Long-Wave Sea Surface Temperature (SST)

Table of Contents
1. Product Summary
2. Algorithm Description
3. Implementation
4. Assessment
5. References
6. Data Access

1 - Product Summary

This algorithm returns the skin sea surface temperature in units of °C. The long-wave infrared
(LWIR) SST products make use of the 11 and 12 um spectral bands aboard MODIS and VIIRS.
The current LWIR algorithm is applicable for daytime and night time observations and is based
on a modified version of the nonlinear SST algorithm of Walton et. al. (1998), most recently
described in Kilpatrick et.al. (2015). The use of this algorithm provides product continuity
between NASA’s current and future IR sensors and heritage Pathfinder SST from AVHRRs, thus
enabling the generation of a 30+ year record of space based measurements of LWIR SST from
polar orbiting satellites.

Figure 1 shows an example of global SST derived from one day of S-NPP VIIRS data taken
during the sunlit part of each orbit.
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Figure 1. A VIIRS Daytime Skin Sea Surface Temperature reduced to a 4 km grid.

Algorithm point of contact: Peter Minnett of the Rosenstiel School of Marine and Atmospheric
Science (RSMAS) at the University of Miami.

The MODIS SST algorithm and quality assessment are the responsibility of the MODIS Science
Team Lead for SST (currently P. Minnett of the Rosenstiel School of Marine and Atmospheric
Science (RSMAS) at the University of Miami). In August 2018, the NASA VIIRS SST became
an orphaned, unsupported product and, although the production at OBPG continues, users are
advised to use VIIRS SST products with caution as the quality is no longer rigorously monitored
by the SST science team.

NASA's standard processing and distribution of the SST products are performed using software
developed by the Ocean Biology Processing Group (OB.DAAC/OBPG). The OB.DAAC
generates Level-2 SST products using the Multi-Sensor Level-1 to Level-2 software (12gen),
which is the same software used to generate MODIS and VIIRS ocean color products. The TOA
brightness temperatures used by the SST algorithm are derived from the measured calibrated
radiances using Planck’s Equation convolved with the spectral response function of each band.
To facilitate processing directly from the L1a files, and eliminate the need to archive the L1b at
the OB.DAAC, 12gen uses a radiance to brightness temperature relationship table that is
precomputed for the spectral response of each channel. These precomputed tables have been
verified to produce identical brightness temperatures to those found in the standard L1b files and
are stored locally and loaded during L2 processing at runtime.


http://www.rsmas.miami.edu/people/faculty-index/?p=peter-minnett
https://oceancolor.gsfc.nasa.gov/images/atbd/VIIRSdaytime4kmSST.png

Details of the SST processing implementation within 12gen are provided in this document. The
description is valid for both the NASA standard products distributed by the OB.DAAC through
the ocean color web and the products delivered to the Physical Oceanography DAAC, where the
latter are subsequently repackaged for the Group for high resolution SST (GHRSST) distribution
in L2p format. Historical documentation on the transition of MODIS SST processing from EOS
MODAPS/DAAC/RSMAS to OB.DAAC in 2006 is available here.

SST Product Definition

The sea surface temperature measured by MODIS and VIIRS infrared radiometers is commonly
referred to as the skin temperature of the ocean. This is because the radiance measured by
infrared radiometers originates in the surface thermal skin layer of the ocean and not the body of
water below as measured by in situ thermometers (Donlon et al., 2007). The thermal skin layer
of the ocean is less than 1mm thick (Hanafin, 2002; Hanafin and Minnett, 2003; Wong and
Minnett, 2018) and as a rule is cooler than the underlying water due to vertical heat flux, with the
direction of flux typically from the ocean to the atmosphere. Three distinct processes impact near
surface ocean temperature gradients: absorption of solar isolation, heat exchange with the
atmosphere, and sub-surface turbulence. Generally, at night or when wind speeds are greater than
~6m/s the relationship between the skin temperature and the subsurface is often quite stable. It is
under these conditions that validation and uncertainty estimates relative to sub-surface in situ
buoys are typically reported. The relationship can however be very variable under conditions of
high insolation, low wind speeds, and reduced sub-surface turbulence (Minnett, 2003; Ward,
2006). A more complete discussion of subsurface SST gradients and SST definitions and
applications can be found here. The challenge of validating satellite skin SST measures for a
climate data record, and the use of ship board radiometers for validation, can be found in Minnett
(2010), Minnett and Corlett (2012) and Corlett et al., (2014).

