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2 &% & A7= loT Al 7Iee E8ste] 758 Yol #4 AAdE &) At 5780A A4E bolH
£ &8st 03 HY ALE dSEshe ATAS 2Ee Adsty vn 2451tk LSTM(Long Short-Term

Memory) BEL2 ©Q #4 AJAD dolEoA R*=0.98, RMSE=0.039, MAE=0.026°2.& 7b¢ &2 d|& HFgzs
71281921, XGBoost(eXtreme Gradient Boosting) &2 thdzF dojgE fnyoz Haste R*=0.93,
RMSE=0.018, MAE=0.0139] Z&5& Btk AT IGollA otgst diolg HAe] gt £ 2L AFHe=z
Zgolo] Bdo] 52 FHgJetg o, olg B tlolH X‘WE]QP W Aeo] dj& Feof v|R]= FFE JSot
k. A 23, HFHSE AeAs BES E8% 53 A A& A v)E AT oF 10~15%9] T4 viE A
13E 28T = A AASAH. o= ESGE, AH, X]“H?"#) AYE ERE o= 7|FEA A& 7S
Adsty] st AdHo|n FAHQ S AFstH, AR, EF, AUE HED 5 ot A HofojlA o nd
9] A& 7S FRlstatt

FHO @ AEUEY, AFAS, LSTM, XGBoost, AZAMEF d&, AAE dold 4

Abstract In this paper, Al models for predicting peak power usage were developed and comparatively
analyzed using data collected from the Jeju Samdasoo factory through a big data collection system based
on IoT sensing technology. The LSTM (Long Short-Term Memory) model demonstrated the highest
prediction accuracy for univariate time-series data, achieving an R? of 0.98, RMSE of 0.039, and MAE
of 0.026. Meanwhile, the XGBoost (eXtreme Gradient Boosting) model effectively handled multivariate
data, achieving an R? of 0.93, RMSE of 0.018, and MAE of 0.013. Various data preprocessing methods
and feature combinations were experimentally applied to optimize model performance, highlighting the
significant impact of preprocessing and variable selection on prediction accuracy. The findings suggest
that optimized AI models for peak power prediction can reduce power costs and achieve approximately
10-15% reductions in carbon emissions. This study offers companies pursuing ESG (environmental,
social, and governance) management practical and specific strategies for achieving sustainability, while
demonstrating the applicability of the predictive model across various industries, including
manufacturing, logistics, and smart factories.

Key Words : Internet of Things, Artificial Intelligence, LSTM, XGBoost, Power Usage Prediction, Time
Series Data Prediction
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1. M2
A AT ASIOIA] oA Tl 719 2900 3ol
FR% a2 A2 goron, S5 W3 ARk 1

o3 AJZh
TAaHlE 7199 73@]75: Hes 771 84 8l
Z ottt dighi=r2 1978 E T3 A7kl W 7]
237 FJAAFTAE =St 7IHE2 Wi 53
H T3 A ARgF A 12708 39 sHAI(7E~99)
g 574](129J~2g1) 03 5 1 93E 7]ZOE 712
= A "t o= & 3 HY =2 13 Xﬁ%
/\]’QO] A 1497t =2 3—1::"‘ 1‘?—%}% zd 4= 9
oJu]eiH, ol wt 7|
AT Ya48S AsHA h”] AUt
£ A= 349 03 A9 % HeEstod o x| e
2S4S =o]7 AR A Bt 9l
&"O}M‘:}- AR, o3 Xqﬁ«] d&3t Aolg B9l =&
A7 71548S BA51, B4, ESGEE(Environment),
AF8](Social), AJ¥iTZ(Governance)) AYES st
CO, & A7 BekE AR A, Az 2 8
A AR wiEE A9 o] ME AMS-E RSt
olF 7|fte & ul-g A7 WS
03 g H]'*"O] A== 42
9] AY AMS AT Aot ma AgS #Ast
= S AEI AQKsE AA”E FEs H55
7] 98l AFEERAE WLFAE AFAThe37d Hlo]
HAEE ARSI Alsitiee tid= g A
Ab BERE o] o[t} o] Hlo|HAIE: 20234 014¥ 01
URE 202349 09€ 302 719 AlZHE HHAEHS
AZ3H2]. B AFE AFA9 2 gX HolEHE

