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Machine Learning-based Electrical Energy Consumption
Prediction

Sungyeon Yoon + Sumin Oh - Jiyun Kim + Minseo Park

Department of Data Science, Seoul Women's University

Electrical energy is a fundamental resource widely used in both daily life and various industrial sectors. Accurate
prediction of electricity consumption is critical for managing electrical energy. In this paper, we propose a
machine learning model to predict electricity consumption with data from the City of Chicago in Illinois. We
modeled and validated five models: Linear Regression, Decision Tree Regression, Random Forest Regression,
XGBoost Regression(eXtreme Gradient Boosting Regression), and LightGBM Regression(Light Gradient
Boosting Machine Regression). The LightGBM Regression has shown the most suitable model for predicting
electricity consumption. We also visualized the effects of independent variables on electricity consumption with
XAl(eXplainable Artificial Intelligence), SHAP(SHapley Additive exPlanations). We expect that our proposed
model helps predicting and managing electrical energy effectively.

Keywords: Electrical Energy Consumption, Machine Learning, LightGBM Regression, XAl(eXplainable
Atrtificial Intelligence), SHAP(SHapley Additive exPlanations)
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A7) U A = YA S of 2k Ak ek A S8 H =
8 oA ALY ZF slbo]th(Massoud and John, 2008). 21325
(Artificial Intelligence, Al)2] W23} g7 A4S Al(Generative
Attificial Intelligence) Al TH7F el A A A 2 0.2 2 7] o
A9 2H]7} 2 Z 0 7 Z7181 3 9l th(Douwes et al., 2021). &=
Al(Open AD)9] ChatGPTE Z 9 & 3 ¥l TS wjv}c} 2H]F
= 7] A = ¢k 2.9 SLE A (Watt-hour, Wh) 2 7] & T2 A A
(Googling) ] F 10 ©]/3¢] 7 7] oA A 7} A E T}, = 4] o]
2] 7]7+(International Energy Agency, IEA)= 202613 A Al A ] ¢]
Bl MBS Azt A7) oA &HIFe] 1,050 HZHFEA
(Terawatt-hour, TWh)ol| ] & 21 0.2 M3} 1 9 01, 0]=2022
d A A A ol g AH o] A7t A7) oA ] oF2 34 ]

Ch(International Energy Agency, 2024).
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Hel & Adl A7) A ARFE Sk A7 2deA A
=3 I TH(Wang et al, 2018; Hosseini and Fard, 2021;
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THA Y AE-E AEE 5 glThU. S Department of Energy,
2015). O]"ﬂ H3}13]r3H T A NS AEAQ oA A4t
Foe dgE Feta, a4 F9 ﬁf%t:’_ i 7bA & A4
317] $18) Al(City) o] T &2 1 &0 &S EA k(U S. Energy
Information Administration, 2018). A 7] oY A] &1 %&] A4 &3k
A HelM e Fritd g2 713U 3FY, dF At 5= F
7 12 B 27} I Thhttps://www.usa.gov/holidays).

oo & =golAe o AR M & AR, TF9
AR AERE Adste F8 B deio] T Al7ta
Al (https://ilenviro.org/energy/)oll 7] AR E FF38tAL &
AHL 2 o] &(Commonwealth Edison, ComED)2] A| ZHo)
(hourly) A 7] AlAA] &HIFE $41 o Z(Prediction)3t LA}
o A7) oA 4w ge] W7t A7k 53 #Eo] ¢l
u, RS REEA] AZEAQ] fERto 8 AR EE AL o
U 7] i &o|th(Xie ef al., 2024). A7) o] JA] 2|5 o 22 7t
o tig g ZolnZ HAHY F 3] 7 (Regression) LS ¢
A A gtz g,

39 md & LU YW 1 R
]E7]H}O§/\H§Tﬁﬂlﬁz\r‘oﬂm + fx
+ 29 o|t(Zailan et al., 2020; Oh and Park, 2024). 3] d&
AHg3t X 7] oA Anl g oS3 oA F 2 A1E 2R
st} 571A] 37 2 (A8 3] 7](Linear Regression), 2| AHE 4 E
] 3] #(Decision Tree Regression), B @ L& 2 E 3] 7 (Random
Forest Regression), XGBoost 3] 7 (eXtreme Gradient Boosting
Regression), LightGBM 3] 7(Light Gradient Boosting Machine
Regression)) 2 & g8 U AES 3 34 Ao wd & Aokt
T¢ AY 7hs e Q1FA 5 (eXplainable Artificial Intelligence,
XAI) 71" Z 39l SHAP(SHapley Additional exPlainations)
(Salih et al., 2024)& g3k A7) oA An|Fo| FFE T+
2E& A H3E.
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zdof sl At A4l A= waldd 71uke] 7] of
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2. A7) oA 201 ol 5e) 1Y AT

