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A Comparison of Machine Learning Models in Photovoltaic
Power Generation Forecasting
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The amount of new renewable energy generation is increasing worldwide every year. Among many new
renewable energy sources, solar energy generation using solar energy accounts for the highest proportion of new
renewable energy generation. There is a variation in power production because solar power generation is more
affected by climate conditions compared to power generation using crude oil or oil. In order to accurately predict
solar energy generation dependent on climate variables, this study compares the performance of machine
learning-based solar power generation prediction models using weather forecast data from the current forecast
technology, Numeric Weather Prediction (NWP). In this study, we experimented on two NWP types, and 7
machine learning models depending on 21 photovoltaic(pv) power stations. Based on results, we select the
model with the lowest statistical indicators nMAE(%) by region as the optimal model for the region. Finally,
experimental results show that the 7-Block ANN model devised in this study is better than conventional machine

learning models.

Keywords: Photovoltaic Generation Forecasting, Predict of solar power generation, Deep Learning, Machine
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Temperature Prediction using NWP Model
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Figure 1. Temperature Prediction Using NWP Model
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Figure 2. Location of Photovoltaic Power Stations

I AE Y GRNES B H R BAR] Wi, F 2ol
o] 71} A B Elo|HE FA A&l B R LTS o
3o}, <Figure 1> 2 Ao A ARE3E NWP 299 714
T T 2L HFE Yt 712N 220189 1€ 1€ 94)
E] 36A17F S7FA NWP 22 (UML_09 KST)S AF&3lo] 7]
o 23 19 =2 Yepih

Train Set®] NWP o &t o] B} &= H ] 36A17F H 744 9] o &
dlo]E 7} 4 21, Test Sete] NWP o & s o]} &= ] 48
AZE A7A B e E7F EA T o] A4, 845 HiolH
Sl Sequenced] A& A = o 55 st

A A AE A ST A 33 QA 3E, 9Y 13, 3

fo Hz & AN rir _\1

o

T 1030 EAYL BAALEE RIS 75 F AYEE A
& HlaskAth <Figure 2> 72 LA &0 3G 3 A=}
AEE INE 9o AT otk 2 Ao B AE A

2950} g A 30 5 gk

Doohyung Kim + Wooseok Sin -

Changki Kim + HyunGoo Kim - Sung Won Han

18 dlo]e] AA2) 3 HAE dolele) 37}

NWP 229 7] AR doJH & o B A& AE 7|2
2 G ARE T 36A 2 A 714 d S ol B A
A7 BT, FHE AYAE, HAE AGUAE, 7
A% L sﬂ‘ﬁ 713, F4, AUEE, ¢, AT A5
Ek" 1%‘6%} 717 Hl°lE19Jr FAF HolHe 25 20184
1€ 197820199 12€ 31Y7HA 1A B2 7] 55 9

71
oL NWP 2d Hlo] | ¢ A & t o Bl & 7] & A 7HY| Afo] 7}

ZA9. 20193 1€ 1Y€ 049 HAF Ho]H 20194 1€
1Y OAIRE IAN7AAY 73 dHEs 911118}% HhE of]
NWP 229 20199 1€ 1€ 049 HMEi 20189 12€

31U 23A13H 20199 1€ 1Y 0A7HA1 9] FHES 9mg)t. o]

€ 2A] Hsto] NWP 29| 7|5 Az 3 Az BEe
T2, 55 v T DA AN
el A= A8 FHAOAA 1 Aol o] ghE Hold 9998 Zh=
o gAd A 0(TF ®w) o= tASHAAL, v 2
/\ﬁ,{*" M fle AR 22 WHSHT F 1272150 AFE &
= 2 AL A ?‘l» L*i A AT £, 05T 22
T%ii?fﬂtq 719 T -9.9990 dl® 7192 @ AR A9
e 712 thA OPﬁiE}. 3, A A LA W
dajA e 0 et B AEo] ol 4ot MAH
AP I g2 o714 ke dAEE ek B wte
e ot 287 M, MAH e deAddw mde
3

