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[Abstract]

Building energy consumption prediction is essential for energy management and optimization, but existing research
applies a single model across all time periods, failing to adequately reflect the different consumption patterns
and prediction difficulties of each period. This study develops a new metric called the Prediction Difficulty Index
to quantify time-period-specific prediction difficulty and empirically demonstrates the necessity and effectiveness
of differentiated modeling strategies. Our analysis quantified that the PDI-based prediction difficulty of Transition
periods is 4.36 times higher than Off-peak periods(MAPE-based:4.47 times) using the Prediction Difficulty Index,
which integrates variability and prediction error. Statistical tests showed highly significant differences between
time periods (ANOVA: F=26.35, p<0.000001; Cohen's d=1.95), and SHAP analysis confirmed that different features
play important roles in prediction for each time period. We developed period-specific models and evaluated them
using Leave-One-Out Cross-Validation (LOOCV), achieving a 30.58% improvement in MAPE compared to the
baseline LightGBM model. This demonstrates that even simple models (Linear Regression, Ridge Regression)

can outperform complex single models when tailored to time-period characteristics, even with small data (94 samples).

» Key words: Energy Consumption Prediction, Time-Period Modeling, Prediction Difficulty Index,
LightGBM, SHAP Analysis, Differentiated Modeling
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I. Introduction

A ARz 719 Het Ot A4 531 A 9
L2o] 7h&ehdol T, e B0 oyA] a&sh=
o] opd W47} E|Qict. e A Al &F ol|X]
]9} oF 30%, T4 &9 °oF 28%5 AMX|sh= SHA 2
gigolcH1]. olo wef AE oflufx] 2] AIARI(BEMS)
o] =jo] &=l lon, a&AQl oUx] 2F= Hsl
A 73Rt oflUX] 4v] o F0] Adejx|ojof oitt.

A2 Al 7]= HRlo2 HojE 7|gF ofl|A] AH] oF
A7t 2Ebs] AlshE] . 9tk LSTM(Long Short-Term
Memory), GRU(Gated Recurrent Unit)Q} Z+& &3t Al
Aot mddo|u} XGBoost, LightGBMut 22 Tree 7]gh
Ensemble Model- 7]&9] sS4 719 ofg] 43t o
= 45 QEsini2l Lol thyie) Ha dse
st A Azl ohsh B 2Single Model)2 A
23H= "One-size-fits-all" F WA1E 35t Qlct. of
2o A2 ARIERZ 4olqt o[|A] 4H] mfHat H
5 5482 550l vHgsHA] xetthe 2289 sHAlE
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II. Related Works

1. Energy Consumption Prediction Research

g YA 48] 52 A0tE B9 3 oUx] #e]
K280 A 742, TRt ojAleld o] A g ol
ottt MEA "dpHo 2 %x7] ¢l= ARIMA, SARIMA &
of EAF AAE RS AFESIRTHB4]. of2eh e
N WS A EABIAIYL B uldy WAool
A1, 99 5)2 WFsk= dl A7t 1t} Support
Vector Regression(SVR)2 H|AE AHIL Es5ff o]2ist
g TRz SESIoUb], tt2 HolE A2
o} sfojmuatule] £do] of2igol irt. ol2id EAIE
B3 78S =Yt Z|Zol= LSTM(Long Short-
Term Memory), GRU(Gated Recurrent Unit) S9] &
g AETol AIAIE olEo 'd2] AREHTH6][7]. ol
wde A7) 9J&4(long-term dependency)s &%
2 0] YA 4v]o] ARMA mHlg gifAos wA
T}, Transformer 7|8t 2@ gttention mechanism<

53l St A 7HEAE Folstd dee os T

b mok rok

£5], LightGBM, XGBoost, CatBoost 9] gradient

boosting 7]¥F Y&-2 tabular Ho|E|o]lA] 245t /52
Holof, ofx] o] & BopollA = FAY Q= ZAitE AlF
SICHIN10]. ol=f3t B o5 Lot wai, &4 &
Q=s A7 AT & Qlo] ARoA Hasr) oje} &
o] 7|1& A tiFE2 A Aol tis ©Y 2HS

A-gsh= "one-size-fits-all" & Aot
© A9hs ARITER ofl 5 ol fjdHo] 4525 AT
KMoz Jeatl, APgerd miliYo] WaslS Aol

