Reply to reviewer 1

We would like to thank reviewer 1 (Knut Stamnes) for his time to review our paper and
provide useful comments to improve the text.

General comments

The paper is well organized, well written, and the results are presented in a clear and
concise manner. Nevertheless, the paper could be strengthened in the following ways:

1. In view of the fact that cloud masking seems to be one of the primary reasons for the
discrepancies between AOD results, a discussion of how the various algorithms deal with
cloud screening would be of great interest.

2. Another important reason for the reported discrepancies is attributed to the treatment of
reflection by the underlying surface. This issue deserves some attention in the paper.

3. There is no discussion of the various algorithms, which is a weakness because the av-
erage reader that the authors may want to reach will not be familiar with these algorithms.

The reviewer asks for more details on the algorithmic procedures used in deriving fourteen
different products (11, if we count Aqua-Terra as single products). While this request is
understandable, we choose not to expand much further on this information for several
reasons:

Practical: it would significantly increase the size of the paper which is already large. Note
that we provide references to the papers that describe the individual products and their
algorithms.

Scientific: such a description might make sense if we would consequently be able to use it to
interpret results. However, that is not the purpose of this paper. We expect it would not be
easy to make such an interpretation (see e.g. Holzer-Popp et al. 2013). We believe that the
purpose of this paper is rather to “understand the uncertainties” in the sense of
characterizing them in a consistent manner based on the satellite data products available to
the users, providing thus a solid basis for further investigations both on the model
evaluation side and retrieval algorithm research field. To illustrate this the first sentence in
the abstract has been changed to “To better understand and characterize current
uncertainties...”

Philosophical: the major purpose of this paper is to understand the usefulness of satellite
remote sensing datasets for model evaluation. In that sense it is a different paper than
some other studies that intercompared satellite datasets to find a single optimal dataset
(and possibly understand the errors in others). In contrast, we want to understand how the
ensemble of datasets behaves. Interestingly, we find that while long-term errors vs



AERONET can differ quite a bit from site to site, on the whole many datasets yield a similar
performance (Fig. 7, 8 or 23).

We also want to add that Fig. 23 (Fig. 30 before) was remade as we realized only AERONET
sites in land grid-boxes were used. The new figure uses all available AERONET sites (it
increases the number of used sites by ~ 15%). This only affects the figure slightly and does
not change our results.

Specific comments

On page 4 the authors state: “We will provide evidence that cloud masking is the dominant
factor....”. Please be more specific about where in the paper such evidence is provided.

A good suggestion, we now provide a brief listing of such evidence. In the summary we now
say: “The evidence consist of the following observations: 1) biases vs AERONET
decrease with increasing coverage; 2) correlations with AERONET increase with
increasing coverage; 3) satellite differences decrease with increasing coverage. The
simplest explanation (Ockam's razor) would be that coverage is the complement of
cloud fraction and as coverage goes down, cloud fraction (and cloud contamination)
goes up.”

On page 5 the authors state: “Most ocean boxes with observations will be in coastal regions,
with some over isolated islands.” Please explain the reason for this restriction.

The MAN web-site indicates that data are obtained by Mircrotops deployed on ships all over
the world. Why are those data not used in this study?

This statement refers to AERONET observations and is consequently trivial. The original text
was misleading and has been corrected. MAN data over ‘deep’ ocean are used just as well
as MAN data from coastal areas.

On page 6, the following sentence appears: “Bootstrapping has been shown to be reliable
even for relatively small sample sizes.” A reference in support of this statement seems to be
required.

Agreed, reference added. Bootstrap Methods: A Guide for Practitioners and Researchers by
Chernick discusses the issues of small sample sizes in detail and suggests that already for
n>10 reasonable results may be expected.

on page 9 the authors remark: “It is not surprising that some products will have better cloud
masking than others ...”. Some explanation would be useful here.

Agreed, some explanation is now added. In short: different products’ cloud masks are based
on different sort of raw observations (e.g. spatial resolution, wavelength bands). Not all
such observations are equally suited to cloud masking. In addition, there is always some



freedom in setting thresholds, depending on whether one wants to have as many aerosol
observations as possible or as strict a cloud masking as possible.

On page 10 the authors write: “Terra/Aqua-DT, by the way, sometimes produces neg- ative
AOD leading to e.g. very low values for averaged AOD over Australia.” What is the reason
for this problem?

Algorithmic. Overestimation of surface albedo may lead to negative AOD. Some algorithms
mask out such negative values but the DarkTarget team prefers to keep them to prevent
skewing observations to larger AOD values. We have added the sentence “The DarkTarget
algorithm can retrieve negative AOD values, e.g. as a result of overestimating surface
albedo, and the DarkTarget team retains those values to prevent skewing the whole dataset
to larger values”.

On bottom of page 10: “The contrasts in the differences over land and neighbouring ocean
(e.g. African outflow for Terra-DT with AATSR-SU or AATSR-ADV, or Aqua- DT with
OMAERUV, or AVHRR with SeaWiFS) may likewise be driven by albedo treatment.” Some
more discussion of this “albedo treatment” issue would be useful.

As we said before, we don’t attempt to interpret differences between algorithms. We have
replaced the word “treatment’ with ‘estimate’.

On page 11 the authors write: “The three products based on the DeepBlue algorithm (Aqua-
DB, AVHRR and SeaWiFS) suggest that already small algorithmic differences can yield
significant differences.” Please be more specific about what is meant by “small algorithmic
differences”.

SeaWiFS and especially AVHRR have less VIS channels than MODIS for which the algorithm
was originally developed. This requires additional assumptions for the algorithm to work. In
addition cloud masking works different, again due to different wavelength bands but also
different pixel sizes. We have added additional explanation.