ARESFRTH3]
2, &3 a1
FUollA A A&} ol gt iRt At &
5] O]-?—OVLL QJth4, 5. HA|qt EA7IA] REe =
M 24 glod, 7|P9ES 27] £9) Hlg A=

Q% 4 o 29 £l olLE F2 o
ofe] AFABA o ofuiA] ol mat ] #
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ek A7e A4 9o ek B9 5 HlAlEd
7S B83 64 dolEE Yo 349 7o) &

(]

%]TFOE Oﬂ

A

S 72 APA o] AT 29 7

Wi HASH ASote l f8otths 288 EEF
tHol. E3, 157leATdY] AUARAITE}LEAl
A= LSTM(Long Short-Term Memory, LSTM)[7, 8]
715k AE Fo} A& AA"S Agste] ovx] A 7}
53E Rl o] nE2 HAH HolHE gy
AA B A 0269 w2 AYEE Ho
RNN(Recurrent Neural Network) 2t} 4J%5°] FHoj
b 23S AJHI] EF A oA SE Bt
Ag A|2”] AAEFS 9IF HolE 7]t ok 713E X
A A 55 =EolAE LSTM-RNNZ &-85] Zj4] of
YA HlFo] =2 A AIA”Y 7t 2 H A 55
(MP-OPR)& #8402 f|dsk= WHE AUbstATt.
MP-OPF ZAIE AlEA-F-A1EA ks ZAIZ 348t
shof, 49 tﬂolﬂ(l"i—é} 8, A4 oA BHHE =
g HolE (L7 &, A 7heet olvx Y A<t
o gsl=g LSTM—RNN% THAA AEg Alke F
FA7]= BAlol 719 AAE A v 25k

tH10].

}jl
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OIZX|S A|AE

3.1 GilOJE} X2

ATAE ZH 52 o5 dolH Y ofl 24 =
S5, 53] AAE HlolgE vE ) dloly AAt
Sasit11]. @A diol"ole 712, 4 A=, 8,
35, 71?& S, AR, LRAIRE 5ol 2AHUCH,
APE A ARl 9 607 HAos B Al
*J;EE}. & 8/l Mz HY ARRFE dEs] A%t
A4S s

3.2 DE JHet
3.2.1 LSTM

LSTM2 <%+ A7 (Recurrent Neural Network,
RNN)Y g0 =, ¢4 HoJgoA Z7|&Ql &<
adoz g 4 JEE AAE mdoltH12).
Hochreiter®} Schmidhuber(1997)7F A|9kgt LSTM
71& RNNoA &35 dAsk= 71=7] &4 &4
(vanishing gradient problem)E &3lsl7] 98l 19t
=on, 4 AlolE(input gate), 2 Al°|E(forget
gate), =9 Al°|E(output gate)?t 2= Al°Ig HAY
zo EC’H qu_,] #Eg zz—lo].q. [Flg 1]
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[Fig. 1] LSTM model structure

7P 72 AlPlE: o] " HAX AdEiet A A 7]
wrog Al AeolA HE FRE AATh

Forget gate (f1)= A%gmoid(W} . [ho,wl}erf) (A1)

W 91 Aol 4 Aol Mz 271 Hxg 24
sk,

Input gate (il)= A%g’rnoid(W; . [ho,wl]+bi> (A2)

State update(c1)= tanh (VVq . [ho,xl]-&-by) (213)

oh A A YEAY 719 JeE 5, 42 Aol
Eg} Y ARIES Bl AEs] 24k

Cell state( Q)= f1O G +i(t1) O e(t) (214)

) &9 A9|E:

27sto] ol

= AR &892 AKX dHE

Aol = Stk

Output gate (0l)= Sigmoid(WU . [ho,x1]+b0) (25)

Hh £AX AH: JE 2o R, ojd A et &
A dg R 2GS 23T o] A= tha
Az GA9 dgog AREH

Hidden state( h1)=ol®tanh () (416)