2. Time-based Feature and Pattern Analysis
A7t 7]8F EX4(hour, day-of-week, season 5)2 o]
YAl 28] o &M Fagt d2g st B2 AolA
AREe 2714 =ASH] sl sine/cosine  WHgH,
Fourier features 52 ARSICH11]. AEA wisHyuyt
£2)9F 7] ERE(OUA] ag /IS w2lst 22
25t=  STL(Seasonal-Trend decomposition using
Loess) 59 Y= ARRH1Z]. &/4Y, 528 oMIE
5 523 URS W2 Aot A7 3] 22
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SF2S Off-peak, Peak, Transition© 2 Al
weeta, Zb AR olE dojzet o’ Xjo]E
Prediction Difficulty Index2 A&Felstci= AMojA 7]1&
Ael xRS 7RI

3. Feature Importance and Model Interpretability

HAileld 2HEo] 54 75/d(interpretability)2 A5
Ao =935t QAo|ct Tree 7]gh EE“(Random
Forest, LightGBM £)& gain, split count 52 7]gto
2 feature importanceS Al5-stcH14]. SHAP(SHapley
Additive exPlanations)> A|Y ©]&9] Shapley values
7[9re g, 7F £/4o] o & Ulx]& 7| =5 et
[15]. o] 2Hlof] E5Ac= A&7Hsstn, A% (global)
% A%(local) siAg 25F A5ttt oA oflE 2ot
A= SHAPZ AREste] RH9] olE <& d¥sh= ¢
27 275k QicH 16).

2 9= SHAP A5 &l ARIMER a3t 54
o] 52 85It 53], Transition AIZTTHol A} A]ZE
EXM(created_at, time)?] £Q =7} 34jj o]t Z7}sth=
ud o A7HgE AR wolo] WA SukRlsls S5
olct.

4, Time-specific and Context-specific Modeling

YR Ao ARIE Be AFEE O 232 A
85h= AHo] AotE]oitt. Mixture of Experts(MoE)
= o3| A27F 2 (expert model)S &H55kal, gating
network?} ZF MZof| tfs] AAsH ME7S Melsi= d
Alo]ti{17]. o] H|o]E{2] heterogeneity g T+ Ol &
WA O] X]9, gating network SF59] of2fgat A s
d ZA7E .

Hierarchical 232 ASA A|AE 2T A 2=
(A2t st} HAE(AIR 15)= SAlol olE=I{18]. o]
+ o159 Y2 SR ARIE 574 Alo]E §
Moz DHFsHK] = o=tth

U8 A Context-dependent ZEH)ofJA] 7|4 &4,
Y 5o T2t g 2EE MEishs HAS AljbsiYl e
U{19], ARIE Hol =g Aty AAR
SHA]= ot

2 AFolME ARIE oF do]=E Prediction
Difficulty Index2 7Aaslsla, EAR 74(ANOVA,
Cohen's d)}& &dll ARH 7t Afolg AUsHAl A5ttt

>~

og BA

E3F LOOCVE &3} 4732 tlo|E oA = xpds}t nalal
o antg YEstarks Aold 71E et paEo.

III. The Proposed Scheme

£ AP A2 ouix] 44| o5
A717] Y3k, AR o5 dol=g AuE oz Hotst

ol2 7|¥ro2 x|o] RS M85} Time-Period-
Aletst

4 7(19]— =2 ?5(‘)]:/\01-

E!

Aware Differentiated Modeling Framework=

At

1. Overall Framework

Alotshs =AY I A Yl A= ddth

Am, dlole] MA2] ¥ AR E&(Time-Period
Classification) o A= 2419 o] 4x] 48] Ho]ejo)
AZHA EXo| W} Off-peak, Peak, Transitionz &%
o Al 71| IroR BRI

=R, 2 ARTHE Hlo]&9] W5/} Baseline 2]
o] & QXIS 7|9tO & Prediction Difficulty Index (PDI)
2 pEstel AR doleg Bl
Am, H71E dolw=e} A)7ichd glolg] EAJ(MEA,

AN 1 O O
HHPAd, s 52 L3ste 2b tof ARk o
% g PR

dIRl, £33t o =(Integrated Prediction) @A 27ZF A]7F

W g 8o oS AU 5. A% oluix] vl
2 yE

opx|2to g At glojEe] YA = AA| He(d=1E)
o] oix] HAIARA A A2 4] HolHE

8s5f1 197to] 7]2 02 15802 AIQr) E&
e AE oUA] 28]HTH kWh)olH 55H4=

Aso] FIFS tRlE Q9ER ANEA, a1t
(lastday_kwh)i} 374 Q%102 7]2(ta), S=(hm), Ef

Alo(thi) 3 372 45752 2972 offof A Qloh
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1.1 Time-Period Classification