On page 12, the authors state: “Diversity is generally lowest over ocean, never reaching over
30% while over land values of 100% are possible.” Please explain this result.

It is generally assumed that over ocean retrievals are more accurate because: 1) surface
albedo is low; 2) scenes are more homogenous. The official MODIS DarkTarget uncertainty
estimates over ocean and land support this. Also, over-ocean less datasets are available and
they tend to have more in common. E.g. for afternoon datasets, only MODIS DarkTarget,
SeaWiFS, AVHRR and OMAERUYV provide data over majority of oceans. However, SeaWiFS
and AVHRR use a similar algorithm (SOAR).

On page 13, the authors state: “We see that the diversity goes down when the mean AOD
increases, and goes up when the uncertainty in cloud masking increases. This is as one
would expect.” Please elaborate on why this result is to be expected.

Mean AOD (i.e. averaged over all datasets) should be a reasonable estimate of true AOD
(note we do not say it is the optimal estimate). Higher AOD should make it easier to perform



aerosol retrievals more reliably and should result in lower diversity. Large uncertainty in
cloud masking implies that at least some products suffer from cloud contamination and
diversity will be larger. We have added more explanation in the paper.

Technical corrections:

We have changed all instances of the word ‘data’ to be treated as plural.



Reply to reviewer 2

We would like to thank anonymous reviewer 2 for their time to review our paper and
provide useful comments to improve the text.

General comments

[..] I had a chance to read the other review comment, and | am in general agreement with
the comments there. | strongly agree that there could be brief descriptions for each
individual AOD algorithms, and how each one of them treats clouds and surface. This
information could be put in an appendix. [..]

The reviewer asks for more details on the algorithmic procedures used in deriving fourteen
different products (11, if we count Aqua-Terra as single products). While this request is
understandable, we choose not to include this information for several reasons:

Practical: it would significantly increase the size of the paper which is already large. Note
that we provide references to the papers that describe the individual products and their
algorithms.

Scientific: such a description might make sense if we would consequently be able to use it to
interpret results. However, that is not the purpose of this paper. We expect it would not be
easy to make such an interpretation (see e.g. Holzer-Popp et al. 2013). We believe that the
purpose of this paper is rather to “understand the uncertainties” in the sense of
characterizing them in a consistent manner based on the satellite data products available to
the users, providing thus a solid basis for further investigations both on the model
evaluation side and retrieval algorithm research field. To illustrate this the first sentence in
the abstract has been changed to “To better understand and characterize current
uncertainties...”

Philosophical: the purpose of this paper is to understand the usefulness of satellite remote
sensing datasets for model evaluation. In that sense it is a different paper than some other
studies that intercompared satellite datasets to find a single optimal dataset (and possibly
understand the errors in others). In contrast, we want to understand how the ensemble of
datasets behaves. Interestingly, we find that while long-term errors vs AERONET can differ
quite a bit from site to site, on the whole many datasets yield a similar performance (Fig.
12).

[..] The authors look only at global scale. However it is expected that the importance of
surface albedo may show up in some regions, e.g., mountainous regions. So it may be worth
some regional analysis on the impact of spatial coverage upon evaluation result.

As mentioned in Section 3.3, we habitually performed our analyses for individual regions as
well but chose not to show those results (no significant deviations from the global analysis
were found). In the case the reviewer is referring to we do not argue that surface albedo has



no impact on product error vs AERONET. Rather we argue that the observed behavior
(better product performance at higher spatial coverage) is hard to explain using surface
albedo.

In addition, the detailed analysis is acknowledged, however a total number of 30 for figures
is relatively high. Authors could consider moving some figures into supplement, and making
the most important results stand out in the manuscript.

A good idea. We have put several figures in a supplement. In particular, several figures
relating to the selection of collocation criteria and site selection as well as the MAN analysis
were moved to the supplement.

We also want to add that Fig. 23 (Fig. 30 before) was remade as we realized only AERONET
sites in land grid-boxes were used. The new figure uses all available AERONET sites (it
increases the number of used sites by ~ 15%). This only affects the figure slightly and does
not change our results.

Minor points

It is noted that the author has his own writing style, which is fluent, however, not nec-
essarily formal. For example, the second sentence on Page 13 line 15, starts with “E.g.”
which should be “For example. . ..” And there are many more places which are not listed in

this review. | would leave to the editor if minor English editing is required.

That instance has been corrected. We have corrected a few other grammatical errors as
well.

P1 Line 10: It is confusing what “spatial coverage” means here. Please be specific.

It is an estimate of the fraction of a 1° by 1° grid-box covered by L2 AOD retrievals, at a
certain time. See page 4, line 14. It is an estimate, as it is difficult to properly account for
pixel distortions at higher viewing zenith angles.

P2 Line 25: “AOD (Aerosol Optical Depth)” should be “Aerosol Optical Depth (AOD)”, ie., full
expression first, and abbreviation next. Same thing for Line 28, MODIS, MISR abbreviations,
and AERONET.

Corrected.

P3 Line 8, please define “super-observation”. P4 line 27-28 this sentence reads awkward.

We have added an appendix that describes in more detail the construction of our datasets.

P6 Line 18-19, | don’t think this averaging over all sites of their bias and correlation is a
novel error metric.

We have no knowledge of papers that use such metric. It certainly is not a common metric
and measures something different than the common global bias and correlation. Although



the reviewer provides no indication where this metric has been used before, we have
removed the adjective ‘novel’.

P23 Table 1, Under “Spatial” resolution column , there is a “?” for Kinne (2009), which needs
to be fulfilled.

Corrected.
Table 2, It would be nice to provide information about time span of each product.
In this study, we use 2006, 2008 and 2010 but the products extend over many more years.

