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Development of an Al-based energy management system using Big data

Ilyosbek Numonov Rakhimjon ugli

Department of Artificial Intelligence Convergence,
Pukyong National University Graduate School

Abstract

This study aims to develop an Al-based predictive and integrated
energy management system using corporate electricity consumption data.
By doing so, companies can efficiently control their power usage, thereby
reducing economic burdens and contributing to the achievement of ESG
(Environmental, Social, and Governance) goals. In particular, optimizing
electricity usage during peak hours is essential to avoid high base
charges, and many offices and factories are adopting energy
management systems to address this issue. The proposed system in this
study performs functions such as peak power prediction and control,
cost reduction, CO: emissions reduction, and detection of abnormal
electricity usage.

The study applied various time series forecasting models, including
LSTM, XGBoost, Prophet, RNN, and Transformer, to electricity
consumption data from the Jeju Samdasoo factory and different zones in
Tetouan, Morocco. Model performance was evaluated using R? (coefficient
of determination), MAPE (mean absolute percentage error), and sMAPE
(symmetric mean absolute percentage error). The results showed that
each model demonstrated superior predictive accuracy compared to the
baseline models. For the Jeju Samdasoo factory dataset, the LSTM model
reduced MAPE by up to 68%, while the XGBoost model achieved a
reduction of up to 36%. In the first dataset from the Morocco region,
the LSTM model achieved a MAPE reduction of up to 58%, and XGBoost



reached up to 60%. However, performance variations across models were
observed, with the XGBoost model showing limitations in prediction
stability depending on regional and data characteristics.

In addition, a platform operable in both web-based and on-premise
environments was developed, allowing user registration and real-world
deployment. Future research will aim to improve predictive accuracy by
optimizing feature selection and incorporating more advanced modeling
techniques.

This study contributes to innovation in the field of energy
management, offering a practical solution that enables companies to
reduce energy costs, fulfill environmental responsibilities, and maximize

economic benefits.
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Pair Plot of Numerical Features
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Pair Plot of Numerical Features
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1 param_
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2) LSTM_a 24

LSTM_a 29 LSTM basic®] 75 7|WtoR stof thgat e &+
2 AMHdE g A, LSTM  ="el iz A3+3H(Batch
Normalization)& 283t U§ Tz Wsl(Internal Covariate Shift)E
=ola g5 A H FH S5 PN =4, I A2 (Residual
Connection)¢] 3% Dense WEYHA Fx&5 At BH LS =
ola, F wA 9 Dense #lo]o]¢t ReLU A3} 34 % Dropouts % -&
sto] RIS grsta A S WA S
E3h teke d(lag) 58S A A 98 AAIE deoly o AlA

Ll

gatct olu] H&H(power), =% (temp), 3% (wind_speed_ms),

[‘

71 % (local_atmospheric_pressure_hPa) 52 2 W s tpfst =

o A e, Optuna 719k steldstebrlE 2 sE Fal AA9

dlolg dAA el @A A= z-score 7|HF o] AA 7WHSE =YY
wolz22 gk v AstE HASHH, JA#GS Asor =AY gF
HAN A= Adam FEPFo] A ¢ ReduceLROnPlateau 2=A1=# S &-83}
o] &4 7tavt AAE A F5ES Ao A sholv o)y
B &2 Qo= hidden size, d@l°]°] 4, dropout, batch size, learning
rate, Huber Loss®] delta, ¥ %38, A|# 2 o], o]x Az 8z A

o ALE ol So| EgHnh



# 1. LSTM_a 22 & 28t =X 2o| sto|x ut2to| &

Hyperparameters LSTM_a
Dataset Jeju Morocco zone 1
Metric_Directional_Accuracy 46.21087315 60
Param_use_batch_norm 1 1
Param_use_scheduler 1 1
Param_z_thresh 3 2
Param_huber_delta 0.719748694 0.879646532
Param_epochs 50 100
Param_sequence_length 60 60
Param_learning_rate 0.005 0.001
Param_batch_size 32 64
Param_dropout 0.1 0.1
Param_num_layers 1 2
Param_hidden_size 32 128

3) LSTM_b =4

LSTM_ b =& LSTM_ a 3} FRAO 2 fFAFstH, #jA] Af3}
2 A4 718k Dense #lole], Btk lag = A A, Adam 5 E v}
o] A ¢} ReduceLROnPlateau A& A&, Optuna 7|4t s}o] 3 321w g

toh Zpo] 2 of &R AA 7ol

24 ANS Bl e ol ul FEske, AAY wANN o) g
=

A= A



# 2 LSTM.b 22 & 28t =& 2| 5to|m uf2to| &

Hyperparameters LSTM_b
Dataset Jeju Morocco zone 1
Metric_Directional_Accuracy 4577572965 60
Param_use_batch_norm 1 1
Param_use_scheduler 1 0
Param_z_thresh no no
Param_huber_delta 1.738347657 1.879465132
Param_epochs 100 100
Param_sequence_length 30 60
Param_learning_rate 0.01 0.01
Param_batch_size 32 64
Param_dropout 0.1 0.1
Param_num_layers 1 1
Param_hidden_size 64 256

4) LSTM_¢c &9

LSTM_ c ¥ &4 oAl A7 713 Huber Loss 3HrE =3
Aol o EAolt. 948 HPOlHA z-score 7|Wt oA AAE F3
sl olu] ALg% = A A 3k(z_thresh)2 Optunas &3l A5 =243 H},
&4 2= Huber LossE AbEste], MSE thu] o] dA]ell & wzhgh

