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Abstract

This study validates aerosol properties retrieved using a Satellite Ocean Aerosol Retrieval
(SOAR) algorithm applied to Visible Infrared Imaging Radiometer Suite (VIIRS) measurements, from Version
1 of the VIIRS Deep Blue data set. SOAR is the over-water complement to the over-land Deep Blue algorithm
and has two processing paths: globally, 95% of pixels are processed with the full retrieval algorithm, while
the 5% of pixels in shallow or turbid (mostly coastal) waters are processed with a backup algorithm. Aerosol
Robotic Network (AERONET) data are used to validate and compare the midvisible (550 nm) aerosol optical
depth (AOD), Ångström exponent (AE), and ﬁne mode fraction of AOD at 550 nm (FMF). AOD uncertainty is
shown to be approximately ±(0.03 + 10%) for the full and ±(0.03 + 15%) for the backup algorithms, with a
small positive median bias around 0.02. When AOD is below about 0.2, the AE and FMF have small negative
oﬀsets from AERONET around −0.15 and −0.04, respectively. For higher AOD, AE is less oﬀset and the
magnitudes of diﬀerences versus AERONET are about ±0.2 and ±0.14, respectively. Aerosol-type
classiﬁcations provided by SOAR are found to be reasonable, matching optical-based classiﬁcations from
AERONET over 80% of the time. Spatial and temporal patterns of AOD and AE are also compared with those
of other contemporary over-water satellite aerosol data sets; dependent on region, the satellite data sets
show varying levels of consistency, with SOAR broadly in-family, and the largest discrepancies in regions
with persistent heavy cloud cover.

Plain Language Summary

Aerosols are small particles in the atmosphere like desert dust,
volcanic ash, smoke, industrial haze, and sea spray. Understanding them is important for applications such
as hazard avoidance, air quality and human health, and climate studies. Satellite instruments provide an
important tool to study aerosol loading over the world. However, individual satellites do not last forever and
newer satellites often have improved capabilities compared to older ones. This paper evaluates an extension
of an algorithm, originally designed to monitor aerosols from an older satellite instrument, to a new satellite
instrument called Visible Infrared Imaging Radiometer Suite. The evaluation is performed by comparing to
ground truth data which are part of the National Aeronautics and Space Administration’s global Aerosol
Robotic Network, as well as to other satellite-based aerosol data sets from diﬀerent spaceborne instruments.

1. Introduction
The Visible Infrared Imaging Radiometer Suite (VIIRS) was launched in late 2011 on the Suomi-National
Polar-orbiting Partnership (S-NPP) satellite, alongside several other sensors, and remains in operation at the
time of writing. S-NPP is the precursor to a new series of U.S. polar-orbiting satellites intended to continue
observations relevant to forecasting and scientiﬁc research from previous satellite programmes, and its instrument suite was designed with these goals in mind. As a result, the VIIRS instrument has similarities to, and is
being applied to carry on geophysical data records from, heritage sensor series such as the Moderate Resolution Imaging Spectroradiometers (MODIS), Sea-viewing Wide Field-of-view Sensor (SeaWiFS), and Advanced
Very High Resolution Radiometers (AVHRRs).
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One such application is the study of atmospheric aerosols, the main
remotely sensed geophysical quantity being total column midvisible
aerosol optical depth (AOD). Aerosol remote sensing is a diﬃcult problem, and many AOD retrieval algorithms have been developed for diﬀerent
sensors for either regional or global applications. Some reviews of basic
algorithm concepts which have been applied to various sensors types
are provided by Kokhanovsky and de Leeuw (2009) and Lenoble et al.
(2013). This study is concerned with the Satellite Ocean Aerosol Retrieval
(SOAR) algorithm, which was developed initially for application to SeaWiFS (Sayer et al., 2012) but has since been applied to AVHRR (Hsu et al.,
2017) and VIIRS (Sayer, Hsu, Bettenhausen, et al., 2017; Sayer et al., 2018)
measurements. The motivation behind SOAR was to provide an overwaFigure 1. Fraction of SOAR VIIRS Suite retrievals from the full seven-band
ter companion to the over-land Deep Blue (DB) algorithm, which has
retrieval algorithm. Data shown for the year 2013; grid cells with fewer than
100 retrievals are shaded in gray. Continental outlines are omitted to more
been applied to SeaWiFS, MODIS, AVHRR, and VIIRS measurements (Hsu
easily visualize behavior near coasts.
et al., 2013, 2017), the combination together providing near-global data
coverage (for daytime scenes free from clouds and snow/ice). Recently,
Sayer et al. (2018) described updates and modiﬁcations to SOAR to create the recently released VIIRS DB/SOAR version 1 data set; the purpose of the present study is to provide
an evaluation of the over-water part of this new data set, which is freely available for download from the
National Aeronautics and Space Administration Level 1 and Atmosphere Archive and Distribution System at
https://ladsweb.nascom.nasa.gov.
Section 2 provides a summary of the VIIRS application of the SOAR algorithm and the resulting data set. This
is validated against ground truth data from the Aerosol Robotic Network (AERONET, Holben et al., 1998) in
section 3. Next, section 4 illustrates and evaluates the aerosol-type information provided by SOAR, and ﬁnally,
section 5 examines the VIIRS time series in the context of some of the main other over-water satellite data
products available in the modern period.

2. Summary of SOAR VIIRS Data Set
A comprehensive description of the SOAR algorithm applied to VIIRS, along with relevant features of the
VIIRS instrument, was provided by Sayer et al. (2018). As a result, this section omits algorithm description and
focuses on the features of the data set itself. That study describes the algorithm used to produce Version 1
of the VIIRS DB/SOAR data set, which is the data version analyzed in this study. References to SOAR without a speciﬁed sensor hereafter refer to the VIIRS application; likewise, references to AOD without a speciﬁc
wavelength indicate the AOD at 550 nm.
SOAR performs a multispectral ﬁt of VIIRS top of atmosphere (TOA) measured reﬂectance to simultaneously
retrieve the AOD, ﬁne mode fractional contribution to AOD at 550 nm (FMF), and best ﬁtting aerosol optical
model. Together, these may be used to self-consistently derive other quantities such as spectral AOD or the
Ångström exponent (AE). There are four candidate aerosol optical models with optical properties representative of aerosol columns dominated by clean maritime, dust, ﬁne mode (e.g., smoke and haze), and mixed (e.g.,
dust plus smoke) particles. These models all assume a bimodal lognormal distribution with ﬁne and coarse
modes. Before the retrieval, the calibration corrections derived in Sayer, Hsu, Bettenhausen, et al. (2017) are
applied to the Level 1 (L1) TOA reﬂectances, which brings the sensor into radiometric consistency with MODIS
aboard the Aqua satellite, aside from the L1 diﬀerences expected due to diﬀerent band spectral response
functions.
Over open ocean, a total of seven bands are used in the inversion; over waters identiﬁed as shallow or turbid,
only four near infrared and shortwave infrared (swIR) bands are used, because at the shorter visible wavelengths the surface reﬂectance model assumed may be in error in these cases. This four-band retrieval is often
referred to as the backup algorithm, for distinction from the seven-band full algorithm. As these two paths are
expected to have diﬀerent error characteristics, they are considered separately herein. Globally, about 95% of
pixels are processed with the seven-band full algorithm, with backup retrievals concentrated around coasts,
inland waters, and in continental outﬂow regions (Figure 1).
The retrieval is performed on suitable (free from detected cloud, sea ice, or strong Sun glint) pixels identiﬁed
as being water surfaces, at native sensor resolution (∼740 m horizontal pixel size at nadir). The median value
SAYER ET AL.
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Table 1
Aerosol SDS From VIIRS Data Products Used in This Study
Product level

SDS name

Description

L2

Aerosol_Optical_Thickness_550_Ocean_Best_Estimate

AOD at 550 nm, QA ﬁltered

L2

Spectral_Aerosol_Optical_Thickness_Ocean

Spectral AOD (490–2,250 nm)

L2

Angstrom_Exponent_Ocean_Best_Estimate

AE (550–870 nm), QA ﬁltered

L2

Fine_Mode_Fraction_550_Ocean

Fine mode fractional contribution

L2

Aerosol_Optical_Thickness_QA_Flag_Ocean

Indicates poor (1) or good (3) data

L2

Algorithm_Flag_Ocean

Indicates full (0), turbid/shallow

M3

Aerosol_Optical_Thickness_550_Ocean_Mean

Monthly mean AOD at 550 nm

M3

Angstrom_Exponent_Ocean_Mean

Monthly mean AE (550–870 nm)

M3

Aerosol_Type_Land_Ocean_Histogram

Histogram of grid cell daily modal

to AOD at 550 nm

(1), or mixed (2) retrieval

aerosol types over a month

of these retrievals across an 8 × 8 sensor pixel box (∼6 km at nadir) is taken as representative and reported in
the Level 2 (L2) data product at this resolution, known as a cell or retrieval pixel. Some cells contain retrievals
of both types (full and backup), and these mixed cells are considered to also be backup retrievals in this study.
Statistics of the individual retrievals within each cell are used to assign each cell a quality assurance (QA) ﬂag
value, as an indicator of whether quality issues with a given retrieval are expected. QA ﬂags take values of 0
(no retrieval), 1 (potential poor quality), or 3 (good quality, no issues suspected); this 0–3 rating follows prior
DB/SOAR convention, although note that there is no intermediate QA = 2 subset of the data. Again, speciﬁcs
of all these thresholds and algorithm decisions are provided by Sayer et al. (2018). Generally, data with QA = 1
are not intended for use, and only QA = 3 data are used in the present analysis.
S-NPP is in a Sun-synchronous polar orbit with a daytime node equatorial crossing local solar time of 1:30 p.m.,
similar to the A-Train satellite constellation, although on a separate orbital track. L2 products consist of 6 min
of scan data in the along-track direction; the across-track scan width is 3,040 km meaning that consecutive
orbits overlap, even at the equator. Level 3 (L3) products are also generated as statistical summaries on a 1∘
horizontal grid. L3 daily (D3) ﬁles are created by aggregating L2 data (using only data passing QA thresholds),
while L3 monthly (M3) ﬁles are aggregates of D3 products. These ﬁles are provided in Network Common Data
Format version 4 format and the scientiﬁc data sets (SDS) within conform to Climate and Forecast data conventions version 1.6. The aerosol-related SDS from these ﬁles used within this study are listed in Table 1. Note that
these SDS names refer to aerosol optical thickness (AOT) rather than AOD, which was a project requirement
for compliance with heritage data sets. AOT and AOD are synonymous, and both are deﬁned as the vertically
integrated extinction due to aerosol scattering and absorption. Data products are available covering March
2012 onward.