Figure 5. There seem to be missing panels based on the figure caption. The figure only
shows evaluation result with collocated AERONET observation within 3hours, but result with
AERONET observation within 1hour is also expected.

The figure shows performance results (bias, correlation, RMSD) for data collocated within 3
hours (vertical axis) vs 1 hour (horizontal axis). No figures are missing. We have improved
the caption to prevent this misunderstanding.

Figure 8. Colors representing different satellite products overlap each other. For about half
of the satellite products, it is impossible to see their presence. Please think of different
plotting method (e.g., making hatching less dense, with different patterns,, smaller area on
top of larger area) so that large area does not totally cover smaller areas, etc,) to make all
the products visually identifiable.

We understand the problem but would argue it is not that important; the main message
here is that there is uncertainty in these analyses that precludes hard conclusions on
optimal dataset. We have moved this figure to the supplement to create more space
anyway.

P10 Line 10 To be consistent with the rest of the manuscript, remove “FMI” in “AATSR- FMI-
ADV”.

Corrected.

Figure 24. This figure gives the ratio of difference between satellite AOD products for spatial
coverage at 90-100% to 0-10%, which corresponds to approximately 0-10% to 90-100%
cloud coverage if cloud is considered the largest impactor for the AOD spatial coverage. It
would be nice to break up into a few similar panels, e.g, similar subplots with relatively low,
median and high spatial coverages, e.g. around 10%, 30% , 50%, 70%, 90%. This information
would be useful for AOD data assimilation users, as cloud fraction is one of the used
information (as threshold) of AOD data to generate DA- quality product for aerosol DA. This
would give some guidance on what could fraction is reasonable to obtain AOD consistency
among multiple satellite products in AOD DA efforts.

A good idea. We will include this figure in a supplement. Our analysis shows that even at
fairly high spatial coverage(~ 50%), there is only a modest ~25% reduction in AOD difference



between satellite pairs compared to 0-10% coverage. That is not surprising since our original
analysis suggested no more than a 40% reduction in difference for coverages of ~ 95%.

Figure 27. What do the contours over north Africa, Arabian Peninsula and Siberia represent?
This is explained in the text, but it would be nice to describe in the figure caption also.

Agreed.

Page 13 Line 8, “de average. ..” typo?

Corrected.

Figure 30 caption, typo “diveisity”

Corrected.

Page 14, Line 19. Summary section, “. . ... ..MISR because the product was in the mid- dle of
an update cycle, and VIRRS because it was only launched in 2011.” | understand the
meaning of this sentence, but formal English is preferred as this is for publication. Also |
believe there is a typo for VIIRS.

Corrected.

Page 14, line 20. “For MODIS and AATSR, four resp. three different retrieval algorithms were
used”. See comment above.

Corrected.
Pagelb5, Line 31, “patters”, typo.

Corrected.
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Abstract. Feu

current uncertainties in the important observational constraint to climate models of Aerosol Optical Depth (AOD), we evaluate

and intercompare fourteen satellite products, representing 9 different retrieval algerithms-algorithm families using observations
from 5 different sensors on 6 different platformsare-—eve

ith-To better understand and characterize

. The satellite products ;-(super-observations consisting of 1° x 1° daily aggregated retrievals ;-drawn from the years 2006
2008 and 2010) are evaluated with AERONET-(AErosol RObotic NETwork (AERONET) and Maritime Aerosol Network
10 data;after-eareful-eotoecation(MAN) data. Results show that different products exhibit different regionally varying biases
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(both under- and overestimates) that may reach +50%, although a typical bias would be 15 — 25% (depending on product). In
addition to these biases, the products exhibit random errors that can be 1.6 to 3 times as large. Fhere-are-some-very-notable

ers-Most products show similar performance, although there

are a few exceptions with either larger biases or larger random errors.
The intercomparison of satellite products extends this analysis and provides spatial context to it. In particular, we show that

aggregated satellite AOD agrees much better than the eloeud-masks-spatial coverage (often driven by cloud masks) within the
19 x 1° —Part-grid cells. Up to 50% of the difference in-sateltite AOB-(up-to—~-50%)-between satellite AOD is attributed to

cloud contamination.

The diversity in AOD products shows clear spatial patterns and varies
from +6%-10% (parts of the ocean) to 186%-100% (central Asia and Austraha) R T

tng—More importantly, we show

that the diversity may be used as an indication of AOD uncertainty, at least for the better performing products.

Fhis-This provides modellers with a global map of expected AOD uncertainty in satellite products, allows assessment of
products away from AERONET sites, can provide guidance for future AERONET locations, and offers suggestions for product

improvements. M
We account for statistical and sampling noise in our analyses. Sampling noise, variations due to the evaluation of different
subsets of the data, causes important changes in error metrics. The consequences of this noise term for product evaluation are

discussed.

Copyright statement.

1 Introduction

Aerosol-is-Aerosols are an important component of the Earth’s atmosphere that affects the planet’s climate, the biosphere,
and human health. Aerosol particles scatter and absorb sunlight as well as modify clouds. Anthropogenic aerosol changes
the radiative balance and influences global warming (Angstrom, 1962; Twomey, 1974; Albrecht, 1989; Hansen et al., 1997,
Lohmann and Feichter, 2005, 1997). Aerosol can transport soluble iron, phosphate and nitrate over long distances and so
provide nutrients for the biosphere (Swap et al., 1992; Vink and Measures, 2001; McTainsh and Strong, 2007; Maher et al.,
2010; Lequy et al., 2012) . Finally, aerosol can penetrate deep into lungs and may carry toxins or serve as disease vectors
(Dockery et al., 1993; Brunekreef and Holgate, 2002; Ezzati et al., 2002; Smith et al., 2009; Beelen et al., 2013; Ballester et al.,
2013).

