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ABSTRACT
This article presents an operational evaluation of the SUNY
satellite irradiance prediction model when using the ISCCP
B1U data as an input and compares its performance against
the current Unidata-driven operational version of the same
underlying the National Solar Resource Data Base
(NSRDB). High quality ground truth sites from different US
climatic environments are used to benchmark model
performance. Results show that the performance of the
B1U-driven model is at least as good as the performance of
the current US operational model; hence, since the B1U data
cover the globe, the model shows potential to be
successfully applied to the rest of the planet.

The main underlying input of the models that will produce
the new irradiances consists of the 3-hourly visible radiance
data assembled for the International Satellite Cloud
Climatology Project (ISCCP [1]) and referred to as B1U
data. The B1U data were extracted from the visible channel
of the geostationary weather satellites that have monitored
the earth since the early 1980’s. Figure 1 provides a spacetime view of these satellites and their longitudinal coverage
[2].
The SUNY satellite model underlying the US NDRDB [3,
4, and 5] is one of the models considered to produce the new
irradiance data. This model is capable of directly processing
the B1U data which are essentially recalibrated visible
channel data from each geostationary platform.

1. INTRODUCTION
The National Aeronautics and Space Administration
(NASA), the National Renewable Energy laboratory
(NREL), the National Climatic Data Center (NCDC) and the
University at Albany (SUNY) are collaborating to develop a
long-term high-resolution solar resource archive. The new
data set will provide surface irradiances for the entire globe
and span nearly 30 years with an expected time resolution of
3 hours and a geographical resolution of approximately 10
km by 10 km.

2. METHODS

The new data set is expected to come online in late 2013
when NREL will take the lead on data production and will
use it to enhance its solar decision support tools.

Satellite data: Both GOES-East and GOES-West data were
analyzed. The western satellite (GOES-10) stayed
unchanged throughout the considered period while the

2.1 Experimental Data
Surface Measurements: The present evaluation covers three
years -- 2005, 2006 and 2007 – and focuses on the B1U
pixel locations closest to seven US ground-truth locations
from NOAA’s SURFRAD network [6]. These sites
represent a mix of climatic environments (see Table 1).
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22.2 Model Evalluation Approaach
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33. RESULTS
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Thhe performancee of both B1U-based models (visible
couunt and scaled reflectivity) iss comparable too the
Unnidata-based m
model when connsidering the reeal (nonintterpolated) 3-hourly data poinnts.
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proocess subsamppling down to ~ 3 km and the SUNY
proocess applied ddownstream doown to ~10 km
m) --which
maay explain the sslight performaance edge of thhe B1U
inpput over the staandard operatioonal data stream
m.
Thhe small perform
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meeasure vs. moddel agreement ffor the scaled reflectivity.
Perrformance deggrades substanttially, as wouldd be
exppected, when iinterpolating thhe B1U output down to
an hourly time sttep.
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Figure 6: Modeled vs. measured glob
bal irradiance ((GHI) for the B
B1U count-bassed,
B1U scaled
d reflectivity-baased and LDM
M-based SUNY
Y model

TABLE 3
BSRN Station
Lauder, New Zealand
Nauru Island
Fukuoka, Japan
Sede Boqer, Israel
Carpentras, France
Florianopolis, Brazil

Time Period
2006
2002-2003
2005-2006
2006-2007
2006-2007
1995-1996

Satellite Platform
MTS-1
GMS-5, GMS-9
GMS9, MTS-1
MET-5, MET-7
MET-7, MET-8, MET-9
GOES-8

4. SUMMARY AND FUTURE WORK
The objective of the project described in this article was to
undertake an operational evaluation of the SUNY satellite
irradiance prediction model when using the 3-hourly ISCCP
B1U data as an input instead of its operational Unidata input
used to produce the National Solar Resource Data Base
(NSRDB

Results. The ISCCP B1U data sets were obtained through
the National Climate Data Center.
The authors are grateful To Ken Knapp from the National
Climatic Data Center for his review of the manuscript. Ken
Knapp prepared the B1U data that were analyzed in this
paper and that will be used for modeling the entire globe.

The analysis of model performance, benchmarked against
seven climatically distinct US locations, has shown that the
B1U data stream can be substituted to the standard Unidata
stream without any performance degradation for the real
(three hourly) data points.
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