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MDA Solar Energy and Solar Irradiance Forecasting

Enough solar energy has been installed in some regions that uncertainty associated with this variable power resource affects load balancing and electric system

performance, adding cost to integrating this power into the electric grid. Forecasts of solar power output are needed, similar to those needed for wind energy. Ti m e I nte rpo I atio n u Si ng R ESTZ

Forecast lead times needed for the electric power industry:

Next few minutes to next hour
Next several hours
1 day ahead

Several days to a week or more ahead

Installation types requiring forecasts include:

e Large solar concentrating plants (several technologies — PV, troughs, etc.)
e Utility-scale collections of photovoltaic (PV) on transmission grid
 Widespread small rooftop PV on distribution grid

MDA Information Systems, LLC has developed a solar forecasting system
* Individual sites or collections of sites now, distributed generation coming
* Focus now on day-ahead and beyond, short-term coming

* Panels of any tilt or sun-tracking
* Prediction of

Skill is dominated by prediction of clouds. Predicting evolution beyond
the first few hours requires use of numerical weather prediction (NWP) models

Solar power generation
Global Horizontal Irradiance (GHI)

Direct Normal Irradiance (DNI) and Direct Horizontal Irradiance (DHI)

Irradiance incident on panels

* Cloud prediction is a weak point in NWP
 Time-averaged, not instantaneous, values of surface shortwave flux are needed
e QOutput frequency for most major NWP models is insufficient

e Surface shortwave fluxes from NWP models need complex bias correction (function of other variables)
* Most NWP models do not output direct beam irradiance (DNI or DHI) and those that do provide it have little skill independent of predicted GHI

MDA Information Systems, LLC

MDA Forecast Example

; Predicted GHI 5
. -—F"redmteci DNI -

—Predicted untuned flux on selar paneis AY
= Predicted untuned P\J pﬂWEI' nutput -

B Observed GHI °
Clear Sky GHI _

Numerical Weather Prediction (NWP) models

Converting 3-h average NWP model forecast to 1-h averages

NWP model outputs 3-h average GHI
* Prorate to finer intervals using REST2 clear sky flux as basis Calculation for each houry
e When cloudiness is constant during the 3-h period B preceding hour 0

and model has good 3-h average,

averages over finer intervals match observations

Observed average over
preceding 3 hours

Model may have little skill for 1-h average at forecast
lead times beyond 1-day
* Small sample with NAM model showed output at 1-h
intervals had same skill as calculations prorating
3-h averages to each hour

morning Time of Day evening

Using Public Scientific Datasets

The wealth of publicly available high-quality scientific data is a treasure heavily utilized in the MDA forecast system
Example: Aerosol scattering
 REST2 requires wavelength-dependent (in 2 bands) Angstrom exponents and Angtrom turbidity coefficients

Hourly Average GHI, DNI, panel flux {W!mz}, Power (MW x scale factor)

MDA Information Systems, LLC solar forecasting system meets these challenges through

* Leveraging the REST2 (Gueymard, 2008) clear sky model as a foundation for time interpolation, bias correction, and direct beam calculation
 Employing a variety of public data sets to obtain aerosol-related and other parameters needed for REST2 and for considering cloudy atmospheres

 NWP bias correction as a function of key variable combinations
e Skill-based blending of NWP models and time-lag ensembles

Reference: Gueymard, C. A., 2008: REST2: High-performance solar radiation model for cloudless-sky irradiance, illuminance, and photosynthetically active

radiation — Validation with a benchmark dataset. Solar Energy, 82, 272-285

Direct Beam Irradiance:

Clear Sky using REST2

Clear sky direct beam irradiance calculated using REST2
Accuracy depends on estimation of aerosol parameters used by REST2
Plots show fit to hour-averaged observations (summer, North Carolina)
* Horizontal axis is for diffuse component, vertical axis is total (GHI)

* Dense cluster is mostly from clear-sky hours
 Well- tuned parameter estlmates brmg the cluster closer to 1.0 on each axis
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Direct Beam Irradiance: Cloudy Sky

Direct beam irradiance varies under cloudy skies more sharply than GHI

Example plot below shows the relationship with some scatter = can estimate DHI based on GHI

* Relationship appears same for 1-minute data, 1-hour averages, and 3-hour averages

* Relationship appears the same at diverse geographic locations

» Skill applying this relationship to ECMWEF GHI is nearly same as for ECMWF DHI directly from the
model (in limited sample — more testing needed to validate)
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Albedo as function of zenith angle at 7 SURFRAD stations shortwave used for albedo relationships, - 8

 These can be calculated from the photometer data in AERONET aerosol robotic network aeronet.gsfc.nasa.gov

 These parameters vary with column water vapor (PW) and 8 mid-Atlantic region sites showed the same relationship
(shown here for one Angstrom
exponent a. The 3 aerosol loading

relative frequency x=alpha y=PW(cm)

o)MDA

MDA INFORMATION SYSTEMS LLC

www.mdaus.com

NWP Models: Bias Correction

Example of complex bias:

As cloud fraction increases, GHI decreases Example of changes due to bias correction
« GFS model does not follow the curve, (1 day, 1 site, 4 NAM runs, 4 GFS runs, 3 ECMWF runs)
has same fluxes with 60% cloud cover * Bias-corrected values mostly closer to observed
as with 0% e Different models/runs better at different times
(NAM values exceeding clear sky are due to * No single model run had right idea for all times
overall high bias unrelated to cloud fraction)
Observed N Predicted: GFS® NAME ECMWFHN Bias-corrected vs. raw individual model forecasts

s ' - " .,. _ .11 e L
'!.r.- h;‘h E .' -1.: .-" .u .i' ." 'I-i;l T B
ﬁ‘uln. 1_.- i .uﬂ; Y ,' L “- ! ekt

I .il'l E -’-':. 14 wk - - -E'.
|]|§u| k, [_ﬂ,‘. . .‘_ 4'; ‘!' E:a"‘i i l'i "! J“ j_ .;I._,_.-' :T #

i—i 13 1=t g "5-. i _{"". l“ e I - ¥ LR o -'; :
B e S G e
0. : ¥, - g .'.. n R -"l":- "":-'_.l#-i - ‘_':f':!h!-usﬁi-‘!in Jf‘.i

-5 QL K ’
TR S L S T TR L T W SR
: .‘l. 1 -’. e T Ak "i.- .'. 'li-“'-!l"-»i 1-__ 1-.,!-",., e 25 |_I.'I_‘. .":
it Byl el it AT et TH AL 3 -
. i - ! .J. L R I TR TR A T E S R ' 1 LT, "-."
0.4 g" R : oy Pty [ g '.;. I8, g
¥ 1 SRR ol L I fL T Y
" u x oy S ;I‘l".v,“l PR R B H
. ] ] LA § ™ ! b:_.’_ iilﬁ' . 1
074 = ! . R S T S T ;-!1;
. ; . AN |- af e .‘. . .
. - ey BN Y T
LR | . it o S ‘ -q='|
By i - BT T " ‘. .“ ! '-'.:J'-‘ Fﬁ
] W opE, : i
L RS

Nf-ttﬁ.ﬂ raw
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: = GFS raw

: GFS bias- correcteti

- = ECMWEF raw ;

¢ m— ECMWEF bias-corrected
: H Observed GHI :

predicted or observed GHI / Clear Sky GHI
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Model Cloud Fraction (for observed, average of several)

NWP Models:

parameter is a stronger function of PW) ; "5
» These relationships can be used to c - i— e o ST P P e = L 1
estimate aerosol properties from NWP - R gk | | : : : "
modelforecasts - O IR L .
Y I G
Example: GHI and DNI observations . JE R B - 1 R R S '
 NREL Measurement and USSR | f |
Instrumentation Data Center (MIDC) [ S |' ______ 8"
midcdmz.nrel.gov is used extensively '2 _______________________________________ ' _____ . % ’
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Example: 1-minute data, upwelling

Ensembles

* Forecasts are improved by blending bias-corrected individual
model runs

e Skill is sensitive to the number of individual runs included
(balance between diversity of forecasts and skill of individual
members — for example, in a time-lag ensemble, older
members have longer lead time = less skill)

« Skill is slightly sensitive to details in bias correction

« Skill is slightly sensitive to weighting method in blend
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and direct beam for cloudy sky relationships @ cowees 2010-07-11-18:27

alpha {median omitting out of range values)

bR M e e e e Comparison of 7 tuning algorithms and use of time-lagged ensembles

Forecasts for 1-hour average GHI 1 day ahead, at summer North Carolina site

hour average "t

£ 1

* NOAA SURFRAD Surface Radiation Network www.esrl.noaa.gov/gmd/grad/surfrad/index.html
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Forecasting Distributed PV Noisy Data
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* 1-mnute data used to gauge frequency of extreme values due to scattering into the beam from sides 5: N
 REST2 and flux on tilted PV panels require surface albedo, varies by sun angle. Upwelling shortwave y il
data (with no snow on ground) resulted in fit shown in plot to left — not medians or means — plot shows 5] .. .
all scatter! ‘ i 5
* Direct beam irradiance under cloudy skies is a crucial component in the forecast system and utilizes E B ) ? .
relationships developed from SURFRAD data o ;_ . %
: 3
Example: Column water vapor is required to have clear sky reference values at MIDC and SURFRAD sites s 5 o MDA blend of tuned NWP models
This is available from NWP data but could be extracted much faster in much smaller file sizes for a long 1] “ ECMWF
range of dates from Suominet GPS measurements www.suominet.ucar.edu/data/index.html 051 - | NAW
[ R R * However, Suominet and AERONET have systematic disagreements at several colocated sites including ” B
IS the one plotted here to the right T R O I o0 J— 1 7 T3 T

Observations at high temporal frequency can be “noisy” Example of one forecast day:

Aeronet umbc - GPS sal5

MDA Forecast Skill

Number of time-lagged ensemble NWP forecasts

Forecast Stats for MDA, NWP Models, and Benchmarks

o o Summer 2012 at a private site in mid-Atlantic region:
U SI ng P U bl IC Data * Quality is better when data are time-averaged rather * MDA forecast and 4 NAM, 4 GFS, 3 ECMWF runs * MDA best overall, about halfway between a perfect 3-hour average
than instantaneous samples representing a few seconds e Day had mixed sun/some clouds forecast and 10-day persistence
* All GFS predicted sunny day, others varied * “Perfect 3-h average” scores measure variability in 1-hour GHI and a

Example:

e Different model runs better at d

Germany has 28 GW of installed solar power capacity, mostly

scattered on a million residential and commercial rooftops

e Site registry is public

 Aggregate estimated generation in each transmission region and N
some subregions is public I .
* Forecast skill can be compared to official forecast (publicly posted = 04 7
with delay) E o
MDA will shortly be forecasting for distributed PV ‘%” |z ag 4 "g
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Comparison of Time-Averaged vs. Sampled Observations, 10 minutes

Instantaneous observations, average of 5 samples at 2-min interval: Qcumulus day [CJclear day MDA forecast and tuned (bias-corrected) individual NWP model forecasts

Nearby 2 consecutive 5-min time averages: @ cumulus day M clear day
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Th e Way FO rwa rd Power forecast would benefit from public hourly or

ifferent times model with perfect predictions of 3-h averages would have these errors

Error Scores for Global Horizontal Irradiance Forecasts
1-hour average GHI for 1-day ahead (~24-48 h)

For summer data at a North Carolina site Scores scaled by values for 10-day persistence

1.4

Root Mean Square Error
) Mean
12 Absolute
Error

i

MDA ECMWF GFS NAM ECMWF GFS NAM Perfect 10-day 1-day Clear
3-h avg persist persist Sky

Tuned NWP Models Raw NWF Models Benchmarks

N

Irradiance forecast would benefit from improved NWP model cloud prediction (involves feedback among radiation, microphysics, boundary layer, etc.)

finer data of power generated at individual sites or geographically compact collection of sites


http://aeronet.gsfc.nasa.gov/
http://midcdmz.nrel.gov/
http://www.esrl.noaa.gov/gmd/grad/surfrad/index.html
http://www.suominet.ucar.edu/data/index.html

