO A8 Hgadel vz 5
7¥ta ik

E3, AYRTS We F SR YAk 71E Baol
Heiss Hel o) vgeidoleln AEEglont s
e Avladon Qe uad WY A8t B et
o] gt M SEow ek A Wbt 3A 1

it Alel 4156

E9 2RSS W
% A} ok Zolet Agech Aele 4 5 44
o] 20z Holdt Aol 2, A7) G 710
ofet AL Bzt AAS o AN 87

A 14 % A
2 27T woF AphQlo]

1.5 Z2LH9 FE

1.5.1 dH Ast

20199 12€ 319 S= SSolA S= WHO ARE=9]
A £ AQlof| oJ%k HiFo] HilE o]$(WHO Novel
Coronavirus (2019-nCOV) Situation report-1, 2020.1.21),
A AAZ F435] Fdi=lo] 20208 1€ 30¥0] 2149
of dis =AISSEABSA(PHEIC)E A1 2E3Ha(WHO
Director-General’s statement on IHR Emergency Committee
on Novel Coronavirus) 3% 110 “#ig|"g AU}
THWHO Director-General’s opening remarks at the media
briefing on COVID-19 March 11).

AAE 7k 2 AzE 058 AT B AADS
& Ak § S0l FAT ik o19i H0Y
2 23 9t old Q9| 2N AATEL A FH
How BAe AdstA ofekEa Sl

—EF"%‘ Aot WFRA T, HIASH 71 Ad=
o Aggdel e ARRA 37 52 e =7
Rt EAleIH ANl ERE Akl ok World

oxljg
>



DNNZ} LSTM &85t 2

Bank (2020):= 1870 ©|% A MAHCo= 7H} @ =
7HlA 199" Aa50] A4 Zow Agsta Aot
(World Bank, The Global Economic Outlook During the
COVID-19 Pandemic: A Changed World).

1.5.2 H+0)9 Fe

Aok A= 9 ZgA ARl = 5 24 7719 HlolH
& 59 o|58A HFo= HAAGso| AgtE uhet A
g5 4 £202 "ot 4¢Y ojF ot} EY
9] BAAY &3} o]F AYFQ7} JEHE B5S B
oh o, Q= 8YRE MY, Q71 20199 HT w2 =5
O & IRIFUTHIEA, 2020).

F2UH97F 7 AA ZRIE 0] o]5EAl S A
oF HEF T2 27| oAt T AN AY L =
219 33 B3 4 anzoz EA5 9
A olEFA FHL 2020 1€ 23U -5Hof| A A[gY= o]
A=o & x|l 2020 24 7Y B e gk
(lockdown) A& Algste] F=21} 19 SH4RS =ttt
o|Z3t Ao Yol 3¢Y o|THE LTt HHs
BAE Utk gk 2271 AIFEJAE 20209 193
29ol= Ag¢a7F AddiH] oF 13%7}F shEstalon,
BA7F 43tE ol% X5 FlEotal AdiH] A48Tt
SfjEl= 25 Holal QITthIEA, 2020; Silvia Weko,
2020). o] me} &2 A-foA= FZEU199 SIR+E
Aol JFE vA = HMeE A

el

=

2. 28Ig+

MO

2

HESR A7 22 AALRE, 9ARY 5 45
o= weo] ZEFAT}. FANAY HlolEE 2
A X2 FIHABDEL-AAL, 1997; Samer Saab, 2001) A&
25 PAT PASES BET FHFHIAARFo]
2 385 9]th(Papalexopoulos, 1990). ThHZHAF 3] PR
AL ofdl WS olo] BEY 4 Utk FHS 9o
U BIAZ ARl doleto] tigt A& =T} Wrhe
EA™o] uth. ESE ARIMAY ARRE, Holt-Winter’
seasonal L@ 5 TUHFY] AAE HEvhS 12t
Mol Toret WAt Aegatl 3L s A
80 &&st7]oll= 2 FA7E AUk

Makridakis (1982)9] QAo A% ofn] Mol wpy
o % ofi Ao 95T ROl T 4 Y= WY

P ol

¢

e

MU VY E OF 245
< flon ZF golH ol Aol At BPto] s &
U= FRlstt. olf 7]& HHEY A= dHlolEre
HAZHEE AF 54 WHo2= F4ds| AT ¢l
o= dlof 71918k} (Zhang, 2001).

