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Deep-learning based Predictive Model For Energy Consumption
using AMI Data
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Abstract

The domestic energy consumption is increasing every year, and the industrial sector, which accounts for a large
share of it, needs to be managed efficiently. This requires more sophisticated usage forecasting. In this study, we
collected AMI (Advanced Metering Infrastructure) data and weather information and built a power usage prediction
model for the industrial sector based on deep learning algorithms such as XGBoost, LightGBM, and LSTM.
Additionally, we differentiated types of power usage patterns through clustering and trained prediction models for
each cluster. As a result, the LSTM-based model exhibited the best performance, and it was observed that clustering
improved the model's accuracy. Furthermore, through variable importance analysis with SHAP values, we confirmed

that industry, temperature and number of employees are significant factors influencing energy consumption.

Keywords
AMI, deep learning, electricity consumption, LSTM

* BAYEL AYH BT st
- ORCID: https://orcid.org/0009-0003-4864-5836
w37tk AR} Ba@AARD
- ORCID: https://orcid.org/0000-0002-9005-3661

* Received: Jul. 27, 2023, Revised: Aug. 22, 2023, Accepted: Aug. 25, 2023
+ Corresponding Author: Hanjun Lee
Dept. of Management Information Systems, Myongji University, Korea
Tel.: +82-2-300-0772, Email: hjleel 609@mju.ac.kr


https://crossmark.crossref.org/dialog/?doi=10.14801/jkiit.2023.21.10.29&domain=http://ki-it.com/&uri_scheme=http:&cm_version=v1.5

30 AMI HlolHE 283 Held 7we] ouA] ARG o5 1

.M 2

424 A Aol 4 Adelgt & < U=
HHolEl 9} AFAS 7Ee tefet £oke] AlE A
SIE At ok AAY Asd MY Q=
Z}el ~nlE JElEs O gEAHQ Alg F sl
Y. 20lE s FIAY ASA A5 AN
1 AH FFE TFss ske AEwoEA AniE
age A9 Z4 8491 AMI(Advanced Metering
Infrastructure) & 7|HFO.2  oFdF AFo] 7HEsiH,

0% Balo] AHBL 2AY 5 e Yol o4
otk 2nlE delEddE A%d WY A A

ZHE Fote tivtE Y AREE HolETL 1%, 3%,
T @92 S8 olFA =44 dHolEe Y
A &g Axst #4355l Ay £74 e =
gt gt H2os &40 ksl

gh 7gA 2 ake] digrestE et A
ARl FE 8kl itk shARE AE Al 2wle) ok
FFL diritt AR drizar 1o} ol i
ol Q7= Q2] AdAFeAE AMI H|o]
BE 7o AgAgde 53 8 JAUBEHT.
I o3 dEe FE 7MY HEol HolHE

BASgOn oldrA ] HES ton 44
q

=
)
o
£1]
e
P‘E
ro
=
L
:?g‘
r
e
—z
S
(R
1
B>
R
rr
ox O N rlr b~

ol
o

rfo
bt
g
)y
bt
offl
e N

(o3

ToF B ARAT RIS afskaL 37
w A7 Aol thete] At 4%l A
AT AHE AnsH, sl A& A A
AE AAskaLak g

rirorir

.

2
(]

oI

2.1 AMI HIO|E{E &&3 Maod7

)

=

2nlE aelet A9 284 SUske AfEe
mef ouA s st
4 F e Tt

ol

wAS AHATE P ATOE AYHgFs 24F
02N AqUAE T&HOZ AT & it 2n)
E 95 & dst g5 dAxdde] vz
AMIC|TH2]. AMIE ¢ AG5o] 7Hsd AvtE
UHE A|33tal, Interval data, TOU(Time-Of-Use)

|

data 5 71 AFIoe OE A2E HolHE Al
L g dom AMulxe AAs siA7t Thssit
[8]. AMI A|zgle] slA] A9l HolE HF A
(DCU, Data Concentration Unit)2FH 7+ &7}
ARES FRst] A Alzgd] dFstd £4 9
Al e AA A9 ALE FRE LA A
T 7 ATH2l 2FtE agE @A AMIE
ol AAeR AY AL HolE7F SHHH o]
27 Ade HdolHE Z83 vkt dAFEol
Y= JATH3]-[7].

