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Summary

VIIRS observations from S-NPP have been used to generate
global surface type maps on an annual basis. The primary
product is an Annual Surface Type (AST) map derived using VIIRS
observations acquired within one full calendar year. This
product uses 17 IGBP classes to characterize the Earth's surface
at approximately 1-km spatial resolution. To facilitate product
use in specific applications, two additional maps are produced
by reclassifying the IGBP map using the classification schemes
required by those applications.

The overall accuracies of the IGBP classifications for the years
between 2012 and 2018 varied between 76% and 79%,
exceeding the JPSS L1RD requirement of 70%. The 2019
product is being developed with a planned release date in late
summer/early fall. Future products will be produced by
incorporating VIIRS data from NOAA-20 and VIIRS-like
observations that will be available when the planned EUMETSAT
Metop Second Generation (Metop-SG) satellite is lanuched.
Togehter, these obsevations will greatly improve the feasibility
to monitor sub-annual dynamics important for weather/climate
processes, including rapid changes in surface inundation,
snow/ice cover, and vegetation conditions. The VIIRS Surface
Type team will explore and demonstrate capabilities for
monitoring such changes.
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Self-Adaptive Compositing (SA-Comp) method produces clear view composites for
both vegetated and non-vegetated (water, snow/ice, desert, etc.) surfaces
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The support vector machines (SVM) method is designed to find optimal boundaries
between classes, and hence is more resistant to noises and typically produces more
accurate results than other classification algorithms
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 Training samples: > tens of thousands, add as needed o i

e Validation samples: ~6000 selected following a probability based
sampling design.

Surface Type map with classes needed to support LAI/FPAR retrieval
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We will focus in the following areas in our future

research:

 Continue to produce the VIIRS Annual Surface
Type (AST) product

Accuracy estimates are derived following well-established accuracy assessment * Incorporate VIIRS continuity and VIIRS-like
protocol (Olofsson et al. 2014) observations
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