Sl

A4 L(C]5H ANN)2 RSl B]AY ojSo]
Jol A AE Q8945 Aol 11 E8RIE7} S
skl Qo

Pao (2006)> A3 9 H|API| AL P} ANNZ &85
o fiute] HFLQE =319 thPao, 2006). Saravanan
(2012)Z GDP&} QIFrE YSRIOE Sh= = &9l <l
Lo Adrd HH4QE o&dl% ti(Saravanan et al., 2012).
Table 12 7|9 AP0 Z0] gt A+ESolch
71 AATE Bl &Rl 23 Ag58= 7 89l
APBAZT Yepfzl ofgoiy ddEEE HAY
PR AFAAEY P2 Bl £ Ageg 52

mygos AATt

fr ro
o Ol:l

n
©

by
2 i Ao

4o 1 g
fo

o o

_%_
3. d14H

2 EECEEEN ELEA
4 53 ALt ol B3 Ao desa

lri
o oX

2 o
!
m

NE AT, A 4% 9 Y A 54
of 7719 WeE AAsHlen ol 3 4Y A
2 aza.

AL AY4,Q =2 29 DNN (Deep Neural Network)
RS ARSI dYBHTIR " ZEYI9 A=
Recurrent Deep learning Model@l LSTM& AR&5}to] T7|
AAES A&

7 gl Ao s AAsT 7 Aeled Wes

W
4> o2
o ol

ol

vy

ABAAYE Abge] MmN uEe FAH o
& uYFOR, YYS, 243, 191 2¥FoE 7
Bt 93T 24, 2HET 293 AolE A
L 713wt Avtglo] ARGl A S 23t
gol 49sHA e S Ytk AT DAz

http://www.ekscc.re.kr



Table 1. Summary of related researches

246 2ys - wsy
3.1.1 &% MAY(Feed forward neural network) ggsto] By E4S FEUH
STnEIES ABABTE wHT ARt Tl1
ST AARe ABAAYS AR 7 sy oow T OHHAESE B
mdg s} o]Ate] SU=9 71z 9lom THATFEE ASE EEHh o] EFEGE 2
function) E3f H|AHT

E (perceptron)=

wol sl

éﬂ- S}4=(activation
S2 AYET BRI

Authors

Method used

Independent variables

Forecast energy type

Forecast

coutries

Amarawickrama and Hunt
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Saab et al.
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Geem and Roper
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Kadir Kavaklioglu et al. GDP, population, import and Electricity Turk
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A= IS st 2ALH

No. Variables Unit Source Variable explanation
X1 Installed capacity 10,000 kW | KPX Installed electricity generating capacity
X2 Epidemic Status person WHO the number of daily infected people
. Korea
Celsius . .
X3 Average temperature) d Meteorological The daily average tempertarue
egree
& Administration
- Psychological indicators that consumers feel
. about economic status
X4 CCSI index Korea Bank
- As the value decreases based on 100, consumers
judge the perceived economy worse
USD Korea Customs .
X5 Trade balance . Montly substract between Export and import
1,000 Service
X6 Weekend and Holiday dummy dummy
X7 Monthly employment rate % Korea Bank Monthly unemployment rate
Y Daily electricity load 10,000 kW | KPX Daily electricity load
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Table 3. The result of DNN model

Evaluation metric value
RMSE 240.89
rRMSE 3.74%
MAPE 2.67%

R’ 0.922
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Table 4. The result of daily temperature model

Evaluation metric value

RMSE 2.23

rRMSE 16,2%
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Fig. 7. LSTM model —test prediction and prediction error

Table 5. The explanation of model evaluation metrics

-50 o
Prediction Error

Evaluation . X .
. Definition Explanation Evaluation standard
metric
1 & 5 Affected by the absolute value o
RMSE — Z (y, — ) . - The closer to 0, the better the prediction
n /= ¢ ¢ of the predicted value
1 & - excellent: TRMSE < 10%
RMSE — D (yi—z) N - good: 10% < rRMSE < 20%
n,; = RMSE divided by actual value .
(%) — x 100 - fair: 20% < rRMSE < 30%
L - poor: rRMSE > 30%
2
) E(yz - xi) The most commonly used o
R 1-— — . . - The closer to 1, the better the prediction
Z($ — performance evaluation metric
1 (]
1| %Y Measure the size of the error as .
MAPE — < 100 - The lower the value, the better prediction
n ;=3 i a percentage

Table 6. The result of daily temperature model

6. AlLt2|2 =M

Evaluation metric value
RMSE 48.6
rRMSE 31.8%
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