=

dlo

o rf

ol e Al 1367 238 AY &

=& A AT 28, 3N Y mge

AAN S o, Sl So7ke A % ]

Sequence {4 0. & 2|54 °L“‘:} wrebA o] 7
3

o
>
()
>
i)
o
>
()
Jor
32
i)
rx

E

2

gt

e
L >

E#

L
mlO rlr
o
oy
$
2

73 U%Oﬂ ﬂlsﬁ*ﬂt 37709 A4
SubsetE= A A s g5t H T

2 g0 B+ 30%~40%7} 00] 1L, rH%

HF AlZbol itk B ok A= W Ao AHEEhAl 2

o Foll, B Aol A= v Alzke] EAFe] AF AT E}E}

ANAE ANE2E 1A ge Halgd T AT % =g

] &

% Hm

s o p2 = N o

of thal A= e oF HAZHe] FAFQIgho] Cos75° o] AHel Al
Xﬂﬂo]-—7 g&gon, RS H7tE fo = 87t 1 9lx

& AZEE A9 EgTh a7 W YA B AZEe FARS H
; A 7Zko] Cos75° 013 W= ALtet AT

o
O

>~1

32 R

(1) Mean Absolute Error (MAE)
MAE= AA G o) S3t9] eatol At < A 2
s wolwl A (1)F 2ol 78 + AUtk o, y, = AAR

<,y E dSHE UeEhE n e A E9) ASE e



A Comparison of Machine Learning Models in Photovoltaic Power Generation Forecasting 447

MAE=

1 n;— R
gEL% —yil (1)

ARG A S3e] LA} o= AERIA AT

(2) Root Mean Square Error (RMSE)
RMSE= A A gh3t o S5t @bl A3, ¥ Z12] AL Al
2¢ AU 2 A% ol 4 )9t 2ol 7 % Yo

RMSE=

—_
\)
~—~

o] AL MAESH PHI7IA 2 AAIZk} o Zgkel 247}
oil__ AzolA Ftd 4= 9}

(3) Mean Bias Error (MBE)
MBEE AART oS3 G exbd BHE A& &
o|n} 4 (3)3} 2ol & % 9l

;-

MBE=—Y(y,—y,) (3)

SR

o] ATE o&7E0] YFHoE
AEA Z& A dSHoJ=AE ¥
B ATAE 2 BRse Ay v

AAGETG 2 4=
oote 4 s A Fo|
LA o] BF 957 o

ol A Zbol 249 A77F e SAE 2L TR A
waty] Sjste], 99 Al 744 AR E Capacity(Z T 49|
o) ¥4 72 Y<r nominal Mean Absolute Error(nMAE), nomi-
nal Root Mean Square Error(nRMSE) 18] 3 nominal Mean Bias
Error(hnMBE)9] A ZE AFS-9) o1, 422 H]ale] HOE 93l
nMAE, nRMSE, nMBEl 100 &€ n AE(%) nRMSE(%),
nMBE(%)E AH&-3 T <Table 1> 7+ A1 7 49] Code B
2} 0] ek AR S ek Folk

[e]
L
H

B ok WA 2 o 2 Hofo A Ul R B Myd 1= %7}1]
EZ MAES A& weba] & 479 B7F A EE MAE

719kl nMAE(%) S AH&-3ith,

4. Fg EAF oS 2

=

4.1 K-Nearest Neighbor (KNN) &2

KNN Tdo ;gp,]t‘f} 7-]ﬂi§— 71O 2 5 Instance?} 7t
B IWEE KA o] g RG-S B Ho] JSHOE A
&3t} B AT M= 28Ut Al (Buclidean Distance) S
7)% 2.2 Instances 7&«] A& ZA43AU T F Instances] 7

=4 4% 2ol & = Sith
\/(zl 7?!1)

N

d(z,y) = + o (2, —y,)?