2 - Algorithm Description

The NASA objective in reprocessing of MODIS and VIIRS SST is to develop and apply, across
multiple sensors, a consistent atmospheric correction algorithm and cloud detection to LWIR
retrievals of skin SST, and provide known and predictable error and uncertainty characteristics of
the skin SST products. The goal is inter-sensor continuity of LWIR SST retrievals and to
extending the decades of SST measurements made by US sensors beginning with the AVHRR’s
in the 1980’s to current MODIS and Suomi-NPP VIIRS sensors, and future JPSS VIIRS
radiometers.

The current SST continuity algorithm is based on a modified version of the nonlinear SST
algorithm (NLSST) of Walton et al. (1998) and uses empirical coefficients derived by regression
of collocated in situ and satellite measurements. AVHRR Pathfinder SST and early versions of
MODIS SST prior to R2014 (R2010 a.k.a. Collection 5 and 4) used monthly sets of coefficients
for two different atmospheric regimes based on spectral brightness temperature difference as
described by Kilpatrick et. al. (2001; 2015). Beginning with R2014, NASA skin SST products
use month of year coefficients derived for distinct atmospheric regions based on latitude bands.
R2014 and R2016 used 6 latitude bands in 20° intervals from 0° to 40°, and then a single large
interval from 40° poleward in each hemisphere. The current MODIS R2019 skin SST products


https://podaac.jpl.nasa.gov/
https://podaac.jpl.nasa.gov/GHRSST
https://oceancolor.gsfc.nasa.gov/resources/docs/modis_sst/sst_transition/
https://www.ghrsst.org/wp-content/uploads/2016/10/SSTDefinitionsDiscussion.pdf

have coefficients for an additional 7th band above 60°N to better represent Arctic atmospheres
(Kilpatrick et. al. 2019b; Jia, 2019; Jia & Minnett, 2020).

The base NLSST algorithm form was developed for use with the heritage NOAA/NASA
AVHRR Pathfinder SST products and is described in detail in Kilpatrick et al. (2001). To extend
the NLSST algorithm for optimum performance with the modern sensor design characteristics of
MODIS and VIIRS, three additional algorithm terms were added to the base formulation. These
new terms are related to (i) correcting for any potential residual imbalance between mirror sides,
(i1) reducing any response versus scan angle (RVS) issues that may be present due to
uncharacterized changes or degradation in mirror surfaces, and (iii) improving retrievals at the
increasing path-lengths of MODIS and VIIRS towards the edges of the swaths.

The current algorithm for computing skin SST from measured LWIR brightness temperatures is
shown below.

Input:

e BT11um = Brightness Temperature(BT) in the 11um channel

e BTi2um = Brightness temperature 12um channel

e Tt = Reference SST

e () =sensor zenith angle

e O+ =sensor zenith angle is made negative for pixels in the first half of the scan line
e mirror = mirror side number (0 or 1)

o coefficients aij = algorithm coefficient set for month of year, i, and latitude zone, j

The coefficients aij are derived and continuously verified based on match-ups between the
satellite brightness temperatures derived from the measured radiances and field measurements of
sea surface temperature. As currently implemented, these coefficients are latitude band and time-
dependent month of year. The coefficients are provided to 12gen through external files, which are
in a columned ascii format of “sensor, month-start-day, month-end-day, latitude-start, latitude-
end, aio, ai1, aiz, ai3, ai4, ais” the last several fields of each record contain internal diagnostic
information and can be ignored. Coefficient sets are sensor-dependent. A link to the
MODIS/Aqua coefficient file is here and the MODIS/Terra file is here and VIIRS is here.

Output:
e SSTindegC
Generic Algorithm:

— BTyum) + aij,(mirror) + aijs (0 *) + aijs(02)

For day-time SST products, the reference SST source, Tsfc, was historically the NOAA OI V2
0.25° daily OISST (Reynolds et al 2007; Banzon et al. 2014; Banzon et al. 2016). At night, for
MODIS Tsfc is the SST4 4pum product (see SST4 ATBD) and for VIIRS the SSTtriple product


file://///files/resources/atbd/sst/modis-aqua_sst_coeffcients_v6.5.nc
file://///files/resources/atbd/sst/modis-terra_sst_coeffcients_v6.5.nc
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https://oceancolor.gsfc.nasa.gov/resources/atbd/sst4/