3. Validation Against AERONET
Most satellite AOD validation exercises use some variation on the basic technique of Ichoku et al. (2002). In
brief, this method uses spatial averaging of satellite data and temporal averaging of AERONET data to account
for the fact that AERONET provides point measurements of AOD with a sampling frequency of 5–15 min
(dependent on instrument conﬁguration) in cloud-free conditions, while satellites provide an instantaneous
swath measurement with individual retrieval footprints covering several to tens of kilometers. This fundamental diﬀerence introduces some uncertainty beyond that of AERONET alone, dependent on the level of
heterogeneity in the underlying aerosol ﬁeld (Virtanen et al., 2018). Since the publication of prior SOAR validation papers (Sayer, Hsu, et al., 2012; Sayer, Hsu, Bettenhausen, et al., 2017; Sayer, Hsu, Lee, et al., 2017), updates
have been made to both the AERONET data version and the speciﬁcs of the validation methodology, and as
a result these are described in full below.
In Sayer et al. (2018), a preliminary validation of the SOAR VIIRS data set was provided by comparing with
ship-based AOD observations from the Maritime Aerosol Network (MAN, Smirnov et al., 2009). MAN is a valuable resource for open ocean validation but is somewhat limited in spatial and temporal coverage, and Sayer
SAYER ET AL.
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et al. (2018) obtained 836 matches from approximately 5 years of VIIRS data. An advantage of AERONET over
MAN is a larger data volume, but a disadvantage is the restricted sampling to coastal and island regions.
Thus, the two are complementary, and results from the MAN comparison are discussed in the text to provide
additional context.
3.1. AERONET Data Description and Matchup Protocol
The Sun photometers used in AERONET infer spectral AOD with an uncertainty of ∼0.01 in the midvisible (Eck
et al., 1999) by direct Sun observations of solar irradiance, which is attenuated by Rayleigh scattering, trace gas
absorption, and aerosols as it passed through the atmosphere. AERONET provides data from several hundred
sites, processed in a consistent way (Holben et al., 1998); this consistency is important when evaluating data
from multiple sites.
This study uses the AERONET direct Sun level 2 (cloud-screened, post-deployment calibrated, and
quality-assured; Smirnov et al., 2000) data products, from the newly released version 3. Version 3 includes
improvements to sensor characterization and cloud aerosol discrimination over version 2 (T. Eck, D. Giles,
A. Smirnov, personal communication, July 2018), particularly in the detection of stable optically thin cirrus
cloud layers and rapidly evolving ﬁne mode aerosol plumes. The geolocation of some sites has also been
updated with more accurate site latitudes, longitudes, and elevations. Here VIIRS and AERONET data from all
sites between March 2012 and December 2017 are considered; AERONET level 2 data have a latency of several months to years due to the requirement for postdeployment calibration, and so data from more recent
months are at present largely unavailable.
All instruments provide data at a standard set of wavelengths (440, 675, 870, and 1,020 nm for AOD), and
some include additional wavelengths. In this analysis, AERONET AOD are interpolated spectrally to 550 nm
as well VIIRS band central wavelengths. Prior SOAR validation studies interpolated using the closest available
AERONET wavelength and the AE, where AE (denoted 𝛼 ) is deﬁned
𝜏𝜆

log 𝜏 1
d log (𝜏(𝜆))
𝜆2
≈−
𝛼=−
,
𝜆
d log (𝜆)
log 1

(1)

𝜆2

for AOD (𝜏 ) around some wavelength 𝜆. In this study, AERONET AOD spectral interpolation is performed with
a least squares ﬁt of all available AERONET AODs within the 440- to 870-nm wavelength range (typically 4,
more for some conﬁgurations) to a quadratic polynomial, as follows (for coeﬃcients a0 , a1 , and a2 calculated
on a point-by-point basis)
log(𝜏𝜆 ) = a0 + a1 log(𝜆) + a2 log(𝜆)2 .
(2)
This quadratic formulation is more robust to calibration problems in individual channels and accounts for the
fact that in ﬁne mode dominant aerosol conditions the relationship between log(𝜏) and log(𝜆) is not linear
but curved, dependent on ﬁne mode particle size (Eck et al., 1999; Schuster et al., 2006). For low-AOD cases the
diﬀerence is negligible, so has little eﬀect on the conclusions of prior studies using the simpler (equation (1))
AE. In smoke- or haze-dominated cases, it results in a better representation of the true AOD at 550 nm.
The AE is also evaluated in this study. For VIIRS the AE provided is deﬁned between 550 and 870 nm and is
compared with AERONET AE computed over the closest wavelength range. Typically, this is 500–870 nm, but
440–870 nm is used for a few cases where the AERONET 500 nm channel is absent.
As in prior studies, the spatioemporal aggregation method of Ichoku et al. (2002) is followed and VIIRS and
AERONET data are compared by averaging satellite data within 25 km of the AERONET site and AERONET data
within ±30 min of the satellite overpass. To further mitigate inherent diﬀerences in the sampling approaches
of the two measurement types, two modiﬁcations are made to the strategy from prior analyses:
1. The median, rather than mean, values are reported. This is helpful when, for example, a satellite averaging
area includes aerosol plumes which pass near to but not over the AERONET site.
2. Only aerosol retrievals with a surface elevation within 100 m of the AERONET site are considered, to decrease
any systematic sampling biases from the fact that coastal/island Sun photometers are often not at sea level.
For example, for a typical background AOD ∼0.15 with the bulk of the aerosol within a well-mixed boundary layer of ∼1.5 km, a Sun photometer situated at 100 m above the larger-scale surface level would miss
∼0.01 of the AOD, which would lead to an apparent but untrue positive bias in the satellite data. Thus,
SAYER ET AL.
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Figure 2. Fraction of AERONET/VIIRS matchups with at least two contributing points from each data set, for the full
SOAR retrieval. Data shown for those 98 sites with at least 50 valid matchups with the full retrieval algorithm.

this threshold should ensure to a ﬁrst order that biases resulting from elevation mismatches are typically
similar to or smaller than the AERONET AOD uncertainty, which is dominated by radiometric calibration
(Eck et al., 1999).
A matchup is valid if there is at least one VIIRS retrieval in the spatial window and at least one AERONET observation in the temporal window. This results in 146 sites with matchups with the full retrieval processing path
and 213 with the backup turbid/shallow path (as many AERONET sites are in complex coastal environments).
Of these sites, 98 and 126 have at least 50 matchups with the full and backup algorithms, respectively.
Many other satellite validation analyses which follow the recipe of Ichoku et al. (2002) put a threshold on
the minimum number of satellite retrievals or AERONET observations in the averaging window required for a
matchup to be considered valid. The purpose of this is to decrease the aforementioned inherent diﬀerences
from the satellite versus ground-based observation types by removing heterogeneous scenes. However, this
may introduce additional sampling-related biases into the aggregate statistics, as more heterogeneous (and
often diﬃcult to retrieve) scenes may be excluded, particularly near coasts where by nature there are fewer
over-water satellite retrievals available. A danger is that this skews the sample to locations and times of year
where features which limit satellite/AERONET data availability (e.g., coastline shape, presence and structure
of cloud ﬁelds) are minimized and may therefore provide an unrepresentative assessment of satellite retrieval
performance.
For example, requiring at least two AERONET and two VIIRS data points within the spatiotemporal window
removes 19.5% of full retrieval matchups from consideration. This may paint a diﬀerent picture of retrieval
error characteristics than a more comprehensive comparison would, due to the exclusion of more complex
cases. Figure 2 shows that the lost matchups are not spread evenly. While there are exceptions, the large cluster
of sites around the Mediterranean tend to lose fewer. Island sites tend to lose more, as do those in complex
terrain where there is often not enough over-water area for multiple VIIRS retrievals to ﬁt. The six sites losing
more than half their matchups (Anmyon, Churchill, Ieodo Station, Iqualuit, KAUST, and USM Penang) all ﬁt into
this latter category. In this analysis the use of medians and elevation thresholds as above is intended as an
alternative approach to ﬁlter data while not screening out these more diﬃcult-to-retrieve scenes, providing a
more representative picture. There is scope to further reﬁne the matchup methodology; the spatiotemporal
averaging thresholds suggested by Ichoku et al. (2002) and adopted here are somewhat arbitrary but serve as
reasonable global-average values to balance sampling coverage with representativeness. Future work should
investigate region-speciﬁc or site-speciﬁc thresholds, such that data volume can be increased while avoiding
adding signiﬁcant sampling-related uncertainty.
3.2. Evaluation Metrics
The main metrics used to evaluate the SOAR data are as follows:
1. The correlation coeﬃcient, as a measure of how well the satellite data track the variability of the AERONET
data. Spearman’s rank correlation coeﬃcient is used rather than the more common Pearson’s linear
correlation coeﬃcient. The reasons for this include the facts that the relationship between AERONET and
satellite AOD may not be linear and also that Spearman’s correlation is less sensitive to extreme outliers
which may be unrepresentative of the behavior of the data set. These outliers may arise due to, for example, a clean background site having infrequent high-AOD transport events, where these rare events drive
SAYER ET AL.
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Table 2
Global and Regional Statistics for the VIIRS-AERONET 550-nm AOD Comparison, for Full (Backup Turbid) Retrieval Matchups
Region

Number of

name

matchups

Correlation

Bias

fEE a

fG

RMSE

Global

38,600 (37,946)

0.87 (0.88)

0.021 (0.025)

0.66 (0.66)

0.52 (0.49)

0.068 (0.084)

REM/CLN

4,019 (2,703)

0.77 (0.76)

0.018 (0.008)

0.65 (0.76)

0.55 (0.70)

0.064 (0.056)

EUR/NAM

12,190 (19,712)

0.84 (0.84)

0.016 (0.023)

0.71 (0.63)

0.59 (0.53)

0.053 (0.061)

405 (659)

0.88 (0.85)

0.020 (0.036)

0.69 (0.55)

0.54 (0.41)

0.065 (0.076)

NAME

5,721 (3,919)

0.91 (0.95)

0.034 (0.033)

0.58 (0.62)

0.43 (0.44)

0.070 (0.077)

MED

10,904 (4,532)

0.86 (0.86)

0.022 (0.027)

0.67 (0.59)

0.52 (0.47)

0.057 (0.067)

SAM

663 (1,121)

0.84 (0.76)

0.019 (0.028)

0.68 (0.55)

0.57 (0.48)

0.054 (0.10)

NEA

3,277 (2,623)

0.90 (0.90)

0.017 (0.036)

0.60 (0.47)

0.41 (0.33)

0.12 (0.17)

SEA/AUS

1,421 (2,677)

0.83 (0.84)

0.025 (0.050)

0.57 (0.39)

0.44 (0.28)

0.098 (0.15)

SAF

a Note that EE is ±(0.03+0.1𝜏 ) for the full and ±(0.03+0.15𝜏 ) for the backup algorithm.
A
A

up Pearson’s correlation coeﬃcient, or else sampling mistmatches (e.g., high-AOD plumes or cloud contamination in one data set but not the other), which would tend to drive down Pearson’s correlation coeﬃcient.
Where the true relationship is linear and departures are Gaussian, the two metrics are equivalent.
2. The median bias between the data sets, deﬁned VIIRS-AERONET, as a measure of the general oﬀset. Again,
medians are more robust to outliers which can skew the means.
3. The root-mean-square error (RMSE), which is a commonly-reported metric, although is dependent upon
the typical level of AOD at individual sites as well as the presence of outliers.
4. The fraction (fEE ) of points matching AERONET within the retrieval’s expected level of error (EE). The EE
is indicated to be a one standard deviation conﬁdence interval such that one standard deviation (∼68%)
of matchups agree with AERONET within this bound. Based on theoretical grounds and conﬁrmed with
MAN data, Sayer et al. (2018) estimated the EE for the full SOAR VIIRS algorithm to be ±(0.03+0.1𝜏A ), where
subscripted A refers to AERONET AOD (i.e., a diagnostic, not prognostic, uncertainty estimate). The EE for
the backup 4-band algorithm was not quantiﬁed, but herein is taken to be ±(0.03+0.15𝜏A ), on the basis that
the aerosol contribution to the TOA signal is smaller in the near infrared/swIR bands used in that algorithm,
and uncertainty is therefore likely to be larger.
5. The fraction (fG ) of points matching AERONET within the Global Climate Observing System (GCOS) group
goal AOD uncertainty for a climate data record, which is the larger of 0.03 or 10% (GCOS, 2011). An
advantage of this metric is that it is not sensor-speciﬁc and so can be used as a benchmark across multiple
diﬀerent data sets, e.g., Popp et al. (2016).
3.3. Global and Regional Direct Sun Comparison
Global and regional summary statistics are shown in Table 2, for the regions shown in Figure 3 (and see region
name acronym deﬁnitions in that ﬁgure). Regional assignments are somewhat subjective but represent an

Figure 3. Regional assignment for the AERONET sites used in this study, for sites with at least 50 matchups in total
between the full and backup retrieval algorithms. REM/CLN indicates remote/clean sites, EUR/NAM Europe/North
America, SAF Southern Africa, NAME North Africa/Middle East, MED Mediterranean basin, SAM South America, NEA
North-eastern Asia, and SEA/AUS South-eastern Asia/Australasia.
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Figure 4. Fraction of VIIRS-AERONET matchups from the full seven-band retrieval algorithm. Data shown for sites with at
least 50 matchups in total between the full and backup retrieval algorithms.