Table 1. Name of Each PV Power Station and Maximum Power Generation

Code Name PV Power Station Area Name Maximum Power
40001 Busan Water Treatment Plant 110.50
40002 Busan Recreation Ground 1400.50
40004 Busan Composite Material Warehouse 999.00
40009 Busan Headquarters 129.00
40017 Busan New Port 115.40
40014 Hadong Headquarters(Hadong level 4) 997.56
40015 Hadong Headquarters(Hadong level 5) 997.56
40018 Hadong Headquarters(Hadong level 1) 998.40
40019 Hadong Headquarters(Hadong level 2) 1900.80
40020 Hadong Headquarters(Hadong level 3) 600.60
40021 Hadong Public Playground 369.85
40022 Hadong Public Health Center 40.00
40023 Hadong Substation 48.30
40024 Hadong Water Purification Plant 93.02
40010 New-Incheon Observatory 1742.00
40011 New-Incheon SoNae 200.00
40016 Incheon Fishery Water Purification Plant 998.00
40005 Samcheok SoNae(Samcheok level 1) 999.00
40006 Samcheok SoNae(Samcheok level 2) 990.45
40007 Samcheok SoNae(Samcheok level 3) 2002.32
40013 Yeongwol Headquarters 76.00
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NWP Zdlo] & A H19 H5S 77 B9 sto]H
ghebu] B = NWP Z2¥ 2 Z+7) <Table 2> 9} <Table 3> &
7134 .
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Table 2. When NWP Model is UML_03 KST, Hyperparameter
UML_03_KST
Busan Samcheok Incheon Yeongwol Hadong
(XGB) (7-Block ANN) (7-Block ANN) (RF) (7-Block ANN)
LeaRr;-;ng 0.05, 0.07 Epochs 200 Epochs 200 max feature sqrt Epochs 200
n_esti-mator 100 Baftch 64 Ba.tch 64 n_esti-mator 150 Batch size 64
Size Size
le-5, 0.01, o
reg_al-pha 0.1 Dropout 0 Dropout 0 criteri-on MSE Dropout 0
0.01, 0.1, . . .
reg la-mbda 100 Patience 40 Patience 40 - - Patience 40
Learning Learning Learning
i i Rate Se-d Rate Se-d i i Rate Se-d
[256, 128, [256, 128, [256, 128,
- - Hidden Size| 64, 64, 32, |Hidden Size| 64, 64, 32, - - Hidden Size| 64, 64, 32,
32, 16] 32, 16] 32, 16]
Table 3. When NWP Model is UML_09 KST, Hyperparameter
UML_09 KST
Busan Samcheok Incheon Yeongwol Hadong
(7-Block ANN) (SVR) (7-Block ANN) (7-Block ANN) (7-Block ANN)
Epochs 200 C 0.1, 1 Epochs 200 Epochs 200 Epochs 200
Batch
Batch Size 64 Epsilon 0.1 Sa,c 64 Batch size 64 Batch size 64
ize
Dropout 0 gamma scale Dropout 0 Dropout 0 Dropout 0
Patience 40 kernel bf Patience 40 Patience 40 Patience 40
L i L i L i
LearningRate Se-4 - - carning Se-4 carming Se-4 carning Se-4
Rate Rate Rate
[256, 128, [256, 128, [256, 128, [256, 128,
Hidden Size| 64, 64, 32, - - Hidden Size| 64, 64, 32, |Hidden Size| 64, 64, 32, |Hidden Size| 64, 64, 32,
32, 16] 32, 16] 32, 16] 32, 16]
52 A% 23 )3 315 A2 & Ao A A ke 7-Block ANN 28 45
[¢) 2} O 2= 3l w2 ¥ g 03 E 3 A3 zdo
sl B A S NWP RS o5 AR A A 0TI B EEEE SAE Bl wEe
: AgkAel e Hzfle Wox & =34 AU
o] oo} E2 e on, AGER Y S48 mdd " s .
o = . = Q= . 7-Block ANN 249 A5o] 713 &4dt) 1522 RF
Hai A= AP E Ha expoh AL B LA A4S
= U B ol i T s e 249 XGB 29, KNN 24 SVR 29 GRU 24, LSTM &
sto] UEtH T & 979 97t AEs AFATAA £3) 2
= - } - g CNN 29 Z]'fﬂ])\oi}"] o] &9tk
o] = MAE 7|8l nMAE(%)E AH&-3lom, nMAES 712 : . .
2 7P 943 B8] A iRMSES MBES] sy <Figue I~ <Figure 15> <Figure 16> ~ <Figure 204
T LE A5 ugie ol aMBEE 94 HR o), 3y T LAEC WURAR A SE 29 A 7S A
2 9oz Ao Yol A d=7ko] A a2 sty A EMMAE, nRMSE, nMBE)E UEh T2 ot BE A9
LA 2L B2 28 YA BZ 5tk Bk Axe ) WAL tsiA MAES nRMSES] ST 2 v e
A= 254 52 o A e A3, o, &7t vt e 59 A TASA g A = F Y
NWP =do] UML 03 KSTS! 7449 A& <Table 4>9F T ol 224 B F3h= AH o 3ol aMAES 23]
2on, 7+ 2 dujr} nMAE7} M e mdo] Ao A AUFROE, nRMSEE 2349 AFOoz At W
Moz TANAT B4, 99 AGe AGF 44, 94,1 HE7l Heeld
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Table 4. When NWP Model is UML 03 KST, Regional Performance