The most practical way to obtain observations on the global state of aerosol is through remote sensing observations from

either polar orbiting or geostationary satellites (Kokhanovsky and de Leeuw, 2009; Lenoble et al., 2013; Dubovik et al., 2019

. Unfortunately, that is a complex process as it requires a relatively weak aerosol signal to be distinguished from strong reflec-
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tions by clouds and the surface. Even if cloud-free scenes are properly identified and surface reflectances properly accounted
for, aerosols themselves come in many different sizes, shapes and compositions that affect their radiative properties. It is
challenging to remotely sense aerosol, as this is essentially an under-constrained inversion using complex radiative transfer
calculations.

Therefore it is no surprise that much effort has been spent on developing sensors for aerosol, the algorithms that work on
them and the evaluation of the resulting retrievals. Among the retrieved products, AOD (Aerosol Optical Depth) is the most
common retrieval and the topic of this paper.

Intercomparison of a small number of satellite datasets probably goes back to a spirited discussion of the (dis)agreement be-

tween L2 MODIS-and MISR-MODerate resolution Imaging Spectroradiometer (MODIS) and Multi-angle Imaging SpectroRadiometer

MISR) AOD (Liu and Mishchenko, 2008; Mishchenko et al., 2009, 2010; Kahn et al., 2011). Not only did these studies show
the value in intercomparing satellite datasets (in part to compensate for the sparsity of AERONET-surface reference sites), but
also the various challenges in doing so. Evaluation and intercomparison of satellite AOD products is difficult for a number

of reasons: the data exists-exist in different formats, and for different time periods that may overlap only partially;-it-is-big

data(espeeially—at-the-se-called—; computational requirements (especially for L2 leveh-greatly-inereasingstorage-and-CPU
requirements;-and-usually-eomes-data) are large; and the data usually come in different spatio-temporal grids. In addition, data

has-have often been filtered in different ways and aggregates produced differently. Listing all papers that intercompare two or
three satellite datasets would probably not be accepted by the editors of this journal, so in Table 1, we constrain ourselves to
publications with at least 5 different datasets.

Most of the papers in Table 1 quantify only global biases for daily or monthly data. Hat-More than half of them use monthly
satellite data, potentially introducing significant temporal representation errors (Schutgens et al., 2016b) in their analysis.
Seldom is the spatial representativity of AERONET-AErosol RObotic NETwork (AERONET) sites accounted for (Schutgens
et al., 2016a) although most studies do exclude mountain sites. As a result both the evaluations with AERONET and the satellite
product intercomparisons are no apples-to-apples comparisons. Finally, most studies do not systematically address (statistical
or sampling) noise issues inherent in their analysis.

In this paper, we will assess spatially varying (as opposed to global) biases in multi-year averaged satellite AOD (appropriate
for model evaluations). As truth references AERONET and Maritime Aerosol Network (MAN) data will be used. The analysis
uses only AERONET sites with high spatial representativity and collocates all data within a few hours, greatly reducing
representation errors. Throughout a bootstrapping method is used to assess statistical noise in the analysis. Sampling issues
(e.g. due the sparsity of AERONET sites) are addressed through a-e.g. a pair-wise satellite intercomparison.

This paper is the result of discussions in the AeroCom (AEROsol Comparisons between Observations and Models, https://

aerocom.met.no) and AeroSat (International Satellite Aerosol Science Network, https://aero-sat.org) communities. Both are

rass-roots communities, the first organised around aerosol modellers, and the second around retrieval groups. They meet
every year to discuss common issues in the field of aerosol studies.

The structure of the paper is as follows. The remote sensing products are described in Section. 2 and the methodology

to collocate them in space &-and time in Section 3. Section 4 describes screening procedures for representative AERONET
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sites and establishes the robustness of our collocation procedure. Section 5 evaluates the satellite products individually against
AERONET and MAN, at daily and multi-year timescales. An intercomparison of pairs of satellite products is presented in
Section 6. A combined evaluation €&-and intercomparison of the products is made in Section 7. More importantly, the diversity

amongst satellite products is discussed and interpreted. A summary can be found in Section 8.

2 Remote sensing data

Original satellite L2 data were aggregated unto a regular spatio-temporal grid with spatio-temporal grid-boxes of +%-<+%-x36"1° x 1° x 3

The resulting super-observations (F2-+2--36"-1° x 1° x 30™I" aggregates) are more representative of global model grid-
boxes (~ 1° — 3° in size) while allowing accurate temporal collocation with other datasets. At the same time, the use of super-
observations significantly reduces data amount without much loss of information (at the scale of global model grid-boxes). A
list of products used in this paper is given in Table 2. A colour legend to the different products can be found in Fig. 1. More
explanation of the aggregation procedure can be found in Appendix A..

The & L .

Fhe-main data is AOD at 550 nm, the wavelength at which models typically provide AOD. If AOD was not retrieved at this
wavelength, it was interpolated (or extrapolated) from nearby wavelengths. In-addition;-the-standard-deviation-over-the-original