Wang et al.(2018)° 709 2R W, 370 ARE R 1709
AT HMF 5 F 1Y Mg 283ty 280 Hgtu
(University of Florlda o] Azt (hourly) 7] oL A] AH|
FE o &3t v4l2 Y (Machine Learning) 22 & A3t $
o} 37kA Halgyd 2d(eAEd E 8 F(Decision Tree
Regression), #E E#2E 3] F(Random Forest Regression),
SVM 3] (Support Vector Machine Regression))= 283} &
9 &) (Modeling)3t 1, H|2ES B8 AY LH2E 3 A7} 7}

_Q__/':r‘l_

PR ATS Y FHG B3 AP S B2
(Day Type)’, ‘Al (Hour)’, ‘5 =(Humidity) 7} 7] Sl A] 48]
Fol 2 AdFE A E AL AT

A

Hosseini and Fard(2021)
7687H A& A7) A iﬁl

< Adsitt. 37k wAl g
ZH2E 39, K-HAIA ﬂ:ﬂ(K earest Neighbor
Regression))< %0}04 29831, HAEE 53 A9 =
H2E A7 7HE $4F 45E B FHEAT B9,
AdS B3 AA lr‘—O](Overall Height)’, ‘A5 H2(Roof
Area), ‘3 WA (Surface Area) o] &9 7] YA AH]
Fol &S WA= AS Ittt

Albuquerque et al.(2022)< 185719 M8 AH]Z(Power elec-
tricity consumption, PEC) H 4, 670¢] E# Ha 180702 X H
T, 6071 6) 7] o A 7HA W<, 7970 2] B A M 5 51074
o Mg Fgste} BHepdo AY anlg o 58 A A7
Fedeyd mdS 37 aeets S As ATk 2 ¢ &
Al 71 (A7) 31 T4 o] 53 o Z (Autoregressive Integrated
Moving Average Model, ARIMA), #'E 9] Z(Random Walk))Z} 6
Aol Hal#y 2d(Lasso 3|7 (Least Absolute Shrinkage and
Selection Operator Regression), LARS(Least Angle Regression),
Lasso LARS, Ridge 3] #l(Ridge Regression), Elastic-Net 3]
(Elastic-Net Regression), HE L # 2 E 3]7])& &-&-3) 23}
a, Eﬂ/\EEE"%ﬂ WA TYAE A A 5SS
skt
AP NG ATE2 EA A=Y A7) oA vl
AU, =7F AA Y] A7) AUA AHFS Tk 9
= ?’_ A7E ATt 13‘/} Uli“’ 7 F(State)Pket A4 H
2 EIHFANEE A
T} *”30}‘:} E}EV'] % =l A e vl 98 o] F(State
of Illinois)¢] A7k Al(City of Chicago)®] 7] A 4H]ZF
S o =337} 3o} Al 7FaL A(City of Chicago)oll B71E8 ¥F
3= AH L2 o T <(Commonwealth Edison, ComED)] 7]
2] Anl e o S8k mAl g Bd S AQHg

Z

3.YE
A7) oyA ARF 52 gl tEt dFeolnz, Haley
(Machine Learning) 5 3| j|’](Regress10n) & M A 8el B
Ak Aok B A= S o Seke hEAQ 3R 571
A5 A3 B} A8 37 (Linear Regression), 2JAH24 Eg
3] #(Decision Tree Regression), AE EL#H2E 3] F(Random
Forest Regression), XGBoost ] 7 (eXtreme Gradient Boosting),
LightGBM 3] #(Light Gradient Boosting Machine Regression).
w3 ndo] 43 53 AL AT 5 9= gEA Ay
7Fs & 182 %5 (eXplainable Artificial Intelligence, XAI) 7]
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! SHAP(SHapley Additional exPlanations)°l| T3} 4+ £},