UML 03 KST
area
Busan Samcheok Incheon Yeongwol Hadong Mean
model
KNN 7.8803 12.2620 9.9818 4.5680 8.8722 8.71
RF 7.6733 12.0547 9.6199 4.3576 9.0804 8.56
SVR 7.9027 11.7247 10.4241 5.2455 9.2748 8.91
XGB 7.5731 12.1959 10.2092 4.4791 8.8347 8.66
7-Block ANN 8.0735 10.6099 8.9962 4.6045 8.5336 8.16
CNN 14.5559 20.5165 15.2325 10.3478 14.8950 15.11
S2S(LSTM) 14.4657 22.6629 13.1176 7.7625 13.7874 14.36
S2S(GRU) 13.3076 16.5680 13.5384 6.3457 13.6130 12.67
Busan Mean Absolute Error Per Time 12 Busan MAE, RMSE, MBE 12
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Figure 11. Performance Graph of XGB Model in Busan by Time and Power Station
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Figure 12. Performance Graph of 7-Block ANN Model in Samcheok by Time and Power Station
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Figure 13. Performance Graph of 7-Block ANN Model in Incheon by Time and Power Station
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Figure 14. Performance Graph of RF Model in Yeongwol by Time and Power Station
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Figure 15. Performance Graph of 7-Block ANN Model in Hadong by Time and Power Station
<F1gure 11> ~ <Figure 15>9] &= 2 2= 24 (YoM 7} 7] W&o Fofo S5} Ao So] ZF dojyar 9SS AlA

3} Ut%]_,] /\]7]-q]1ﬁ HL;Q/\Bi 44:1!- _Q_i} a :,_ﬂ]
IE} BE 2l tfsto] ofs} 2AY Aztdls B9
201 A o] FAHAT, e o3kl tisl 247t AA
%Lol% 1o}, <Figure 12>914) 40005 A & (A2
4 19749 nMBEE %2 AEE o Z3ho] AAghR
aJrfﬂaﬂ om ATk A < Ae twon,

I Utk 01 T
A A9} E}_E_ﬂl, 40006 %Zdi(%xﬂ, @H; %Zi 28 =
nMBE7} 09l 7} A 2k nMAE S} nMBE 7} 242t oF 103 YERY

s},

NWP Edo] UML 09 KSTS! 7§
2o, zt Aquith nMAE7} 7H8 @ RE e g5 @
Aoz TAFYT UML 09 KSTS %, 4H3 A9 S A) 93