ZA2o] ofiix| 4u] HEe AjARte] 25D W
o] glon, §l% & AIZte] 520 wet F2
BoIth 2 AolME of2ist Rot 545 i)
24X17FS Th3a} o] Al 7hx] ARRIT|R Rt

Off-peak : 00:00~07:00, 19:00~23:00 (& 14A]7hH)

AR 7o) g oRE AR ARIT2, 714 Rt
(Base load) $159] F2 AvFS WAl
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mjj§lo] eHgAol 1
o7 uth
Peak : 10:00~15:00 (& 6A]7h
T 5ol 7P gt ARMME, W 2 717] AL
MR AB|FS 7|53t
Al Aojgte q7<l‘3P AT iido] AASHA FAI
E= 4ol Qo] Bt 59 o F dol=g 7Tk
Transition : 08.00~09.00 16:00~18:00 (£ 4A4]7h
a—_LOﬂ + #5t §%{Morning Ramp-up)a} E|of
Ha} 17*(Evemng Ramp-down)o] #A§st= 11t

FAIRoloIA] o5 o=t ey

goz udl e

o g3t Rt wgol WAsto, AU
% o 1% Yol =7} 713 ok
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1.2 Prediction Difficulty Index (PDI)

ARIE o5 dolEg ApEoe sxjstsl] o,
H AL M= Prediction Difficulty Index(PD)S A&
Al gosict. PDI= Hlole ARAI] UiRjA HEd
(Intrinsic  Variability)2t =Z@9o] Ax] &
(Extrinsic Error)2 Zslsto] AM=EICH

KR he] £3F Yol £ x|5: D kgt 2o] Aojsir

Di=aX Dyart3X Derr

1714 Diar HEA 719 W&, Do O} 7]k 1t
ol%2 ojujsin, g} B 7 8.40] HEAI0IE agt pel
ohokst £30.3:0.7, 0.5:0.5, 0.4:0.6)2 AESH A1}, A]
0]5 29](Off-peak < Peak < Transition)=

A SUsPA SAEglon], B Aol A
7(19_1-54 ZQMe _TLEﬂo}O:] a=0.4, =0.62.
IR QAL =52l pol =2 7HeAI7E R A
Al 28] o5 34 SR HE Aoy, o
QKHMAPE)Q} A E]7 o] o] AR 4o
e QAL FEo § =2 7HERIE Folgith
Ol =(Drar)= GOl BEHALE Hdo2 Y
(CV) 7I8t A==, 0x} 1 Atolz ZJfefetct.

Dvar=min(CV#/0.15, 1.0)

o714 CVin= AR h9] W50l
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Derr:min(MAPEb/Z0.0,l.O)
o171X MAPEr= A7t h9] MAPE gojct.

ol2jst PDIZ Eaf 7+ AIZIC7F 'Low'. 'Medium',

High' 3 of= £ ol£g 7Ix|=A] #Esiw, ol
waY MY 23] A2 B8t

2. Differentiated Modeling Strategy
PDI 24 Aufe} A[ZHE djofe] S/ 35, & A+
olME thaxt 22 APHelE 2dy M2 Aok

- Off-peak model (Linear Regression)?] E/4& ur
g AdFAQl iElo] A g Overfitting) 1
o] 79,41 6]1*40] fo]3t A8 3]H(Linear Regression)

25lo] OPA0l o &S 2s¥siC).
model (Ridge Regression)2 =2 Ad|zfu}
At iiRY] 5442 7HAAL lon ¥4 1Hof obs

e TAIE detsthl dutsl 55 =o17] Hsl, L2
Al(Regularization)?t Z3t=l Ridge Regression (o
=1.0)E A-&ei.