Sterol TbsstEE Qrh dela PIAWS A sl sebvE g

nd g 7]EH LSTME wWa2w, Optunas B 2435 27]

golo] , EFolx HlE 5 & 9/ stolvuetuE & H A 53



E 3. LSTMc 22 = #

—

Sk x|

= o
S|

Sto| e zt2to| &

Hyperparameters LSTM_c

Dataset Jeju Morocco zone 1
Metric_Directional_Accuracy 0 0
Param_use_batch_norm 0 0
Param_use_scheduler 0 0
Param_z_thresh 3 3
Param_huber_delta 0.658877426 0.894153263
Param_epochs 50 100
Param_sequence_length 30 60
Param_learning_rate 0.001 0.01
Param_batch_size 32 64
Param_dropout 0.2 0.1
Param_num_layers 1 2
Param_hidden_size 128 32
5 LSTM_ d ==

LSTM_d B9 LSTM_c9 A9 L3 F4S ZEAWE z-score 7|8t
oAl AAE EF3HA %2i=th Huber LossE <4 4= AL&31H,
delta 3t A gttt Optunas &3 A stold webnH (2495 A7,
gojo] 7, EFok HlE& T 9NHE FAsh
E 4. LSTM d 222 9t = &eo| sto|x utetofE

Hyperparameters LSTM_d

Dataset Jeju Morocco zone 1
Metric_Directional_Accuracy 0 0
Param_use_batch_norm 0 0
Param_use_scheduler 0 0
Param_z_thresh no no
Param_huber_delta 0.628548216 0.549681153
Param_epochs 100 100
Param_sequence_length 10 60
Param_learning_rate 0.001 0.0005
Param_batch_size 32 32
Param_dropout 0.5 0.5
Param_num_layers 1 1
Param_hidden_size 128 64




XGBoost_basic =d& EWE tx 7fA glo] 7]EZFH e XGBoostl56]

39 dagEs AREsheE AAE A5 EER, 55 AP vl 7]

7) XGBoost_a 4
XGBoost_a 29 7|2 XGBoost RdlS 7|Hlo g &o] oy v
55 F¢3¥ Y. Optunags &3l stolduetvHE Aoz A3}

ot

H
™, z-score 7Rk o]} AAE Tl w=o]l=E AATT 5F

N

|
}

ol

-~

o

=

3}
h

E

_hPa
Foll i theFg Alxklag) 54, ol ¥ (rolling mean), °l& %
ZHrolling  std)E  AASt,  Fo2E d(wind_temp_interaction,
pressure_temp_interaction)< %= gt}
E4 AY dANME 4E A H(mutual information)E 7|RFoZ 3t
SelectKBest 71WH S &3l v & 4= HFE A Sl Huber Loss
=

g &4 g5 Agste] ol dHo] FATH W

A= power, temp, wind_speed_ms, local_atmospheric_pressure

N
)

—

= =
AAE EAS vk TimeSeriesSplit W& Apgslt HA 3 2x&

R? A%olv], male] Ax -85 grke] A stolZerelol AAYH A
A



# 5. XGBoost_.a &2 ¢/e = A2 sto|mutzlolH
Hyperparameters XGBoost_a

Dataset Jeju Morocco zone 1
Param_reg_lambda 2.701 0.101
Param_random_state 42 42
Param_min_child_weight 9 2
Param_colsample_bylevel 0.87523013 0.849873691
CV_Std_R2 0.013406319 0.000733917
Param_z_thresh 3 3
Param_reg_alpha 9.101 8.101
Param_n_estimators 1000 1000
Param_learning_rate 0.1 0.1
Param_gamma 4 0
Param_colsample_bytree 1 1
Param_subsample 0.6 0.9
Param_max_depth 4 10
8) XGBoost_b &d!

XGBoost_ b &€& XGBoost.a a3 A HUd3 +x = VHEES A}
&8k, z-score 7IRE o] A AAZF AEHA vk WA Y 8&
—Optuna 7%+ stols stetny HA 8t g 54 (XA ols S,
3 28),  SelectKBestE E3% 574 A®El,  Huber Loss A&,
TimeSeriesSplit 7|19k waF A< R* A4 H A8t FdeA FAHr)



# 6. XGBoost_ b 22 S ¢/t =[AMe| sto|Hut2io|E
Hyperparameters XGBoost_b
Dataset Jeju Morocco zone 1
Param_reg_lambda 3.601 4.501
Param_random_state 42 42
Param_min_child_weight 6 11
Param_colsample_bylevel 0.832910675 0.93936747
CV_Std_R2 0.023023602 0.000875738
Param_z_thresh no no
Param_reg_alpha 8.801 0.301
Param_n_estimators 600 1000
Param_learning_rate 0.1 0.1
Param_gamma 4 0
Param_colsample_bytree 1 1
Param_subsample 0.5 0.7
Param_max_depth 4 9

9) XGBoost_c =4

XGBoost_c 2L o] A=

)
A3, A4 &% 5 OFE NS

3t 1145 XGBoost 7]wk

=
dolt}y, AA g A A z-score 7]WF o] %] BAE Fasta, AAGS
Optunas &3 Aso= gAdAr 54 o= ExsE A4

