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A Study on the Energy Usage Prediction and Energy Demand Shift Model
to Increase Energy Efficiency
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ABSTRACT

Currently, a new energy system is emerging that implements consumption reduction by improving energy efficiency. Accordingly,
as smart grids spread, the rate system by timing is expanding. The rate system by timing is a rate system that applies different rates
by season/hour to pay according fo usage. In this study, external factors such as temperature/day/time/season are considered and
the fime series prediction model, LSTM, is used fo predict energy power usage dafa. Based on this energy usage prediction model,
energy usage charges are reduced by analyzing usage patterns for each device and transferring power energy from the maximum
load fime to the light load fime. In order fo analyze the usage pattern for each device, a clustering technique is used fo learn and
classify the usage pattern of the device by fime. In summary, this study predicts usage and usage fees based on the user’s power
data usage, analyzes usage patterns by device, and provides customized demand fransfer services based on analysis, resulting in cost
reduction for users.

= keyword : Energy, Energy usage fee, LSTM, Clustering, Time Series K-means, shift of demand
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(Figure 1) Increasing Energy Usage

2 AtE AdE ) A LFAE DE ALl
AT e AEEE AgeHaE A8 AL FE
AR 5 AEF S UHY il = Ak

4 3 Foold A
Feh olHE A2 ofel g} 2L 7)ol Fk

L me] A|A] A A FE 53] fal AAIL o
5 Rds A dF 2 AAE deolE A
o 23 LSTM Ed& 2-8-313ith o] & HolHE Al
FAE A, @] vl 7] fEE U
oA S5alr] meel #7 HolHE & wddith

2. 71718 Y AR " 24 S8l 2EAEY e

FTEdlokhs 7171
3 f\l?ﬂ"”‘ Fﬂ ol E

fol
as
o

4
ot
_O‘L

2 o aj
|
r
ko
il

>
o
o
i)‘
_('){_4’
4
ko
i)
2\
>
[
o,

& o
fo o
foy fo
>
B
&
ko
o 2
N
o,
N
-~
ME o
9,
v

= 5
Ay
I )
>
i
42 2
_<>|L
L)

N e
B
o

o
lo
o
T
2
>,
fd
e o

N
o =
)
fo &
O fz 0

ol

>

=

=

(V=

=

fetl

o |o
2 o fu o

4y 1 dle
>

™

>

mlm

22 of
2 o
o 2
e
o
O)«
>
g’: o
T op o
32
i)

JSE i
>~
>
olno ﬂJ
ot
o
X
>
e

el
1Y Ag g 71E A

Hgste] AHgAe) AGLTE ARV,

(E 1) 2022 cfstai=e| AAY 2|
(Table 1) Seasonal/Time Rates in South Korea

2= 7lges | HAF 23 (Hikwh)
(#Hikwh) | oig, #g | & 718

355
(22:00~08:00) 107.0 94.1
(oa:ﬁo%ﬁ;}oo) g2l 153.0 122.1

F o3t
(16:00~22:00) 188.8 140.7
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2.1 Multivariate LSTM 2!
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(Figure 2) LSTM Model Structure
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(Figure 3) Multivariate LSTM Model Structure
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2.2 L+ 0|&(Load Shifting)
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(Table 2) Pseudo-code for Research Algorithm

Algorithm: $20[Xg Est 2FHZ

1

Input: devices Ds

B A7 (F 2)9) 7o) 1270¢9] 7171 Hl 0Bl ALE-3}
o] Savingsrate(S T AU E) TN AAES AdEuA &
ok WA, T(AZhHel we} T E A osE) o7]
A Maxe HR-eHAZE Mids 708417, Lights
ARSAZFRE on|gith D(7]17])EE TrainD(H5H ]
EE Mupig(12~109)7H4 LSTM Ed=Z FAA
Mup(11€)9]  TestD(elSulolE)E  F3lEch 7171
TestD(eISH O|ENE 7HAX FRolde 37 8
TimeseriesKmeans 8 ~H &S =3 ClusterD(0,1) 7=
FE3

Max(H Ul 5312170l st Sop(EH2E7F 091
o S olE) et SIDEHLE7L 18] dSHolE)E F5
gtk o]of Sopoll= FFsAIZH 858 Slpdll= A
SIAIZH RS AEste] Aiteit o3 A7 /1A
3 Total(71£2.%), Shifting(5~8.01% 8.7, Savingsrate( 8.

244E)E AES 7 Ak
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2 Output: Savingsrate (Table 3) Energy Datasets Information
3 Dol of pesk b o T T R—
4 Tor~12IMax & Ts~0elMid & Tas~22llight
5 For D in Ds { (s';':;:” 2016.01.01~2016.12.16 (1min)
g ¥£}aSItED=:M’\f|1?)~|_1§)J|:|\S/|IE'3\$LaVIB?L\J/SDE[;:]E! ge] Devics Dishwasher, Home office, Fridge, Wine cellar,
8 Clusterp=ClusteringbyTestp (12) ﬁ:f:g'r:::fFi'r:\".cf"u'«'itrrﬁ?"é?l:r
9 Clusterp— TimeseriesKmeans (clusters =2,
metric="dtw’) in result is 0 OR 1 Fn(:?;" ”ﬁi,‘i'ﬁﬁﬁ,io’ﬂ%ﬁﬁ:‘f*'
10 if Clusterpis0
11 SOp.append(Testp)
12 Else e <ICIESIAIZ X0
13 STo.append(Testo)}} (Z 4) z|thFstAlzt Zge|
14 Case Drl Max: (Table 4) Override Load Time
15 if ClusterpisO
s L 301888 13,14,15,16,17,18,19,20,21,22
18 S1p*107.0}
19 Total = 23,00,01,02,03,04,05,06
Testomax*188.8+Testomia*153.0+ Testpiight*107.0
20 Shifting =
(S0p*188.8+515°107.0) + Testowia™ 153.0+ Testouign* 107.0 07,08,09,10,11,12
21 Savingsrate = (Total-Shifting) / Total * 100
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— Tain loss (Table 5) Performance Comp arison of Univariate
and Multivariate Models
MSE RMSE MAE MAPE R™2
Model
LSTM_Univariate 0.051 0214 0143 0.238 0769

LSTM_Multivariate 0.011 0.102 0.046 0.096 0.979
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(Figure 8) Implementing Multivariate LSTM Models
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(Figure 9) Daily Forecast Graph of 11/1
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