[3]9] dFollAe AMI HoJE{9} K-Means %3lE]
To Z8sto] 2AE Y ARE o] Hsto] &

Fak @419 ArdAE 313 SYE HelHE
o7 MY AgFE A58k dHeld 7] B
AABIAS [519] ATollAE K-Means €aLE]
S Y A el #R38 $ AEY g
< 7htez awAelA A 7Rd7)71e A
AEZ S8 [6]9 ATl SAEUY
, 7159 22 AAE FHHA @A Seasonal
ARIMA(Autoregressive  Integrated Moving  Average),
TBATS(Trigonometric, Box-Cox transform, ARMA
errors, Trend and Seasonal components) =2, 277
zdS 7gto gAY ARFS 5t ol
AgATAME 20tE s 4stA RS
AMI dloJEje} mAley g ged 2 S& Fdt
of A9 AgFS dFside A3 M T2
Y AR B4t HolA fAMde et

g, AMI HloJHE 7IRle s 4 BE A
AHES B AdgdATE oAl At [7
of AFdME Y AEEY ANt IYPARE

5 3

7

b

@ N > d
ofr

o o T

|

o)

o ™ omN
oN
N

o

1

—

dEshe 2dS AAEReH oE 5t A=
<53} CNN(Convolutional Neural Network) &L
< 4839



Journal of KIIT, Vol. 21, No. 10, pp. 29-35, Oct. 31, 2023. pISSN 1598-8619, eISSN 2093-7571 31

A7) ATIHE AMI HlOlEIE BEs] A
28 BASGo A4 Y Aedo] oz
9 Aol 24E Ttk oo &

&
-
i
2
[N
ol
rl

5

22 Eeid 7lgtel M of £

AT = XGBoost®t LightGBM, LSTMZ}
Hd Age REES A4 &&stax
b 2dof o Awe oS3t 2.
A XGBoost= Eg| 7IHke] H2H B
GBM(Gradient Boosting Machine) @0l 4] ¥
stedlol HAg 59 MdE =%dst
Tdolti9]. XGBoost?] 4% shite] 2
S5 o B dARS Ve R Bshe
ozt HlolEINESE FHS AH tolHE 283
5 AE bolE Wl HAZE e Bdo|t). 7
| dRkARl AAR U Y 2 B
o GBM 7I"& Batel uRrt BAEld g
Az 2 3|43k Sparse) HOJEH T LS W
A = e Aol Aol

LightGBM2] 73-% XGBoost®] ©d& Hsl=
waoz  JjdE  mdZA  GOSS(Gradient-based
One-Side Sampling)E &3t HoE|S] YFRICRE
WA AR o5& AN & 9oy
EFB(Exclusive Feature Bundling)E &3l feature®]
FE 29 4 JuH10]. LightGBMLS o]} z-e wf
W& o83l XGBoost HHl &5 48 NS &

rol my
_]\I

=
=
o
H

Drop Duplicate

Raw Hold—out

Dataset

Preprocessing

Preprocessed
DataSet

Training
Model

°]= GBM 7|4t mdlojt,

LSTM(Long Short Term Memory)< 7] Simple
RNN®| Long Term DependencyE 3l23}7] 13+
2ok meo|ti11]. Cell-stateS S3to] o] E}Y
2819 hidden stateE A4 FZSHH Forget gates
E3ta] o)A Cell stateol o] ARE 7]g&x] AH
gt Input gates ot TAL HEE cell state=
Hal5™ Output gateE &3t HF outputs A4t
e Rdojt}y, HY AREF oS fof YA
A LSTMe  ARgstel mdEs Agk v o