attempt to cluster sites subject to similar aerosol/surface conditions together, with the understanding that
sites may sample diﬀerent aerosol mass types through the course of seasons or years. For example, several
sites in the Caribbean are included in the North Africa/Middle East region as they are predominantly low-AOD
maritime sites but, particularly in the summer, can sample long-range transported African mineral dust
(Prospero et al., 2014). The remote/clean (REM/CLN) category includes those typically low-AOD sites without
strong local aerosol sources, predominantly on islands or isolated coastlines, although again some of these
sites may seasonally sample transported continental air masses and it is impossible to fully exclude continental inﬂuence. The Mediterranean basin is further separated from the EUR/NAM and NAME regions both
because sites often sample air masses from both regions and also because the relationship between water
constituents and resulting ocean color there is known to be somewhat distinct from that of other large water
bodies (e.g., Volpe et al., 2007). As such it is plausible that the surface reﬂectance model applied in SOAR (Sayer
et al., 2017, 2018) may lead to larger uncertainties in this region; indeed, Table 2 suggests that errors in MED
are slightly larger on average than EUR/NAM.
Further, Figure 4 shows, for the same sites, the number of full seven-band retrieval matchups as a fraction
of the total number (seven-band plus backup four-band) of matchups. This shows strong heterogeneity:
retrievals at island sites are most commonly with the full retrieval algorithm, while in complex coastal sites
the backup algorithm is applied more often. This provides further motivation to analyze the retrievals from
these two approaches separately. Note that a single AERONET measurement may contribute to the statistics
for both the full and backup VIIRS algorithms, if retrievals of both types are within the spatial averaging window. Globally, a similar number of total matchups are obtained from the full and backup retrievals. Although
the overwhelming majority of VIIRS retrievals are for the full seven-band algorithm (Figure 1), this is reﬂective of the nonrandom placement of AERONET sites available and the limitations of looking at global average
results without consideration of their spatial distributions. Global statistics are very strongly weighted toward
the EUR/NAM and MED regions, each accounting for about a quarter of matchups, due to the uneven distribution of sites. Only 10% of matchups with the full algorithm come from sites within the remote ocean category,
which is that expected to correspond to conditions over the bulk of the world’s oceans.
From Table 2, overall 66% of matchups fall within the EE of ±(0.03 + 0.1𝜏A ) for the full and ±(0.03 + 0.15𝜏A )
for the backup algorithms in both cases. This is slightly short of the 71% found by Sayer et al. (2018) for
836 matchups with ship-based MAN data. NAME and SEA/AUS have slightly poorer fEE than average, while
EUR/NAM has slightly higher. In all regions, the bias is slightly more positive than the 0.013 from MAN comparisons reported by Sayer et al. (2018). Despite this, the overall picture from these statistics is similar to Sayer
et al. (2018). There is some diﬀerence in regional patterns of statistics between the full and backup algorithms,
which may reﬂect the diﬀerent sampling of those algorithms with individual regions (Figure 4), although
correlation coeﬃcients tend to show less variation. This AERONET comparison complements the prior MAN
analysis and shows that there is some regional variability in quality (benchmarked primarily by bias and fEE ),
but overall performance is similar to expectations from Sayer et al. (2018).
The GCOS compliance fraction (52% for full retrieval and 49% for backup retrieval) is within the range of results
from three Advanced Along-Track Scanning Radiometer (AATSR) AOD retrieval algorithms reported by Popp
et al. (2016) of 31%, 58%, and 66%. The sample for the AATSR analysis was drawn from only 1 month of data
and consisted of 102 or fewer matchups, however, and so those numbers might not be representative of
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Figure 5. (a–d) Validation metrics for spectral AOD for the full (red) and backup (blue) retrieval algorithms between
diﬀerent sites. Symbols indicate median values across sites and vertical bars the central 68% of site-based statistics. Only
sites with at least 50 matchups are considered.

broader-scale performance. Popp et al. (2016) did include results for a larger set of matches for one of the
algorithms and found that fG did not change much for that case. Note that this GCOS compliance fraction
has not yet been widely adopted in satellite AOD validation exercises which makes comparative assessment
diﬃcult at the present time, so these results provide one benchmark for future studies with other data sets.
Expanding the analysis beyond 550 nm, Figure 5 shows the variability of site-by-site validation statistics for
the bands at which SOAR provides retrieved AOD (490, 550, 670, 870, 1,240, 1,610, and 2,250 nm). Note that
AERONET AOD is only computed for the three longest wavelengths here if the Sun photometer includes a
ﬁlter at 1,600 nm, which is limited to about a third of the points collected. These statistics are presented as
median and variability (central one standard deviation) of the statistics at individual sites, such that the larger
vertical bars indicate larger variability between sites, and vice versa. As shown in Figure 4, many sites have
matchups with both the full and backup retrieval algorithms.
Spectrally, the typical VIIRS-AERONET AOD correlation shows a decline from about 0.85 at 490 nm to 0.65 at
2,250 nm, which is expected because the dynamic range of AOD in the swIR is fairly small, since AOD tends
to decrease with increasing wavelength. Variability between sites is around ±0.1 at shorter wavelengths, and
interestingly, results for full and backup retrievals are close to identical. Bias and root-mean-square error are
closest to zero on average for the full retrieval up to about 870 nm and slightly closer to zero for the backup
retrieval at longer wavelengths. This may reﬂect the fact that the backup retrieval is only ﬁtting these bands,
while the full retrieval is using all seven. For both these statistics, the full retrieval shows less site-to-site and
less spectral variability, which could be explained by both a lower aerosol signal for the bands in the backup
retrieval and also the diﬀerent mechanisms leading to the backup retrieval being employed (e.g., shallow but
clear water, diﬀerent types of turbidity from continental outﬂow, and potential land contamination) aﬀecting
the error characteristics in more variable ways.
3.4. Dependence of Errors on AOD and Aerosol Type
Another relevant question is how the retrieval errors identiﬁed above depend on aerosol loading and type.
This is addressed in Figure 6, which stratiﬁes the available data into three broad categories based on the
AERONET AOD and AE: background conditions, deﬁned as AOD ≤ 0.2; dust-dominated conditions, deﬁned
as AOD > 0.2, AE ≤ 1; or ﬁne dominated conditions, deﬁned as AOD > 0.2, AE > 1. These groupings provide
29,667 (29,319), 4,031 (3,355), and 4,902 (5,272) matchups for the full (backup) retrieval algorithms, respectively. Since about 75% of the data belong to the background category, no separate mixed high-AOD group of
intermediate AE is split out. Note that these categories are similar to the regions of state space for the SOAR
aerosol optical models, although here the data are classiﬁed only using the AERONET data. Figure 6 shows
median and variability of retrieval errors as a function of AOD, splitting the points within each category into
15 bins.
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Figure 6. Median (points) and central 68% (vertical bars) of retrieval errors for 550-nm AOD (a, b) and AE (c, d), for the
full (left column) and backup turbid (right column) retrieval algorithms. Data are split into background (blue),
dust-dominated (orange), and ﬁne mode dominated (brown) populations and binned (see text). For the top panels,
dashed envelopes indicate the AOD EE: ±(0.03 + 0.1𝜏A ) for the full and ±(0.03 + 0.15𝜏A ) for the backup algorithms.

For the background grouping and full retrieval algorithm, the AOD tends to be overestimated by ∼0.02 and
the AE underestimated by ∼0.2. When AOD is low, the AERONET AE can be quite uncertain (Wagner & Silva,
2008), as it is essentially a gradient between two small numbers; this fact alone explains part of the decreasing
width of the VIIRS AE error distribution as AOD increases from near zero to 0.2, although the fact that the
negative oﬀset appears fairly systematic suggests some systematic bias in the data. The AOD bias is more
positive and AE bias less negative in the corresponding category for the backup algorithm. This diﬀerence
in AOD/AE bias (as opposed to just a change in noise) between full and backup algorithms suggests some
spectral dependence in the calibration or forward model bias at shorter versus longer wavelengths.
When AOD is low, the main factors inﬂuencing AOD/AE retrieval error are sensor calibration and the surface
reﬂectance model. Aerosol optical model also contributes, but generally to a lesser extent, because the largest
contributions to the TOA signal in these cases tend to be from surface reﬂectance and Rayleigh scattering.
Separating out the contributions of each factor is not trivial. As previously noted and described by Sayer, Hsu,
Bettenhausen, et al. (2017), the VIIRS TOA reﬂectances used in the SOAR data set are cross calibrated against
MODIS Aqua. That analysis found that applying such a cross calibration decreased AOD retrieval errors. The
MODIS absolute calibration uncertainty for solar bands is expected to be of order 2% (Toller et al., 2013).
Uncertainties in the correction for absorption of trace gases, which act in a similar way to radiometric calibration biases, could contribute an uncertainty of a similar amount; SOAR uses the coeﬃcients detailed by
Patadia et al. (2018). Numerical experiments with this type of retrieval algorithm (e.g., Sayer, Hsu, et al., 2012;
Sayer et al., 2018) suggest that calibration uncertainties of this magnitude can be responsible for an AOD bias
of ∼0.01, dependent on the spectral correlation of the calibration bias. The AE is particularly sensitive to this
spectral correlation of bias. It is therefore plausible that a signiﬁcant proportion of the bias in the data set is
linked to the absolute calibration and trace gas absorption corrections of the sensor, and future work should
continue to assess the absolute and time dependence of the calibration (for both MODIS and VIIRS), as well
as make use of updated gas spectroscopic absorption data bases and ancillary reanalysis data sets as they
become available.
The SeaWiFS and AVHRR applications of SOAR showed similar positive AOD oﬀsets in low-AOD conditions
(Sayer, Hsu, et al., 2012; Sayer, Hsu, Lee, et al., 2017), although the wavelengths available to each sensor do not
exactly match. This suggests some contribution from the radiative transfer model (surface/aerosol assumptions), as this has been basically the same for the various applications of SOAR. The aerosol optical model used
in low-AOD cases, described in Sayer et al. (2012), is based on AERONET almucantar scan inversions (Dubovik
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Figure 7. Fraction of matchups in agreement with AERONET within 0.5 (pink), 1 (red), and 2 (dark red) times the EE as a
function of AOD, for the full (a) and backup turbid (b) retrieval algorithms. Note that the EE is ±(0.03 + 0.1𝜏A ) for the full
and ±(0.03 + 0.15𝜏A ) for the backup algorithms. Points and solid lines indicate binned results while dashed lines
indicate the theoretical expected behavior.

& King, 2000) from AERONET version 2. For future applications of SOAR, assessing how diﬀerent version 3
inversions are from version 2, and the eﬀect of these diﬀerences on the TOA signal, would guide reﬁnement
of this optical model and possibly resolve some of these residual biases. The surface reﬂectance model used
(Sayer et al., 2017, 2018) is similar to those of many other algorithms, including contributions from Sun glint,
whitecaps (foam), and in-water scattering and absorption from plankton pigments. Many of the coeﬃcients
within these models are inherently empirical in nature and may contribute to systematic oﬀsets at some
wavelengths. Ultimately, without an on-orbit absolute calibration source and decreases to the uncertainties
of some of the assumptions going into the radiative transfer forward models, it is unlikely that biases can be
entirely removed across all wavelengths. Thus, it is likely that empirical bias corrections of retrieval output,
such as Zhang and Reid (2006), will continue to be necessary to further reduce errors.
When AOD is higher, diﬀering behavior is seen in the retrieval errors dependent on whether the column is
optically dominated by ﬁne (e.g., smoke and haze) or coarse (e.g., dust and ash) particles. For coarse particles
the AOD bias is close to zero, and overall uncertainties appear smaller than the EE, for both full and backup
retrieval algorithms. The AE in these cases has a small positive bias (0–0.15) and the typical retrieval error
quickly shrinks to around ±0.2, becoming closer to ±0.1 for the full algorithm when AERONET AOD is higher
than about 0.4. The dust optical model used in SOAR is described by Lee et al. (2017) and treats particle shape
using the same ellipsoid shape distribution as in AERONET inversions (Dubovik et al., 2006), which signiﬁcantly
decreases spectral and angular retrieval artifacts compared to the spherical particle assumption. One further
point to note is that the majority of points within this coarse dominated category are obtained from AERONET
sites sampling dust from North Africa or the Arabian Peninsula, which is the main region used by Lee et al.
(2017) to develop the constraints for the dust optical model. It is plausible, but currently hard to assess due
to a dearth of AERONET data, that dust from other source regions might exhibit diﬀerent error characteristics
due to diﬀerent mineralogical compositions, size, and shape distribution.
Table 3
Prognostic AOD Expected Error Coeﬃcients a + b𝜏V for the VIIRS SOAR Data Set
and Coeﬃcient of Determination of the Fit of the Expression
Aerosol model

Intercept a

Gradient b

R2

Full retrieval
Maritime

0.00

0.36

0.99

Dust

0.07

0.031

0.21

Fine dominated

0.01

0.21

0.98

Mixed

0.03

0.15

0.92

Backup retrieval
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Maritime

0.00

0.42

0.99

Dust

0.09

0.018

0.07

Fine dominated

0.01

0.27

0.98

Mixed

0.04

0.21

0.91
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Figure 8. Prognostic expected errors for 550 nm AOD retrieval for the (a) full and (b) backup retrieval algorithms. Points
and lines show binned and the linear ﬁt of prognostic uncertainties for retrievals from the maritime (blue), dust
(orange), ﬁne mode dominated (brown), and mixed (gray) aerosol optical models. The dashed line shows the diagnostic
expected error, ±(0.03 + 0.1𝜏A ) for the full and ±(0.03 + 0.15𝜏A ) for the backup algorithms but plotted as though it were
relative to VIIRS.