which is derived from measurements at wavelengths of 3.7 um (band M12), 10.76 pm (M12) and
12.01 um (M16) (Minnett et al., 2014). If a valid SST4 or SSTtriple is not possible at night, the
Tsfc defaults to the reference field. For R2019 MODIS and R2016.2 VIIRS the Tsfc reference
product was changed to be the Canadian Meteorological Center Global Foundation Sea Surface
temperature product (CMCSST; Brasnett B., 2008), due to degradation and calibration issues of
several of the more recent AVHRR sensors used in the NOAA OI SST and loss of in situ
observations (Liu et. al. 2019). Changing to the CMCSST reference field has no significant
statistical impact on the uncertainty in the NASA SST products (see assessment section below).
The purpose of the Tsfc reference, in the second term of the atmospheric correction algorithm,
acts as a weighting factor for the magnitude of the correction contributed by the BT difference.
At warm sea surface temperatures, the top of the atmosphere (TOA) temperature deficit in the
11pum band increases due to increased water vapor absorption. At the equator this deficit may be
up to 8 degrees. In contrast at the high latitudes the TOA deficit for a cold surface under a dry
atmosphere may be less than 1 degree for a similar BT difference. The BT differences in Arctic
atmospheres is not a simple linear function of only water vapor, but other atmospheric
components can play a role including the orientation of ice crystal aerosols (Vincent et al. 2008a,
2008b; Vincent 2019), and differences in surface emissivity which become more important for
very dry atmospheres (Jia, 2019). The use of a Tsfc reference weights the BT difference at TOA
in the second term term of the atmospheric correction algorithm as a function of the nominal
surface temperature, and is greatest for warm temperatures typically characterized by high water
vapor in the overlying atmosphere.

oefficient sets are currently supplied as a function of month (i) and latitude band (j or k). To
reduce the risk of discontinuities at geographic boundaries caused by switching between sets of
coefficients, the SST of a pixel at latitude lat within 2.5 degrees of latitude from a boundary, at
latitude latb, are weighted as a function of geographic distance from the transition according to
the following formulation:

SSTy, = aikq + aijy BTy1m~+ aijo(BTy1m — BTi2um)Tsfe + aijz(sec(8) — 1)(BTyqm —
BTlZ,um) + aij,(mirror) + aijs (0 *) + aij;(62)

SST = SST,, + (SST; — SSTy,) * (lat — lat, + 2.5)/5.0
Quality Flagging

All OB.DAAC files contain a numeric Quality Level for each pixel, assigned by evaluating the
test results stored in SST_flags, with quality level 0 being the highest quality and quality 4 being
the worst. Clear data assigned the highest quality is limited to satellite zenith angles at the sea
surface that are between 0 and 550, where the atmospheric path length is shorter and where
errors are better characterized, generally stable, and predictable. Cloud-free retrievals at angles >
550 are assigned to good quality 1 and are useable for many applications, but may have higher
uncertainty. Quality levels > 1 should not be used for scientific studies as they may have
significant cloud contamination or a variety of other problems.

Table 1. Quality Level Definitions
Quality Level \ Meaning



file://///resources/atbd/sst/flag/

Best: satellite zenith angles < 55 degrees
Good/acceptable in glint or high viewing angle
Suspect

Bad cloud/ice/dust or atmospheric correction failed
Not processed or land

AW | —= O

Note: For PO.DAAC L2p GHRSST formatted files the quality/proximity confidence value
order is reversed, with S “best” and 4 “good” being useable retrievals. Any L2p quality
values 3 or less are unacceptable for the NASA IR SST products as described here and
should not be used for science purposes.

R2019 Quality Level Flow Chart
1 = For SST products distributed
PO I o NASA GSFC OB.DAAC

Note: SST files distributed by the JPL PO.DAAC
are in GHRSST GDS2 reformat and the Quality
level assignment has been inverted where QLS5 =
best, QL4 = good, QL2 = suspect/do not use for
science.

Cloud Classification

The cloud mask for NASA MODIS and VIIRS SST fields use a collection of tests to indicate
that a pixel corresponds to clear-sky conditions. For versions R2014 and earlier of MODIS SST
products the cloud mask used recursive binary decision trees (BDtrees; Kilpatrick et al., 2001;
Kilpatrick et al., 2015) based on the machine learning classification algorithm of Breiman et. al.
(1984). The VIIRS R2016 and MODIS R2019 use a new cloud classification method (Kilpatrick
et. al. 2019a) based on the classification theory of Alternating Decision Trees (ADtree; Freund
and Mason, 1999; Pfahringer et al., 2000).


https://oceancolor.gsfc.nasa.gov/images/atbd/R2019QualityLevelFlowChartforSST.png