Hab A, 9€ st AYe B Ao A3 7-Block

g oS Y

ANN 299 A5o| 713 591, 24 =2
o & 7-Block ANN 22 9]

ko] A9l e e M e
2 KNN 29, XGB B4, SVR

AE <Table 5>9
2

Aol 7H8 E8tth Ot
24 RF 29 GRU 23, LSTM 29, 781 CNN 29 2}
TOE 5ol 4T

Table 5. When NWP Model is UML_09 KST, Regional Performance

UML 09 KST
model area Busan Samcheok Incheon Yeongwol Hadong Mean
KNN 7.8804 11.7942 9.1271 4.2035 8.4425 8.29
RF 7.6733 12.3291 9.3813 42424 9.2014 8.57
SVR 7.9027 11.0123 9.5415 4.8471 9.1459 8.49
XGB 7.5731 11.8618 9.6547 4.1917 8.7988 8.42
-Block ANN 7.3222 11.2328 8.9791 4.1440 7.9686 7.93
CNN 13.9042 17.0340 14.6194 8.8275 15.3787 13.95
S2S(LSTM) 12.3681 17.7545 13.8723 7.6608 11.8910 12.71
S2S(GRU) 10.7475 15.9334 11.9407 5.7443 11.7032 11.21
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<Figure 16> ~ <Figure 20>9] #Z 1= NWP Zdlo]  UML 09 KSTAIAE BE A Q9| whad 2ol thd) A nMAES}
UML 09 KSTS! 73%-9] 7+ AIZtehe, %xdiﬂé Qo] nRMSEY ¥ FA A S & o Stk 53], <Figure 17>9
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Figure 16. Performance Graph of 7-Block ANN Model in Busan by Time and Power Station
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Figure 17. Performance Graph of SVR Model in Samcheok by Time and Power Station

16 Incheon Mean Absolute Error Per Time 14 Incheon MAE, RMSE, MBE 14
—e— 40010 . * — —e— nMAE >
14| —* 40011 & —e— NnRMSE 13

—e— 40016 v o 12{ —*— nMBE
12 — /\ -

o

nMAE
® o
NMAE (%)
i
o
5 =
NRMSE (%)
|
N
nMBE (%)

9 -4
6
® 6 8
4 \ . [*8
2
7 8 9 10 11 12 13 14 15 16 17 18 “ 40010 40011 40016 6 -8
Time scale Location
Figure 18. Performance Graph of 7-Block ANN Model in Incheon by Time and Power Station
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Figure 19. Performance Graph of 7-Block ANN Model in Yeongwol by Time and Power Station
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Figure 20. Performance Graph of 7-Block ANN Model in Hadong by Time and Power Station

NWP =do] UML_03 KSTS! 7%, & AFoA At
7-Block ANN Z&o] 5715 3709 Aol Ao A5S B
A3, NWP 22 o] UML 09 KSTQ 73$-olE 57} 5 4702 A
Ao A H19 A% B &3 UML 03 KSTo|aL ¥4
A9 w= XGB R¥o), ¢ A9 wje RF 2do] 7%
£ 4%S B3, UML 09 KSTo| 3 A3 A 94 wji= SVR