AEA A A5 £ 37 29
(HA¥ §]?1(Linear Regression)
‘?i g oo =Hd
TE 2Hetry d et mald

1% 3] 7 4] (Linear Regression Equation)
sl =9 L‘T‘7} FEHF nA = FFS Hosta, 7t

o
=
SA(Weigh) & 53] 7 SHHFY SRS AHslr] £
af A E5Yds 1o A E HAHoz

(2) YAEA E 3 A(Decision Tree Regression)

IAEA E] FAE L E(Node)d] JAEA F2& 76k
© 2 4 o]E & A4 == (Child Node) 2 B &3t 714 -& HhE
3k, mpA g ] Z 5 (Leaf Node) 2] A4S 7|HO. 2 F43
Fo] #e d=a= walyy 2dojtNavada et al, 2012).
Lo BEe 24 Lo BT (Impurity)E 7|02 8
ol= H¢ AF 22K (Mean Squared Error, MSE)Z &4 3
G AT oo SAE dolEle] T4usY BTRE HE
A5G0 ASHT AAY Y 8§ 4T nos A
7bgke ¢ Qlo] & ZEof Hlﬁﬂ AR S olafstr] &ol
st} S Zle ey Wert 238 A9, A9 39
NN

=0

E 3] 7](Random Forest Regression)
Eﬂ/\E A= JAHEA EgY Y/3E(Ensemble)
Iz ofe] )Y grAad EelE 26t F5H
d 23k MAlEy Zdo]th(Segal, 2004). TH o
Training Sets)®| &5 3183t A1 &% (Sampling)s}
Bootstrap Aggregating, Bagging) "4 & €83 2 E
gt} EglYf S dlal SHs =3 749
atof AR 7 ERl Y] Ao Hi s HF
2830 A Y 2E A= HEFE JAEA
& 7| A8t 2%317] o &l 34 F(Overfitting)
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(4) XGBoost 3] #(eXtreme Gradient Boosting Regression)

XGBoost 371+ 2] /H9] JALEAA EYE ¢AHA 0.2 8
Fotd TEMTY Fe dSste GAE ZHoth(Chen and
Guestrin, 2016). ©] 2 E2]] 2 2}(Residual Error)& 7]¥F2 i
W] 7F A (Weighty S 245t 2l o= AT
A0 2 JfAsts TYYAE F 28 (Gradient Boostin )
A& AR F2EE O35 2R oS Fole WEL
2 Y o]& i AlF Ltz ST 27 oS4kl
BE F2H ARE 2388 43 2HE HF SR

Oo_,_,l:l

43t} 78 E(Level-wise) =& W42 AHE38L7] W&o
it 2 slolEol M= Al 3ol 7453 th(Zhang and
Gong, 2020).

(5) LightGBM 3] #(Light Gradient Boosting Machine
Regression)

LightGBM 3] 7= XGBoost 3] 79} P7FA & Tt A E
Hog dha g A g3k YAE RdothKe ef al, 2017). 1
du L7t & gz s =8 S oR £8P $A
(Leaf-wise) & W4 AH-&-3ko] T8 ol Hle] st5A2E

0

o] 2= 4ol gl

3.2 A 7158 913 A]*5(eX plainable Artificial Intelligence,
XAI): SHAP(SHapley Additional exPlanations)

4 e

AFAGL mdo] £23 34 9 AH}EZ A}

L7 A A = JEE FE 7ol H(Gilpin et al,

2018). SHAPS tiE 2l AH 7h5d AFA 5 7HeE, =
ya

Y49 F 8 5 (Feature Importance) & Al Zt8}slo] R o] 2

O

I =229 F2 298 HBHoE JH’S} b &Aoot
(Fryer et al., 2021). SHAP2 AFZ2] %k(Shapley Value)< 7] %k
07 7} Wyt B o) Ao vl ‘l O%Eﬂ—‘lﬁgﬂf‘f&ﬂ
(Lundberg and Lee, 2017). AFEE] #to] ¥ 4+ 3¢ =9
M7t S3E S7H7IEH, =5 73% AS%E TN