There are two types of misclassification errors related to cloud detection in SST products.
Cloudy pixels misclassified as clear, and clear pixels misclassified as cloud. These two types of
error have differing impacts on the SST products. Misclassification of a cloud-contaminated
pixel as clear obviously introduces errors in SST retrievals: unidentified cloud within a pixel
nearly always results in a negative bias in SST (Ackerman et al., 1998). In contrast, an overly
conservative cloud mask can introduce significant sampling errors, as many truly cloud-free
pixels are excluded from spatially-binned SST fields, leading to incomplete SST coverage. More
importantly, the excessive censoring of lower (yet cloud-free) SST values leads to a failure in
capturing the true geophysical variability of SST (Liu and Minnett, 2016; Liu at al., 2017,
Kilpatrick et al., 2019a). False masking of valid yet anomalously cold sea surface pixels is a
pervasive problem for cloud detection algorithms (Merchant et al., 2005).

An advantage of ADtree classifiers is that they represent an ensemble collection of both weak
and strong classifiers with multiple binary decision nodes each ending with a prediction node
containing a vote. Each vote is scaled to the predictive power of the test and the collective vote
from all true nodes are summed. The magnitude of the ADtree vote then provides an indication
of the confidence of the classification. The advantage of using an ADtree classifier to detect
clouds, compared to the BDtrees, is that the combined vote from a collection of weak prediction
nodes when voting together as a block can modify or override the vote of a single strong
prediction node. When the training of an ADtree classifier is also combined with boosting
algorithms, where at each iteration during training the instances that were previously
misclassified are pooled together, a more accurate ensemble classification model is possible.

For MODIS and VIIRS an ensemble of four ADtree classifiers (night, day non-glint regions, day
moderate glint, and day high glint) were trained to classify MODIS and VIIRS SST retrievals as
clear or cloudy, using a subset of the buoy Matchup Database (MUDB). Each classification
model was validated on independent subsets of the MUDB. Any L2 pixel determined to be
cloudy or cloud contaminated is assigned to the lowest quality level 3 and is excluded from the
L3 product generation. The ADtree classifiers used in R2019 MODIS and VIIRS are composed
of nested tests. The vote for each individual test within the tree is summed to form the overall
cumulative vote. The sign of the vote indicates the predicted Class, negative is cloud and positive
is clear and the magnitude of the vote indicates the confidence of the prediction for the class.
Analysis of the training and validation data used in the development of this new cloud masking
methodology are presented in Table 2 (night NSST) and Table 3 (day SST). For R2019 the use
of ADtrees reduces the overall misclassification rate, particularly for false positive clouds,
increases the number of valid retrievals at L2, and increased the number of populated L3 grid
cells compared to R2014. Figure 2 shows the SST probability density functions (PDFs) for
R2014 and R2019 retrievals, ADtrees increased both the total number of populated high quality
bins and the proportion of bins with colder values. In addition, the SST PDF between day and
night have more similar shapes. A complete listing of all tests for each model and the associated
weights can be found in the appendix of Kilpatrick et al. (2019a) for both MODIS and VIIRS.

Table 2. MODIS on AQUA: Classifier 10-fold cross validation statistics for ADtree and
BDTree models. The Table provides both the overall percent of correctly and incorrectly
classified instances in the MUDB, regardless of class, and the conditional rates for TP = true
positive, FP = false positive, and PRC = Precision/Recall based on the confusion matrix for




cloud and clear instances. The classification accuracy for TERRA (not shown) is very similar
to that of AQUA. The R2014 used a BDtree and the current R2019 uses the ensemble of

ADtrees.
MODIS Night Day, non-glint Day, mod glint Day, high glint
Aqua
Classifier ADtree | BDtree | ADtree | BDtree | ADtree | BDtree | ADtree | BDtree
% correctly | 89.94 88.24 92.07 88.24 91.43 88.24 89.14 88.24
classified
% 10.70 11.75 7.94 11.75 8.58 11.75 10.10 11.75
misclassified
TP cloud 0.89 0.86 0.93 0.86 0.91 0.86 0.87 0.86
TP clear 0.89 0.90 0.92 0.90 0.91 0.90 0.93 0.90
FP cloud 0.10 0.10 0.09 0.10 0.09 0.10 0.07 0.10
FP clear 0.11 0.14 0.07 0.14 0.09 0.14 0.13 0.14
PRC cloud | 0.96 0.95 0.97 0.95 0.97 0.95 0.96 0.95
PRC clear | 0.96 0.95 0.97 0.95 0.97 0.95 0.95 0.95