In addition, the number of L2 retrievals used per super-observation, as well the average pixel size for these L2 retrievals were

included . For

some products (e.g. MODIS), this physical pixel size will vary as the view angle changes across the imager’s field-of-view. In
that case, actual pixel footprints can be difficult to calculate due to the Earth’s curvature (Sayer, 2015) and only estimates were
provided. Other products (fike-MAIAC and those from AATSR) are based on regridded radiance data and use a fixed pixel
size. The combination of number of retrievals and average pixel size can be used to estimate the spatial coverage: the fraction
of a 1° x 1° grid-box covered by L2 retrievals (at a particular time) per super-observation. This spatial coverage is-ideally
would ideally be 100% but ean-be-in practice is smaller for several reasons: the imager’s field-of-view may miss part of the
192 x 1¢ grid-box; sun glint, snow, desert surface or clouds, may prevent retrievals; or simply-fatled-retrievals—We-will-provide
evidenee retrievals may fail. As we use an estimate of coverage, based on an average pixel size, values in excess of 100% do

occur. We provide evidence in Sect. 5 and 6 that cloud masking is the dominant factor in determining spatial coverage, see
also Zhao et al. (2013), which suggests that spatial coverage might be interpreted as an estimate of the complement to cloud

fraction.
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All products were provided globally for three years (2006, 2008 and 2010, inelading-twe-years used in AEROCOM control
studies). Many products only provided data over land. Seven datasets belong to sensors that have a-merning-erossing-time-of
the-equatoran equatorial crossing time in the morning, and another seven belong to sensors that have an afternoon-erossing

time-of the-equatorequatorial crossing time in the afternoon.
AERONET (Holben et al., 1998) DirectSun L2.0 V3 (Giles et al., 2019; Smirnov et al., 2000) and MAN L2.0 (Smirnoy et al., 2011

data were downloaded from https://aeronet.gsfc.nasa.govand-, These AOD observations are based on direct

transmission measurements of solar light and have high accuracy of +0.01 (Eck et al., 1999; Schmid et al., 1999). They were

aggregated per site by averaging over 30 minutes. MAN aggregates were assigned averaged longitude and latitudes for those
30 minutes.
The entire satellite dataset requires 14GB of storage —All-data-are-stored-in-and is stored in the netCDF format.

3 Collocation & analysis methodology

To be-ableto-evaluate and intercompare the remote sensing datasets, they will need to be collocated in time and space to

reduce representatlon errors (Colarco et al., 2014; Schutgens et al., 2016b, 2017). This-is-achieved-by-onlyretainingdatafrom

w—In practice this collocation is another aggregation

(performed for each dataset individually) to a spatio-temporal grid with slightly coarser temporal resolution (1 or 3 hours, the
spatial grid-box size remains 1° x 1°);-. This is followed by a masking operation that discards-data-at-times-and-locationsnot
Mmcmmmwm More information-on-the
pfeeee}uf&detalls can be found in ¥ i
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During the evaluation of products with AERONET, a distinction will be made between either land or ocean grid-boxes in
the common grid. A high resolution land mask was used to determine which 1° x 1° grid-box contained at most 30% land
(designated an ocean box) or water (designated a land box). Most ocean boxes with AERONET observations will be in coastal

regions, with some over isolated islands.
3.1 Taylor diagrams

A suitable graphic for displaying multiple datasets’ correspondence with a reference dataset (’truth’), is provided by the Taylor
diagram (Taylor, 2001). In this polar plot, each data point (r,¢) shows basic statistical metrics for an entire dataset. The
distance from the origin (r) represents the internal variability (standard deviation) in the dataset. The angle 96°—-¢ through
which the data point is rotated away from the vertieal-horizontal axis represents the correlation with the reference dataset,
which is conceptually located at-on the horizontal axis at radius 1 (i.e. every distance is normalised to the internal variability
of the reference dataset). It can be shown (Taylor, 2001) that the distance between the point (7, ¢) and this reference data point
at (1,0) is a measure of the Root Mean Square Error (RMSE, unbiased). A line extending from the data-peint-ean-be-point
(r,¢) is used to show the bias versus the reference dataset (positive for pointing clock-wise);-again-nermalised-to-the-internal
variability-in-thereferenee-dataset. The distance from the end of this line to the reference data point is a measure of the Root

Mean Square Difference (RMSD, no correction for bias).
3.2 Uncertainty analysis using bootstrapping

Our estimates of error metrics are inherently uncertain due to finite sampling. If the sampled error distribution is sufficiently
similar to the underlying true error distribution, bootstrapping (Efron, 1979) can be used to assess uncertainties in e.g. biases
or correlations due to finite sample size. Bootstrapping uses the sampled distribution to generate af-a large number of synthetic
samples by random draws with replacementfrom-the-measured-distribution. For each of these synthetic samples, a bias etc. can
thenbe calculated and its-unecertaintyassessed;forinstance bycaleulating-the standard-deviationever-these-biasesthe distribution
of these biases provides measures of the uncertainty, e.g. a standard deviation, in the bias due to statistical noise. Bootstrapping

has been shown to be reliable even for relatively small sample sizes (that is the size of the original sample, not the number of
bootstraps), see Chernick (2008). In this study, the uncertainty bars in many-some figures were generated by bootstrap analysis.

If the sampled error distribution is different from the true error distribution, bootstrapping will likely underestimate uncer-
tainties. Sampled error distributions may be different from the true error distribution because the act of collocating satellite
and AERONET data favours certain conditions. E.g. the effective combination of two cloud screening algorithms (one for the
satellite product, the other for AERONET) may favour clear sky conditions and limit sampling of errors in case of cloud con-
tamination. This uncertainty due to sampling is harder-unfortunately hard to assess but we attempt to address it by comparing

evaluations for different combinations of collocated satellite products.
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3.3 Error metrics for evaluation

For most of this study we will focus on the usual global error statistics (bias, RMSD, eorrelationsPearson correlation, regression

slopes), treating all data as independent. Regression slopes were calculated with a robust Ordinary Least Squares regressor
OLS bisector from the IDL six1in function, Isobe et al. (1990)). This regressor is recommended when there is no proper

understanding of the errors in the independent variable, see also Pitkinen et al. (2016). Global statistics may be dominated b

a few sites with many collocations, which will skew results. We also performed analyses on regional scales but they will not be
shown. Hewever;-we-will-shew-Instead we show as error metrics the bias (sign-less) and the correlation per site, averaged over

all sites. GWWWWQMa few sites that-allow-many-collocations
with many observations dominatin
the error statistics. Only sites with at least 32 collocations will be used in this last analysis.