=
[12][13]. & dAFdAe 47 2ds 747 &8atd
% Rds S8t 7P Aol % EEs

2 A9 MEA A8 Axks 29 1004 B
= e} Zoh 9, Al HuoE  EFHE
https:/bdp.kt.cok/)oll A Al Fgshs AEE AY ALE
F ARE Bl dolHE F4%Th 181 dolH
AAeE 4% H stge st HeolHE £
ot I 3 A TR Held RES ot S
&< APstal, Aes Brigth APATF Aol A
THIE AHEslY 2l Hes =9
AFAME #H3E Fgstn 74 wHEE =Y

Model Evaluation

[ xaBoost | Lighicem | tstm |

Predictive
Model

Clustering

Training Test
Model

Model Evaluation

a8l 1. 97 58
Fig. 1. Research procedure



32 AMI Hl°lHE 283 |l 7we] ouA] ARG o5 1

32 tlole &=t Ho[EME T4

B dAFoA 5o 83 HolHE AMI Hlo]
E|ZA 2018E5E 202197H4 9] AMIZ &
& AY ASF Hlo]Eolth. KTitoll A B3t
Al Hdole] ZEEoA i tlolEle] gt %
o] /bsditt B dApdAe EE-FYA F

(
==

B
I rl ot oX

AgEe] =& AHFANE B4 o= HAs)
Aot dHoly W] ®Wole 4 Y(Measurement

date), =4 AlZH(Measurement time), 58 (Industry
name), A7 A 7HActual working hours), 45 <54
*(Number of resident workers) & 45 H& AR}
A &5 (Temperature value), % S(Humidity value)
s AR 2 Z Y AREHSG
electricity usage value)2 ¥t} F W= A%
% (Manufacturing) & %

Atk 1% AzHe 4
A8k 9o T 9 4w (Wholesale & Retail)
A5 °F 10%E AAStL itk F7HH s 274
THE AH HgE AL 259 5
283 EIA4(Discomfort index)2t= HMTE
7tE st EAd &&t5th AW A4
2 A2} FEAA T AHHE S4EF volH
HE dAlE 119 2004 He npeb 2o

B dTdAe A ARF d5E AT IAR
IS5 ARKIE ol sl oA FRIFE HolHAE
oM WA FE deolHe AZA A|A, Label
Encoding 5 AAE &AHES FHstATh. AA dlo]
B AME+ ZF 8334507H0]H, 583 HASE 2

g N 8 e fo
o o

)
=

33 0% 2d =

B Ao A= XGBoost, LightGBM % LSTMS
AHgstel mEls FHsiglon Rde sholuu}
g FYd< At 9A XGBoost® LightGBM
2 HyperOpt gto]Be|2]E &-&3t3 =t XGBoost2]
max_depth 9, n_estimators= 876, subsmaple< 0.99,
00172 AA393  LightGBM2
max_depth= 10, n estimators= 874, subsample
0.68, learning rate:= 02622 A& UTE LSTMS
F 97he #ololz TSRO, T gty
Blo] 7irE 2,868,737/t LSTMZOll= BILSTM
& A&std g9 AGEE FANFem 7
LSTMZ® LayerNormalizationS 2]-g§-8fo] mdlo] <F
BRAE FINAT. 7 L3RS Abeldl= Dropouts
Agste] #AFS WA 7] FHES
le-30]2L Adam wE|vlo]AE ARESte] Sh5atqith
g5E 2AEHY % Reduce On Plateau A&
s Eoto g5 AYEE 9T

learning_ratet™

[e)
2ds

Iv. o472 A}

41 85 g7t

2

9 Aol o@ WAEE el Arige)
%l MAE(Mean Absolute Error), 22| A<
o] A<l RMSE(Root Mean Square Error), 1
MAE®] 252 MAPE(Mean Average Percent
Error)E AH-3+ T