- Transition model (Polynomial Lasso)2 523t 4]
HY walel 5o BEAMO Sio] oln, Ik T
2 zARP] s od EXA(Polynomial Features,
degree=2)2 A, BlAg/dS 22Tt SAO L1 +#
RS AFH&ol= Lasso (0=0.01) A&0= FHQst HLEs
Aot ) WA Mo peElo] BaEs Rojsha of
5 45 3ok

rlo
rE
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IV. Experiments & Results

1. Research Results
1.1 Data Characteristics and Correlation Analysis
A0l AR WaEo e Y S Ws
(use_kwh_actual)e}o] JHUAS A6 7]2(ta),
SR R(thi), A A AF Av]sHlastday_kwh)

S50l B WA =2 4O AHEHAIE BP0, 3%
(hm)= &9 S Et<Fig. 1>
{a) Feature Correlation Matrix (b) Feature Correlation with Target
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Fig. 1. Correlations between key characteristics

and target variables
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1.2 Baseline Performance

LightGBM Baseline ®39] A4 MAPEx= 6.71%=2 U
Bhsich Zefu ARIE 2 2AgH A, Table 13} 2ol
A5 Rfol7t 2] Uepsdet,

o{7]A] Transition A]7tje] MAPEZ} Off-peak CHH]
4.478] =00, Peak A7} Off-peak TfH] 3.054f =
o oAl2 JNT 9 T welo] RE A7t T
Folst Ao x| 23kS oF A 9Joict

Je]3, ARHHE HEAS(CV) 24 23}, Transition

AZIH(CV 0.1139)9] ¥H-E4o] Off-peak(CV 0.0315) T

u] 3.628] =o0], 71A o] HEAo] 2 AL slolak A
919108, Peaki= AB|Ze AU AthH o2 PYAQ)
WS AR 9 Ao Yehict

Table 1. Baseline performance by time period
time zone MAPE (%) Star.ld.'f)rd AP
deviation error
Off-peak 3.76 1.23 5.20
Peak 11.45 3.89 20.80
Transition 16.82 6.44 22.85
<Table 1>0fA] Transition AJ7Ij9] Z|cf QX}p

22.85%= 271 9A] AIFHoM 2R Zlo 2 LEHe,
ol Off-peakA|It) o+ MAPE ti8] of 4.478} =2
FA]olch

1.3 Result of Prediction Difficulty Index
A|ZHE Prediction Difficulty Index:= <Table 2>}

2.

Table 2. Prediction Difficulty Index by time period

time zone Dvar Derr Dh Al
level
Off-peak 0.21 0.19 0.198 Low
Peak 0.39 0.57 0.498 Medium
Transition 0.76 0.84 0.808 High

Transitiono] Off-peak THH] 4.36H] & o]=81l, Peak
= Off-peak Tjy] 2.288) © o]8d-20, Transition& ¥
S/t @A} BRoA &R 7]=5iH o] & Bl ARt
i A A A, AR AR 5 2L Holes 94
(Dr=0.9773, MAPE 22.85%)0|4] UERton, @< Ast
719] kAl R|AQ1 16A](Dr=0.8781, MAPE 20.80%) A

%2 oleg J]2alqlnt iR, g ok 41 A
7JEH% 23A](Dr=0.0324, MAPE 0.77%), 3X|(Dr=0.0782,
MAPE 1.29%), 6A](Dr=0.0933, MAPE 1.50%) +~0& Ut

BRI o= 279 A% Fo 5 (Ramp-up)t} 2%
of G2 sl o5 Bl 2 REe 51 92
RMepdog Wolzth o] & 9X1= MAPE 22.85%, Ds
=0.977302 A AR & 2R A4 dol=F 75
sfgon, 16Al= MAPE 20.80%, D»=0.8781=%
Transition 7t U = WA} 14T X&of sfgsict =
AL 77F E2lA0] A2 JK|Dg £845)o] )M}
Al e xo} Wesltt dAZ, 9Alo] 79 MAPE
22.85%(Derr=1.0, A3t AL), CV 718t Dvar=0.972 A&
Tlo] 2% Dp=0.9773L 71=519c}. 16A]9] 739 MAPE
20.80%(Der=1.0, A3t A&), Dvar=0.695322 Dn
=0.87812 7|&35t9) 00, o]= Transition ¢ YojlA =
o 9A] tgor =2 dolwo] sfigetct ®sh
Evening Ramp-down(16~18A]) 719 H4 MAPE=
14.21%0]4, o]= 16A](20.80%), 17A](16.76%), 18A](2F
5%th)2) Fatato2, 16A17F 17 Wi £ 1L QAMS 7|55
thE A™oltt o] & 16A19] MAPE(20.80%)%}F CV 718t
Dvar= PDI At&0] 7j& A|RZroz2 A& drdg|lon,
Di=0.87812 A 28] Wolwo siich. 71 dj5o]
o2& AlZHH= 9AI(MAPE 22.85%, Dr=0.9773)= AA|
A x 17 UrO]EO]‘ﬂ 16A|(MAPE 20.80%, D»=0.8781)
7} 3 hgoe e Yolrg s|2aqirt