For the ﬁne mode dominated subset, AE is retrieved with negligible bias for both full and turbid algorithms,
and the magnitude of the error is around ±0.2 for moderate and high AOD. The larger AE errors compared
to the dust-dominated subset might reﬂect the fact that AE is sensitive not only to the ﬁne/coarse aerosol
partition but also to ﬁne mode particle size (Schuster et al., 2006). For smoke aerosols, it is well known that
type of fuel and moisture variations can cause large variation in smoke properties at the point of emission (e.g.,
reviews by Reid, Eck, et al., 2005; Reid, Koppmann, et al., 2005); Sayer et al. (2014) used AERONET inversions
to deﬁne optical models for smoke from diﬀerent source regions, which sample more aged or transported
smoke, and found these diﬀerences in particle size and spectral shape of AOD persisted. As AOD increases
within this subset, SOAR underestimates by on average 10% for the full and 5% for the backup algorithm, and
the variability of the error is also larger than expected. These results together suggest that future versions
of SOAR should include more than one ﬁne mode dominated aerosol optical model, with diﬀerent particle
sizes and single scattering albedos (SSA), to better account for the diversity of optical properties of ﬁne mode
dominated aerosol columns. The SSA of the current ﬁne dominated model varies between 0.95 and 0.98 in the
midvisible, dependent on FMF (Sayer et al., 2018), which is likely too large for transported absorbing particles.
The overall AOD dependence of the fraction of matchups within EE (fEE ) is shown in Figure 7, splitting the
data into 40 bins (∼950 matchups per bin). If the EE is a good representation of actual retrieval error (i.e.,
the discrepancy against AERONET), then by Gaussian statistics ∼38% of matchups should agree within half
the EE, ∼68% of matchups should agree within the EE, and ∼95% of matchups should agree within twice the
EE. Figure 7 shows that these patterns hold reasonably well across the data set, although the fraction within
twice EE is around 5% lower than expected; some of these may be residual sampling mismatches. For both
the full and turbid algorithms there appears to be a slight decline in performance for high-AOD cases. This
is consistent with the tendency for negative oﬀset in high-AOD ﬁne mode dominated aerosol columns seen
in Figure 6. As the EE is diﬀerent for the two algorithms, comparing Figures 7a and 7b does not compare
the absolute uncertainty in the retrievals but rather their relative compliance with their expected levels of
uncertainty.
Retrieval error has also been examined as a function of near-surface wind speed, total column water vapor,
climatological chlorophyll a concentration, and time since mission launch. These results are omitted here as it
was found that changes in the bias or width of retrieval error distribution varied negligibly (generally by 0.01
or less) across the range of the equivalent parameter observed. These ﬁndings are consistent with the driving
uncertainties in the retrieval algorithm being related to sensor calibration, aerosol optical models, and surface
reﬂectance model.
3.5. Prognostic AOD Uncertainty Estimates
While diagnostic (i.e., relative to a reference truth) uncertainty estimates are useful for understanding the distributions of retrieval error and guiding future algorithm development, applications such as data assimilation
(DA) typically require prognostic (predictive, i.e., relative to the retrieved state) uncertainty estimates. That is
because they require that each retrieval has an associated uncertainty to be able to weight it within the DA
system (Benedetti et al., 2018). Prognostic estimates may be obtained using error propagation techniques
such as Optimal Estimation (OE, Rodgers, 2000) or more empirical methods (e.g., Sayer et al., 2013; Shi et al.,
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2011; Zhang & Reid, 2006, for some aerosol examples). Generally, they are expressed as the magnitude of a
conﬁdence interval around the retrieved state.
To facilitate AOD DA applications of the SOAR data set, Table 3 shows coeﬃcients for the prognostic expected
uncertainty (EEP ) of 550 nm AOD, assuming a linear model
EEP = a + b𝜏V ,

(3)

where subscripted V indicates it is deﬁned relative to the satellite (VIIRS) AOD. This methodology for determining these coeﬃcients is a similar method to that in Sayer et al. (2013). The VIIRS AOD retrievals matched
with AERONET are split into categories based on which aerosol optical model was chosen as best ﬁt by the
retrieval (since this is a prognostic estimate rather than diagnostic, it can only use information provided within
the retrieval output). Then the retrievals are sorted by VIIRS AOD and divided into 20 equally populated bins
per optical model (providing between 110 and 1,300 matchups per bin, dependent on optical model). Within
each bin, the 68th percentile (i.e., one standard deviation) of absolute retrieval error, that is, |𝜏V − 𝜏A |, is ﬁt
to the bin average 𝜏V to determine the coeﬃcients a and b in equation (3). These ﬁts are shown graphically
in Figure 8. The resulting coeﬃcients can be used directly to assign pixel-level uncertainties for DA or other
applications; note that they only apply to QA = 3 data (as that is what is included in the AERONET comparison),
and as indicated earlier, QA = 1 data should not generally be used.
For both algorithms and for all optical model bar dust, the coeﬃcient of determination (R2 ) on these ﬁts is
high, ranging from 0.91 to 0.99, conﬁrming that the simple linear model appears to be valid over this range of
data. The exception is the dust model, for which the increase in retrieval error with AOD is similar to the noise
on the ﬁt (i.e., the AOD dependence of errors is fairly small in this case). The type dependence of these ﬁts
is again in part reﬂective of biases in aerosol optical model assumptions. Note that the upper AOD bound of
the maritime model allowed in the SOAR algorithm is 0.25, and the lower bounds of the dust, ﬁne dominated,
and mixed models are 0.15, 0.2, and 0.2, respectively. Additionally, there are few matchups available with AOD
above one. This explains the limits of the lines shown in Figure 8, and it is possible that in cases of very high
AOD the linearity found by these ﬁts will break down.
An empirical approach like this has advantages and downsides. An advantage is that, because it is based on
real validation results, it does not require having an accurate quantitative model of each component contributing to retrieval error like OE does. However, a limitation is that it is necessarily a more simplistic error
Table 4
As Table 3 Except for Data Split Into the Regions Shown in Figure 3
Intercept a

Gradient b

R2

REM/CLN

0.02

0.20

0.66

EUR/NAM

0.01

0.23

0.93

SAF

0.02

0.14

0.76

NAME

0.04

0.09

0.52

MED

0.02

0.19

0.92

SAM

0.01

0.24

0.81

NEA

0.02

0.20

0.98

SEA/AUS

0.02

0.21

0.88

REM/CLN

0.01

0.29

0.88

EUR/NAM

0.00

0.33

0.96

SAF

0.01

0.28

0.93

NAME

0.04

0.08

0.86

MED

0.01

0.30

0.99

SAM

−0.01

0.59

0.89

NEA

0.01

0.29

0.99

SEA/AUS

0.01

0.39

0.98

Aerosol model
Full retrieval

Backup retrieval
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Table 5
Global and Regional Statistics for the VIIRS-AERONET 550 nm FMF Comparison, for Full
(Backup Turbid) Retrieval Matchups
Region

Number of

RMS

name

matchups

Correlation

Bias

diﬀerence

Global

32,985 (33,132)

0.73 (0.68)

−0.036 (−0.004)

0.19 (0.19)

REM
EUR/NAM

3,730 (2,510)

0.79 (0.67)

−0.059 (−0.056)

0.19 (0.19)

10,571 (17,228)

0.62 (0.61)

−0.034 (0.0)

0.21 (0.20)

243 (515)

0.71 (0.70)

−0.018 (0.007)

0.17 (0.17)

NAME

4,744 (3,366)

0.58 (0.57)

−0.014 (0.0)

0.16 (0.16)
0.17 (0.18)

SAF
MED

8,614 (3,493)

0.72 (0.68)

−0.024 (0.001)

SAM

627 (1,062)

0.72 (0.39)

−0.072 (0.041)

0.18 (0.26)

NEA

3,086 (2,397)

0.65 (0.63)

−0.081 (−0.027)

0.18 (0.16)

SEA/AUS

1,370 (2,561)

0.67 (0.60)

−0.031 (0.043)

0.19 (0.21)

model, reliant on those times and locations where validation data are available, and there may be situations
where the predicted retrieval uncertainty does not reﬂect reality. In particular, for example, as noted earlier
the bulk of the dust aerosol model matchups is for sites sampling Saharan outﬂow so error characteristics
for other dust-laden regions may diﬀer (i.e., these metrics may not capture regional variations within a given
type). A second limitation is that it folds in some of the uncertainties related to the matchup method and
AERONET data rather than the retrieval itself (e.g., Virtanen et al., 2018). Practically speaking, it would also be
reasonable to assume a minimum possible uncertainty of ∼0.01 on the basis of the radiometric uncertainty
in the TOA reﬂectance measurements.
To take a second view at prognostic uncertainty estimates, Table 4 provides equivalent coeﬃcients to Table 3,
except for data split into the regions shown in Figure 3 instead of by type. Note that the data are not further
broken down by type, and are only split into 10 bins per region, due to the limited data volume in some
regions. These may be more useful for regional analyses, with the caveat that the data volume in some regions
is low, and may be dominated by a small number of sites. Coeﬃcients of determination are in general a bit
lower than in Table 3 but still high (0.52–0.98), likely in part because now the type dependence of the retrieval
is not part of the error model. For those regions dominated by a single aerosol type (e.g., most matchups from
REM/CLN are for the maritime model), numbers are quantitatively similar. For NAME, which is a mixture of
dust and marine aerosols, the expressions are diﬀerent (as Table 4 is including those lower-AOD points absent
from the dust optical model state space) but results are numerically fairly similar.
For an empirical approach, the results in Tables 3 and 4 are a starting point for understanding in a prognostic sense the retrieval uncertainties in the SOAR VIIRS data. For future versions of the data set, a sensible
goal would be to add in a second (nonempirical) technique such as OE. Through complementary use of the
theoretical and empirical approaches, it may be that the strengths and limitations of each could be better understood. Aside from Popp et al. (2016) and work by DA teams (whose requirements and eﬀorts are

Figure 9. Median (points) and central 68% (vertical bars) of VIIRS-AERONET SDA retrieval diﬀerences for FMF for the full
(a) and backup turbid (b) retrieval algorithms. Data split 30 equally populated bins. Dashed black lines indicate the 68th
percentile of absolute diﬀerence within each bin.
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Figure 10. As in Figure 6 except for (a, b) ﬁne mode and (c, d) coarse mode AOD from the comparison between VIIRS
and AERONET spectral deconvolution algorithm data.