2 ol A A k3 7-Block ANN 2 o] 9] 9] A 7 $-of] o) 3
AEZ g 5ehE Bol7] flaf tharat 22 HA S AA A A
A 7-Block ANN E.&l o] A A| HHd g 2to] & X & FAFSHA whet
7R AR 8, 2] S5k AA G Aol & A7
Aoz dvdn k3 o2 FA A, SAHLEE Fou| T2
HFE M LA 5 AFe] e B8 A 2 Hl R A A
< ok A A8 AE 71200070 o] 8 W AHEH =
Kolmogorov-Smirnov TestE, Bl 2 A2 F© 1] 2tol &
ZY4E o] &3} A8+ Wilcoxon Rank Sum TestE 3t}
7+ 74 3 Wilcoxon Rank Sum Test®] 2] 558 2.5 0.05
2 A3t A3 2 Kolmogorov-Smirnov Test} Wilcoxon
Rank Sum Testd] #AF7H 9 th @71 & <Table 6> YEF
t}. Kolmogorov-Smirnov Test®] A+ [UML 03 KSTSI H4F
A o] A, UML 03 KST! #4F A% ] XGB B9 o =
#, UML_03_KSTSI 9€ A< AAIg, UML_03_KSTS 9
9 Ao RF 29 o =7k UML 09 KSTQ 44 29 o] A4
#, UML 09 KSTSQI AH& A< 9] SVR 29 o 2343 & 671
o AS 47t AR oW, Wilcoxon Rank Sum Test= 33
NWP 23} 2o m& A 7o AAG Jd3 o 53k A
4 AR oW, Median ., = BAFY FHTE YERH L
Median & 7-Block ANN 29 ¢ Z3t9] 5958 UE}
Wo

<Figure 21>9] = 18 = UML 03 KSTo| 1L -4k A9 Y

predictio

) o] A A Zt(Ground Truth; GT)3 7-Block ANN E.2 9] of =7k
PlotZ e 1, ¢ T8 =& UML 03 KSTo] 2 ¥ A
o uj o] A A 5k} 7-Block ANN 22 9] o 27+ plotS VeI T},
<Figure 22> UML_09_KSTo| 1 4H3 A9 Y vfj o] A gt}
7-Block ANN 2.9 9] o] 27} Plot-2 UEHA T}, <Figure 23> 3
SNWP 27} 29 of HAgh EE 9} 7-Block ANN ZH 9] ¢
Z3 B X E YERAT <Table 7>2 81 NWP 28l 7} 2] & of u} 2
A A gk ol 23 2+2-S Kolmogorov- Smirnov Test e 2 ko] 1
<Table 8> UML 03 KSTQ! ¥4} 9 € A ¥} UML 09 KST
ol AHA A o o] A A gk 7 &3} 7-Block ANN 2 9] o 22k At
2}0] 2 Wilcoxon Rank Sum Test3+ A 7o)t}

<Figure 21>} <Figure 22>5 E < W, 7-Block ANN =&
o] o] Z3to] il NWP i Aol A AA g & o =3}
1SS s & 9t E=3 <Figure 23>2] Box plot L]
ZAAE 3 NWP ZdF NG9 HAAZ EE9 7-Block
ANN B2 9| d &3 B27} fAHS & Aok B3, 24
# A3 7-Block ANN 29| o 27k Z et 7kl Zo]7} §
+& 48] o) dol A AAL YT slg Nwp 2d
3 Ao sgshe AAF, AZa F 6/l Aol o3
Kolmogorov- Smirnov TestE 3T}, <Table 7> BH, 7}7}<]
Aol thal =5 P-value”Z} 0.05 20k 29k7] w) Eof AF7HA
S 14 Fo4E oA BE Jde AFELE 2
A et @ F 9o, I 2k 2ol & AAs] 93
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AT}, <Table 8>3 33 NWP Ed 3 2499 Wilcoxon Rank
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Table 6. The Null Hypothesis and the Alternative Hypothesis of Each Test

#,

H,

Kolmogorov-Smirnov Test

Group A Data follow a normal distribution

Group K Data do not follow a normal distribution

Wilcoxon- Rank Sum Test Median g, — Median

=0 Median ., — Median,

‘prediction

#0

‘prediction
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Figure 21. Ground Truth and Predictions of UML 03 KST in Busan and Samcheok
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Figure 22. Ground Truth and Predictions of UML 09 KST in Samcheok
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Figure 23. In the Corresponding NWP Model, a Boxplot of Ground Truth and 7-Block ANN Predictions

Table 7. KS Test Statistics and P-value by Model of Corresponding NWP and Region

Busan (UML_03 KST) Yeongwol (UML_03 KST) Samcheok (UML 09 KST)