.Oé.
Q- aQz Fastel A JuE v, AH AFo] W@ A 2L E
=
e



E 7. XGBoost_ ¢ 22 ¢st xHo| 5lo|Hul2to|E

Hyperparameters XGBoost_c

Dataset Jeju Morocco zone 1
Param_reg_lambda 7 5
Param_random_state 0 0
Param_min_child_weight 0 0
Param_colsample_bylevel 0 0
CV_Std_R2 0 0
Param_z_thresh 3 3
Param_reg_alpha 1 5
Param_n_estimators 500 500
Param_learning_rate 0.01 0.01
Param_gamma 5 1
Param_colsample_bytree 0.9 0.7
Param_subsample 0.5 0.8
Param_max_depth 3 4

10) XGBoost_d ¢
XGBoost_ d =2 XGBoost_c == 3}

A9} F-AeE RS 7AW, z-score
oA AAEZ AL RE FLA QA7 FYdA ALt =, Optuna
ZIRE stolw Iheinl e HA sl Ex 7IEE AR B = o9 54 A4

2 ARt ks viYel xgHEH, A B AP BFE 24se

}d_
o 7] gk},



¥ 8 XGBoostd ZE S £

st =

5| & o| sfo| M m}ato| g

Hyperparameters XGBoost_d
Dataset Jeju Morocco zone 1
Param_reg_lambda 9 10
Param_random_state 0 0
Param_min_child_weight 0 0
Param_colsample_bylevel 0 0
CV_Std_R2 0 0
Param_z_thresh no no
Param_reg_alpha 1 9
Param_n_estimators 800 600
Param_learning_rate 0.01 0.01
Param_gamma 4 1
Param_colsample_bytree 0.6 0.9
Param_subsample 1 0.9
Param_max_depth 3 4
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Key-value store for global
conflguration (e.g., defaults)

Stores model training results,
evaluation metrics and run settings

ik INTEGER «PK»
ne: TEXT

Stores authentication and role info =

email: TEXT
sh

\E.:l Logs
Ing Id: INTEGER F‘k
2 Systemaction looging and traceabiiity

X
lera,tamp DATETIME
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Al Forecasting Hub

About  AiZone  ModolEnsomble  Hyparparameter Optimization  Dashboard

Hyperparameter Optimization

Find optimal parameters o machine leaming models

SR New Optimzaton

© Target Column:

PowerConsumption_Zone2 ]
& Al Modet:

Transformers v
3¢ Random Cambinations:

100

Nomber of random combinations to ry (1-100)

Top Hyperparameter Combinations

Historicl Resus
A8 Models 9
Al Target Columas v
Newest Fist v

IESIESIEN (& Gioup by Wodet | (@ Grou by Target |
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= o
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ATt Colurms L
Date v
Nowest First V]

20000 17540 07

ooms  a0es0is

S0 05570 07040 | 0OVZ

11880

PowerConsumption-Zone 214 7047

powerconsumption.Zonel | 33240 26030 oom2 20250425 123330

& LsTM werGonsumption Zonel 53630701340 0OM0 | 20250425 B2
&8 LsTM 43130 080 001 20955125 103299 o]
47080 0860 00O 20250425 78639 @

& poverconsumption iS00 2193 0820 0013 e

s 0se0 00108 = v
Cisrions G et

Rank  Model RMsE  maE R CIWidth  ExecutonDate  ExectionTime(s)  Actions

1 Taomers 31210 07270 0% 0000 20250475 a3 v ()

2 Temsfomes 0190 1070 03430 00000 1835 (@[]

3 Tonsfomes 4080 350 0S40 00000 20250419 as2 Ol

4 Tarsomes 3560 43360 0780 0000 2025047 1679 (@i

5 Taomes 0410 0460 00 00000 20250419 &

iy ) 9

Rank  Model  RMSE  MAE R QWidth  Execution Date Execution Time (s) Actions

a2l 28 stolm up2tolE = AHat &HH 2




m o RMSE  MAE R

(@ Tonsiomers (5 =)

Rank  Target Column RMSE  MAE R
20250425
2500 08570

21000 3070 07380

0 0se0 0000 20250425

©xGsoo b |

(@ o] [ ey |
[@ Ve (o9
1360 [@view] [l |
(@ V] [ zopiy |

v ][

Actions
(@ View] [ tppiy |

575 (@ view | (v 2]

a0

©

sto|m m2to| e =AM st st 3

A Eol, S, WA A7), AT AL ol folwnehvy =g
2 AFow gAstel 7t Lud 4% AR o g A4EsH 9
$42 Fa A4 stolvistebuy 2FE Fobd £ gov], AgAE
PAREG A 7} EFel UE 5 AWE W BN Stk o]B 5
S mdel 4% B4 ASAL AAHOR AR S ATy 30l



Top Hyperparameter Combinations

Al Modsls

Al Target Columns

Newest First

| & G b s I LT

=

AT L e

(e,

WS ]|

Time () Actions

Execution

ClWidth  Execution Date

RMSE  MAE R

Rank  Target Column

[@View | [ 2poiy |

o
(@ e | [emy
(@ | ey

@ v | [iomy

ove

4

tol w mi2to| & =& st 38

5

o 30

Mo

s

9]

1
T

olo] AWM, A8

9 311, [29 32].

AT L

<
T

o)}
=1

B



Performance Dashboard

About  AlZone  ModelEnsemble  Hyperpaamotor Optimization  Dashboard  Admin

Modar| AlModels “

Model Performance Overview

Targer, AT v

Best Mode!

XGBoost on PowerConsumption Zonel
0.13 1.221 0.939
avse A &

Model Performance Comparison

Model Performance (Lower is Better)

Jad_ ..