7leH 71d e Ao 2 s E 4 9l

4. NFFL A 9] A7) o A] &ul % ol S B2 AR

B ATl Ae A7t A9 A7) oluA] AnlEE o 5317
9l ek w212 (Machine Learning) 719+ 3] #(Regression) =2
S AAg: dolg 43 (Data Collection), HoJEH HA g
Data Preprocessing), =@ & (Modeling), 7 5 (Validation)<] M|
AZ A9 AR A9 A ZEA 2+ <Figure 1>
2t <Figure 1> ()& HolH 3 &, <Figure 1> (b)= H°|H

rSL oS

AAYE, <Figure 1> (o) PAIE 7] w R R
3 29 3L <Figure 1> (d)E BDH 9 AF S vt

4.1 9°o]€] =% (Data Collection)

Aol A3 Hl o Bl & 7] 2 (Kaggle)ol A 3 & th(David,
2017; Rob, 2018). 1] = Y ] 0] S=(State of llinois)2] A7} A]
(City of Chicago)ell 27| JUAE Fwdte ARL 2 gHi&
(Commonwealth Edison, ComED) 3] ALl A Al F-8}= 2012 10
2014 124904 20173 1€ 304 004174419 AlZHoE
(hourly) A 7] Al A] Au 24525070 2 Z-&3t} A7) oYX
A g GH Wl e} E Ao & Hol7] wigof A7kl Al
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Y (a) Data Collection —

Create Variables

Sumin Oh - Jiyun Kim - Minseo Park

(b) Data Preprocessing

Features Selection

- Electrical Energy Consumption * Month

* Holiday

- DateTime
! (YY-MM-DD HH:00:00)

* Working time

| - Temperature

- Humidity
" |1~ Pressure L

Categorical Variable VIF <10
One-hot Encoding * Temperature
Optimal * Humidity
Time Points * Month_January
Numerical Variables :
. + Month_December
Data Standardziation « Holiday

* Working time

o (c) Modeling ———

* Linear Regression

* Decision Tree Regression

* Random Forest Regression
* XGBoost Regression

* LightGBM Regression

(d) Validation

* R-Squared

* RMSE

* Accuracy(%)
* 5-Fold Cross Validation

Best Model
(LightGBM)

eXplainable Artificial Intelligence
* SHAP

Figure 1. Flowchart of Electrical Energy Consumption Prediction Model

A 71, AUGE, 719 H ol B & 84 &8t (Argonne
National Laboratory, 2022). 7] o7 An|ekd w7jtE
(Megawatt, MW), 7122 78] (Kelvin, K), JllsEc HAE
(%), 719+ EE 719 1,013 3 E 32 Z(Hectopascal, hPa)<
71E G =

E S g AA Helge F5Ha 49 A7) A
A~ Z(Electrical Energy Consumption)’ 2}, ‘AZH(DateTime)’,
7] (Temperature)’, 3 <5 Z(Humidity)’, ‘7] 3t (Pressure)’ &
R0 =y o, 24 Mol el gebe 45250709 frol £
HyPoz FAHH.

4.2 dlo]€] A x| &](Data Preprocessing)

TR vlolE F WY IR FRHA RS 116570
P& AZAE st AAIH d-€-9 AEx
(YY-MM-DD HH:00:00)’] F e} = FAH ‘A ZH(DateTime) =

71EoR, 0145 1247049 & Uyehlie S3ds g
(Monthy & AW T2 A 9S85t} ojuf, 72t D& 19 4]
12«] o2 AL A AU 1299 7HSAE M L

, Y-8t Q1379 (One-hot Encoding)S &-&3 127]2] 7}E
J_E](Category)i TR FLH I FHFYL V|F0R
FY AFE Ye= 7t e d W < FY(Holiday) < o
A G E AT 337189 QAR ERF A7) oy A7}
B oF 143838 W7FE O 2M 5 B2 (Appendix A FF),
AlFFAL Al (https://www.chicago.gov) ol A I3 §l&= S U™
Bt QFATE 7108 GFARE A RE el E 7HH 1
28 W4 < F A ZHWorking Time) & FAHSZ AFESHT}
AN7E A9 a9 Bt GFAREE 98, 518 Y 58
9A O A 17A1 302744, 8 Y 9A el A 17AI7HA], 5 8.Y 9A]
oA 154 3027kA o]t} A glo] e 7} AT E 2+ H A

] w2, 30 TS QFATY AL AE TR FY30E

S X3 7] &(Temperature)’, /&t S(Humidity)’, <71t
(Pressure) & EA ¢ #HE SPWTE AL A AR

7t @A e R, 2N 4 W8l S AE BT,

A E OE By 2A Y (Scale) 717 o8] 59
A o) B3 A9, 2 RO2 ol 2ol SPso] U
% (Bias)d Edo] EEE T Ut} oo, HE TOE £EE 7}

T FAY SHESY e W0, REUA 19 AFEE
Y| 2 EF5H(Data Standardization)d] 1 o] E ZFaAZITh
(Yoon and Park, 2023).