Statistics P-value Statistics P-value Statistics P-value

Ground Truth 0.5000 0.0000 0.5000 0.0000 0.5000 0.0000
7-Block ANN prediction 0.4991 0.0000 0.4843 0.0000 0.4926 0.0000
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Table 8. KS Test Statistics and P-value by Model of Corresponding NWP and Region

Busan (UML 03 KST)

Yeongwol (UML 03 KST)

Samcheok (UML 09 KST)

Statistics P-value Statistics

P-value Statistics P-value

-1.3680 0.1713 0.0043

0.9965 -1.3214 0.1864

B o Lo A A2k} 7-Block ANN 29-& NWP 22 o #7
glo] FAE AMA Q1A 94, 3 S/ A9 WA ES At
Hog A dsgon /MY Ao g 45 £ B FE 2
Ao A =3k}, 7-Block ANNS| A50] 744 &4 &4d A
o] 33 o}, olo tiEAE A ZE, BAHCE F o
&S HA oY ARE FTEAS u, B AFA Al
7-Block ANN B2-& t @5l 57§ A G of Ao A &
A e Zdolga & 4 9t

rol e IR

ol

6. 22 % FF A

@Rl s Ao 213 Fdael tid 77hA] mAle
7o Bdo) A5 e mludth 59, & AT
AAYATFAAN Akd WA 7] RS S 724
o= wgste 4o, A ngd 2 45 S
Hustgth HFH o2 & A7 oA AL 7-Block ANN
mdo] g Addqn Ao 4es 7HHoH, Haf
Boe WA X A D= A4, FAHCR A
Afe & Zea A5 BAT ol & 53, T B
% 2 Ad ol A 7-Block ANN Eio] 857 A2
T At

3

S A 9 AF WFe g5 2o B AT HolH
+ Time Series Dat S
2l 528 BE 9 4

%} Bdol F8

oo
14
i
A
-
ol
K
o
3
(¢}
<
&
hiAn)
)
ol
o

ﬂ oL

= =

o &5 2 o & Sequence 7t
AO2 frAFojopgt e}, uhehA HF Az H ol E £ A
Z8EA 3k o] ghol A= A Folle ol & HAGLE A
9 dol staA. 828 AL S5 Train Setd} H7HE
Test Set ZFo o] A4 E£AI7F A7 W&o *2 &
BAT 828 RES FA7lE FAAA o] & st g
Fa0H, & 2l vlel o & 4% F4LS 7dT ¢
e Aoh.

G|

Ahmad, M. W., Reynolds, J., and Rezgui, Y. (2018), Predictive
Modelling for Solar Thermal Energy Systems: A Comparison of

Support Vector Regression, Random Forest, Extra Trees and
Regression Trees, Journal of Cleaner Production, 203, 810-821.
Cheng, H., Cao, W., and Ge, P. (2012), Forecasting Research of
Long-term Solar Irradiance and Output Power for Photovoltaic
Generation System, [EEE., 2012 Fourth International Conference

on Computational and Information Sciences, pp. 1224-1227.

Huang, C. J. and Kuo, P. H. (2019), Multiple-input Deep Convolutional
Neural Network Model for Short-term Photovoltaic Power
Forecasting, [EEE Access, 7, 74822-74834.

Kayri, M., Kayri, L., and Gencoglu, M. T. (2017), The Performance
Comparison of Multiple Linear Regression, Random Forest and
Artificial Neural Network by using Photovoltaic and Atmospheric
Data, International Conference on Engineering of Modern Electric
Systems (EMES), IEEE, 1-4.

Kim, J. W. (2019), A Solar Power Prediction Scheme Based on
Machine Learning Algorithm from Weather Forecasts, The Journal
of Korean Institute of Information Technology, 17(9), 83-89.