discussed by Benedetti et al., 2018), pixel-level uncertainty estimates provided within in remotely sensed AOD
have in general not yet been robustly evaluated.
3.6. AERONET Spectral Deconvolution Algorithm
Besides the direct Sun AOD measurements and almucantar scan inversions, AERONET also applies a spectral
deconvolution algorithm (SDA) to the direct Sun AOD to partition the ﬁne and coarse mode contributions to
the total AOD, under some assumptions of the spectral shape of ﬁne and coarse particle extinction (O’Neill
et al., 2001, 2003, 2006). This allows an evaluation of the FMF and ﬁne/coarse mode AOD retrieved by SOAR.
Note that this cannot be considered a validation to the same extent as the direct Sun AOD comparison in the
previous section, because the uncertainty on SDA FMF, which is dependent on AOD and aerosol properties
but is of order ±0.1 (O’Neill et al., 2001), is not negligible.
For this purpose the same matchup methodology and basic analysis applied to the direct Sun AERONET data
is used here. The SDA requires the presence of certain spectral bands and has some additional data quality
checks to remove cases where its assumptions may not hold, so the data volume is somewhat lower than for
the direct Sun comparison. The SDA output is provided at 500 nm, but for a consistent comparison with SOAR
it is converted to 550 nm using the ﬁne mode and total AOD and AE within the MAN SDA product, which adds
negligible additional uncertainty. This wavelength adjustment makes the two FMF products more directly
comparable.
Resulting global and regional statistics of the comparison are shown in Table 5. This shows little diﬀerence, in
most cases, between regional and global statistics: a tendency for a small underestimation (of order −0.036) in
FMF, with a RMS diﬀerence of a little under 0.2, and little diﬀerence overall between full and backup algorithms.
Correlation is lower than for AOD, and for the full algorithm varies between 0.58 and 0.79, dependent on
region. When considering the correlation and RMS diﬀerence in particular, it is important to bear in mind that
the uncertainty on SDA FMF alone of around ±0.1 (O’Neill et al., 2001) is not small compared to the possible
range of values for this parameter (i.e., 0–1). These results are also consistent with the low oﬀset in VIIRS AE in
low-AOD conditions seen in Figure 6 and with the similar small negative oﬀset (−0.026) and RMS diﬀerence
of 0.18 reported by Sayer et al. (2018) for open ocean comparisons with the shipborne MAN SDA data set.
Unlike AOD, validation of FMF or similar quantities from other satellite data sets is uncommon, and there is
no GCOS target guideline, and so it is diﬃcult to assess this performance in the context of other published
results. Kahn and Gaitley (2015) performed an evaluation of FMF from Multiangle Imaging Spectroradiometer
(MISR) retrievals against AERONET and included two examples from ocean sites (Tahiti in the remote Paciﬁc
Ocean and Capo Verde in the Saharan dust Atlantic outﬂow region). Due to sampling limitations of MISR,
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Figure 11. (a–p) Percentage of days in each season (top to bottom) where the VIIRS daily modal aerosol optical model choice was (left to right) maritime, dust,
ﬁne dominated, or mixed. Grid cells in gray indicate fewer than 30 available days. DJF = December, January, February; MAM = March, April, May; JJA = June, July,
August; SON = September, Ocober, November.

this was performed in terms of monthly climatological values for diﬀerent regimes of AOD, rather than as
instantaneous matchups, so is not directly comparable to these results. For these two sites MISR was found
to broadly reproduce the intraannual variation of FMF, with oﬀsets in mean values of 0.1 or smaller. Standard
deviations of MISR FMF tended to be slightly larger than those of AERONET within a given month. Kleidman
et al. (2005) provided a comparison of FMF from an older version of the MODIS Dark Target (DT) over-water
aerosol retrieval algorithm, although with more limited sampling, and it is not clear whether those results still
hold for the latest MODIS data product version. They found that MODIS had a lower dynamic range of FMF
compared to SDA results (i.e., insuﬃciently frequent values close to 0 or 1). Kleidman et al. (2005) did not report
a RMS diﬀerence but provide a correlation of 0.73 for points where AOD was 0.1 or higher. This is similar to
the global average correlation in Table 5 without an AOD ﬁlter; if the SDA/VIIRS comparison is ﬁltered to also
require AOD ≥ 0.1, correlation increases from 0.73 (0.68) to 0.81 (0.77), and RMS diﬀerence decreases from
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Table 6
Confusion Matrix Showing Percentage Classiﬁcation of Aerosol Type From AERONET
and VIIRS for the Direct Sun Matchups With the Full (Turbid) Algorithms
VIIRS-retrieved

AERONET-deﬁned aerosol type

aerosol type

Dust

Fine dominated

Maritime

Mixed

5.4 (4.2)

0.1 (0.2)

4.5 (3.9)

0.8 (0.7)

Fine dominated

0.0 (0.1)

8.1 (10.0)

3.3 (6.0)

1.1 (1.3)

Maritime

0.9 (0.7)

1.2 (0.7)

67.3 (65.0)

1.4 (1.0)

Mixed

1.0 (1.0)

0.9 (1.0)

1.7 (2.3)

2.1 (2.0)

Dust

0.19 (0.19) to 0.16 (0.17) for the full (backup) algorithms. This suggests that the SOAR FMF retrieval is similar
to, or possibly slightly better than, MODIS DT.
Figure 9 is similar to Figure 6, binning the SDA matchups in 30 bins (over 1,000 matchups per bin) and showing
the VIIRS-AERONET diﬀerence in FMF as a function of AERONET AOD. The small negative oﬀset in FMF (0 to
−0.05) is present throughout the range of AOD. Also shown is the 68th percentile of absolute diﬀerence; this
decreases with increasing AOD and quickly plateaus for AOD ∼ 0.2 or higher at 0.13–0.14 for both algorithms.
If the uncertainty on the SDA FMF is about 0.1, then by adding in quadrature (under the assumption that
errors in the SOAR and SDA algorithms are independent), this suggests that the uncertainty in the SOAR FMF
may also be only around 0.1, as (0.12 + 0.12 )1∕2 ≈ 0.14.
As another analog to Figure 6, Figure 10 shows the diﬀerence between VIIRS and AERONET ﬁne mode and
coarse mode AOD as a function of AERONET total AOD. By deﬁnition ﬁne mode AOD is computed simply as
the product of total AOD and FMF, and coarse mode AOD is the remaining diﬀerence. The EE envelope for total
AOD is also shown; note that it is not trivial to deﬁne or evaluate an EE speciﬁc to ﬁne mode or coarse mode
AOD, as the SDA uncertainty on each component is dependent both on the total direct Sun AOD uncertainty
(nominal ±0.01) and the FMF uncertainty itself (nominal ±0.1), and by deﬁnition an error in an individual
AERONET FMF causes equal but opposite errors in estimated ﬁne and coarse mode AOD. The results match
expectations from Figures 6 and 9; the slight low oﬀset in VIIRS FMF means that, when total AOD is high, total
coarse mode AOD is slightly higher on average than AERONET, and total ﬁne mode AOD slightly lower. For
ﬁne dominated aerosol loadings the negative oﬀset outweighs the positive, such that total AOD has a low
bias as seen in Figure 6. These results are again consistent with the MAN SDA comparison in Sayer et al. (2018),
who found that the majority of the bias in total AOD could be attributed to a small overestimate in the coarse
mode contribution.

4. Evaluation of Aerosol Type
Unlike AOD or AE, aerosol type is an inherently subjective concept which is hard to deﬁne quantitatively, particularly since in many real-world conditions an air mass may contain nonnegligible amounts of aerosols of
diﬀerent geographical and/or chemical origins, in potentially several diﬀerent vertical layers. Nevertheless,
due to the underdetermined nature of the aerosol remote sensing problem, most retrieval algorithms include
constraints on aerosol optical properties each designed to reﬂect air masses dominated by aerosol from some
speciﬁc region. These are often referred to as types as convenient shorthand by algorithm developers interested in comparing assumptions and by data users who wish to identify separately, for example, areas aﬀected
by dust storms or wildﬁre smoke. They tend to be based, dependent on the technique in question, of clustering aerosol optical and/or microphysical properties by some method. Russell et al. (2014) and references
therein provide extensive discussion and examples on this topic.
In SOAR, the four optical models are designed to reﬂect background maritime, dust-dominated, ﬁne mode
(e.g., smoke and industrial pollution) dominated, or mixed (e.g., dust plus smoke) aerosol columns (Sayer et al.,
2018). The retrieval algorithm reports the best ﬁtting aerosol model for each pixel, with no geographical constraints applied to model selection. The purpose of this section is to examine their occurrence and attempt
an evaluation of how reasonable the results of this best ﬁt model selection are.
The VIIRS D3 products contain information on the number of retrievals choosing each optical model in each
grid cell, as well as the modal model choice per cell; the M3 products contain a histogram of the daily modal
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choice within each month, as well as the mode of daily modes within each month. Figure 11 shows, for each
season, the percentage of days dominated by each of the four optical models, calculated from the histograms
from the M3 products for the VIIRS mission to date. Qualitatively, this reveals largely the expected patterns,
based on model simulations or satellite analyses (e.g., Colarco et al., 2010; Jeong & Li, 2005; Kahn & Gaitley, 2015; Penning de Vries et al., 2015). Over the bulk of the low-AOD ocean the maritime optical model is
picked most of the time; areas downwind of dust and ﬁne dominated (smoke and haze) source regions tend
to choose those models, and the mixed-type model is most common in between the dust and ﬁne dominated
regions. One exception is dust being the most common aerosol type 12.5–25% of the time over the tropical Paciﬁc, when there is no obvious upwind source. This region often has widespread thin cirrus cloud cover
(Eleftheratos et al., 2011), which is often subvisual (McFarquhar et al., 2000); it may therefore be that it is not
always detected by the SOAR cloud mask. Cirrus clouds exhibit a roughly spectrally neutral signal across the
visible/swIR at TOA, which is similar to the behavior of dust, so it may be that a small residual cirrus contribution
to the signal manifests in this way.
AERONET direct Sun data do not directly provide an equivalent metric to evaluate the SOAR aerosol-type
selections. However, the AERONET data can be split by AOD and AE into diﬀerent regimes which overlap with
the parts of state space sampled by the SOAR optical models. This provides an AERONET-based aerosol-type
classiﬁcation to evaluate the SOAR data. For this purpose, the AERONET matchups were taken and classiﬁed as maritime if AOD<0.2, dust if AOD > 0.2, AE ≤ 0.6; ﬁne dominated if AOD > 0.2, AE > 1.2, and mixed
if AOD > 0.2, 0.6 < AE ≤ 1.2. These AOD/AE bounds fall in the boundaries in AOD/AE space permitted by
the SOAR retrieval (Sayer et al., 2018), and while subjective, classiﬁcation of AERONET days does not change
signiﬁcantly if thresholds are adjusted within ±0.05 for AOD and ±0.1 for AE. The AERONET almucantur scan
inversion product (Dubovik & King, 2000) provides other aerosol properties, including size distribution and
SSA, which are useful for aerosol-type classiﬁcation (e.g., Russell et al., 2014). However, that is not used here
because the SSA information it provides is only quantitatively reliable when the AOD in the blue band is above
0.4 and the solar zenith angle is large (Dubovik et al., 2006). These constraints remove the overwhelming
majority of potential matchups because the oceanic sites tend to be at lower AOD, and for the tropical sites
where AOD is often higher the solar zenith angle is often insuﬃcient. Thus, the AERONET direct Sun matchups
seem most appropriate for use for a categorical classiﬁcation for the present purpose.
Applying these type classiﬁcations to the AERONET data from the direct Sun matchups gives the confusion
matrix shown in Table 6. Each row indicates, for matchups classiﬁed as that aerosol type by VIIRS, how the
matchups were classiﬁed by AERONET. The trace of this matrix therefore gives the percentage of matchups
where the classiﬁcations by VIIRS and AERONET are in agreement. This corresponds to 82.9% and 81.1%
of cases for the full and backup algorithms, respectively, a very similar (and high) proportion. The bulk of
matchups (around two thirds in each case) are classiﬁed as maritime by both data sets. The most common
misclassiﬁcation (around 4% of matchups) corresponds to data classed at maritime by AERONET but dust by
VIIRS; this is consistent with the small positive and negative biases in VIIRS AOD and AE, respectively, in, for
example, Figure 6. The next largest misclassiﬁcation is with the mixed aerosol type, which as noted is slightly
sensitive to the AOD/AE boundaries imposed on this classiﬁcation, as there is some overlap in this space for
the SOAR optical models. Confusion between dust and ﬁne dominated aerosols is rare (under 0.3% of cases in
total), indicating that the data are reliable for distinguishing between ﬁne mode and dust-dominated aerosol
columns.
Finally, Figure 12 shows the spatial distribution of the fractional agreement for those sites with at least
50 matchups. Spatial variation is reasonably low, indicating (so far as can be diagnosed from the available
AERONET matchups) no region with lack of skill. The poorest performance is in tropical and eastern Asia
with the backup algorithm, although even here sites typically make a classiﬁcation consistent with AERONET
50–80% of the time. The lower performance in this region is likely due to a combination of aforementioned
issues of complex aerosol mixtures and complex surface types, whose diversity may not be fully captured by
the SOAR algorithm, and (for the tropical sites in particular) subvisual cirrus cloud contamination.

