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Development of a System for Predicting Photovoltaic Power Generation
and Detecting Defects Using Machine Learning

Seungmin Lee" -

Woo Jin Lee™

ABSTRACT

Recently, solar photovoltaic(PV) power generation which generates electrical power from solar panels composed of multiple solar
cells, showed the most prominent growth in the renewable energy sector worldwide. However, in spite of increased demand and need
for a photovoltaic power generation, it is difficult to early detect defects of solar panels and equipments due to wide and irregular
distribution of power generation. In this paper, we choose an optimal machine learning algorithm for estimating the generation amount
of solar power by considering several panel information and climate information and develop a defect detection system by using the

chosen algorithm generation. Also we apply the algorithm to a domestic solar photovoltaic power plant as a case study.

Keywords : Solar Photovoltaic Power Generation, Detecting of Solar Panel Defects, Prediction of Power Generation,

Machine Learning
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Fig. 1. Cumulative Solar PV Capacity

Solar PV Capacity and Additions, Top 10 Countries, 2014
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Fig. 6. Neural Network Architecture
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Table 2. Neural Network Learning Results
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=
(e}
o
g
.
T
X

1% o

2 o

o

€% A2 = orx B ooy X o orfo
oo
2

AL R a2 2 9 o o o
R
rir

LR R AU )

2
H
o
L

zf ot
=
o
0
o
1=
=
2 oM
=
o
nl
i
ol
=

fin
o

Panel Temperature

2
>
>
(i)
%
i
>,

Y o
o
o
[ Y
~

g}
Q& A
5% 4
7] $l
g SVM,

e

i

Mo

=2,
()

o
o
2
han} L
.
)
lo,
2
e
ik
f
ik
N
>~ o
2 i
oX,

U o

=l
ot
_E
=

5
4
e
AC)
o[N
1o

o o, b
X
R
o P
o

dagES S dolHdl A8ty s =7

(=g

s}
=i

af

2l

= RMSE

2
B\
o
o
m
2
O,

[
i
njo
=}
00
T
:II_I|:
02
oF
e
A
o
=)
I
$o
Iy
]
oy
i
>
>
i
>
1z
wW
[Gn)
«©

References

[1] Takefuji, Yoshiyasu, “Neural network parallel computing,”
Springer Science & Business Media, Vol.164, 2012.

[2] Harrington Peter, Machine learning in action, Manning, 2012.

[3] Jiquan Ngiam, “Multimodal deep learning,” ICML-11
Conference on Machine Learning, pp.689-696, 2011.

[4] REN21, Renewables 2011 Global Status Report, REN21
Secretariat, 2011.

[5] Justine Sanchez, “Potential PV Problems & New Tools for
Troubleshooting” [Internet], http://www.homepower.com/articl
es/solar—electricity/design-installation/potential-pv—problems/.

[6] Radial_basis_function_kernel [Internet], https://en.wikipedia.o
rg/wiki/.

[7] N. Sharma, P. Sharma, D. Irwin, and P. Shenoy, “Predicting
Solar Generation from Weather Forecasts Using Machine
Learning,” IEEE International Conference on Smart Grid
Communications, 2011.

[8] Seung Min Lee and Woo Jin Lee, “Backpropagation Algorithm
based Fault Detection Model of Solar Power Generation using
Weather Data and Solar Power Generation Data,” The 2015
Spring Conference of the KIPS, Vol.22, No.1, 2015(in Korean).

[9] Backpropagation [Internet], https://en.wikipedia.org/wiki/.

[10] Jae-Ju Song, Sang-Ho Lee, and Yoon-Su Jeong, “Analysis
of prediction model for solar power generation,” The Society
of Digital Policy & Management, Vol.12, No.3, pp.243-248,
2014(in Korean).

[11] PVoutput [Internet], http://pvoutput.org/about.html/.

[12] Korea Meteorological Administration, Weather Resource
Analysis Report for the Optimal Utilization of Solar Energy,
2008(in Korean).

[13] Changsong Chen, “Online 24-h solar power forecasting
based on weather type classification using artificial neural
network,” Solar Energy, Vol.85, No.11, pp.2856-2870, 2011.

[14] NOAA, Unedited Local Climatological Data Samples
[Internet], http://www.ncdc.noaa.gov/uled/ULCDY/.

[15] MesoWest [Internet], http://mesowest.utah.edu/.

[16] Tianfeng Chai and R. Roland Draxler, “Root mean square
error (RMSE) or mean absolute error (MAE)? - Arguments
against avoiding RMSE in the literature,” Geoscientific
Model Development, Vol.7, No.3, pp.1247-1250, 2014.

[17] N. Srivastava, G. Hinton, A. Krizhevsky, I. Sutskever, and
R. Salakhutdinov, “Dropout: A simple way to prevent neural
networks from overfitting,” The Journal of Machine
Learning Research, Vol.15, No.l, pp.1929-1958, 2014.

[18] A Library for Support Vector Machines [Internet],

https://www.csie.ntu.edu.tw/ cjlin/libsvi/.

Korea Meteorological Administration [Internet],

http://www.kma.go.kr/.

[20] Java Neural Network Framework [Internet], http://neuroph.

(19

=

sourceforge.net/.



360 IEMEISS=2Al/HFEH H

E A
S

of & &l
e-mail : seung.min.lee k@gmail.com
20094 A E U SHA T84
2009 ~2012\3 BNSoft =4 dA+4
201611 4 Ehetal 2578 (A
HAEoF: AT E AZEY ] H2H,

71 AlE 5

oA~ HST K10 (2016.

ol
e-mail : woojin@knu.ac.kr
1992 4 5u)stie 7 FE B ek (et

1994 KAIST 4Akeha(g-8HA AL
199991 KAIST Xd’:_fi?ﬂr(%ﬂt‘”})

19994 ~2002
2002 ~& A

AAE