4 Selection of AERONET sites and collocation criteria

Not all AERONET sites are

vary by-site-equal. They differ in their spatial representativity for larger 1° < 1° areas, and in their level of maintenance. Ideally,
only sites with the highest spatial representativity and maintenance levels should be used for satellite evaluation. In addition, a
temporal criterium for satellite collocation with AERONET observations needs to be established that yields sufficient data for
analysis yet also allows meaningful comparison (i.e. the difference in observation times should not be too large).

Kinne et al. (2013) provides a subjective ranking of all sites (before 2009) based on their general level of maintenance and

spatial representativity. The ranking is based on personal knowledge of the sites and is mostly qualitative. Schutgens (2019)
provides an objective ranking for all sites (for all years) based on spatial representativity alone. This ranking is based on a high

resolution modelling study and quantitative. While there is substantial overlap in their rankings for spatial representativity,

there are also differences. Table 3 describes the AERONET site selections used in this paper.

impact of using a subset of AERONET sites like Kinne et al. (2013) or Schutgens (2019) (compared to the full dataset) on
satellite product evaluation is to slightly increase correlations and decrease RMS differences, i.e. the satellite products compare
better to AERONET data. As this occurs systematically for all products (see Fig. S1), we believe these subsets contain

AERONET sites substantially better suited for satellite evaluation. Averages for these metrics over all products are given
in Table 4.

restlt-of-balanecing-errors;and-deemed-unimportant)—As we later want to evaluate satellite products at individual sites, we will
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continue-to-use the Kinne subset whi

~defined in Table 3

since it is based on both site representativity and maintenance level. Note however, that the Schutgens subset allows for more
observations for our study period, vastly more AERONET sites (including after 2009), and a slightly better comparison of the
satellite products.

these-from-the Kinne-seleetion-has-however-) that have low correlations with and/or high biases vs all satellite products (see
Fi
in a way not yet understood, poorly suited to satellite evaluation (e.g. representativity or maintenance issues not flagged u

Kinne et al. (2013)). These four sites were excluded from our analysis (this has only a small impact on global statistics,
see Table 4—W i

. 2). While it is possible all satellite products fail badly for these four sites, we assume it is actually the sites that are

—). Note that only for a minority of

remaining sites (10%) all satellite products will either over-estimate or under-estimate AOD. For most sites, the products form

an ensemble of AOD values that straddle the AERONET value. Note-thatin-this-analysis;thesatelite produets-are noton-the

tsAlthough we have now

a subset of suitable AERONET sites for satellite evaluation, spatial representation errors still remain as a "point" observation
AERONET) will be used to evaluate satellite super-observations (1° x 1¢ satellite aggregates). The difference between a
satellite 75777 and AERONET 7, super-observation AOD can be understood as the sum of observation errors in both products

N . qe o o

and a representation error Tep €yl

Tsats — TA = €sats +€ea+ 61‘81)12 (1)

If satelite-observation-errors-across—a-we assume these errors are uncorrelated and have a Gaussian distribution, we can

use the associated uncertainties (i.e. standard deviations of the errors) to determine the dominant contribution. AERONET

observation uncertainty is estimated at o = 0.01 (Eck et al., 1999; Schmid et al., 1999) and representation uncertaint

may be estimated as the standard deviation of L2 AOD retrievals over 1° x 1° (remember, the mean of those values is the
super-observation 1tself) The latter assumes that satellite errors over a grid-box are me%ﬂy—eea%m&t—%he%ad%d—dew&&%
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mostly constant.
Since we also know the differences between satellite and AERONET, satellite observational uncertainty os can be estimated.
This suggests that the satellite observational uncertainty is twice as large as representation-errors:the representation uncertainty.
see also Fig. S2), confirming that it is reasonable to evaluate super-observations with AERONET "point" observations.
Finally;-we-investigate-Lastly, we investigated the impact of the temporal collocation eriterium-and-the-required-criterion At
and minimum number of AERONET super-observations-on-product-evaluation-observations n on the satellite evaluation (it
WWW see Table 5. It turns out that changlng this number has only a small 1mpact on %he—pfeduet

—S3, but quite a large impact on number of
available observations. Given the substantial reduction in available collocated observations, we decided to require only a single

AERONET super-ebservations-for-sueecesful-super-observation for successful collocation.
We also considered the impact of these choices on regional evaluations. Broadly, similar conclusions can be drawn although

the analysis can become rather noisy due to smaller sample sizes.

5 Evaluation of individual satellite products

In this section we will evaluate individual satellite products with either AERONET or MAN observations. In both cases, the
data were collocated within one hour.

In Fig. 3 we see the evaluation with AERONET, using Taylor diagrams (Taylor, 2001), see also Sect. 3.1. Over land the
MODIS algorithms generally do very well, showing similar high correlations although biases and standard deviations can be
quite different. The same algorithm applied to either Aqua or Terra yields very similar results in the Taylor diagram. The
ene-exception is a relatively high bias for Terra-DT. The AATSR products generally have lower correlations than the MODIS
products although AATSR-ADV comes close. It is interesting to compare three products (Aqua-DB, SeaWiFS and AVHRR)
that use a similar algorithm but with different amounts of spectral information. MODIS and SeaWiFS perform very similar

but AVHRR shows much lower correlation. Some products globally over-estimate AOD at the AERONET sites whilst others
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under-estimate it (see also Fig. 2). As the data count over land is high, statistical noise in these statistics are negligible, as can
also be seen in Fig. 22-S1 which is dominated by land sites.

Over ocean, the message is more mixed. The AATSR products do relatively better, while Terra/Aqua-DB seems-seem to be
slightly outperformed by AVHRR and SeaWiFS (note that Terra/Aqua-DB and BAR only retrieve data over land and the "over
ocean" analysis is confined to coastal regions). Over ocean no products significantly underestimate global AOD although a few
(e.g. SeaWiFS and Aqua-MAIAC) have small negative biases. Several products significantly over-estimate global over-ocean
AQOD (e.g. DarkTarget, OMAERUV and AATSR-ORAC). The data count for over ocean evaluation is not very high and
consequently statistical noise in this analysis is larger than over land. A sensitivity study using bootstrapping (see Sect. 3.2)
nevertheless suggests these results are quite robust. They are also partially supported by product evaluation with MAN, in
Fig. 4: the AATSR products do better than the other products but it is clearly possible for the products to either over- or
underestimate AOD globally. The data count for everMAN evaluation is low and statistical noise is very-large, see Fig.2? S4.
For e.g. OMAERUY, the uncertainty range suggests this could be either one of the worst or best performing products.

If we split each product’s data into two equally sized subsets depending on the collocated AERONET AOD (median AOD
~ 0.12), it becomes obvious that the satellite products have much lower skill at low AOD, see Fig. 5. They correlate much
worse with AERONET, show much higher internal variability than AERONET and exhibit relatively larger biases (normalised
to AERONET’s internal variablity, see Sect. 3.1) than at high AOD. Note that biases at low AOD are all positive while at high
AOD they are negative (exception: Terra-DT).

In Fig. 6, we consider the impact of spatial coverage on product evaluation. As minimum spatial coverage increases, the
correlation with AERONET increases while the bias decreases. If spatial coverage is mostly determined by cloud screening, it
seems reasonable that cloud contamination of AOD retrievals increases as spatial coverage decreases. This would lead to the
observed behaviour of biases and correlations. In contrast, it is hard to use other factors determining spatial coverage (sun-
glint, surface albedo, failed retrievals) to explain this. We also note that the change with spatial coverage is quite dramatic
for some products (AVHRR, OMAERUYV, AATSR-ORAC) while for others it is rather small. It is not-surprising-that-seme

produets-will-have-better-cloud-masking-than-ethers-expected that the quality of cloud-masking (and hence the magnitude of

cloud contamination) will differ among products (depending e.g. on pixel sizes, available spectral bands). It appears hard to
determine a threshold value for spatial coverage beyond which there is no substantial change in all the metrics in the majority

of products, so we continued to use all data.

The impact of temporal averaging on product differences vs. AERONET is shown in Fig 7. The "daily" column shows
distributions-differences for individual super-observations, while the "3-years" column shows 3-year averages (averaged per
site). Temporal averaging significantly reduces differences, e.g. the typical AVHRR difference decreases almost threefold from
0.077 to 0.027. In contrast, the typical difference for OMAERUYV decreases only from 0.094 to 0.059, a factor of 1.6. It seems
OMAERUY exhibits larger biases than AVHRR which has rather large random differences. As noted before, the major part of
the daily difference is due to observation errors while a smaller part is due to representation errors. Previous analyses (Schutgens
et al., 2016a, 2017; Schutgens, 2019) and our selection of AERONET sites, suggest the 3-year average AOD difference will

only have a small contribution from representation errors. After that amount of averaging, statistical analysis suggests that
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the typical 3-year differences may be interpreted as biases, i.e. the typical multi-year bias per site in Aqua-DT is 0.029. All
products exhibit both positive and negative biases across the AERONET network. The global mean bias of a product (the big
black dot in Fig. 7) is usually much smaller than the bias at any site and results from balancing errors across the network.

Note that the Terra-DT bias is significantly larger than Aqua-DT’s bias in Fig. 7. Levy et al. (2018) discuss a systematic
difference between Terra and Aqua DarkTarget AOD which they attributed to remaining retrieval issues.

Another way to evaluate the products is presented in Fig. 8, which shows the average correlation between any product and
an AERONET site versus the average relative (sign-less) bias with an AERONET site. This analysis is very-different from
the Taylor analysis presented earlier, where both correlation and bias were calculated across the entire dataset, instead of per
site and then averaged across all sites. Figure 8 suggests that product biases per site are typically some 20%. The relative
performance of the products shows significant differences with the earlier Taylor analysis: AATSR-SU is now one of the top
performers while Terra/Aqua-DB show 1.3 larger biases than either Terra/Aqua-BAR or AATSR-SU (in the Taylor analysis
Terra/Aqua-DB has one of the smallest global biases).

Both in Fig. 7 and 8, we have considered only AERONET sites that provide a minimum of 32 collocated observations.
Although each product was individually collocated with AERONET, only those sites that are common across all product
collocations were retained for analysis.

A more detailed look at each product and its evaluation against AERONET is provided in Figures 9, 10, 11 and 12. Shown are
a scatter plot of (daily) collocated super-observations vs AERONET; the impact of spatial coverage on the difference between
satellite and AERONET AOD, a global map of the 3-year averaged product AOD; and a global map of the difference of 3-year
averaged product AOD with AERONET (again, using only sites with 32 or more collocations).

The scatterplots typically show good agreement with AERONET: correlations vary from 0.73 to 0.89 with regression slopes
of 0.99 possible (mean and standard deviation refer to the difference with AERONET). The impact of spatial coverage on
the differences with AERONET are consistent for all products and relatively muted, as also seen in the right panel of Fig. 6.
The global maps of AOD show first of all the extent of the product: Terra/Aqua-DB, MAIAC and BAR provide no significant
coverage of the oceans while OMAERUYV mostly seems to cover the large outflows over ocean. MATACHis-eurrently-missing
Unlike its most recent version, the MAIAC product used in this study misses a sizeable portion of Siberia. Terra/Aqua-DT
& BAR, AAFSR-FME-ADV-AATSR-ADV and to a lesser degree AVHRR do not retrieve over the desert regions in Northern
Africa and the Middle East. Terra/Aqua-DT, by the way, sometimes produces negative AOD leading to e.g. very low values for

averaged AOD over Australia. (The DarkTarget algorithm can retrieve negative AOD values, e.g. as a result of overestimatin
surface albedo, and the DarkTarget team retains those values to prevent skewing the whole dataset to larger values). In the global

maps of 3-year averaged differences with AERONET, land sites are shown in circles, ocean sites in squares and the remainder
as diamonds. These maps show distinct spatial patterns: e.g. Aqua-DT mostly overestimates AOD in the northern hemisphere
and underestimates in the southern hemisphere; OMEARUYV overestimates everywhere except in the African greenbelt and
south-east Asia; MAIAC mostly underestimates AOD —(MAIAC MODIS C6 lacks seasonal dependence of aerosol models,
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Regional patterns can also be seen, e.g. several products overestimate AOD in the eastern continental USA and underestimate

it in the west.

6 Pair-wise intercomparison of the satellite datasets

In this section, we will intercompare the various satellite products by collocating them pair-wise within 1 hour. Our analysis
will be split between products for either morning or afternoon platforms as this usually leads to a large amount of collocated
data with an almost global distribution. However, even products from e.g. Terra and Aqua will-provide-some-collocated-data
can be collocated (at high northern latitudes) and will be discussed as well.

The difference in 3-yearly AOD is shown in Fig. 13 and Fig. 14 for resp—the-morning and afternoon satellites respectively.
We see that the majority of collocated products provide-provides only data over land. AOD differences behave very smoothly
over ocean but show a lot of spatial variation over land. AOD differences can be significant and exceed 50%. Over ocean, the
difference is longitudinally fairly homogenous with a clear latitudinal dependence. Over land, regional variability often tracks
land features: the Rocky Mountains and Andes, the Sahara and African greenbelt can all be easily identified. That suggests
albedo treatment-estimates as a driver of product difference. What is remarkable is the relatively large spatial seales-scale
involved. This analysis confirms the one in the previous Section where spatial patterns in AOD bias against AERONET were
discussed and extends it with more detail. The contrasts in the differences over land and neighbouring ocean (e.g. African
outflow for Terra-DT with AATSR-SU or AATSR-ADYV, or Aqua-DT with OMAERUYV, or AVHRR with SeaWiFS) may
likewise be driven by albedo treatmentestimate. The OMAERUYV product consistently estimates higher AOD than all other
products, with the possible exception of areas with known absorbing aerosol.

Products retrieved using the same retrieval scheme but observations from different platforms can be intercompared as well
(MODIS on Aqua & Terra). Collocations are now limited to a fairly narrow latitudinal belt near the North pole, see Fig. 15.
The differences in AOD appear much more muted, suggesting that algorithms are the major driver of product difference, not
differences in orbital overpass times or issues with sensor calibration. This is further supported by the difference amongst e.g.
AATSR products which employ different algorithms but the same measurements (Fig. 13). The three products based on the
DeepBlue algorithm (Aqua-DB, AVHRR and SeaWiFS) suggest that already small algorithmic differences (due to different
spectral bands) can yield significant differences.

Correlations-of-the-In addition to three-year biases, correlations of collocated pairs of AOD super-observations were also
considered, see Fig. 16. The products derived from Aqua and Terra MODIS measurements tend to correlate well, with lesser
correlation amongst the AATSR products. Highest correlation is found for products using the same algorithm and similar
sensor but a different platform (Terra/Aqua). The very low correlations for AATSR-ORAC with Aqua products stand out
but no explanation was found. Here again only collocations over high Northern latitudes are available. Figure 16 also shows

correlations for spatial coverage for all collocated product pairs. These turn out to be quite low. Even though the products

apparently identify different parts of a 1° x 1° grid-box as suitable for aerosol retrieval, they still agree quite well on ageregated
AOD.
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Fig. 17 shows scatter plots of AOD and spatial coverage for selected collocated products. It is obvious that the agreement in
AOQOD is far greater than the agreement in spatial coverage. Only when we consider collocated products for the same algorithm

from different satellites, can remarkable agreement be found (e.g. Terra/Aqua MAIAC). For different products using the same
sensor, spatial coverage can differ greatly even though the observed scene is the same. Figure-2?shows-the low-correlations

o o

roduct differences depend on spatial coverage, see Fig. 22S5. AOD agrees better when the spatial coverage is high and this
the wings of the difference distributions ("outliers"). H-spatial-coverage-is-the-complement-of-cloud

is more pronounced in
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Fortunately, the impact on AOD differences is not that large: Fig. 18 shows the reduetion-inratio of mean sign-less difference
when-eomparing-in AOD for spatial coverages of 6—2+8%+te-90 —100% to 0 — 10%. Typically this reduetionratio is a factor of

0.57. The simplest explanation for the impact of spatial coverage on product differences, is that this coverage is the complement
to_cloud fraction and low coverage equals high cloud fraction. Associated cloud contamination can then explain the larger
differences at low coverage. In other words, at very low spatial coverage, ~ 40% of the difference may be due to_cloud
contamination (see also Fig. S6, which shows impact of coverage). A similar weak dependence on AOD evaluation was seen

in Figures 9, 10, 11 and 12. One possible explanation is that aggregation into super-observations has a beneficial impact by

tempering retrieval errors from cloud contamination.

7 Intercomparison and evaluation of collocated morning or afternoon products

In this section, we will perform an apples-to-apples comparison of the satellite products, collocating either all morning or all
afternoon products together. To ensure sufficient numbers of collocated data, the temporal collocation criterium was widened
to 3 hours. