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solar irradiance variation can be predicted with great accuracy.
This paper presents an in-depth review of the current methods used to forecast solar irradiance in
order to facilitate selection of the appropriate forecast method according to needs. The study starts

Keywqrds: ) with a presentation of statistical approaches and techniques based on cloud images. Next numerical
Solar 1rrad1a;1cle weather prediction or NWP models are detailed before discussing hybrid models. Finally, we give
Forecast models indications for future solar irradiance forecasting approaches dedicated to the management of small-
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scale insular grids.
© 2013 Elsevier Ltd. All rights reserved.

Contents

B OO VoL o« T (o o I PP 66
Statistical MOAeIS. . . . o .ottt et e e e e e e e e e e e e e e e e e 67

2.1.  Linear models or time series MOELS . . . . . ...ttt et e et e e e e e e e e e 67
2.1.1. R S ) el (0] (<o 1] PP 67

2.1.2. Preprocessing of INPUL data. . .. ...ttt et et e e e e e e s 67

2.13. ARMA O] . . o .ot e e e e e e e e 68

2.1.4. ARIMA teCHIMIGUES . . . o\ ettt ettt et ettt e e e e e et e e e e e e e e e e e e e e e 68

2.1.5. CARDS MO L. . . oottt e e e e e e e e e e e 68

2.2, Non-linear MOMeIS. . . . oottt e e e e e e e e e e e e e e e e 68
2.2.1. Artificial neural NEtwork (ANN) .. .ottt et e e e e e e 69

222, Wavelet neural NEtWOTK . . . ...ttt e e e e e e e e e e e e e 69

2.2.3.  ANN and classical time series models COMPATISON . . .. ...ttt ettt e et e et ettt ettt et e e eeaans 70

3. Cloud imagery and satellite based MOdelS. . . .. ... .ttt et e e e e e e 70
2 PO @ (o T B 303 =) Y2 70

3.2, SAtellite IMAZES . . o v ottt ettt e e e e e e e e e e e e e e e e e 70

3.3, Ground-based SKY IMageS . . . .o v ittt ittt et e e e e e e e e e e e e 70

4. Numerical weather prediction MOdelS . . . . . ... e e 71
41, NWP CONfIGUIAtION . . ..ottt ettt et et e et et e et e e e et e e e e e e e e e e e e 71
41.1. TempPOoral TeSOIULION. . . . .. oottt ettt ettt et e et e e e e e e e e e e e e e e e 71

41.2. Spatial TeSOIULION. . . . ottt e e e e e e e e e 71

* Corresponding author at: Reuniwatt Company, Reunion. Tel.: +262 692 745 052.
E-mail addresses: hadja.diagne@univ-reunion.fr,
maimouna.diagne@reuniwatt.com (M. Diagne).

1364-0321/$ - see front matter © 2013 Elsevier Ltd. All rights reserved.
http://dx.doi.org/10.1016/j.rser.2013.06.042


www.sciencedirect.com/science/journal/13640321
www.elsevier.com/locate/rser
dx.doi.org/10.1016/j.rser.2013.06.042
dx.doi.org/10.1016/j.rser.2013.06.042
dx.doi.org/10.1016/j.rser.2013.06.042
http://crossmark.dyndns.org/dialog/?doi=10.1016/j.rser.2013.06.042&domain=pdf
http://crossmark.dyndns.org/dialog/?doi=10.1016/j.rser.2013.06.042&domain=pdf
http://crossmark.dyndns.org/dialog/?doi=10.1016/j.rser.2013.06.042&domain=pdf
dx.doi.org/10.1016/j.rser.2013.06.042

66 M. Diagne et al. /| Renewable and Sustainable Energy Reviews 27 (2013) 65-76

42, INPUL data fRatUIES . . ..ottt ittt e e e e e e e e e e e e e e e 71

4.3. Global model example: ECWIME . . . ... ettt e e e e e e e e e e e 71

44. Mesoscale models example: MM5 and WRE . . . ... .t e e e e e e e 71
44.1. 00 - P 72

44.2. [ 5T B 3 Y 1 = 72

443,  MM5 and WRF CONfigUIation . . ... ...t e e e e et e e e e 72

45, NWP MOAEL QCCUTACY . . vttt ettt et et e e e et e e e et e e e et et e e et e e e et e e e 72

4.6 NWP HMITAtIONS . . . ottt et e e e e et e e e e e e e e e e e e e e e e e e e e e e e e e 72

4.7.  Postprocessing Methods . .. .. ... . e e e e 72
4.7.1. Model output StatiStiCs (IMOS). . o . v ottt et ettt e e et e e e e e e e e e e e 73

472, Kalman fIlEer . ... 73

4.73. Temporal INterPOIation . . . . . ... ittt et e e e e e e e 73

474, SPAtiAl AVETAZINE . . . o oottt e e e e e 73

4.7.5. Physical postprocessing appProaChies . . . ... ...ttt et e e e e e 73

4.8. Human interpretation of NWP OULDUL . . . . .ottt et et e et et e e et ettt ettt et ettt ettt 73

5. HybIrid MOAeLS. . .ottt e e e e e e e e e e e 74
6. Future solar irradiance forecasting approaches for small-scale insular grids. ... ... ... . i i 74
2 o) U L1 T ) 1 75
ACKNOWIBA Mt . . . oottt e e e e e e e e e e e 75
0 <) (< o Lo c1 O PP 75

1. Introduction

The contribution of photovoltaic systems (PV system) power
production to the electric power supply is constantly increasing. Utility
companies and transmission system operators have to deal with the
fluctuating input from PV system energy sources. This is a new
challenge compared with power production from conventional power
plants that can be adjusted to the expected load profiles. An efficient
use of the fluctuating energy output of PV systems requires reliable
forecast information.

Note that the reliable forecasting of the expected solar resource
is but one aspect of the broad question of solar resource assess-
ment that ranges from, for example the work of Perez et al. [1] on
variability to Lucia [2] on the link between the entropy generation
maximum principle and the exergy analysis of engineering and
natural systems. In this paper, we focus solely on the, once again,
broad field of forecasting, broad both in approaches taken, and the
time scales covered.

Load patterns forecasted for the next 2 days provide the
basis for scheduling of power plants and planning transactions
in the electricity market in order to balance the supply and
demand of energy and to assure reliable grid operation [3]. These
forecasts are used by utility companies, transmission system
operators, energy service providers, energy traders, and indepen-
dent power producers in their scheduling, dispatching and regula-
tion of power.

In particular, insular territories experience an unstable elec-
tricity network and use expensive means in order to provide the
power for the peak demand periods. Their grids are generally
not interconnected with any continent and all the electricity
must be produced inside the territory. The power of grid
connected PV plants increases fast and can interfere with net-
work stability. An efficient forecasting method will help the grid
operators to better manage the electrical balance between
demand and power generation. Kostylev and Pavlovski [4]
identify three forecasting horizons (intra-hour, intra-day and
day ahead) related to the grid operator activities (ramping
events, variability related to operations, unit commitment,
transmission scheduling, day ahead markets, hedging, planning
and asset optimization).

Forecasting of global horizontal irradiance (GHI) is the first and
most essential step in most PV power prediction systems. GHI
forecasting approaches may be categorized according to the input
data used which also determine the forecast horizon.

o Statistical models based on online irradiance measurements are
applied for the very short term timescale from 5 min up to 6 h
(see Reikard [5]). Examples of direct time series models are
autoregressive (AR) and autoregressive moving average
(ARMA) models. Furthermore, artificial neural networks (ANNs)
may be applied to derive irradiance forecasts.

e For short-term irradiance forecasting, information on the
temporal development of clouds, which largely determine
surface solar irradiance, may be used as a basis.

o Forecasts based on cloud motion vectors from satellite
images (Lorenz et al. [6]) show good performance for the
temporal range from 30 min up to 6 h.

o For the subhour range, cloud information from ground-
based sky images may be used to derive irradiance forecasts
with much higher spatial and temporal resolution compared
with the satellite-based forecasts.

e For longer forecast horizons, from about 4 to 6 h onward,
forecasts based on numerical weather prediction (NWP) mod-
els typically outperform the satellite-based forecasts (see Perez
et al. [1], Heinemann et al. [7]).

e There are also combined approaches that integrate different
kinds of input data to derive an optimized forecast depending
on the forecast horizon.

Solar irradiance forecasts was assessed in terms of root mean
square error (RMSE) and mean bias error (MBE or bias) which are
defined as follows:

1 n
RMSE = E . _Z] (Xpred,ifxobs,i)2 (])
i=
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ﬁ : Z (Xpred,i_xobs,i) (2)
i=1

MBE =

where X,eq; and X,ps; represent the ith valid forecast and observa-
tion pair, respectively and n is the number of evaluated data pairs.
These metrics are not formulated in the same way in all the papers
we reviewed. David et al. [8] illustrated several formulas wrongly
called RMSE or MBE.

Many solar irradiance forecasting models have been developed.
These models can be divided into two main groups: statistical
models and NWP models. Statistical models are based upon the
analysis of historical data. They include time series models, satellite
data based models, sky images based models, ANN models, wavelet
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