= Py Sropnet eromars Tesoost

Hodel

Target Variable Comparison

Torget Varabie perrrance 9

% 31 thAIE2E= 3tH

« »

Target Variable Comparison

Target Variable Performance

-

i 4
R
\&\ ]

Torget Voriabie

Performance Metrics Table

Model Target RMSEMAE ' Actions
S Temperature 050 32180355 Lse Vewpara|
S Humidty 0s3

STM PowerConsumption Zone 0653

1STM PowerConsumption Zone1 0763

STM PowerConsumption Zone1 0911 0662039 Lse View Para]
STM PoverConsumption Zone 1,129 3672055  Lse View Pararm]
M Temperaure 1622 14240873 Use Vwrorams]

LSTM PowerConsumotion Zonel 1655 1217 0985 Use ViswParams|

% 32 thAIE = 5t 2



LI CONeronSUmpUON_Lone1 1430 4US0US/a Lse | Viewparams |

s Temperatire [V arams |
LS PowsiConsumption Zons1 1665 1217085 e 5
LT Powerconsumion Zone1 2112 43290957 use ViParams]
LSTM PowerConsumption Zone1 227 06390.784 se ViewPaams]
LsTM PawerConsumption_Zonel 2382 0463 0,595 Use View Params |
Lstm PowerConsumption, Zonel 2419 43180884 se [View Params]
LSTM PowerConsumption Zone1 3005 1.7540.735 Lse [VeiPaas]
R —. 3261 1848055 s [vwParms |
S Temperstne 3575 32240863 Use VwPrama]
1sT™ Humidity 3838 4161 0.742 Use [View Params |
ST PowerConsumption Zone1 3907 3564053 se (Vi)
LSTMULTRA Temperaure 1527 24140877 se P |

LSTMULTRA PowerConsumption,Zone1 1.54. 21930921 use [VewPaams]
LSTMLULTRA RowerConsumption Zone1 3504 6670704 s ViwParrs|
LSTM_ULTRA PowerConsumption_Zone1 3,824 2603 0774 Use [View Patams |
Prophet  PowerConsumption Zonel 1.423 4.06 0989 Use | View Paroms
Prophet  PowerConsumpion Zonel 1.5 437 0903 Lse (ViiPaiam]
Prophet  PowerConsumption Zone1 202 40380823 Lise [View Params |
Prophet  PoweiConsumption_Zone1 3453 44910314 Lse Vewaams
Prophet  PowerConsumpion_Zone1 393 44740747 Lse ViSiPaiSsS
Prophet  PowerConsumpion Zone1 3947 46550708 Lse [inparans]

i Temperature 064 05850709 Use [view Params |
RN Temperature 227 20050325 Lse Vi params
AN Temperature

NN Temperature
Transfomers DifuseFlows
Translommets DifuséFlows

Transformers DifuseFiovs 12 40310911 Lse Viwparams]
Transfommers Diffuseflows 1993 0.791 0909 Use [ View Params |
Tanstomers Temperature
Transformers Temperature
Transformers PowerConsumption.Zone1 3066 1,128 0927 Use ViewParams
Transtommers Diffuseflows. 3121 0127086 Use [Viow Params |
S ———— 3225 4.447078 e ViswParsms]
Transformers DifuseFlovs

PowerConsumption Zone10.13 1221 0939 se [VewPorms]

PowerConsumption Zone1 0,154 1.322.0993 Lse [View Params]|
PowerConsumption Zone1 0689 2.111 0855 Lse Vw Paams]
PowerConsumption. Zone1 1.049 0477 0781 s [VewPaams]

532 s Vi Paras |

fone13338 152 0.
5470918 Use [Vew

75 45

XGBoost

e

oA 7 mde) A% 7123 dols ey 2
e ArHY 331 A HES A7
Jehfol wu M B4 HBA
8 AEAE B Ade saus Anuy HH

3 H40) Ans AAHSw paE = LY 3],

o

1; il

)

N



LSTM PowerConsumption Zone1 2382 04630895 Lse [Viw P

LSTM PowerConsumption Zone 2419 4318.0.364 Use [ViewParams
LSV PowerConsumption Zone1 3,006 1.754 0735 Lse Vi Paas|
M iy 3261 16420955 Lise View Paras |
M Temperature 3375 32240863 se [view Params |
ST Humidiy 3838 41610742 Lse Vi Parans
LSTM  PowerConsumption.Zone1 3.907 35630553 Use [Vew Pams|
LSTM_ULTRA Temperature. 1527 24140577 e [ View Params |

Prophet  PowerConsumption Zonel 15 437 0909 s
Prophet  PowerConsumpion_Zone1 202 40320523 s
Prophet  PowerConsumption. Zone' 3453 4491 0914 s

Prophet
rophet

A use

AN Tempeatre 227 20050885 e

RNN Temperature 3831 143 0997 Use (ViewParams |
AN Temperatre 3835 285 0508 Lse VswParr]
Transfomers ifuseFlovs 0198 10740943 e [ViowParams]
Tansfomers Difuserious 0341 04650508 Lse VionParms |
Transformers Difuseriovs 12 40310811 Lse ViwPwams]
Transformers Difuseflovs 1593 07910509 se Vit
TansfomersTemperature 21 3876073 Lss [VewParems
Transformers Temperture 216 252 0557 Use VewParams]
ansformers FowerConsumption_ Zene’ 3,065 11830527 Lss (Vi Paas
Transformers DifuseFlovs 3121 0127036 Use viParams
TansfomersTemperature 3205 4470785 Lss [Vew Paars
Tansformers ifseFlous 3585 49360785 Lse View Paars
¥ogoost