M o o
R MY

= . H 3=
B2EL HolHE 727 6208 Bdele] wd 7
=0 =7 =]
%9 AT,
Day of Public Number of - Actual . SG
Measurement Measurem.ent the holiday Industry name resident Temperature  Humidity Season working D|sco_mfort electricity
date time value value index
week status workers hours usage value
20180401 0 Sunday VAR ccemnooaton 2 10.8 730  Spring 10.0 low 1.742
& Food
20180401 1 Sunday y Accommodation 2 11.4 73.0  Spring 10.0 low 1.381
& Food
Accommodation .
20180401 2 Sunday Y 2 11.5 68.0 Spring 10.0 low 1.585
& Food
20180401 3 Sunday Y A°°°mm‘;d§"°" 2 1.9 650 Spring 10.0 low 1.687
ood
20180401 4 Sunday VaRacccmmodation 2 12.1 64.0 Spring 10.0 low 1.209

& Food

J% 2 HIO[E{ME ofA|
Fig. 2. Dataset samples



Journal of KIIT. Vol. 21, No. 10, pp. 29-35, Oct. 31, 2023. pISSN 1598-8619, eISSN 2093-7571 33

A AFE BT 0l 7P E E¥Y AT
L AR JHT & I B =RAA TEF
1A mdo] J=o 7247k ¥ 194 BRE upel 2o
29 ko] Apol7d A= &skou Al Ax JE
LSTM 7|4te] o] & mdo] efnd ojn] 937} 3
ATk WEES 7|HoE 7] wiol] sfstr] &
o]3 MAPE #< TAE & uf B =R Agt
S LSTM B9 o =zk3 AA AZAEFo] 16%
AE Apojdta & 4 Stk

¥ 1.2 72 M5 dHlw
Table 1. Performance comparison among the models

Model MAE RMSE MAPE

XGB 1.2002 2.5876 1718

LGBM 1.2384 2.6590 18.16

LSTM 1.1140 2.5651 16.24
42 EN8 L%

2 dTdMe 7P ¢ A4S Y LSIM
Utﬂoﬂ/ﬂ HEEY FAEE RluEAs] sty
SHAP(SHapley Additive exPlanation)s 83}t

HAPS /W oS3kl thgh ) “ﬂ-/ﬁ"é‘«] FJFE =
Shapley ValueE &3t Yeh= WHozA 24

o] g|Xz} Aol &-&Ht{14]. SHAP &4 A=
a9 304 B vkel 2t} X5 Shapley Value
HOoZA Hugho] 245, A L3 54 49

Shapley Value 2% W97} HE4E ZFHS|
& FFYo] Ave AoR AT 4 itk 18
RS W3E Aol TPk e WY Fhol A
s Ao 7AETE A2 As Yudket 5
AR A TR0l AHTTFE A5 F&T
Aget & 5 Stk I8 30 mEd 2k

= J)x

(Temperature value)S} <5
z4, aga AF

5 (Humidity value)
TF A (Number  of  resident

workers)7} %1€ *}%F)ﬁoﬂ Fdo] & T8 WS
Z Ushgth 538 AF 274 79 A4 @l =
=5E Y AT dFe Bol A= Ae &
AL & Atk £E9 5 #ol w5 Y A
&0l B e T F Ao FE= #ol
S2TE AYAEF TS Bel HAE Ae
gelg 4 Atk

Actual working hours
Measurement time

Humidity value

Temperature value - e -

Number of resident workers

l

Day of the week
Accommodation & Food }-
Public holiday status "

Manufacturing

Business Facilities & Leasing

Season

Feature value

Discomfort index

Real Estate

Construction

Education Services

Professional & Technical Services
Arts, Sports & Leisure

Health & Welfare Services

Wholesale & Retail

PRI N G O O 4

p——
-

i

|

i

1

}

-

-

}

Associations & Repair Services

Low
-10 o 10 20

Shaply values

18 3. M52 SHAP value
Fig. 3. SHAP value of the features

AT HHE Hyss AvRd s 9 54
A (Accommodation & food)¥} | 2% (Manufacturing)
o] MY ARl 7MY F TS PIXE As 9
& itk v O 9] AT A AYAEF
of ek dF Aoz A2 A gkt

l

APALES] AHE %
AsE YA K—Mean dugEes &3t
TEHFY AY ARFE AT =
He a5 59 X”‘V\*‘E | fx
2 Adsidnh 73 Aol st +-SNES 53l
A4 A4S A4skstd 19 49 2.

