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An Electric Load Forecasting Scheme for University Campus Buildings

Using Artificial Neural Network and Support Vector Regression

Jihoon Moon' - Sanghoon Jun™ - Jinwoong Park’ - Young-Hwan Choi”™" - Eenjun Hwang™"

ABSTRACT

Since the electricity is produced and consumed simultaneously, predicting the electric load and securing affordable electric power
are necessary for reliable electric power supply. In particular, a university campus is one of the highest power consuming institutions
and tends to have a wide variation of electric load depending on time and environment. For these reasons, an accurate electric load
forecasting method that can predict power consumption in real-time is required for efficient power supply and management. Even
though various influencing factors of power consumption have been discovered for the educational institutions by analyzing power
consumption patterns and usage cases, further studies are required for the quantitative prediction of electric load. In this paper, we
build an electric load forecasting model by implementing and evaluating various machine learning algorithms. To do that, we consider
three building clusters in a campus and collect their power consumption every 15 minutes for more than one year. In the
preprocessing, features are represented by considering periodic characteristic of the data and principal component analysis is performed
for the features. In order to train the electric load forecasting model, we employ both artificial neural network and support vector
machine. We evaluate the prediction performance of each forecasting model by 5-fold cross-validation and compare the prediction

result to real electric load.
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Fig. 1. Typical Architecture of Artificial Neural Network
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Table 2. Correlation Between Collected Feature and
Electric Consumption

Pearson Correlation to Electric Load
Cluster A Cluster B Cluster C
Monday 0.085%: 00945 0.078sx
Tuesday 0.087xx 0.107xx 0.103sx
Wednesday 0.086%* 0.102# 0.108#
Thursday 0.089sx 0.101 0.125%x
Friday 0.045% 0.073x 0.063:x
Saturday -0.125% -0.196%% =0.179%
Sunday ~0.2683 ~0.283# ~(0.295%3
Holiday -0.345xx =0.417x -0.418#x
Minute(x) 0.001 0.000 0.007
Minute(y) 0.002 0.001 0.004
Hour(x) —0.417%x -0.4315 -0.515%
Hour(y) —0.669%x -0.5465 -0.579
Day(x) -0.002 -0.082sx 0.006
Day(y) =0.028+3 -0.011 0.038sx
Month(x) =0.1015 =0.2225 -0.005
Month(y) 0.010% 0.084sx -0.0675x
Temperature 0.165%: 0.129%x 0.2023
Humidity -0.318sx -0.331x -0.373x
( * p-value<0.05 **p-value<0.01)
Table 3. 5-fold Cross-Validation
SVR+ ANN+
MAPE SVR PCA ANN PCA
Cluster A 0.100 0.100 0.096 0.101
Cluster B 0.059 0.060 0.064 0.058
Cluster C 0.042 0.042 0.038 0.043
+ +
RMSE SVR SP\(I:IZ ANN API\]CIX
Cluster A 82.774 84.173 79.930 82.766
Cluster B 49971 50.280 51.722 47.484
Cluster C 28.691 29.060 25.658 29.237
SVR+ ANN+
MAE AL PCA ANN PCA
Cluster A 59.562 60.222 58.015 60.434
Cluster B 35.839 35.991 38.685 35.138
Cluster C 20.673 20.887 19.032 21.498

Table 30lM Hol= wiel o], o 5] A& Hepd

MAPE®} ©.21¢]

< 971 g,
7}x13§, PCAS

AUES Yehd
SVRET} ANNo| dAHo & 4%
PCA®] #8 =W

=

RMSE, MAE Zwo| 4
.0_ EOﬂ\;}

oA E giFi A}ﬁo}L R}
2 dAxE 5
AHEEHA] ke ST

£4 glo] A= T2

F714
1E 54&
54 4R



300 FEMeISEl=2Al/HFEH H S8 AL M5T M10=(2016. 10)

ot ClOlE{E ofF M= d|

o
~

2 Ao e g AgEE dolH Rdg vh2A
S ZA, AA dF s Aols H]ﬂ gt} Table 491 A
AR kst gol, 2] B4 W] AEsk B A A
ag Aol gk

Table 4. Data Models
Data model Features
Model 1 Month, Day, Hour, Minute
Model 2 Model 1 + Weekend/Holiday
Model 3 Model 2 + Weather information
Model 12 €, <, Al, #9] dvlolEqt 283 vlojg] =d

ot} Model 2= Model 1o Hd¥} = 2 FFdol AR
= F71sk glo]y Edolth Model 32 Model 291 &4 A
HE F712 Wkedst mdo|t),

