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Abstract

The proportion of solar photovoltaic power generation has steadily increased in the power trade
market. Solar energy forecast is highly important for the stable trade of volatile solar energy in
the existing power trade market, and it is necessary to identify accurately any forecast error
according to the forecast lead time. This paper analyzes the latest study trend in solar energy
forecast overseas and presents a consistent comparative assessment by adopting a single
statistical variable (nRMSE) for forecast errors according to lead time and forecast technology.

Keywords: B33 (Photovoltaic), YAKIrradiance), $1-5-417(ANN;Atificial neural network),
Hhdeke]| H(Power forecasting), 2 A7 (Forecasting horizon)
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Fig. 1 Schedule of power trading by European countries
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nRMSE = S (1)
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Fig. 2 Procedure of the domestic power trading
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7o oo 22 it 24 melo] 9ir},
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Table 1 Summary of the studies for solar irradiance forecasting

EfQOIUR| o2V [ SR _ HA= 2

T
1'me Author Method Input data nRMSE
horizon
TB K-mean cluster + ANN MEAS: Irradiance
1h Azimi 1., 201 . 2
imi et al, 2016 (3 hidden layers) (sfc) 7
MEAS: Irradi
1h  Sharmaetal., 2016 Wavelet neural network S (S;Cr;i dize 18.1
Alonso-Montesinos MEAS: Irradiance
1h - lati th 194
etal, 2015 Cross-correlation method (sfe: sky camera) 9
MEAS: Irradi
1h  Aguiaretal., 2015 Bayesian ANN (multilayer) S rrad.la.nce 19.8
It (sfc, satellite)
ntra- .
hour  1h  Notton etal, 2019 ANN (4 hidden layers) MEAS: Irradiance, ), g
weather variables (sfc)
Gutierrez-Corea . MEAS: Irradiance,
Ih etal., 2016 ANN (2 hidden layers) weather variables (sfc) 22:6
Ih  Dongetal,2015 Combine SOM+SVR+PSO MEAS: Imadiance ),
weather variables (sfc)
Ih de Paiva et al., Mulfisene senefic pro in MEAS: Irradiance, 34
2018 gefie & Progt & weather variables (sfc)
AVERAGE 20.8
MEAS: Irradi
3h  Aguiaretal, 2015 Bayesian ANN (multilayer) s ch’ S;Z(liilér)lce 28.5
3h Montesinos et al., Cross-correlation method MEAS: Irradiance 276
2015 (sfc; sky camera)
MEAS: Irradi
3h  Notton et al., 2019 ANN (4 hidden layers) S: Imadiance, 5, |
weather variables (sfc)
Gutierrez-Corea MEAS: Irradiance
h ANN (2 hi 1 ’ 28.1
. S:;_lar Intra- 3 etal., 2016 (2 hidden layers) weather variables (sfc) 8
[raciance AVERAGE 28.9
forecasting MEAS: Irradiance
h Agui 1., 201 B ian A Itil ) 29.4
6 guiar et al., 2015 ayesian ANN (multilayer) (sfe, satellite) 9
Gutierrez-Corea MEAS: Irradiance
6h ANN (2 hidden 1 ’ 34.5
etal., 2016 (2 hidden layers) weather variables (sfc)
MEAS: Irradi
6h  Nottonetal, 2019 ANN (4 hidden layers) fracdiance, 54 g
weather variables (sfc)
AVERAGE 32.9
.. TB K-mean cluster + ANN MEAS: Irradiance
24h  Azimietal, 2016 (3 hidden layers) (sfo) 28.9
24h  Trapero et al., 2015 Dynamic Harmonic Regression MEAstlg? diance 29.6
MEAS: Irradi
24h  Piazzaetal., 2016 NARX neural network S (Sg;i diance 31.8
NWP: forecasted
NWP + ANN variables
- 24 h Lima et al., 2016 35.8
Day e (post processing; hidden layers 8-22) MEAS: Clear sky
ahead
model (sfc)
AVERAGE 31.5
MEAS: Irradi
48h  Piazzaetal, 2016 NARX neural network S:Imadiance, )¢ ¢y
weather variables (sfc)
- +
48h  Azimietal, 2016 TB K-mean cluster + ANN NWP: Iradiance 3.2
(3 hidden layers)
48h  Lorenzetal., 2009 ECMWF-OL 44.0
AVERAGE 35.0
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Sharma et al.”>-& WNN(Wavelet Neural Network) S AF85}o] 158 2 147} o # 9]0 gt 25| o