Table 3. Day time seasonal comparisons of the number of good quality SST retrievals in
L2 and L3 global products. Number of observations of good quality populated 4 km daily L3
grid cells and total count of L2 1 km pixels in the 4 km global image. Data are for Aqua
MODIS in 2008 for dates near the equinoxes and solstices for the BDtree and ADtree
methods. During the daytime there is between a 30 - 50% increase in both the number of valid
grids and L2 retrievals depending on the season and location. The gain in coverage at night is

~6%.
Day SST | Classifier | # clear % global mean L2 sum % global
MODIS- 4km L3 increase in pixel global increase
A 2008 bins populated count/4km 1km L2 | daily clear
date L3 4km bins bin count L2 1km
ADtree pixels
ADtree
20-Mar | BDtree 3.88E+06 9.1 3.82E+07
20-Mar | ADtree 5.27E+06 | 35.7 9.8 4.98E+07 | 30.6
19-Jun | BDtree 3.57E+06 8.7 3.10E+07
19-Jun | ADtree 5.59E+06 | 56.8 9.2 5.15E+07 | 66.3
23-Sep | BDtree 3.83E+06 8.5 3.24E+07
23-Sep | ADtree 5.72E+06 | 49.4 9.3 5.31E+07 [ 64.0
21-Dec | BDtree 3.83E+06 8.8 3.36E+07
21-Dec | ADtree 5.20E+06 | 35.7 9.1 4.75E+07 | 41.5
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Figure 2. Seasonal frequency of SST values in a L3 daily SST 4km product from MODIS-A
for R2014 BDtree and R2019 ADtree cloud mask. Dates are near the equinoxes and solstices
in 2008. Left: daytime; right panels night time. The ADtree method increases both the total
number of populated bins and the proportion of cooler SST values.

Correction for Dust Contamination

Beginning with MODIS R2019, a night time dust correction was implemented for the 11-12 um
night NSST product, as described by Luo et al. (2019). The correction uses a dust-induced SST
difference index (DSDI), calculated from MODIS brightness temperatures measured in bands at
infrared wavelengths of 3.8, 8.9, 10.8 and 12.0 um, and the Modern-Era Retrospective Analysis
for Research and Applications, Version 2 (MERRA-2; Gelaro et al., 2017) hourly dust extinction
aerosol optical thickness (tavgl 2d aer Nx).

Using the DSDI correction increases the number of valid retrievals in the dust contaminated
region of the equatorial and tropical North Atlantic Ocean. Figure 3 shows an L3 4 km image
before and after the DSDI correction. The geographic area outlined by the black ellipse is an area
predominantly flagged as bad due to dust contamination and excluded from the R2014 product.


https://oceancolor.gsfc.nasa.gov/images/atbd/cloudmask.png

After the R2019 DSDI correction is applied there is a significant increase in the number of bins
populated with high quality retrievals.
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https://oceancolor.gsfc.nasa.gov/images/atbd/dsdi.png

Figure 3. Global 4km MODIS-A night time SST before and after DSDI dust correction for
August 4th 2018. The median correction for pixels with a DSDI > 1.4 in this image is ~1.5° C.
Top: before correction, middle: after correction, bottom: cut-out of dust region L3 MODIS
daytime aerosol optical depth for same date, overlaid on the true color image. Black ellipses

highlight region where after dust correction high quality SSTs are recovered underneath the dust
plume.

The coefficients for the DSDI were empirically derived using records from drifting buoys in the
MODIS SST MUDRB, from the North Atlantic between latitudes 0°N to 25°N and longitudes
40°W to 10°E. The matchup analysis was also augmented with infrared atmospheric radiative
transfer simulations (RTTOV; Hocking et al. 2018) using data taken during six research cruises
of the AEROSE program off West Africa, where there are frequent outflows of air containing
Saharan Dust (Nalli et al. 2011). Figure 4 shows the relationships between the channel brightness
temperature differences, temperature difference (MODIS — in situ SST), and the DSDI.
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Figure 4. Brightness temperature differences, temperature deficit, and the DSDI. Left:
Scatter plot of the SSTskin difference with respect to in situ temperatures (color), with BT3.s -
BTi2 and BT - BTi2. Right: Derived DSDI (shown in color) with brightness temperature
differences, corresponding to the data at left, indicating the DSDI has a strong relationship with
the brightness temperature difference and can be used to correct it for the effects of aerosols.
From Luo (2018).