5. Comparison to Other Over-water Satellite Data Sets
This section compares the global and regional over-water patterns of VIIRS SOAR AOD/AE retrievals to those
of other satellite data sets whose records overlap with VIIRS. This provides context to how VIIRS ﬁts in with the
broader satellite record, with the goal being to examine the time series of AOD in a similar way to how a data
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Figure 12. Percentage of matchups where AERONET and VIIRS deﬁne the same aerosol type (see text), for matchups
with the full (a) and backup (b) SOAR algorithms. Data shown for sites with at least 50 matchups with the given
algorithm.

user interested in spatiotemporal patterns would, and examines whether they are consistent in magnitude
and seasonality. In all cases here, monthly mean data products (calculated as means of daily means), with any
data selection or ﬁltering as provided within those standard data products, are used. Although cosampling
data sets using daily rather than monthly averages may reduce sampling-related diﬀerences, that is again not
the purpose: this analysis looks at how consistent the available data products are for general applications, not
how consistent they can be made through modiﬁcation.
Each data product has slightly diﬀerent characteristics, due to the nature of the sensor in question and the
historical development of the data set. In all cases, the AOD nearest 550 nm is used, as is the AE closest to
the wavelength range 550–870 nm. Some data sets provide monthly AE as the mean of daily AE, and some
provide monthly spectral AOD from which a monthly AE can be calculated. As AE is an intensive variable (i.e.,
it depends on aerosol type but not amount), these two calculation methods can in principle provide diﬀerent
results, if AOD and AE are not homogeneous within a region for a given month. For those data sets which
enable both calculations, testing the eﬀect (not shown) reveals the diﬀerence, depends on region, tends to
be fairly small (systematically ±0.1 or so for a given region), and does not generally aﬀect seasonality. So the
default for each data set in question is used here, again, to mimic the way a data user would approach from
standard L3 monthly products.
Unless otherwise stated, the source data products are provided at 1∘ horizontal resolution. All global and
regional results in this section are area weighted (as equal-angle grid cells are otherwise larger at the equator
than at high latitudes). Comparisons are performed for all available months overlapping with VIIRS.
5.1. Data Sets Used
5.1.1. MODIS Dark Target
The MODIS DT ocean data sets are the closest conceptually to SOAR; both MODIS and VIIRS are broad-swath
single-view passive imaging radiometers, and both algorithms are multispectral ﬁts of TOA reﬂectance to
determine the total AOD and partition between ﬁne and coarse modes for a given set of candidate aerosol
optical models. Despite this, there are numerous diﬀerences in the speciﬁcs of the radiative transfer and
retrieval procedure (Levy et al., 2013; Tanré et al., 1997). The MODIS swath (2,330 km) is narrower than that of
VIIRS but still provides near-daily global views of a given location on the Earth’s surface. A VIIRS DT data product is in development (Levy et al., 2015) but not yet publicly available. Note that the U.S. National Oceanic and
Atmospheric Administration (NOAA) also provides a VIIRS over-water product based on an implementation
of the DT algorithm (Jackson et al., 2013). The NOAA product was previously compared with SOAR in Sayer
et al. (2018) and so is not included in the present comparison.
Here the monthly products (MOD08_M3 for Terra and MYD08_M3 for Aqua) from the latest Collection 6.1
(C6.1) are used. C6.1 has not yet been validated, but L2 validation results from Collection 6 and earlier versions
(Kleidman et al., 2005; Levy et al., 2013; Sayer et al., 2012) revealed a typical AOD retrieval uncertainty of order
±(0.04+10%), with a tendency of high bias ∼0.02 (from a limited sample of low-AOD cases; higher for Terra
than Aqua) and an AE retrieval with some skill but a lower dynamic range than AERONET. Recently, Levy et al.
(2018) reported that these Terra/Aqua AOD oﬀsets persist in C6.1; they also tested cross calibrating the two
MODIS sensors against each other (which is not done in the operational C6.1 products) and found this reduced
but did not remove the diﬀerences.
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5.1.2. MISR
A key feature of the MISR sensor is that it obtains near-simultaneous views of a given point on the Earth’s
surface from nine cameras; this multiview capability provides additional information about surface and atmospheric scattering and absorption (Martonchik et al., 1998). A disadvantage is the narrow (∼330 km) swath,
meaning that repeat views are obtained only about once per week at equatorial latitudes and once every few
days at high latitudes. MISR ﬂies on the Terra platform.
This study uses the monthly product (MIL3MAEN), which is provided at 0.5∘ horizontal resolution, from the latest version 23. The main changes relevant between this and the prior version 22, which is the version which has
been used in the majority of prior MISR-based studies, are an increase in the L2 retrieval resolution (pixel size
4.4 km compared to previous 17.6 km) and updates to the surface reﬂectance model, sensor calibration, and
retrieval convergence and QA procedures (Witek et al., 2018). The MISR AOD retrieval uncertainty is context
dependent but stated in general terms as the greater of 0.03 or 20% (Kahn et al., 2010); beginning in version
23, pixel-level uncertainty estimates for each retrieval are also provided, using a technique outlined in Witek
et al. (2018). Large-scale validation or intercomparisons using MISR version 23 has not yet been published,
although team expectations (M. Garay, personal communication, July 2018) are that a previously reported
(e.g., Kahn et al., 2010) systematic positive bias in AOD in low-AOD conditions should be mitigated with this
new version. Performing the analysis in this section with version 22 (omitted for brevity) reveals that version
23 AOD is indeed lower by ∼0.03–0.05, dependent on region, than version 22 data.
5.1.3. CALIOP
The Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) diﬀers from the other instruments here in that
it is an active sensor. CALIOP measures vertical proﬁles of atmospheric backscatter and depolarization at 532
and 1,064 nm (Winker et al., 2009); aerosol/cloud features in these proﬁles are identiﬁed and classiﬁed by type,
and extinction is retrieved, using a series of algorithms (Omar et al., 2009; Winker et al., 2009; Young & Vaughan,
2009). The fact that CALIOP is a lidar oﬀers many important advantages such as a proﬁling capability, with
a 100 m footprint; the ability to see in gaps between clouds; an insensitivity to 3-D radiative transfer eﬀects,
which can confound imager-based retrievals; the ability to provide data above snow/ice-covered surfaces;
and the ability to provide aerosol data both during day and night. However, it also has some disadvantages:
ﬁrst, as a backscatter lidar, it (similarly to other sensors) has limited aerosol-related information content and
must make estimate the extinction-to-backscatter ratio (lidar ratio) to estimate extinction and AOD. Second,
as its measurements are nadir only, the revisit cycle for a given location is once per 16 days, and as the orbit is
controlled tightly, sampling is sparse and many parts of the world are never observed.
The CALIOP L3 aerosol proﬁle monthly product creation is described by Tackett et al. (2018) and is provided
at 2∘ latitudinal by 5∘ longitudinal resolution. The current standard L3 products use version 3 L2 inputs; version 4 L2 products have been developed (Kim et al., 2018; Young et al., 2018), based on improved calibration
(Getzewich et al., 2018; Kar et al., 2018) and addressing algorithmic issues which (in part) contributed to a low
bias in version 3 data. However, version 4 inputs have not yet been incorporated into the standard L3 products. To take advantage of these version 4 updates, this analysis applies the same ﬁltering and aggregation
as described in Tackett et al. (2018) but with version 4 rather than version 3 L2 inputs. Using the standard
version 3 CALIOP products (not shown) results in generally similar behavior and CALIOP AOD being lower by
generally ∼0.02 (albeit with some spatiotemporal variability). The resulting data set is otherwise conceptually
equivalent to the standard L3 product composited from cloud-free proﬁles (CAL_LID_L3_APro_CloudFree),
separately for daytime (D) and nighttime (N) orbital nodes. At present it is available through the end of 2016,
and February 2016 is missing when data were unable to be acquired due to a temporary satellite anomaly.
These CALIOP L3 products only include aerosol features in the troposphere; the stratospheric AOD is not
presently included in this data set. The resulting bias is systematically negative and varies with latitude but is
small (<0.01; Friberg et al., 2018). The wavelength diﬀerence between CALIOP and VIIRS AOD is expected to
cause a small systematic positive oﬀset in CALIOP of 5% or less (dependent on AE), therefore ≪ 0.01 in most
cases, that is, fairly negligible.
5.1.4. POLDER GRASP
The Polarization and Directionality of the Earth’s Reﬂectance (POLDER) instrument series has ﬂown on three
satellites; two were short lived, although the ﬁnal operated from 2004 to 2013 within the A-Train constellation,
providing nearly 2 years of overlap with VIIRS. POLDER’s unique contribution is that it is not only multispectral and multiangular but also measures the polarization state of reﬂected light, which further increases the
information content of the measurements for retrieval of surface and atmospheric properties (Hasekamp &
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Figure 13. Time series (left column) of (a, b) AOD near 550 nm and (c, d) AE and VIIRS-other AOD and AE diﬀerences
(right column), for over-water data from the period 2011–2018. The straight lines in the right panels are the linear ﬁts to
the monthly diﬀerence time series.

Landgraf, 2005). This high information content is exploited by the Generalized Retrieval of Aerosol and Surface properties (GRASP) algorithm, described by Dubovik et al. (2011, 2014). GRASP is built from the heritage
of the AERONET inversion algorithm, retrieves (as the name suggests) aerosol and surface properties simultaneously, and makes no location-speciﬁc assumptions other than assignment of a pixel as land or water.
Despite the short overlap with VIIRS, POLDER is of particular interest because the forthcoming multiviewing,
multichannel, multipolarization (3MI) instrument (Marbach et al., 2015) builds upon the POLDER design. 3MI
is planned to ﬂy on multiple platforms from 2020 to 2040, and given the launch of additional VIIRS sensors in
the future, the two are expected to eventually have considerable overlap.
This analysis uses the monthly product from the GRASP POLDER version 1.1 processing; note that POLDER
AOD is deﬁned at 565 nm rather than 550. Data are only provided at latitudes equatorward of 60∘ . The eﬀect
of this restriction on the global time series is expected to be small, for the twin reasons that area weighting
reduces the importance of high-latitude regions in the global mean, and high-latitude over-water data are
frequently unavailable due to cloud, snow, polar night, and continental land masses.
5.1.5. DSCOVR EPIC MAIAC
The Earth Polychromatic Imaging Camera (EPIC) aboard the Deep Space Climate Observatory (DSCOVR) platform is unique in that DSCOVR views the Earth from a Lagrange point, meaning that every point on the Sunlit
portion of the globe is imaged from six (winter) to 11 (summer) times per day, at view angles close to backscatter (Marshak et al., 2018). This is diﬀerent from both Sun-synchronous and geostationary orbits. EPIC measures
at 10 wavelengths in the ultraviolet and visible, with a horizontal pixel size around 8 km at the subsatellite
point and larger toward the edges of the Earth’s disk. Except for the blue band, the actual resolution is coarser
due to 2 × 2 pixel onboard aggregation. This is somewhat coarser than most other imagers, which has consequences for cloud masking and resulting data coverage. DSCOVR arrived at its orbital location in June 2015,
and at present L2 and L3 products for 2016–2017 are available.
Here data from the Multiangle Implementation of Atmospheric Correction (MAIAC) algorithm applied to EPIC
measurements are used. MAIAC employs time series analysis and spatial processing to improve cloud detection, aerosol retrieval, and atmospheric correction (Lyapustin et al., 2011). MAIAC was developed initially for
MODIS; the EPIC implementation is built on the same principles, and the data are reprojected onto a 10-km
sinusoidal grid before L2 processing. Note that MODIS MAIAC data are not used here because at present in
MODIS water retrievals are limited to land-containing 1,200 km tiles, such that approximately half the global
ocean is not covered. As the longest available EPIC wavelength is at 780 nm, the AE for this data set is deﬁned
over the wavelength range 550–780 nm. Retrieval from all available time slots are aggregated into the daily
average, which is then averaged to provide monthly mean AOD and AE, at 1∘ horizontal resolution.
SAYER ET AL.