Mekhilef, S., Saidur, R., and Kamalisarvestani, M. (2012), Effect of
Dust, Humidity and Air Velocity on Efficiency of Photovoltaic
Cells, Renewable and Sustainable Energy Reviews, 16(5), 2920-2925.

Mellit, A., Menghanem, M., and Bendekhis, M. (2005), Artificial
Neural Network Model for Prediction Solar Radiation Data:
Application for Sizing Stand-alone Photovoltaic Power System,
IEEE, Power Engineering Society General Meeting, 40-44.

Pedro, H. T. C. and Coimbra, F. M. C. (2012), Assessment of Forecas-
ting Techniques for Solar Power Production with no Exogenous
Inputs, Solar Energy, 86(7),2017-2028.

Ramsami, P. and Oree, V. (2015), A Hybrid Method for Forecasting the
Energy Output of Photovoltaic Systems, Energy Conversion and
Management, 95, 406-413.

Seo, Y., Lee, B., and Choi, Y. (2017), Machine Learing Model-based
Photovoltaic Power Generation Forecasting Using Meteorological
Data, Journal of the Korean Society for Environmental Technology,
18(3), 242-251.

Shin, D. H. and Kim, C. B. (2018), Short Term Forecast Model for
Solar Power Generation using RNN-LSTM, The Journal of Korea
Navigation Institute, 22(3), 233-239.

Skoplaki, E. and Palyvos, J. A. (2009), On the Temperature De-
pendence of Photovoltaic Module Electrical Performance: A
Review of Efficiency/Power Correlations, Solar Energy, 83(5),
614-624.

Son, H., Kim, S., and Jang, Y. (2020), LSTM-based 24-Hour Solar
Power Forecasting Model using Weather Forecast Data, KIISE
Transactions on Computing Pratice, The Korean Institute of Com-
puting Practice, 26(10) 435-441.

Sutskever, 1., Vinyals, O., and Le, Q. V. (2014), Sequence to Sequence
Learning with Neural Networks, arXiv preprint arXiv:1409.3215.
Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D.,
Erhan, D., Vanhoucke, V., and Rabinovich, A. (2015), Going
Deeper with Convolutions, IEEE Conference on Computer Vision

and Pattern Recognition, 1-9.



458 Yongtaek Lee + Doohyung Kim + Wooseok Sin

A A} 27

o869 : F=thdtal FA ol A 2020 SS9 E H S35t
3 st A A4YA e ARA A A Folt,
AT #-oF= Deep Learning, Sequence Data Modeling, Computer
Vision©| .

A oSt A Al 28 A H F 8kl A 2003 SHA
&9 E 3 53t Georgia Institute of Technology ol 4] 2006
Operation Research 23 A}8}+9], 2007'd Statistics 23 AFeF$], 2010
Mathematics 4 AF8F9] & 3] 53132 2010 Industrial Engineering
7 Statistics BFAFeH9| & F 53F AT}, University of Pennsylvania,

+ Changki Kim + HyunGoo Kim - Sung Won Han

Department of Biostatistics and Epidemiology Al Post-doctoral
Researcher(2010.07-2012.06), Hoffmann-La Roche Inc., Department
of Non-clinical Safety @l 41 Post-doctoral Fellow(2012.07~2013.08),
New York University, Department of Population Healthl| 4] Re-
search Scientist(2013.08-2015.12), New York University, Depart-
ment of Population Health®l] 4] Senior Research Scientist(2016.01~
2016.02)= 993k, 20163 HE Lt 4978 B &8
WFE ARSItk AFE ok F WH & E ok probabilistic
graphical model, network analysis, deep learning 5-°] 3121, 54
EofEE ol 2 o5, 44 AR F4 FYE ), 52 E njo)
ol 3



	머신러닝을 이용한 태양광 발전량 예측 모델 비교
	1. 서론
	2. 선행 연구
	3. 데이터 전처리 및 평가 지표
	4. 태양광 발전량 예측 모델
	5. 하이퍼파라미터 탐색 및 실험 결과
	6. 결론 및 향후 과제
	참고문헌