Principal component analysis (PCA) was used as an orthogonal transformation to convert the
brightness temperature difference data into new linearly uncorrelated variables. As shown in
Figure 5, the first Principal Component (PC) represents the greatest degree of variability in the
SST dataset, which is the aerosol-free situation, and the deviation from the first PC of the BTs
difference in the (BT3.s - BT12 and BT1:1 - BT12) plane, which is the second axis of the remaining
degree of variability, and can be used to represent the DSDI.
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Figure 5 (a) Color indicates SST difference between MODIS and in-situ measurements. (b)
color indicates first Principal Component (PC) analysis of pair data (BT3.3-BT12 and BT11-BT12).
(c) second PC (d) regression the SST difference with second PC, color indicates the PCR results.
From Luo (2018).

From the RTTOV model simulations (Figure 6), the aerosol free BT difference and the aerosol-
contaminated BT difference relationship shows the difference is larger in the direction of
increasing dust contaminations, so the simulations were used to establish the property, while the
regression of BT difference and aerosol-introduced SST difference was used to determine the
DSDI algorithms coefficients.
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Figure 6. RTTOYV simulation of brightness temperature (BT) differences with SSTskin
difference. The color indicates different values of aerosol related SSTskin differences. When we
rotate (or transform) the data distribution with the coordinate axis, the first PC can be used to
represent the aerosol free situation and the second PC of the remaining variability can be used to
represent the aerosol-introduced SSTskin difference. From Luo (2018).

The DSDI index has the form:
DSDI =a+ (b+c*Sy)*BT;5— BT1,) +(d+ex*Sy) *(BT3g — BTgo) +
(f + g *So) * (BTyy — BT13) + (h + i % Sp) * (BTyy — BT13)* + [avx + 8]
Where BT is the channel brightness temperature, SO is the secant of the satellite zenith angle, x is

the MERRA-2 dust extinction, and a:i, a and [ are coefficients. The DSDI coefficients for R2019
processing are given in Table 4.

Table 4. DSDI algorithm coefficients
DSDI Index Coefficients | MODIS AQUA | MODIS TERRA
a 1.488 0.721
b 1.224 0.575
c -0.370 -0.094
d 0.257 -0.002
e 0.271 0.033
f -2.981 -2.195
g -0.162 0.415
h -0.317 0.012
i 0.092 -0.146
alpha 1.304 1.118
beta -0.107 -0.009



https://oceancolor.gsfc.nasa.gov/images/atbd/sstdiff.png

The dust correction is only applied if both the daily MERRA-2 aerosol dust extinction is above
0.025 and the DSDI > 0.8. The magnitude of the applied correction is a linear function of the
DSDI and has the form:

SSTcorrectea = SST + (j * DSDI + k)

Regression coefficients j and k given in Table 5.

Table 5. Saharan Dust correction algorithm coefficients
Dust correction coefficients AQUA | TERRA

] 1.135 1.063

k -0.641 -0.522

Regional Ice Test

A daytime flag for ice was introduced in VIIRS R2016.1 and MODIS R2019, based on 1.6 um
and 671 nm reflectance to reduce the misclassification of ice as open water during transitional
ice conditions. The reflectance thresholds for this test were determined from spectral histograms
of images manually classified as snow or ice from Sentinel-2 MSI calibrated reflectance
(Hollstein et. al. 2016; see their Figure 1). This test is only evaluated at latitudes > 30° poleward
of the sub-solar point, as the relative magnitudes of the reflectance can be impacted by sun glint.

The thresholds for the ice are:
p(671 nm) > 0.3 & (0.1 > p(1.6 um) > 0.006)

Figure 7 shows an example of an L2 image from earlier VIIRS R2016.0 products of the
thin/melting ice misclassification problem in the Arctic, and the impact of adding an additional
test for ice to the cloud mask. The upper left panel of Figure 7 is a true color remapped L2
image. The large area outlined in red (A) has uniform appearance with different reflectance than
its surroundings. The upper right panel shows pixels of good or better quality R2016 SST for the
corresponding true color image. Area B highlights an area where ice was misclassified as clear
open water. Retrievals over thin or melting ice can have temperatures close to those of open
water, as shown in the unmasked SST L2 image on the lower left. In some conditions clouds or
ice can even erroneously appear warmer than the open water, the yellow/green region in circle C
is an area with temperatures of > 8°C. The cloud classification algorithms struggle in these
conditions as it is assumed clouds or ice should be colder than the sea surface. The large
overcorrection of ice and cloud top temperatures in polar regions is likely due to the regions of
lower surface emissivity and the orientation of ice crystals in the atmosphere resulting in larger
11-12 pm BT differences (Vincent et al., 2008a, 2008b; Vincent 2019) than would be expected
for the amount of water vapor present. Using the reflectance information from the 671 nm and
1.6 um bands identifies when the cloud mask is likely to have misclassified an obscured pixel as
clear.