3.2.2 XGBoost

XGBoost= Gradient Boosting &8]&52 &35t
o 1135, 8&4, 948 A= 714 g5 Zdo]
t}H13]. Gradient Boostinge 2kt SkSAHFZE oJAHE
d UHHE SAHoR Afsto] e HEE B
B/dohe daPEORE, XGBoosts °lE HAstelal
F7HQl 7152 B AAl ZAol © HideteE A
SHYCHFig. 21.
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[Fig. 2] Simplified structure of XGBoost[13]
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3.2.3 EY AXL O
Lag Feature® 79 o8& &&5) A= W
£ AAgoke 5a3t 7|H14]e2, mdo] 34 glolE7}
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AR vl pX= FFE TES 5 A STk vkE
He gy 3718 2 22 £ ok Aol AR F
shuth A dlolE7t wjF dFo] 8% W, Lag
Feature= ARt Q4T AH4S Bl wgs] ds
S FAZICHIS). Ee 1E A5S A5kl sl
T Bl 2 1E5ke Zlo] F835ith B2 o]
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7} mdlo] 24e] e vt slojrinteluleE A5
o8 opju] mdo] Holg i 5 WAL A 5
olniuetule £FL At o] FES Bl I A
Swg Sogeiy, SuE 2Eo A5e FAATle
¥l 7)ofsiet. (Table 1)< ISTM 2@ 93t 2]
=4 A%e Uehich mde| 7 slo|muieiule el
2ol ol AA oIR018)% 92 W] et meo)
s Aot WESH Urehdth AR HolgolAl:

‘power’,

‘temp’, ‘wind_speed_ms’, ‘local_

atmospheric_pressure_hPa’, sea_level_pressure_h
Pa’ & 7l0] W47t 24 A e AdEglon, 3

(Table 1> Optimal feature set for LSTM model

o A HAE QXHMAPE)+= 0.0622 7|&F it
W, OoAE AAT dHelgdA+=
‘temp_lag?2’, ‘sea_level_pressure_hPa’, “sea_level

‘temp_lagl’,

pressure_hPa_lag2’","local_atmospheric_pressure_
hPa_lagl’,'local_atmospheric_pressure_hPa_lag2
S 67119] #7F AdEEglen, MAPE= 0.015% Wof
Aok, oA AAZF BEO] A& A5 ol ZA 71
o Aoz yeiygth F zd 2T 10089 sy
(epoch), €49% Z7](hidden_diml, hidden_dim2)
1287} 64, EFOKE HIE 0.2, WA 7] 642 5L
S5E QI ol2 3 LSTM ZdojA] olAFA] A# 2}
22 9] stojujujetnlE x3to] 45 A3l T8 &
29U ERIT & Qi

XGBoost & 2] ¢ (Table 2)0llA] &Rl & = QL
o] oA AA ofRel Y Wof whet HHo] s
o] 2 Al A& It Y& tojeE ARESE A9
‘temp_lagl®, ‘temp_lag2’, ‘sea_level pressure_
hPa_lagl’, ‘sea_level pressure_hPa_lag2’, ‘local_
atmospheric_pressure_hPa lagl’, ‘local_atmospheric_
pressure_hPa_lag2' 7} A 9] g ¥4z Ao
o, Fat Ao HAE QAHMAPE)= 0.019% UEFith
W, o] RS AAT tlolHAE 22 dY Wt
AeE|glott MAPEE 0.036°08 23518 %ol A
a15ict. stolsfuetule Swold, A= dolele] A
“subsample < 0.9, ‘n_estimators'+= 500, ‘max_depth’

= 9, ‘learning_rate'= 0.05, ‘colsample_bytree'=

LSTM
— - - (Table 2) Optimal feature set for XGBoost model
Original data Without outlier
power temp_lag1 XGBoost
temp temp_lag2 Original data Without outlier
wind_speed_ms sea_level_pre1ssure_hPa_Iag temp_lag1 temp_lag1
temp_lag2 temp_lag2
Optimal \ocal_atmosp:s;c_pressure sea_level_pressure_hPa_lag Optimal sea_level_pressure_hPa_lag1 | sea_level_pressure_hPa_lag1
feature set - feature sst | soa love hPa_lag? | sea_level hPa_lag2
local_atmospheric_pressure u sea_level_pressure_hPa_lag2 | sea_level_pressure_hPa_lag
sea_level_pressure_hPa - -
_hPa_lag1 local_atmospheric_pressure_ | local_atmospheric_pressure_
power_lag3 hPa_lag1 hPa_lag1
wind_speed_ms_lag2 local_atmospheric_pressure local_atmospheric_pressure_ | local_atmospheric_pressure_
hPa_lag2 hPa_lag2 hPa_lag2
local_atmospheric_pressure - -
_hPa_lag! MAPE 0.019 0.036
MAPE 0.062 0015 subsample 0.9 0.8
num_epochs 100 100 ”—es“smator 500 200
hidden_dim2 64 64 max_depth 9 1
hidden_dim1 128 128 learning_rate 0.05 0.1
dropout_rate 0.2 0.2
colsample_b 07 06
batch_size 64 64 ytree F .