1507 clust

N o

100 4

50 4

component 1
(=]

-501

-100 4

-150 1

-l|50 -1I00 -E:O 6 Sb 160 150
component 0
" 4. ololg Z& AlZtE
Fig. 4. Data cluster visualization



34 AMI HolHE 283 |l 71we] ouA] ARG o5 1

i)

44 #E st = 2H ©ot < Flih =3, LHE Foke] Y AR
29 3o WE 5 mdS 7EIoEA 2d
T3} F rdo] Ade WIE st 4 o Aee AxAE g it B dFelAs 1F
THEE MAE, RMSE, MAPE & 73 23+ & Qb 748 FE il B A9t REAd 4 F
2004 HE wpe 2ok 73 3 299 5ol =9 AYA-ga Adsto] Aol HA HY
Az A" Ae RIS+ dow Al 7k Bt zdo) 7dtste] FIE w2 oS 2SS At
ARE 2AE BE THTAA LSTM7IEE oS &= AT AolA ofnlE Z=tt
do] oxph g e Ao gt 53 0w ohed B Ao AdHe et gk @A
318 FHEG 28 TP 2E 2hY et AFHE HolEl A 9 FUE, 24 5o 54
HE a3 AL BT 5 YAk oo 7 2R AL IHHe) Yok & ATAME A AFE
of £9 dolEE AvE Az oW Pl TP o M wS AAS BHY gyow ddsge
P PEe T uAy W AEEA Auzger U #F AL giao s boE) Srdty
FgEo] itk o] YEEe ANHOD Ay A} HT i} folF B ANE AL & YL
geko] Aol T2 A Hla B3 A% MY ASE BRI &S HolH 3 AANA A
Zo] 2 Ao AL 7A Ao woEn A9 F5 9 e HolHE T wdsar. 92
dolele] F4& 4 Aol A HAsEe
22 st ¢ 28 s ull dolg 3 SA AR ol LF77}F ==
;it?jl(;sz Performance comparison among the clustered el "Wast 9ok
Cluster | Model MAE RMSE MAPE
XGB 1.0263 2.2560 1822 References
0 LGBM 1.0515 2.3144 1897
LSTM | 09709 23052 16.87 [1] S. M. Jeong and H. Lee, "A Consideration on the
XGB 14105 2.9482 16.17 value evaluation of AMI data as big data", KIEE
1 LGBM 1.4587 3.0226 16.85 Summer Conference, pp. 45-46, Jul. 2014.
LSTM | 1.3429 2.9885 14.84 [2] I. M. Ko, J. J. Song, Y. L. Kim, N. J. Jung, and
AGB 0.1319 0.1745 0.9421 S. K Kim, "A development of demand response
2 | LGBM 01352 01726 09515 operation system and real-time pricing based on
LSTM 0.1173 0.1524 0.7851

smart grid", The transactions of the Korean
Institute of Electrical Engineers, Vol. 59, pp.
1964-1970, Nov. 2010.

. i [3] N. Yoo, E. Lee, B. J. Chung, and D. S. Kim,
AUA ARGl dEd ARE FE 52 oY "Analysis of apartment AMI data and analysis of
o

V. 22 &

=
=
=
Jal

Ao meH s Al e Aol o] apartment AMI data and power consumption using
o & d7elMe AMI HloE 5 R 71 K-Means algorithm", Summer Annual Conference

& Z83ld dd 7k AE AL oS = of IEIE, pp. 506-508, Nov. 2019.
A Zﬂ?}é}(}i‘l:}. TIP3 SHAP w4e et A [4] N. Yoo, E. Lee, B. J. Chung, and D. S. Kim,
g AT A5 IFE HAE A s A "Analysis of apartment power consumption and
st ol Fdte sz A5 SFAT forecast of power consumption based on deep
So ws ® oieh Axgel B 4 g &4 ing!

learning", Journal of IKEEE, Vol. 23, pp.
AU 2E A Feol A9F o5 B 75 258-265, Dec. 2019. hitps://doi.org/10.7471/ikeee.
A 2do Ao FIs mA= fFou|dt "4 2019.23.4.1373.