Xezoost

Xezoost

XeRocst  PowerConsumplion Zone1 1043 04770781 Use [VewParams
Xesoest  PowerConsumpion Zonel 1.054 154 0562 Use VewParans]
Xc2oost  PowerConsumpion Zone1 3338 152 0832 Use ViewParams
Xezoost  PowerConsumption Zone1 3678 45470915 Use ViewParams
Xetoost  Temperature 3888 02540715 Use ViwPrans

Hyperparameters

{loarningrate": 0.2, “wax_depth™: 5, "subsarple”: 0.8, “colsanple bytree”: 0.5, "n_sstinators”: 500, “gamna’: 4, “reg-alpha’: 5, "reg_laubda’: 6, “traln’i 1, “test’: 58}

AlZone &% &4 2 AHEAA S w7 9 bt doly A3t

o>’

A%, A (box plot), 3 % (histogram),

& AZtsl s dElske glolEl e A4S metdt 4 ol
2 Zol, doleAle] A Wa Ry Wg 7k AnaAs Azt
A

o gAY "I AL = Aoz 3], [2H 36].



Admin Dashboard

Model Ensemble

Hyperparameter Optimization  Dashbosrd

Adimin
Data Visualization Control Panel
¥ois Column: V-Ais Columns: Chartype:
dae v | 4| nechan v
PonerConsumplon_Zons2
PonerConsumplon_Zona3 '
sum_al 20ne .
Aggregation: Start Dat: end Date:
None v |2moroio0m ©| |wnunzmn ° ’
Fiter Column: iter Min: Fiter Max
None .
e Ganere chon
Interactive Controls
Auto Update:
Chart Options: @ tegend @ Grid * Annatations
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il

M
o

2l 35 0|o|g| A|zts} &

=]
L

for

Data Summary
50000 records analyzed

Statistical Summary for PawerConsumption_Zone1

Metric Value

138856952
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Data Visualization
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Select a Model

Modek

Lsm

Weigh

10

num Jayers:

2

hidden size:

128

leaming rate:
000t
dropout:
03

batch size:

2

sequence length:

2

bidiectional

TRUE

I
jijL
w
(e8]
02
0z
ne
HI
Iy
Jon
e

num Jayers:

2

idden size:
128

leatning rate:
o001

dropout
03

batehsize
2

setuence lengtr:
£

bidirectionst

TRUE

LSTH fo Tempsraturs (RMSE- 0 595)

LSTM_ULTRAfor Temperature (RMSE: 1.527)
Propht for PowerConsumption_Zone1 (RMSE: 1.423)
RINN for Temperaturs (RSE 0.645)

Transformers for DifuseFlows (RMSE: 0.198)
XGBoost for PowsrConsumption_Zone’ (RM

- Salact Optinized Parameters




Select a Model
Modet

Prophat

Weight:

03

changepoint.prior_scale:

005

seasonalty_prior_scal:

0

holidays_prior_scale:

0

seasonality_mode:

addiive

n_changepoints:

2
train_rato

&

Use Optiized Parametars (i available

Seloct Optimized Parametors

I
jijL
N
o
02
0z
ne
HI
Iy
Jon
e
w

Al Model Ensemble

AZone  ModelEmsemble  Hyperparameler Optimizaion  Dashboard

Select pressae Column

Temperature

olumn fike PowerConsumploRZone1, PowerConsumstionZone Fowe

e iyaciding it tusights. The finsl :

Transformers (Weight: 1)

» batch size: 32
+ o modet: 25
+ cropout02

Ensemble Results

Modelz in Ensemble:

o LSTM weight: 1) 9
« Transformers (veight: 1)

7 41, gaE e

fon
a2
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Ensemble Results
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9 MHFactr S OOIHME LSTM 22 dSX[E
Jeju LSTM _
Model Compare | - Compare ! . Compare
name R? Base | MAPE . Base . sMAPE | Base
Model : Model i Model
LSTM_basic = 0.87 0%
6.716 6.248
0.917

(STM_d . 9.913 | 4.9434 . 5.348 §58.381A§ 5.115 E48.75.%

F 9914 %& LSTM_basic(7]& E®) R* = 0.870, MAPE = 12.85%, sMAPE =
098%= 7]E A< LSTM FxVozE= A F4 HAuae =581 93 A
F(MAPE, sMAPE)7} H]uL% o} AlF- o Fo] FHofstrk LSTM a 292 R?
= 0.825 (-5.17%p), MAPE = 6.72% (-47.7%), sSMAPE = 6.25% (-37.4%). ] X]

Aatsl, 72 A4 719 Dense, As @ A4, z-score | A AAE EQSHEA

B A NES ozx7 TA A B3] o)A AA BEE e = o
2 AEol gloll ol fr 2 MAPE-sMAPE7} A 7Hd 5tk ol &A] A7 2
g Garsk 71l 594 @ dFES Adsovt, A EAF AEE[RY)e] &
Z gggk e RHo] 5 dSHuE SRk dSel AT wEd A
= 45 A “H% ot}

LSTM_b 2d&-& = 0917 (+5.40%p), MAPE = 11.74% (-8.65%), sMAPE =

9.25% (-7.30%)%= LSTM_a®t PFat7bA 2 vix] Aafstel 42k A4 55 240
oldA AAE Wiy R*7F ZA stk FZhake]l obd AA FAe WS
Z &g Ak A o)A AAE A ol EE dHeolH #HYs
o Eab A o] AMAHAR oJHdE] 2 ak AlEo] Hol MAPE-sMAPE 74
Zo Aot LSTM.c =22 R? = 0919 (+5.63%p), MAPE = 4.01%
(-68.8%), SMAPE = 3.83% (-61.6%)% &% z-score ©]’+*] A4 <} Huber Loss
S A, o)A @ wmgstEAME dA WHEAAA F Ay 9
Huber Loss7} 22 ¢ atoli= MSEA |, & ¢atoli= MAEX ¥ & zte] <h