S T BUS flot ASKs 7199 OLX| 2| AlA” WY 53
0.72 A4d whd, olJA7E AAHE dHeolgdlM= (Table 3)& (Table 1)°ll4] Ztobdl 2|22} slo]ufu}

‘subsample’ 0.8, ‘'n_estimators’ 200, ‘max_depth’
11, “learning_rate” 0.1, “colsample_bytree” 0.6°0.=
A=} o] 4L 77kl Holeo] w3 sk
stoluju]e] gog, =do] AN 45 wole
o 7|3t o] AFE F3) XGBoost EHA] o] A]
AAZY B 85 ol 7ol = gor, Holeg
541} stojunietnly 23 o] Bd Aol S83% IF
& HZIths HS UEhdh

=
9] sfoluirteiule £3E A8 o HAE 2
= BE9] gttt 58S Brkoks $8% WAL
¥ % 3k
4. 29 45 "It
Hd9] 5S "S5l fIeiA ot AsAEE A
8stec.
(Table 3> LSTM Model performance
LST™M
Multivariate model Single variable model
Original Without - Without
data outlier Original data outlier
epoc“é;’alig:eSt/s 100/8:2/30 | 100/8:2/30 | 100/8:2/144 100/8:2/144
SSE 4.38 3.23 2.039 4.384
MSE 0.002 0.002 0.001 0.003
RMSE 0.047 0.045 0.039 0.06
MAE 0.037 0.042 0.026 0.044
MAPE 6.73 5.41 Bl 8155
sMAPE 3.82 2.79 3.39 3.28

(Table 4> XGBoost Model performance

XGBoost
Multivariate model Single variable model
Original Without Original Without
data outlier data outlier
N_ESTIMATORS 500 200 1000 1000

SSE
MSE
RMSE
MAE
R
MAPE
sMAPE

o
EL

Eulls 535 o] ¥ LSTM Z2Ho] A RE
Uepditt. Y& dlolelg AMESE LSTM Ty ¥ 2d
2 A 9 F AE FHAA 7P 22 d5= EA
o 7F} =2 RY0.98), %2 MSE(Mean Square Error),
RMSE(Root Mean Squared Erro), MAE(Mean Absolute
Erron® st A3 wie APE vEehd.
(Table 4)+& (Table 2)°llA] Zrohdl XZ 9] slo|ujn}}
e 23 B9 78E XGBoost BHY| HJ5ARE
LERATE XGBoost THHEF dlo] g5o] E3tom, &

5] oA E AAYS W 2FE0] Rl R(0.93)°] =
Ao yepdrt. o] nd2 E5| i /\]‘)rﬂiﬂ/ﬂ
LSTMell digt AAE etk AR =iy

M=
XGBoost Tl ¥4 RS WE oA s ofel
3 R7} o} o] Heto A

2 Aglom 987t S
Y i o2 2] A S 5 e e,

Tinestep

[Fig. 3] LSTM single model original data prediction
visualization
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Bt E3], MAPE®} sMAPE(symmetric mean
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At AFHT3E HolEE vEeE LSTM Y9
XGBoost & &&sto] m3 AY &S $3s},
ohgt glolE 7oA S 5 vla £4 sl
4 243, LSTM T A 2d2 & Hlojg 7]&0
E R® o] 0.98, RMSF= 0.039, MAE= 0.026°08 2
AZANA 7 22 A& JEE YERE XGBoost
thAsF mdle AR flolEolA Rl 0.93, RMSE=
0.018, MAF+= 0.013°0.2 thHEF AJuE] QoflA $-4=5t
45 Bylon, o] mdo] m3 g o] axEel
tieto] H 4= USE AARRITE ¥FA, XGBoost ©Y ¥
& 2P T HloJE] AE BEojA R? Fho] 0.34~0.37
$F02 U3 MAPEZL 54.672 2350 & Hg=
7b 3 A SAE U

olgjgt A7Hg B4, 71¥2 A9 o& mdS A
sto] T3 AY AN B&FH 0= #APsta, oo o
£ A9 88 HgS AN S e A g
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