73 & B E 5HHS T 24 A 42 (Variance Inflation
Factor, VIF)E &-&38 5344 715 §9 955 Fr13it
(Vittinghoff et al., 2012). A FA|4=2] gro] 10 o] 74
g Mt 08 W o AABAE 7}211:h Bodt

>
of

o}, <Table 1> £ ZA 5 7]E frol @ SR oI A
ZH(DateTime)’, 7] (Pressure)’ 2] 7%, &4 ”ﬂ%]'xl"r 7% fr

T A A et

S|t kot 59

Table 1. Variance Inflation Factors of Independent Variables

Independent Variables Variance Inflation Factor
Temperature 3.78
Humidity 1.17
Month_January 1.53
Month February 1.50
Month_March 1.27
Month_April 1.13
Month_May 1.16
Month June 1.35
Month_July 1.52
Month_August 1.50
Month_September 1.35
Month_October 1.16
Month_November 1.17
Month_December 1.30
Working Time 1.20
Holiday 1.18
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4.3 29 (Modeling)

dolH #3434 AA4eg ¥ =249 16719 ds-E 744
44,08574 2] Bl 0] E1 & X & 3] 7] (Linear Regression), 2| AH2 A E
2] 3] 7] (Decision Tree Regression), ! & ~E 3] #(Random
Forest Regression), XGBoost 3] 7l(eXtreme Gradient Boosting
Regression), LightGBM 3] #(Light Gradient Boosting Machine
Regression) 2ol 2-8-3}o] Shgatet, RHlg o ALE3H 2 B
g o] 3}o] 3 g} 2} v] E] (Hyper-parameter) = <Table 2>} 2T},

A& fal AA dolE oA E¥ dl o] El(Training Sets) 2}
H| 2~ E t] o] El(Test Sets) & F2HH = Z+2F 80%, 20% ] HI &=
ro] FAE A7) A AvlF oS B S AF
317] $13l 5-A 22} A ZF(5-Fold Cross Validation)& <=8 3t}

4.4 Z1%(Validation)

2 AT HE B oA 20 F o|2E 9 A2 ®

9 AAst7] s A Hriek AAA BorE Y6
o A7) | A &HF A5 Bl AFHOE HItshr] 9
3 B AlFT 23 (Root Mean Squared Error, RMSE), 24
*(R-Squared), A &% (Accuracy)E =74 3}% THAppendix B
). B AF LAke BE Y 38 s el ARE,
3 2ol o 53 7 1Y Apol & V|FEoE A&
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<Table 3> 571¢] 3]H 22 (A ¥ 3 (Linear Regression),
JAHAA E 3] F(Decision Tree Regression), W LH2E
3] 7](Random Forest Regression), XGBoost 3] 7](eXtreme
Gradient Boosting Regression), LightGBM 2] #(Light Gradient
Boosting Machine Regression))] 4 &2 45 %7} Aot}
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Table 2. Hyper-parameter of Electrical Energy Consumption Prediction Models