A AgellM A S B3 SVRI} ANNS &
sto], 37kA19) dHolg RAERE o3 RdS gFagit
Table 501] M E g ARl BE 542 BT Model 3°]
M ES AR JHE ¢ 5 itk ol B, WY A
& AT A= HEFd WFrES LHTFE, 59
Agert FEs GAT 5 Urk

55 AX ™ AL

2 ATelM A SVRI ANN 7[HE &5,
Model 3% Cluster A9l A= AL&F o Fol A& A
ARES Fig. 8 YERAS

159 19 1042 18 =4 F Eadol et 71k

tlo
ks
4
jass
i
—
o1
o L
e
Mo

e
[o &
B ok
Sl

z Mo
AN oo m o X

)
z

ol in
o L U ot
2
N

wW

e

rlo
£ 9

)
o Mo

>

li{e3
: X
O[‘E‘»—A—r"—‘rlrrb

)
2

¥0, o

o
oo 2
3]
i

N
oly
to .
(e}
Lo
AU/

4> 2 X
‘;EJ
&
o
™
kY
™
-
>
ofo
o
k)
S
o
=
o M
o
2 <
e B

D
il
rhu

f
i
Sl
2 rlo
2
)
>~
>,
wE o
o
&2
lm rlO
%
o,

g_,(v ¢}
N
=l
X of\
ol
o
-~
ro.

2
rO [
— >

TR o = S A (=3 l;& o oy & 2 O fo
o
=)
=
o
=
=
w2
s
I
ﬂ NS
E
i
o
ofo
_0|L
2
2

Wr:ﬁ
» g K

iy
a0
>
oo -
ot
=
o,
i
l [
o

¢

(o

Hu

o
R )
o fo gy
£ oo 0 &

I ox mo

5\
i)

U ox oo rlo

e N tlo

off N o

o

o2,
of
-
32

B[V L
g,
o
ooy o

2
<
=3
o
o
_(:»‘L
2

£ TN
(o
[
4
Ar)
> =y
Z,
R
=3
RV > N o

ol
ol
fd
oX,
off
o
o
N
N
ol
ol
R
fuj
12

. o

UL
i)
i

o dm

A
Gl
iy
v
[>

o
=
jos)
Qs
2
o
:oIl=
)
i)
it
o
2

B2 N,
% o

£ Z#~Fol4 MAPE, RMSE
SVRuTH 43 o2 452 nath E9, o3 4
I PCAS 48 A% 45 Aol 2% e

0

fL 2 o

rlo =

ANNO| A 02 43 A%E 48 + 290
G5 AY AgY AFe] YREG A5 A8 w57
dol A WAFE olME W s A4 Hush A Algo

c
d
e

Table 5. 5-fold Cross-Validation Using SVR/ANN

SVR ANN

MAPE Model 1 Model 2 Model 3 Model 1 Model 2 Model 3
Cluster A 0.209 0.113 0.100 0.201 0.108 0.096
Cluster B 0.143 0.070 0.059 0.155 0.076 0.064
Cluster C 0.097 0.048 0.042 0.088 0.043 0.038

RMSE Model 1 Model 2 Model 3 Model 1 Model 2 Model 3
Cluster A 194.655 98.163 82.774 187.970 94.790 79.930
Cluster B 127.154 59.781 49971 131.610 61.876 51.722
Cluster C 74.260 32.803 28691 66.410 29.335 25.658

MAE Model 1 Model 2 Model 3 Model 1 Model 2 Model 3
Cluster A 121.836 68.937 59.562 118672 67.147 58.015
Cluster B 81.299 42.734 35.839 87.755 46.128 38685
Cluster C 47923 23.987 20673 44.119 22.083 19.032
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Fig. 8. Prediction Result Example
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