FHE frestH, 54 oA AR HAAsF 4 AP wol=Es &3
Aoyt o]& <ls] R?% MAPE, sMAPE7} 2% HA AH5S 7 =1
LSTM_d 2492 R* = 0913 (+4.94%p), MAPE = 535% (-584%), sMAPE =

i)

sl

o,
rlo

o
o
Kt ro

X

Jf
be)



512% (-48.8%)% Huber Losst frAlsty o]dx #AAE wjwl LSTM_bHET <
2 A %7 @4 ol Hubere it gio] 2 o /7 2o, 54 o
AR AAZE W wE LSTM_c9HE2 oYt} 99012 Huber Loss7F & 23k
2w ~E3 A 2gdl MAPE-sMAPES =LA @3 Aw o] ds] I8 bzl g
o] S o] LSTM ¢ il 2k A#F7F &3 st R* = 93F Sobxth &
2 EFx BARogl= ‘oA AA o+ A FR(LSTM_a) 32 ‘Huber
Loss(LSTM_d)'7F &34 olth, Al WA AR o2 Axe] @S F
A state W 54 o] A A A + Huber Loss(LSTM_c) %3%ro] 7Fd $-<=3lc}.
o FA Al glo] Aqrsh-zhat AR A&sd R*7F AA 223( LSTM_b)

Z7F 79 2x ANAo] 7hsEt)

#* 10. Mot S HlolHME 78 chggk |STM 28 o 213 ¢

Optimal combination of variables for Jeju
LSTM_a LSTM_b
power_lag1 power_lag
power_lag2 power_lag2
power_lag3 power_lag3
power_lag4 temp_lag
power_lag5 temp_lag2
temp_lag1 local_atmospheric_pressure_hPa_lag
temp_lag2 local_atmospheric_pressure_hPa_lag2
local_atmospheric_pressure_hPa_lag1 power_rolling_mean_3
local_atmospheric_pressure_hPa_lag2 power_rolling_std_3
power_rolling_mean_3 power_rolling_mean_6
power_rolling_std_3 power_rolling_std_6
power_rolling_mean_6 power_rolling_mean_12
power_rolling_mean_12 power_rolling_std_12
power_rolling_std_12 wind_temp_interaction
pressure_temp_interaction pressure_temp_interaction




E 1. M Fatcke S& ol AME XGBoost 22 MsSXE
Jeju XGBoost
Compare Compare Compar
Model name R2 Base MAPE Base sMAPE e Base
Model Model Model
XGBoost_basic 0.88 0% 9.38 0% 6.52
XGBoost_a h
XGBoost_b
XGBoost_c
XGBoost_d

% 119+ XGBoost_basic ¥ 4
g Rd, 55 d9e] edon SEHATY. 3 Xde R? - 083, MAPE
= 938, SMAPE = 652% By 53 o= gL E B}

HbH - XGBoost_a 2@ Optuna 7]4Hke] slolHuelnlE 25 A z-score
oA A A, Az & o5 FA 7Iwke] 54 A A (lag, rolling), W5 F A5 A
€ 3 (interaction term), SelectKBestE &3 54 A d] Huber Loss A& % o
&t 17 7IHS TESAT o 23 R*E 09002 2.27% F3E 3, MAPE
T 5582& 40.45% 7rax, sMAPE 9A] 5502& 1561% #Astgich o= 2do]

oA sk o]zl ZATA HEEoH, AR =2 FHS THLR a3HL

XGBoost_b 222 XGBoost-a2l TU3k Fxolu oA Al A AN Akt
At R*’E FA8A 0900 AW, MAPE® sMAPEY: Z+7; 5943, 55952 A%
Fastat. ol oA AAVE AF HE}me FAAA FTFS A3

KelcN
s, 55 MAPE ZWeld 4% At Feegh o434 AA9 §77 &

33, XGBoost_c R4S

AE AAsEL, G AR
E4S Frregh ey AnAH oz R 01892 H7H(-785%), sMAPE:

R7871= S 7H+34.77%)3}t
3 go]EHE olx=

;R
id
o,
rlr
>
offt
)
)
x
k%)
o
o
>,
>
>
fr
r
E
Lo
)

>Pﬂ
M
=il
e}
ftlo
N
)
ofr
oX,
o,
%0,
o
=
ﬂJ
)
N
(T
=
i
i
o

232

% wol=z A8WE S Ad@h 3 AxE DA 54 OﬂXMOJ%Ol 3



3l Aes AN 7le Yoz 2§t
x| 2o 2 XGBoost.d =4S XGBoost_col A o] AXx A AR A3 F-Fo]
Lt} R? = 0072 7MY 92 AH5S Ko MAPEE 719532 7]|& 24 thy]
el 667.00% ohsH gt ol: Y 54 F7 L BAW stelsnue @
Aol @3] A3t overfitting) oW AR EHZ o] H S JteAol won, &
3 ol gA AA glo] AAD Ak I Bl ST FhE PRI} S B
NS THFAN Aoz FAHEY
LoF3lH, XGBoost 71HF Edlo] e whed] B 2o =YERYgE A
A ol 4H AA, folviF 5 HE, &4 g FAH FR ol w2
Aol S H ol 53], XGBoost_a R&L2 AA Fx #dS AHs FASHH
g Ao I S5 Hse B
E 12, M At S ol ME 7|8 Cti#ZF XGBoost & ol &
W AN 8
Optimal combination of variables for Jeju