= 435190} 158 Qi+ o H QA= 11.3%0]H, 1A7F ol B Q Jp= At 2] 0 2 =2 18 1%0]c). ARRH
WNN7H2 t}2 5A14 7|HE(Persistence, ETS, ARIMA, ANN, WNN)7} H| W =[] o™, RLE 700
Sl 1-2% 71 22 g2 Btk

Alonso~Montesinos et al.'*& A7}o] 7hi|2tE: 0]g5o] 2|t 37t 74x] YAl S| HE S5 o 2|
QA= YERYIQIE o] Hh.& od&x] 37ko] Avto] o|n|]of tisl] Maximum Cross—Correlation 7]H-& AR
Sto] ol SHEE APdshH, oln| 2] Ao Bt7|of AL o] PAIALS S0l YAtEE Aok S 7
Ak, A7 et Al .2] 9 M= 19.4%2 LehH, 347 o = 27.6%0 T,

Aguiar et al. "2 SRt R R AEE AAFUALF AFmet AAFe] PEAARF AR AHESI] 6417 RS
Fgstoint. thsElololE Ag-5h= Bayesian ANN 7|92 ARSI 0 H, of|H @ 2h= | HAZE L, 3, 6 hofl o
5l 19.8, 28.5, 29.4% (B2 7F bt F-50] A f1xIeke 2192 91 DA i @27 &2 Ao
= AR, PR O ARl T o B A S ek o 4 Sl Aol Aol = 9/ A
= RS AR A 213e] A4 Y I (Clear sky model)2 59t YAFRF} 7|92tz H oy nRMSEZ &
2 2& o 5 3ck(Table 2).

=

)

Table 2 Input-specific average nRMSE (Mazorra et al.)

Model nRMSE (%)
CLI 26.7
ANN 21.9
ANN+Satellite 20.2

Notton et al.'¥-& 2}Ake] P& A g} 7AFHSE Jedata g ARl ANN 714 6417 Al A&
T= oIS 4709 29502 ANNS ot oH 1A17E, 3A17E, 64171l thisl 22.5, 31.4, 34.8%2] &
A7F Uit o] A+t GHI®FDNIE T26te] olH-E 4846132 ™, GHIS| nRMSEZ} DNI Ht} oF 24|
A YeRTh DNIC| @217} o 2 o] 5= 750l 17t DNIO] B4 w2<l Aoz BAEGICE 6417 o=

LA A0 Ssglon, AP ofH 9 A Table 301 AXISIGITE, 141710} 2412 ool 274
2717171 2] vhehdel

Gutierrez—Corea et al.'”-2 |71 417 o] 2ol T&H 117 DA 745 ANNS| gzt
2 ARl ATE sl er, 27]e] 2952 ARSSITE dlH et 1AI7E, 3A17E, 64171l tsf 22.6,
28.1, 34.5%= Ryttt

Dong et al. -2 2ol B&H QA 7RSS ez AMgslgon, SA RS Agtsio] 14]

7+ LA o B 5 38519t o] dte] EA R E A SOM(Self-Organizing Map), SVR(Support Vector

ol
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Regression), PSO(Particle Swarm Optimization) 7|'"HE= Sl wjet Este] ARgehs ofn|git). 1417
of| 2 @ A= 23%= Vet

1.2)-& MGGP(Multigene genetic programming) 71%-2 1A17F QAL of o] 28371 G124
= A AA 7S AR R ARSI A H oAt Wrh= o it Bl de B ERll]

ol E H == F 7F¢ &2 nRMSE(34%) 7} Lehd

de Paivaeta

Table 3 Time-specific NRMSE for indra-day forecasting (Notton et al.)