Number of | Max o Cost Max Max Learning
Model Criterion .
Trees Depth Function | Features Samples Rate
Linear Regression N/A N/A MSE N/A N/A N/A N/A
Decision Tree Regression 1 MSE N/A N/A N/A N/A
Random Forest Regression 100 MSE N/A 12(75%) | 26,451(75%) N/A
XGBoost R i
post fegression 100 MSE | MSE N/A N/A 0.1
(eXtreme Gradient Boosting Regression)
LightGBM R i
, SR Tegression _ 100 MSE | MSE N/A N/A 0.1
(Light Gradient Boosting Machine Regression)
Table 3. Quantitative Evaluation of Electrical Energy Consumption Prediction Models
Evaluation
Model Datasets
RMSE R-Squared Accuracy
Training Sets 1706.31 0.3934 62.72%
Linear Regression 5-Fold Cross Validation 1712.24 0.3914 62.56%
Test Sets 1731.09 0.3851 62.05%
Training Sets 1345.40 0.6229 78.92%
Decision Tree Regression 5-Fold Cross Validation 1348.55 0.6225 78.90%
Test Sets 1358.57 0.6212 78.82%
Training Sets 1301.83 0.6469 80.43%
Random Forest Regression 5-Fold Cross Validation 1305.01 0.6465 80.40%
Test Sets 1315.13 0.6451 80.31%
XGBoost R . Training Sets 1108.99 0.7438 86.24%
post fegression 5-Fold Cross Validation 112491 0.7373 85.87%
(eXtreme Gradient Boosting Regression)
Test Sets 1174.43 0.7170 84.67%
) . Training Sets 1160.93 0.7192 84.80%
LightGBM Regression .
) . . . . 5-Fold Cross Validation 1168.23 0.7167 84.66%
(Light Gradient Boosting Machine Regression)
Test Sets 1191.27 0.7088 84.19%
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Prediction result in test set : Linear Regression

_Q_Z":r‘l_

Prediction result in test set : Decision Tree Regression

Prediction result in test set : Random Forest Regression
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Prediction result in test set : XGBoost Regression
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Figure 2. Qualitative evaluation graph of electrical energy consumption prediction models: (a) Linear Regression, (b) Decision Tree

Regression, (c) Random Forest Regression, (d) XGBoost Regression(eXtreme Gradient Boosting Regression), (¢) LightGBM

Regression(Light Gradient Boosting Machine Regression), Black ‘ O’ means predicted value and blue ‘X’ means actual value
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Figure 3. LightGBM Regression's Feature Importance Calculated by the SHAP(SHapley Additional exPlainations)
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Figure 4. Key Independent Variables that Affect Electrical Energy Consumption: (a) Best Prediction by LightGBM Regression,
(b) Worst Prediction by LightGBM Regression
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Appendix A

Energy consumptlon by days of the week with working time
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Figure A. Average electrical energy consumption by days of the

week with working time: the brown bar means the
average hourly electrical energy consumption, the
orange bar means the average hourly electrical energy
consumption during working time, and the beige bar
means the average hourly electrical energy
consumption during non-working time.
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Table A. Quantitative Evaluation of the Proposed Model and the Model Including Previous Electrical Energy Consumption

Evaluation
Model Datasets
RMSE R-Squared Accuracy
o Training Sets 1072.60 0.7608 87.22%
, me 5-Fold Cross Validation 1086.15 0.7553 86.91%
(LightGBM Regression)
Test Sets 1128.45 0.7380 85.91%
) ) ) Training Sets 929.22 0.8201 90.56%
+ Previous electrical energy consumption .
. . 5-Fold Cross Validation 938.76 0.8171 90.39%
(LightGBM Regression)
Test Sets 968.64 0.8075 89.86%
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Figure B. LightGBM Regression including previous electrical

energy consumption's feature importance calculated

by the SHAP(SHapley Additional exPlainations)

A 227N
A A2 S a o A Bl o] E] Afo] A 28k ahef) A8} Fo]
o AFEoke HAlEd, e el

F ;A g oA AT sk o] A o o] Ej Abo] &1 23t stof] 2 3 Fo]
o AFEoke HAlEd, e el

AAL Az At g aLol A B o] B Abo] A 2
o 2ok mAlHE, 2edolt

stabol 48 o)

HHA 22009 WA 2T Sk A SFE] Abol D 2~(H Al 8 W)
AFo 7 wALe] & H 533tk 44 SDS Bioinformatics Lab
D AFAH G AR FFFHetd FAAFY, SKEHF Hl
OJEJAMY T | 2T, TSP 28l (AT AFY B 3/AL Lab B &
AX DA KAIST 71 €7 G 8+ A& w9k A& Ao 8o v
oJAto] A28t R At otk AFEoke HAlY
Y, 98delt



	머신러닝 기반 전기 에너지 소비량 예측
	1. 서론
	2. 전기 에너지 소비량 예측의 선행 연구
	3. 방법론
	4. 시카고 시의 전기 에너지 소비량 예측 모델 개발
	5. 결론
	참고문헌