13,515

Journal of Geophysical Research: Atmospheres

10.1029/2018JD029465

5.2. Global Analysis
Figure 13 shows time series of the global (area-weighted) mean over-water AOD and AE for each data set, as
well as the diﬀerence between the VIIRS SOAR results and others. Global mean data are not necessarily useful
for scientiﬁc analysis of the aerosol system but do provide a big picture overview of relative oﬀsets between
the data sets and whether or not they are stable in time.
For AOD, the temporal patterns of the time series track each other very closely. However, there is a range
of about 0.08 in global mean AOD between the lowest (MISR and CALIOP D) and highest (MODIS Terra DT)
in the time series; seasonality in the oﬀsets is much smaller than the spread between the data sets. Small
wavelength diﬀerences in AOD (from 532 to 565 nm) are likewise secondary. The SOAR results lie close to the
middle (and generally in the range 0.13–0.16), with small (less than 0.01) oﬀsets from the POLDER and EPIC
retrievals. Realistically, the uncertainty on the true global mean AOD is likely to be smaller than this range
of 0.08 implies. For example, CALIOP detection limits mean that ∼0.02–0.04 of the background AOD may
be undetected (Kacenelenbogen et al., 2011; Toth et al., 2018). The oﬀset between CALIOP D and N data is
likely due to lower detection sensitivities caused by solar background noise in the daytime, although diurnal
variability and day/night biases in aerosol typing could also contribute. On the other side, the SOAR and DT
retrievals have a positive oﬀset versus AERONET, with MODIS Terra more positive than Aqua (Levy et al., 2013;
Sayer, Smirnov, Hsu, Munchak, & Holben, 2012). The VIIRS TOA reﬂectances used in SOAR are radiometrically
cross calibrated against MODIS Aqua TOA reﬂectances, which decreases VIIRS-retrieved AOD by ∼0.015 (Sayer,
Hsu, Bettenhausen, et al., 2017). The VIIRS SOAR-MODIS Aqua DT oﬀset here suggests that algorithmic contributions to diﬀerences between the data from these similar sensors are therefore of a similar magnitude. The
POLDER, MISR, and EPIC data products require further evaluation in this regard. One caution to note with this
interpretation is that due to sampling and aggregation, L2 validation biases may not directly correspond into
L3 biases.
The AE comparison reveals a somewhat diﬀerent picture. Interannual variability tracks less closely between
the data sets, which is as expected given the more uncertain retrieval of AE compared to AOD. Note that an
AE analog is not computed for CALIOP because of the limited validation of CALIOP AOD at 1,064 nm. For
the MODIS and MISR products, AE varies between 0.6 and 0.7, compared to 0.4–0.6 for SOAR. Some of this
oﬀset is expected due to the negative oﬀset of SOAR AE around −0.15 reported in section 3.3. However, the
MODIS and MISR algorithms both provide an AOD/AE retrieval as the average of that from multiple candidate
aerosol optical models (up to 20 for MODIS and up to 74 for MISR). When the AOD is low, a large proportion
of the models are able to ﬁt the TOA reﬂectances within assumed uncertainties; while this does not aﬀect the
retrieved AOD so strongly, this does mean that the reported AE will be the average of many possible solutions,
which will diminish the variability of this parameter and weight toward more central values. In contrast, the
VIIRS, POLDER, and EPIC data sets report a single retrieval solution. POLDER and EPIC AE are positively oﬀset
compared to MODIS/MISR. As with AOD, additional validation of these data products is necessary. As noted
previously, the order of computation of AE (from monthly average spectral AOD vs. average of daily AE) does
not change the big picture of these oﬀsets (less than ±0.1).
These mean oﬀsets, and decadal slopes (i.e., trends) of ﬁts to the time series of oﬀsets, are summarized in
Table 7. It is important to note that these trends in the oﬀset indicate the relative trending between the data
sets and not trends in the absolute AOD itself. The ﬁdelilty of a data set for trend calculation depends on many
factors, including the magnitude of the trend relative to factors such as data set stability, interannual variability, and errors relating to retrieval problems or sampling incompleteness. AOD trends are not assessed in the
present work. Uncertainties on the decadal AOD oﬀset trends in Table 7 are one standard deviation (1𝜎 ) estimates, assuming (due to typical lifetimes of aerosol events/systems of order days to weeks) and accounting
for a lag-1 month autocorrelation following Weatherhead et al. (1998). Few of the trends are signiﬁcantly different from zero within 1𝜎 and none within 2𝜎 ; for the time series with most overlap with VIIRS (i.e., MODIS
and MISR) the 2𝜎 on decadal relative stability is of order 0.01 and 0.2 for AOD and AE, respectively. All four of
these sensors have on-orbit calibration. This is only slightly higher for CALIOP, but it is somewhat larger for
POLDER and EPIC, which is expected due to the short (∼2 year) overlap in each case. Note that POLDER and
EPIC also both lack onboard calibration, so it is possible that drifts in these sensors may also be larger. POLDER
was calibration vicariously by observations of clouds, Sun glint, and stable desert sites (Hagolle et al., 1999),
while EPIC visible bands are calibrated against MODIS Terra and Aqua (Marshak et al., 2018).
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Table 7
Oﬀsets and Decadal Trend (±1𝜎 ) Between VIIRS and Other Data Sets in Global Area-Weighted
Over-Water AOD and AE
AOD

AE

Sensor/algorithm

Oﬀset

Trend

Oﬀset

Trend

MODIS DT Aqua

−0.018

−0.0004 (±0.003)

−0.19

−0.067 (±0.11)

MODIS DT Terra

−0.039

0.006 (±0.005)

−0.17

−0.039 (±0.10)

0.033

0.004 (±0.006)

−0.19

−0.017 (±0.078)

MISR
POLDER GRASP

0.005

0.046 (±0.10)

−0.32

−1.1 (±0.99)

CALIOP (D)

0.037

0.009 (±0.013)

—

—

CALIOP (N)

0.021

0.011 (±0.009)

—

—

EPIC MAIAC

0.009

−0.026 (±0.019)

−0.42

−0.19 (±0.27)

Recently, Weatherhead et al. (2017) provided an assessment for how long satellites need to overlap to determine oﬀsets or drifts to within a desired conﬁdence. Although that work did not explicitly deal with aerosols,
the same principles apply. One key point is that the length of overlap required is inversely proportional to the
desired precision of the estimate. Based on this multisensor lack of divergence relative to MODIS and MISR,
this suggests that the 2𝜎 stability of the VIIRS data is ∼0.01 in AOD and ∼0.2 in AE or better, which is also
broadly consistent with stability relative to AERONET (not shown). Halving these uncertainties on the estimates of the stability would thus be expected to require an approximate quadrupling of the overlapping data
record lengths (unless signiﬁcant decreases in noise and autocorrelation of the diﬀerence time series can be
achieved). Given that the Terra and Aqua platforms are not expected to last another decade, it is unlikely that
much improvement in these stability estimates can be made.
Global maps of AOD and AE, together with the MODIS Aqua daytime cloud fraction, are shown in Figure 14 for
data from months of September during 2011–2017. MODIS Terra and CALIOP (N) data are omitted, as spatial
patterns and values are very close to those of MODIS Aqua and CALIOP (D), respectively. September is shown
as an illustrative month due to several interesting aerosol features (e.g., biomass burning in the tropics and
dust outﬂow from North Africa and the Arabian Peninsula), plus the fact that as a month with an equinox it
has somewhat balanced coverage of both northern and southern hemispheres. The general tendencies are
similar for other months (not shown). The average of all available years in the period is shown because there
is otherwise no overlap between POLDER and EPIC. This does mean that interannual variations could inﬂuence the composites for these two sensors. However, recently, Lee et al. (2018) used MODIS and MISR data to
evaluate how many years were required to deﬁne a climatology of AOD within a sampling uncertainty (relative
to full mission) of less than 0.01. They found that over the bulk of the open ocean, 2 years appeared suﬃcient,
while in coastal outﬂow regions (e.g., dust/smoke belts) the time period was more often 4–12 years, dependent on region and distance from aerosol source. Monthly results were not shown (only annual), although
these results suggest that, at least over the open ocean, interannual variability is not contributing signiﬁcantly
to diﬀerences for POLDER/EPIC AOD.
All data sets have the same general picture of AOD. Spatial variability reveals that diﬀerences in the background over-water AOD, which corresponds to the bulk of the globe, are likely to dominate the oﬀsets seen
in Figure 13. This indicates the need for better understanding, and ideally reducing, factors contributing to
this open ocean diﬀerence. There are also diﬀerences in the intensity of high-AOD regions (e.g., African dust
and smoke outﬂow). The diﬀerences do not appear to be largest in areas with the strongest cloud fraction
(Figure 14l), although (particularly for POLDER and EPIC, which have larger pixel sizes so must screen clouds
more aggressively to avoid contamination) data gaps are larger in cloudier regions.
For AE, there is greater diversity in spatial patterns. All data sets capture lower AE associated with outﬂow
of Saharan dust into the tropical Atlantic. However, only VIIRS and POLDER show higher AE associated with
African smoke outﬂow into the southern Atlantic, even though the enhanced AOD is reproduced broadly.
The reasons for this are unclear. Except for this region, the spatial patterns of VIIRS, MODIS, and POLDER data
are fairly similar, albeit with diﬀerent baseline values and contrast. MISR and EPIC show diminished spatial
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Figure 14. Multiannual (all available data from 2011 to 2017) average over-water AOD (a, c, e, g, i, k) and AE (b, d, f, h, j, l)
for the month of September for assorted satellite AOD data sets. Also shown (bottom right) is the MODIS Aqua
multiannual mean September daytime cloud fraction. Grid cells without data are shown in gray.