Journal of KIIT. Vol. 21, No. 10, pp. 29-35, Oct. 31, 2023. pISSN 1598-8619, e[SSN 2093-7571 35

[5] J. M. Kim, J. B. Jeon, and C. H. Lim,

electricity
consumption using AMI data", KIEE Summer
Conference, pp. 35-36, Nov. 2020.

[6] J. Y. Lee, and S. Kim, "Time series clustering for
AMI data in household smart gird", The Korean
Journal of Applied Statistics, pp. 791-804, Dec.
2020.

[7] L Choi, M. Jang, and M. Choi, "Development of

operations prediction system using AMI data and

"Classification of home appliance

machine learning”, KIEE Summer Conference, pp.
1662-1663, Jul. 2020.

[8] D. G. Hart, "Using AMI to realize the smart
grid", In 2008 IEEE Power and Energy Society
General Meeting-Conversion and Delivery of
Electrical Energy in the 21st Century, Pittsburgh,
PA, USA, Vol. 10, Jul. 2008. https://doi.org/10.
1109/pes.2008.4596961.

[9] J. E. Engelen and H. H. Hoos, "A survey on
semi-supervised learning”, Machine learning, Vol.
109, No. 2, vpp. 373440, Nov. 2019.
https://doi.org/10.1007/s10994-019-05855-6.

[10] G. Ke, Q. Meng, T. Finley, T. Wang, W. Chen,
W. Ma, Q. Ye, and T. Y. Liu, "LightGBM: a
highly efficient gradient boosting decision tree",
Advances in Neural Information Processing
Systems, Vol. 30, pp. 3146-3154, Dec. 2017.

[11] S. Hochreiter and J. Schmidhuber, "Long short
term memory", Neural Computation, Vol. 9, No.
8, opp. 1735-1780, Nov. 1997. https://doi.org/
10.1162/neco.1997.9.8.1735.

[12] J. H. Lee, J. S. Kim, Y. H. Ahn, and W. S.
Cho, "Daily forecasting of energy demand using
SARIMA and LSTM method of support decision
making on V2G", Journal of Korean Data and
Information Science Society, Vol. 30, No. 4, pp.
779-795, Jul.  2019. https://doi.org/10.7465/jkdi.
2019.30.4.779.

[13] Y. J. Nam and H. H. Jo, "Prediction of weekly
load using stacked bidirectional LSTM and stacked

unidirectional LSTM", The Journal of Korean
Institue of Information Technology, Vol. 18, No.
9, pp. 9-17, Sep. 2020. https://doi.org/10.14801/
jkiit. 2020.18.9.9.

[14] S. Lundbergand and S.-I. Lee, "A Unified
Approach to Interpreting Model Predictions",
Advances in Neural Information Processing
Systems, Vol. 30, pp. 4766-4775, Dec. 2017.

SN

Zl = 35t (Dong-Ha Kim)

20183 2 ~ @A) : WA
73 9A 1}t AL

ARk HAYY, HEY,

Aol Ae, 51424

0| 8t & (Hanjun Lee)

2001 2€ : Agdstn
756 3 8HaH(F 8D

N = =% 2004 2€ : A2U)dtw
S S8 A

FRYATY AYATY
]

20189 3¢ ~ 20201 2¢ : SISt 2wy

2020 3¢9 ~ @A : BAWIR Fus

TRk A, Adio] A2, RN LH, AR}
e



	AMI 데이터를 활용한 딥러닝 기반의 에너지 사용량 예측 모델
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 선행연구
	Ⅲ. 연구 방법
	Ⅳ. 연구 결과
	Ⅴ. 결론 및 시사점
	References