True color

Figure 7. Example of Ice pixels misclassified as clear. Level 2 1km VIIRS granule on July
11th 2016 (V2016193121200 L2). A - True color, B - SST R2016.0.0, C - SST with no quality
mask, D - SST R2016.0.1 with new ice test. Red circles outline areas where based on the True
color image ice was misclassified as open water in the R2016.0.0 processing. (Note: black or
white lines seen in the unmapped SST L2 image are where the VIIRS pixel aggregation changes
across the swath)

3 - Implementation


https://oceancolor.gsfc.nasa.gov/images/atbd/icepixels.png

e View source file: sst.c

e View Quality Flags

Get Single Sensor Error Statistics for:

e Aqua- SSES (v6.5)
o Terra - SSES (v6.5)
e SNPP - SSES (v6.4.1)

Get Nonlinear SST Coefficients for:

e Aqua - coefficients (v6.5)
e Terra - coefficients (v6.5)
e SNPP - coefficients (v6.4.1)

4 - Assessment

Level-2 matchup data base

SST products are validated using a collocated matchup data base (MUDB) of in situ observations
that are collected within 30 minutes of an overpass and 10 km of a pixel. The SST MUDB set is
included in the SEABASS archive. The in situ data sources include both sub-surface in situ
observations from drifting and fixed buoy downloaded from the NOAA in situ SST quality
monitor (IQuam; Xu and Ignatov 2014), and direct measurements of ocean skin temperatures
from ship board Marine-Atmospheric Emitted Radiance Interferometer (M-AERI; Minnett et al.
2001). The M-AERI validation provides SI traceability to standards at NIST (National Institute
of Standards and Technology; Rice et al. 2004) and NPL (National Physical Laboratory, UK;
Theocharous et al., 2019). However, the quantity and geographical coverage of radiometer skin
SST measurements are significantly less than large network of buoy subsurface temperature
measurements, but which have a larger calibration uncertainty.

The multi-dimensional single sensor error statistics (SSES) look-up tables of bias error and
uncertainty relative to buoy measurements have been updated based on the R2019 validation
results. The bias and uncertainty SSES in the GHSST L2P files are a function of quarter of year,
latitude band, satellite zenith angle, brightness temperature difference intervals, temperature
intervals, and quality level. Tables 6 and 7 summarize the global statistics of the highest quality
retrievals as a function of latitude for both the current R2014 and R2019.

Table 6. MODIS-T L2 MUDB Validation Statistics. Night time SST minus buoy SST
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latitude R2014 mean R2019 mean R2014 median R2019 median R2014 SD R2019 SD R2014 RSD R2019 RSD count

<=405

40S+ to 205
205+ to Eq
Eg+ to 20N
20N+ to 40N
40N+ to 60N
>60N

-0.206
-0.145
-0.144
-0.207
-0.104
-0.108
-0.410

-0.211
-0.147
-0.148
-0.188
-0.180
-0.203
-0.320

-0.165
-0.130
-0.095
-0.180
-0.095
-0.085
-0.365

-0.171
-0.132
-0.126
-0.169
-0.170
-0.180
-0.275

0.398
0.390
0.481
0.514
0.481
0.540
0.632

0.385
0.367
0.404
0.461
0.451
0.503
0.577

0.221
0.251
0.294
0.319
0.308
0.324
0.368

0.216 47362
0.238 191629
0.283 146059
0.303 65141
0.294 232555
0.309 110149
0.334 97471

Table 7. MODIS-A L2 MUDB Validation Statistics. Night time SST minus buoy SST
latitude R2014 mean R2019 mean R2014 median R2019 median R2014 SD R2019 SD R2014 RSD R2019 RSD count

<=405 -0.221 -0.206 -0.190 -0.180  0.337 0.320  0.182 0.175 66142
405+ to 205 -0.224 -0.186 -0.215 -0.182  0.364 0.343 0.229 0.215 252265
205+ to Eq -0.19 -0.150 -0.165 -0.133  0.431 0.382 0.272 0.256 177785
Eq+ to 20N -0.251 -0.193 -0.210 -0.171  0.495  0.437 0.291 0.276 105883
20N+ to 40N -0.152 -0.186 -0.145 -0.174  0.477 0.441 0.286 0.270 315568
40N+ to 6N -0.138 -0.216 -0.115 -0.193 0.529 0.486  0.305 0.286 155135