1.4 Statistical verification
AR IF 35 Afole] AR felidE 4
O

ANOVA & t- testE ES oo}giq.

rHI
T O
1%

% 7H‘?=;" QKPHIEQ %%%
ot RN, AA| 24A72 ZF ARIE 2 275t
Aojxl 247]9] AlZPE MAPE ZHOff-peak 97}, Peak 8
7§, Transition 778 A)ZIH)S BE Go]gAloz LA5}H
¥t <Table 3>1t 7*0] 37 25(Factor)o]] &3t 7t A
U s ARSS BEOR FRACN FAN B
Aol Zagt s #% STHsIon, o5 sl A
7% 719 TARQ Mk AolS AR B A

8F-26.35. p < 000000182 LIEhL} 1§ 2t Kol 7} ujs>

i

Table 3. Result of T-test (pairwise comparison)

Comparison t-statistic | p-value result
Transition vs Off-peak 4.85 0.0001 | meaning(p<0.05)
Transition vs Peak 2.89 0.0072 | meaning(p<0.05)
Peak vs Off-peak 2.86 0.0082 | meaning(p<0.05)
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Feature Importance Analysis by Time Period
rtance (Top 15)

Fig. 2. Comparative analysis of Feature importance
by time period

<Table 4>0]]4 H?l v}e} 740] Cohen's d7} 0.8 o]A}
o]H "large effect"® 7F2RE|H, Transition vs Off-peak
o 195¢ ARHog U] 2 Alojg ool

Table 4. Effect size (Cohen’s d)

Comparison Cohen's d effect size
Transition vs Off-peak 1.95 very large
Transition vs Peak 0.91 very large
Peak vs Off-peak 0.94 very large

1.5 Feature Importance Analysis

<Fig. 2>9} <Table 5>0f]A] HQl H}Q} ZHo] Feature
Importance 84 Zib= XARNOZ lastday_kwh7}
80.1%2 714 F3Iou, AR 52 QAP Aol
et

& Al olH thg-0.2 16A](MAPE 20.80%)7t o]
ofgi® AR E &Rl=]Qlct

Fig. 204 ¥ W lastday_kwht Peako|A] 2|0} £ &
(1,926.19) - Peak ARM= A'd SARI migof] A
9]&5}H, created_at2 Transitiono|A] 3.408]2 Xgh7]
+ 7d&et Aol Ul 5 a5t time TransitionofA]
2.7241 8 F-23510 153 ©¢] AIRE 7to] Agh] of| £ o
27481 QRlojt}. E3F, ARIHE Morning Ramp-up(8
A]~9A])2} Evening Ramp-down(16A]~18A])0.2 A5}
sto] 2Alst 43}, Morning Ramp-up?] H+ MAPE=
17.54%, Evening Ramp-down®] H+ MAPE= 14.21%
= 7153 7P d50] ofg® A= 9AI(MAPE
22.85%)2} 16A|(MAPE 20.80%)% 2Qlw]qict,

1.6 Development of dedicated models by time zone

od w59 ME siEs]l e, 2 AR
(Off-peak: Linear Regression, Peak: Ridge
Regression, Transition: Polynomial Lasso)of Z]As}
H A ZHS AL, AR lolE (9471 ABE)ol A
et LOOCVE AHgstol 452 B7isigict. 1 2, 4]
7t X8 Model Ensemble2 Baseline LightGBM &
gl oju] MAPE 30.58% 7418 2AJ351H(MAPE 6.71% —
4.66%). T3t e Hlole] S0 WEN 2 el

2eur} 94g0] YFHC,

Table 6. Dedicated model performance(LOOCV) by
time period

. . No. of MAPE MAE RMSE
Talble 5.bSI-|tAP—baseFi (;:eature Importance(Mean|SHAP Time period samples (%) (KWh) (KWh)
value|) by time perio Off-peak 50 3.30 52.19 69.45
Feature Off-peak Peak Transition | Diff.(times) Peak 24 3.95 168.45 206.90
lastday_kwh | 1,203.86 | 1,926.19 1,638.45 1.60% Transition 20 8.90 221.23 312.23
created_at 120.39 96.31 327.69 3.40x
time 60.19 77.05 163.85 2.72x <Table 6>Oﬂ}\1 E?_]_ H}_Q_} 7E]‘O] Off—peakfl_} Peak }\]Z_]_'
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