XGBoost_a XGBoost_b

power_lag1 power_lag1

power_lag2 power_lag2

power_lag3 power_lag3

power_lag4 temp_lag

power_lag5 temp_lag2

temp_lag1 local_atmospheric_pressure_hPa_lag

temp_lag2 local_atmospheric_pressure_hPa_lag2

local_atmospheric_pressure_hPa_lag1

power_rolling_mean_3

local_atmospheric_pressure_hPa_lag2

power_rolling_std_3

power_rolling_mean_3

power_rolling_mean_6

power rolling_std_3

power_rolling_std_6

power_rolling_mean_6

power_rolling_mean_12

power_rolling_mean_12

power_rolling_std_12

power_rolling_std_12

wind_temp_interaction

pressure_temp_interaction

pressure_temp_interaction




E 13 223 X1 LSTM 2 MsSX=E

Morocco zonel LSTM

Model Compare Compare Compar
name R2 Base MAPE Base sMAPE e Base
Model Model Model
LSTM_basic 0.983 0% 1.95 0% 1.93 0%
LSTM_a 0.986 0.305% 1.92 1.538% 1.89 2.073%
0959  2442% = 4027 108313 3915 | -102.85

¥ 139+ LSTM basic 71+ =4 R? = 0983, MAPE = 1.95%, sMAPE =
1.93% 7] LSTMRIOE%® ojn] &2 Ay v oF ox5 Rl
LSTM_a R? = 0.986 (+0.31%), MAPE = 1.92% (—154%), sSMAPE = 1.89% (—
20792 wiz Aatsh-ak AAd-2pF A Aol A AAE =98 BE AR
7 2aEA AT AR1E o)A AAR wol=rb Fal, w3 AFsrt g
AL Eo] oF AUErL A2F A5 LSTM b R? = 0959 (—2.44%),
MAPE = 4.03% (+1065%), sMAPE = 3.92% (+102.9%)% A 7F3}-3tx} zAxt
At oA AAE W A3, AW oA A% AA obstE A IS
2E doly #AES ety SwA7E adE grgds 2 X b v o] AR
LSTM_c R? = 0.997 (+1.42%), MAPE = 0.81% (—586%), SMAPE = 0.80% (—
583%)%2 &4 z-score ©]°FA A AL Huber Loss Aoz HE A FolA A
o] AxE Ak Y9l Huber Loss7F #e 2xkdl MSEXE, & 2xkql
MAEX#H 2hg3tm <td Al stxs F=stal, 4 ol 4A dAHR AXs7t =
ol=2g F¥HOoR Ao}

LSTM_d R? = 0.851 (—13.4%), MAPE = 6.90% (+254.1%), sMAPE = 6.60%
(+242.0%) % Huber Lossit AW o] 2] AAE A&ty o= o] Hoto
2 "olyrt. Y02 Huber Loss® ZAAdwto=ze= S9@x=2 gk 35S
3 WA R, eA7F AA gl 2% el Hxeld LSTM a(o]/d=
A o+ Aatsh), AWg oaF Haste #yo] "QsWH LSTM_c(F4 o)A
AA + Huber Loss), 7b& ®13tg @ap o7k Fasttbd LSTM ¢ ol
A9 Es sty o= A® oA F&o] sbedttd LSTM b & 3@ vt



¥ 14, 223 X991 HO[EHME 7|8 CiH

2t LSTM 220 gl w4

Optimal combination of variables for Morocco zone1

LSTM_a

LSTM b

PowerConsumption_Zonel_lag1

PowerConsumption_Zone1_lag1

PowerConsumption_Zone1_lag?2

PowerConsumption_Zone1_lag?2

PowerConsumption_Zone1 _lag3

PowerConsumption_Zone1_lag3

PowerConsumption_Zone1_lag4

PowerConsumption_Zone1_lag4

PowerConsumption_Zone1_lag5

PowerConsumption_Zone2_lag1

PowerConsumption_Zone2_lag1

PowerConsumption_Zone3_lag1

PowerConsumption_Zone2_lag?2

sum_all_zone_lag1

sum_all_zone_lag1

sum_all_zone_lag2

sum_all_zone_lag?2

PowerConsumption_Zone1_rolling_me

an_3
PowerConsumption_Zone1_rolling_me i PowerConsumption_Zone1_rolling_me
an_3 an_6
PowerConsumption_Zone1_rolling_me | PowerConsumption_Zone1_rolling_me
an_6 an_12
PowerConsumption_Zone1_rolling_me : PowerConsumption_Zone3_rolling_me
an_12 an_3
PowerConsumption_Zone3_rolling_me : PowerConsumption_Zone3_rolling_me
an_3 an_6
wind_PowerConsumption_Zone2_inter | wind_PowerConsumption_Zone2_inter
action action
pressure_PowerConsumption_Zone2_in | pressure_PowerConsumption_Zone2_in
teraction teraction
# 15, 223 X[21 XGBoost 2 M=K &
Morocco zonel XGBoost
Compare Compare Compare
Model name R2 Base MAPE Base sMAPE Base
Model Model Model
XGBoost_basic 0.975 0% 2.51 0% 2.5 0%