Lead time nRMSE (%)
1h 21.6
2h 28.0
3h 314
4h 333
5h 34.3
6h 34.8

(2) MY AL oflE(Intra-day)
Trapero et al.”?-& DHR(Dynamic Harmonic Regression) 7S AF&5}0] 24X|7F QAL o) B2 458619

ot I APFAAE AR E YAtz 2 A851H, Notton et al 7 0EF7F] 2 DNI 2ot GHIQ] o 248
7} =A JeRAtHTable 4). GHI 24A17F o H.0] nRMSF= 29.6%0°]H, DNI= 46.7%2 YR}, tf2 &
RS Hl5|| Fe @ AFE 7|1=E5HT

Table 4 Method-specific NRMSE of GHI and DNI for day-ahead forecasting (Trapero et al.)

nRMSE (%)
Model

GHI DNI
Persistence model 94.5 83.6
Seasonal persistence model 32.4 50.8
Exponential smooting 34.1 49.0
ARIMA 374 112.6
Dynamic harmonic regression 29.6 46.7

Piazza et al.®o] Akt thE HAEZ(Multilayer perceptron)”]8F NARX(Nonlinear Autoregressive

Network with Exogenous Input) 7|H-& 2| A &R} R S AFE51 0™, 24172 31.8%, 48417+ 28%2] o

10312 725190
Lima et al.??-2 Numerical Weather Prediction(NWP) 2] AR 4=5} © 212 Z0]7] $5] ANNe]| 7515t &

2] T2 AT, ANNEF A AR Aae Hepd 1102149 2VdaEAam (AR, 718 ol

i
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ShREfLOHR[EE] =2
NWP djH AR ANNS 535l AAPATE T ANN S48 RS AReH Ao of | @ 2F7F NWP2] 2}
U ARSRE Ayt HFo | 27 (rainy season)@2} 717](dry season) 2 U0l H7HE 24A417F G| H 9 2}9]

Wt 212 35.6, 29.5%= 71719] S H QA7 HQttH(Table 5).

Table 5 nRMSE of rainy and dry season for day-ahead forecasting (Lima et al.)

Model Rainy season (nRMSE) Dry season (nRMSE)
NWP NWP+ANN NWP NWP+ANN
Region 1 44.8 343 41.6 31.8
Region 2 45.1 34.3 354 245
Region 3 50.8 38.1 49.5 37.1
Region 4 48.8 35.6 40.1 24.5
Average 474 35.6 41.7 29.5

(3) PV AT o=

U of| ot T2 ofgfjo] ATEL 2FA 02 PV IS of| s, 2 HEEo] th2r] ufe] ut

= 7EE3ItHTable 6).

Table 6 Summary of the studies for PV power forecasting

Tlme Author Method Input data nRMSE
horizon
1h Agouacet al., 2017 Satio-Temporal model MEAS: PV power 8.0
B 1. LIM: GHI, T/ MEAS: P
Intra- Ih ouzerdoum et al., SARIMA-SVM C GHI, T/ S: PV 9.4
b 2013 power
our
lh Degiorgi et al., 2014 ~ ANN (1 hidden layers) = MEAS: GHI, T, PV power 12.0
AVERAGE 9.8
3h Agoua et al., 2017 Satio-Temporal model MEAS: PV power 14.0
3h Degiorgi etal., 2014 ~ ANN (1 hidden layers) = MEAS: GHI, T, PV power 17.2
Intra- AVERAGE 15.6
PV power .
f : day 6h Agoua et al., 2017 Satio-Temporal model PV power 20.0
orecasting
6h Degiorgi etal., 2014 ~ ANN (1 hidden layers) = MEAS: GHI, T, PV power 20.9
AVERAGE 20.4
. Physical Hybrid ANN ~ NWP: forecasted variables
24h - Gandellietal., 2014 ) i dden layers) MEAS: PV power 204
Day- Combined NWP: GHI, T, RH, WS, etc
24h  An 1., 201 222
ahead tonanzas etal. 2017 oy R +DNN+XGB+RF) MEAS: PV power
24h Degiorgi et al., 2014 ~ ANN (1 hidden layers) = MEAS: GHI, T, PV power 244
AVERAGE 223
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Agoua et al P2 a4 0 2 Bibyl meka PV ZWEO] F7H U AR AT 2 E ZAE HPERS o)
Sh= Al57Hspatio—temporal) R8-S AF8-5F3ATE. 185 7]2] PV SHE HHHFo] QlZizta 2 ARE|QloH, 9
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Table 7 Method-specific NRMSE (Antonanzas et al.)

Model nRMSE (%)
Deep neural networks 23.5
Support vector machines 224
Random forests 22.7
Extreme gradient boosting 23.0
Blended model 222
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