variability of AE compared to other data sets; for MISR, this is again consistent with the fact that the AE being
reported may be the average AE from nearly all possible mixtures (and so algorithm decisions about averaging aimed at optimizing AOD retrieval may be harming the AE retrieval). Decreasing the considerable diversity
in retrieved AE may be diﬃcult because the bulk of the ocean consists of low-AOD regions where AE retrieval
is subject to higher uncertainty. Note that the higher information content of multiangle and polarimetric
measurements means that, in theory, MISR and POLDER should be more reliable for AE retrieval in low-AOD
conditions than the other sensors. Continual improvement of sensor calibration, and realism of aerosol optical
models, may produce larger changes in the diversity of AE than it does in AOD.
5.3. Regional Analysis
The borders of the regions chosen for multisensor time series comparison are shown in Figure 15; these
encompass a range of diﬀerent aerosol loadings and types, as well as diﬀerent types of challenge to retrieval
algorithms. Although all borders are somewhat subjective, manual testing ﬁnds that changing them by 5∘
typically changes AOD by 0.02 or less and AE by 0.1 or less and has a small inﬂuence on seasonality and
the diﬀerences between the data sets. The resulting regional time series of AOD and AE are shown in Figure 16.
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The Tropical Paciﬁc region is far from major aerosol sources so acts as a
proxy for the behavior of the data sets in open ocean conditions. While the
magnitude of AOD is slightly lower, the diﬀerences between the data sets,
and the total diversity between them, are very similar to the global average
results from Figure 13 and Table 7. Since AOD optical model assumptions tend to be less important to AOD retrievals when the AOD is low
(as here), this implies that a large proportion of the variability is driven
by fundamental factors such as calibration, surface reﬂectance models,
and cloud screening/retrieval suitability choices. For example, Sayer, Hsu,
Bettenhausen, et al. (2017) found that cross-calibrating VIIRS against
MODIS Aqua decreased VIIRS-derived AOD by about 0.015 on average,
Figure 15. Regions used for multisatellite over-water aerosol optical depth
Sayer, Thomas, and Grainger (2010) found that assumptions about glint
and Ångström exponent time series comparison. Region names and bounds
and whitecaps could lead to systematic AOD retrieval changes around
are the Tropical Paciﬁc (TPAC; 20∘ S to 20∘ N, 170∘ W to 110∘ W), Tropical
0.01 following from small changes in assumed wind speed; Kaufman et al.
∘
∘
∘
∘
∘
Atlantic (TATL; 5 N to 30 N, 50 W to 20 W), North Atlantic (NATL; 35 N to
∘
∘
∘
∘
∘
∘
∘
(2005) estimated an overall thin cirrus contamination of ∼0.01 in MODIS
55 N, 55 W to 15 W), South Atlantic (SATL; 25 S to 5 S, 20 W to 10 E),
Southern Ocean (SOU; 50∘ S to 30∘ S, 180∘ W to 180∘ E), and Maritime
AOD; Zhao et al. (2013) found that increasing the strictness of cloud screenContinent (MC; 15∘ S to 20∘ N, 100∘ E to 160∘ E).
ing changes could decrease monthly mean AOD by 0.04. Indeed, empirical
corrections developed for earlier versions of MODIS over-water aerosol
data by Zhang and Reid (2006) recognized this and included these factors in their parametrizations. Achieving
consistency between AOD retrievals, even over the open ocean, traditionally seen as the most simple case,
therefore requires additional eﬀorts in these directions.
The Tropical Atlantic region samples maritime aerosol with, particularly in the spring and summer, large-scale
transport of Saharan mineral dust. The peaks in AOD are well matched in both timing and relative intensities
by all algorithms; the total diversity between data sets remains approximately 0.1. Unlike in the global and
open ocean regions, CALIOP data are not on the low end of data sets but higher. The other positive outlier
in these is generally MODIS DT; this is expected because the MODIS algorithm (unlike the others) assumes
spherical dust aerosols, which is known to lead to geometry-dependent biases in AOD, which in this scattering
angle range are generally positive and do not cancel out when averaging to monthly time scales (Lee et al.,
2017). Sayer et al. (2018) found a similar positive oﬀset in the NOAA VIIRS aerosol product (Jackson et al., 2013),
based on the DT algorithm, in dust outﬂow regions. AE shows limited temporal variability in most data sets,
which is as expected as both dust and sea spray aerosols are dominated by coarse (low AE) particles.
Both the North Atlantic and Southern Ocean are highly cloudy, with cloud fractions (calculated from MODIS
Aqua daytime data) of ∼0.8–0.9 and 0.7–0.8, respectively (dependent on season). This limits the spatial coverage of the data sets and means that decisions about pixel suitability for retrieval via cloud masking or cloud
adjacency may be more signiﬁcant. In these regions the data diverge into two groups of diﬀering AOD magnitude and seasonality: one is MODIS, VIIRS, POLDER, and EPIC (similar in seasonality but less so in magnitude),
while the other is MISR and CALIOP. Note that expanding or contracting the latitudinal ranges of these regions
does not alter these groupings, suggesting that they are not dominated by subregional variability. The former group tends to show larger AOD and AE in local summer months; for the latter group, MISR (as in other
regions) shows very limited seasonality, while CALIOP does not provide AE. For North Atlantic it is conceivable
that the summertime peak is due to aerosols transported from Europe or North America, which also exhibit a
maximum of AOD in the summer (e.g., Remer et al., 2008). Transported ﬁne mode aerosols would also explain
the AE seasonality in this region. Although, if this is the explanation, it is curious why it is not seen by CALIOP
or MISR AOD. For SOU, wind-driven sea spray provides one conceivable source and is observed in many global
aerosol models and reanalyses (e.g., Bellouin et al., 2013; Colarco et al., 2010). However, Toth et al. (2013) used
CALIOP and ship-based data to conclude that the bulk of this AOD enhancement is likely due to a combination
of cloud contamination/adjacency eﬀects and surface model inadequacies in this high-wind region for the
imager-based retrievals, and many models are (directly or indirectly) tuned to these satellite retrievals.
The South Atlantic predominantly samples maritime aerosols, although from July to October it is also inﬂuenced by strongly absorbing smoke transported from biomass burning in central Africa (Edwards et al., 2006;
Das et al., 2017), which is one of the main global biomass burning source regions (van der Werf et al., 2010).
High cloud cover during the biomass burning season (∼80% from MODIS Aqua daytime data) also acts as a
limiting factor for coverage, making this a complicated region for AOD retrieval. All sensors reproduce this
expected seasonality in AOD, to a greater or lesser extent, although only POLDER and VIIRS SOAR see a strongly
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Figure 16. Time series of (a, c, e, g, i, k) AOD near 550 nm and (b, d, f, h, j, l) AE for the assorted satellite data sets, for the regions deﬁned in Figure 15.
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increased AE associated with this transported smoke during this period (MODIS seasonality is similar but
diminished). POLDER and MISR see a second maximum in AE around November–December. Eck et al. (2013)
reported a roughly linear change of SSA at 440 nm for smoke from this source region from ∼0.83 in July to
∼0.94 in November (similar pattern but lower SSA at longer wavelengths); aside from POLDER, all the retrievals
have a ﬁxed and limited set of optical models available, indicating the potential for changing biases during
the biomass burning season. These SSA values are all more strongly absorbing than the set of optical models available to the retrieval algorithms (except POLDER); Sayer et al. (2014) validated older versions of the
MODIS and MISR data sets using AERONET data at Ascension Island (8∘ S, 14∘ W, in the smoke outﬂow region)
and found negative biases of magnitudes consistent with this SSA overestimation. For the same reason, and
consistent with Section 3.4, the VIIRS data are expected to share this bias. It is therefore surprising that the
MODIS biomass burning AOD peak is signiﬁcantly stronger than seen in other data sets. Coupled with the
weaker peak in AE and high cloud fraction, it is plausible that MODIS is providing retrievals closer to clouds,
or is more aﬀected by cloud masking, than the other data sets in this region. The weaker peaks in CALIOP are
also surprising; the CALIOP lidar ratio adopted for smoke of 70 sr−1 at 532 nm (Liu et al., 2015; Omar et al.,
2009) is close to that predicted from the optical model for smoke from this region developed in Sayer et al.
(2014) of ∼75 sr−1 . If the non-CALIPSO retrievals are close to the true AOD, then either both lidar ratios are low
by a factor of ∼2, which is very unlikely, or else factors such as failure to correctly detect the base of elevated
smoke layers (Rajapakshe et al., 2017) or sampling limitations are causing large diﬀerences here.
The ﬁnal region analyzed is the Maritime Continent, which is another region predominantly corresponding to
clean maritime conditions but with seasonal contributions from transported smoke. From February to April a
peak is observed associated with transport from biomass burning in southeastern Asia (e.g., Reid et al., 2013),
while later in the year a peak corresponds to Indonesian biomass burning smoke. This latter was particularly
severe in 2015, due to the strong El Niño causing widespread and intense ﬁres (Field et al., 2016). For AOD
this seasonality is captured by all data sets, albeit still with an oﬀset around 0.1–0.15 between them; for AE,
the signal is less clear, although elevated AE is seen for the 2015 Indonesian ﬁre period. This is another region
where high cloud cover (particularly of cirrus) limits observability (Reid et al., 2013); as the sensor most able to
screen for this, it seems likely that CALIOP is giving a better representation of the true AOD during the clean
periods than some other data sets. During intense smoke periods, imager-based retrievals are also known to
overaggressively screen out thick smoke plumes and misclassify them as clouds, which also limits coverage
(e.g., Shi et al., 2018, for MODIS).

6. Discussion and Conclusions
The analysis in this study has focused on two directions. The ﬁrst is evaluating the performance of the VIIRS
SOAR version 1 data set against AERONET from both the direct Sun and spectral deconvolution data sets. The
second has been to place the VIIRS data set in context with other available satellite data sets and assess the
level of consistency between them.
AERONET validation shows that the VIIRS data perform similarly to expectations, and similarly to the preliminary validation against shipborne observations presented alongside the algorithm by Sayer et al. (2018).
Speciﬁcally, for the full retrieval algorithm the AOD uncertainty is about ±(0.03 + 10%), increasing to ±(0.03 +
15%) for retrievals performed in turbid/shallow waters with the backup algorithm. Globally, about 95% of
retrievals are performed with the full algorithm. The overall bias in AOD is small and positive (∼0.02), although
in conditions of high-AOD loadings dominated by ﬁne mode particles such as smoke, the data have a tendency for a low bias of ∼10%. These AOD error characteristics are comparable to those reported by other
modern satellite AOD retrieval algorithms, establishing that the SOAR VIIRS data are suitable for the same
types of scientiﬁc applications as them. The underlying radiometric uncertainty in spectral TOA reﬂectance
measurements contributes to an expected ﬂoor in retrieval uncertainty over-water of AOD of ∼0.01, indicating
that further reﬁnement should be able to decrease this error. The consistency of the positive bias in low-AOD
conditions with results from the application of SOAR to SeaWiFS and AVHRR (Sayer, Hsu, et al., 2012; Sayer,
Hsu, Lee, et al., 2017) suggests that while sensor calibration plays a part, some of this error is likely due to algorithmic assumptions. The errors also remain slightly larger than the GCOS goals for an aerosol climate data
record (the greater of 0.03 or 10%; GCOS, 2011), indicating that further reﬁnement of all these algorithms, and
ideally the availability of more advanced satellite sensors, is necessary. With the notable exception of Popp
et al. (2016), GCOS compliance is not yet routinely reported in validation studies, and it would be helpful for
these statistics to be included in the future.
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Historically, FMF and AE have also not been validated as routinely as AOD. This is in part due to a lack of a
robust ground truth, especially in the low-AOD conditions which predominate over the open ocean. Comparison with AERONET direct Sun and SDA data suggests that the VIIRS retrievals have a small negative oﬀset (i.e.,
relatively too much AOD from the coarse mode) in low-AOD conditions. The AE oﬀset largely disappears for
smoke- or dust-dominated conditions, while the FMF diﬀerence does not, although in both cases the typical
level of diﬀerence decreases with increasing AOD and plateaus around 0.2 (for AE) and 0.14 (for FMF), respectively. These are again similar to or better than the few published evaluations of these quantities from other
data sets. Using an optical-based classiﬁcation of aerosol type from AERONET and comparing against the optical model retrieved by SOAR shows agreement a little better than 80% of the time. Together, these suggest
the potential of the data for more advanced applications, for example, data assimilation of not just total AOD
but also the ﬁne/coarse partition or masking by type to identify columns dominated by dust storms. This is an
advantage of the SOAR algorithm for applications which require categorical classiﬁcation of aerosol air masses
or wish to perform a forward radiative transfer calculation consistent with retrieval assumptions. Some other
approaches (e.g., MODIS DT and MISR) instead provide as standard an average of multiple plausible solutions
rather than a single self-consistent optical model. Averaging solutions can mitigate some sources of AOD bias
and also tends to artiﬁcially smooth derived products like AE, and an averaged solution cannot so directly be
used for a forward calculation.
The second part of the analysis reveals that, despite the similar quality of AOD retrieved by individual data sets,
there remains a large diversity of about 0.08 in regional and global overocean AOD and signiﬁcantly larger
diversity in AE. Much of this diversity is attributable to known issues with individual sensors and algorithms
while considerable uncertainty is likely a result of diﬀerences in sampling and aggregation from L2 to L3. These
sampling eﬀects have not yet received much attention, with most studies using L3 data uncritically, although
in recent years steps have been taken to begin quantifying them (e.g., Sayer, Thomas, Palmer, Grainger, 2010;
Schutgens et al., 2016, 2017).
About half the uncertainty in indirect aerosol forcing is from lack of knowledge of the preindustrial natural aerosol background (Carslaw et al., 2013). This is in large part due to the interactions between aerosols
and clouds (Meskhidze & Nenes, 2010), although the eﬀect of an aerosol perturbation on the cloud system is dependent on the baseline level of aerosols. To decrease these uncertainties, reconciling these oﬀsets
between sensors is a key part. As well as continual assessment of sensor calibration, surface models, and optical models, often underappreciated factors which may introduce systematic oﬀsets such as L3 aggregation
or correction for trace gas absorption (Patadia et al., 2018) should be given more prominence. Regional AOD
biases from thin cirrus contamination (or overzealous screening) have long been known to be an issue (e.g.,
Kaufman et al., 2005), although Lee et al. (2013) present a method for preretrieval correction for this, decreasing retrieval errors and increasing data set coverage. Pierce et al. (2010) also demonstrated the potential of
MISR to detect and retrieve cirrus cloud optical depth simultaneously with aerosols and separate the contributions. It would be beneﬁcial to further assess and implement corrective techniques into L2 processing
algorithms.
Returning speciﬁcally to SOAR, the VIIRS data are roughly in the middle of the range of AOD from the various
satellite data products. While AE has a low oﬀset from other sensors, validation results indicate that AE and
FMF both have quantitative skill. Together, the comparison with AERONET and other satellite products identiﬁes no drift in the AOD, with the two standard deviation conﬁdence level on a detectable drift likely to be
around 0.01 per decade. SOAR has already been applied to the SeaWiFS and a subset of AVHRR sensors. Further reﬁning these algorithms and continuing application of SOAR forward in time with VIIRS on the S-NPP
platform and follow-on U.S. Joint Polar Satellite System platforms, and backward in time with MODIS, will
eventually provide an ∼40-year data record. The use of a consistent algorithmic approach (as far as possible
given diﬀering sensor characteristics) combined with careful attention to radiometric calibration, and taking
advantage of the multiple years of overlap between satellite sensors, should mean that this record is able to
overcome some diﬃculties with current trend studies (Li et al., 2009).
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