XGBoost_a

XGBoost_b

XGBoost_c

XGBoost_d -79.282%

- 70

-549.96%




ke
o
e
~
re
i

dlo] XGBoost_basic2 R? = 0975, MAPE = 251, sMAPE =
259 =% AeS Bt ol 7IEAQ Fxwtog: djd A g AAD o
5 Al el AEel w2 AEEs 7AW, vl Ve o e AddS v
Wt XGBoost_a 2@ Optuna 7|8F stolH hetnH &4 z-score ©]7=] A
A, gt Az 2 olFs FA EA, 43528 3 SelectKBest, Huber Loss &
A 7IEE EgEAT dg EEe R o= 09912 1.641% FHEH Ao,
MAPE = 0918 (-63.4%), sMAPE = 0817 (-67.32%)Z d& HATE ZHA
2 Fo Jds AT ole oA AASY 5 Y AUA E3E B
T AR, o= A F g g FHo| V9SS o F Ak
XGBoost_ b B &2 XGBoost_a®} L3 Fx2A A o] FA] AAR Akt nd
olth, R* A 0912 & L3tA R, MAPE® sMAPE+
dsstAtt. ol oA AAZE gl e vUmA 1
As FRIF Jheet, vt AT Aol = ¢
o F R B 7)o md ojn] @43 de e B
Wk XGBoost_c= z-score DA ¢S Optuna® A& BAsle] o] 4x= AA
3, ¥ AH S 233 time featureSS F7F3F ot 18y R? = 0.211,
MAPE = 16532, SMAPE = 16,0312 A'5o] §243] <ttt o= 2534
o dolHZE H=3HA A AsAL, time featureZ} o
Zo 2357 FeS FUhe A5= siMdn. 53] AAIYE &7 g dolE
3

A BEZed AR W) E9le BE duksl oS A ¢ dsS HAFE

XGBoost_d E=S XGBoost_colAl oAz A AE AeFel FFo|t} R? =
0.202, MAPE = 16.846, sMAPE = 16.249% o]Hd3s] Aol A=x3tt}t. o= <4
ot

2 9ol
BoRe of1E & Qon, 55 AF AgelAe ved PRt odd d &
£49¢ e

le)



¥ 16. 23 X911 Ho|HHME 7|8+ Ct#HZF XGBoost ZE 2| @iz B

Optimal combination of variables for Morocco zone1

XGBoost_a

XGBoost_b

PowerConsumption_Zonel_lag1

PowerConsumption_Zone1l_lag1

PowerConsumption_Zone1l_lag?2

PowerConsumption_Zone1l_lag?2

PowerConsumption_Zone1_lag3

PowerConsumption_Zone1 _lag3

PowerConsumption_Zone1_lag4

PowerConsumption_Zone1_lag4

PowerConsumption_Zone1_lag5

PowerConsumption_Zone2_lag1

PowerConsumption_Zone2_lag1

PowerConsumption_Zone3 _lag1

PowerConsumption_Zone2_lag?2

sum_all_zone_lag1

sum_all_zone_lag1

sum_all_zone_lag?

sum_all_zone_lag?

PowerConsumption_Zone1_rolling_me

an_3
PowerConsumption_Zone1_rolling_me : PowerConsumption_Zone1_rolling_me
an_3 ....... . L. o W an_6 ....................
PowerConsumption_Zonel_rolling_me : PowerConsumption_Zone1_rolling_me
an_6 ............ o + an_12 ....................
PowerConsumption_Zonel_rolling_me | PowerConsumption_Zone3_rolling_me
ang12 o an_3
PowerConsumption_Zone3_rolling_me : PowerConsumption_Zone3_rolling_me
an_3 PP an—6 ....................
wind_PowerConsumption_Zone2_inter | wind_PowerConsumption_Zone2_inter
action action
pressure_PowerConsumption_Zone2_in i pressure_PowerConsumption_Zone2_in
teraction teraction
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B oAl2"o] sjuke Python 3.10 7]19e] Flask ¢ Z#lJdY= 9ol A
o]Fojxoen doly AH-EHS 93 Pandas, NumPy, SciPy,
StatsModelsE& &€& 3t #HAled 3 deid & g55el= TensorFlow
2.10.0, PyTorch 2.3.0, XGBoost 2.1.4, Prophet, Scikit learn 1.6.1,
NeuralProphet 0.8.0& AF&dow dHolg o] Asol= SQLAlchemy
2.0.38% Flask SQLAlchemy 3.1.1S A -&3th AL82F A5 HES 9
3 Flask Login 0.6.3, Flask Bcrypt 1.0.1, Flask WTF 121& =43
o THEA= Fd8L2 HTML5-CSS3-JavaScript 7] WFS] React(H A 18)
¢} TailwindCSS, NiceGUI 2.11.1& Al&8-glow, A|Zts golHdg =
Plotly.js, Bokeh 3.7.2, MatplotlibS &-&3alth 7|ek-u3E ylo]ZelelS Git
BA #9, GitHub Actions CL Vercel &~ H (verceljson)o & TA3FA
ow FVdEA (venv)¥ pips € FHAES AT 9 AAE
Windows$} LinuxE R Addty, AT A4S ¢s CUDA A

GPU 87 & 7|wto =z g ~EQTHE 17, [ 18],

E 7. HW A& 2
CPU 12th Gen Intel(R) Core(TM) i9-12900K 3.20 GHz
GPU NVIDIA GeForce RTX 4060 Ti
RAM 32.0GB




E 18 SW 4 =
Category Detail Tech name Version
Flask
Core Framework Python 3%
Pandas
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