>60N -0.439 -0.305 -0.395 -0.271  0.592  0.515 0.321 0.291 130843

R2019 MODIS-T Night Continuity algorithm
monthly median and RSD buoy residuals
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Figure 8. Terra MODIS time series of night SST skin residuals compared to in situ buoy
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SST. Circles are monthly means; error bars are robust standard deviations. Inter-sensor product
continuity comparisons with VIIRS — will be updated when reprocessing for all sensors has been
completed, and time allows, but are expected to have similar or better statistics relative to in situ
buoys. Those below in Figure 9 and Tables 8 and 9 are for the MODIS R2014 and VIIRS R2016
products.

Night Continuity algorithm
monthly buoy residuals
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Figure 9. Global median bias and robust standard deviation. Global median bias and robust
standard deviation. Continuity between sensors 20012-2016 is evident. Monthly median satellite
Skin SST minus subsurface in situ buoy SST MODIS R2014 and VIIRS R2016 products.
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Figure 10. Monthly median bias segregated by latitude bands. Continuity between sensors
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20012-2016 is evident. Monthly median satellite Skin SST minus subsurface in situ buoy SST
MODIS R2014 and VIIRS R2016 products.

Table 8. SST global validation statistical comparisons to sub-surface drifter and fixed
ocean buoys. Satellite skin SST minus subsurface buoy SST for each quality level. Mean,

median, Standard deviation, Robust standard deviation (IQR/1.836), and count.

Residuals
sensor skin SST — sub-surface buoy SST
Sensor quality mean median SD RSD Count
TERRA SST |0 -0.166 -0.150 0.442 0.319 538918
AQUASST |0 -0.185 -0.170 0.423 0.305 508950
VIIRSSST |0 -0.205 -0.174 0.476 0.343 473498
TERRA SST |1 -0.424 -0.395 0.641 0.462 252809
AQUASST |1 -0.424 -0.380 0.620 0.447 267214
VIIRS SST 1 -0.451 -0.377 0.730 0.527 223565

Table 9. Ocean Skin SST global validation statistics. Sensor Skin SST minus M-AERI
radiometer skin SST for each quality level. Mean, median, Standard deviation, Robust
standard deviation (IQR/1.836), and count.

Residuals
sensor skin SST — skin radiometer SST
Sensor quality mean median SD RSD Count
TERRA SST |0 -0.058 -0.052 0.481 0.347 3069
AQUA SST 0 0.042 0.040 0.494 0.347 2070
VIIRS SST 0 0.030 0.009 0.196 142 81

Level-3 comparisons to other global fields
MODIS R2019.0 L3 products:

Updated Hovmoller comparisons will be added after the R2019 L3 processing is completed and
the products have been fully analyzed.

SNPP-VIIRS: R2016.0 L3 products

Comparisons between VIIRS R2016.0 skin SSTs composites of WindSat SSTs, AMSRE, and
Daily Reynolds DOI fields are shown in Figure 11 as Hovmoller plots of the 4km zonal average
differences.



VIIRS R2016.0 - Reynolds DOISST VIIRS R2016.0 - AMSR2 VIIRS R2016.0 - Windsat V7

- - - > 20 " s e
1 8 A s g 0 RS, ont e

day SST

Latitude
8 o 8

night NSST

Latitude
8 o 8

night SST_ triple

Latitude
8 o 8

2012 2013 2014 2015 2016 2013 2014 2015 2016 2012 2013 2014 215 2016
Date Date Date

median difference 3— - a

2 -1 0 1 2 3

Figure 11. Hovmoller plots of the 4km zonal average difference between VIIRS R2016.0
skin SSTs composites of WindSat SSTs, AMSRE, and Daily Reynolds DOI fields. Top Row:
day time SST, Middle Row: Night time SST, Bottom row: night time SSTtriple, Left panels:
Reynolds DOISST, Center panels: Microwave AMSR2 SST, Right panels: Microwave WindSat
SST. The horizontal axis shows time starting January 2012. The mid-grey color in the color bar
indicates differences of less than 0.05K.
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6 - Data Access

Browse/Obtain Level-2 data - order

Browse/Obtain Level-3 data - order or download

Download data directly - any data level via https links

Search data archive - filename, pattern, or date search

Manage existing orders - confirm, cancel, monitor

Manage/Create a data subscription - confirm, cancel, monitor, or create new data delivery
requests and regions
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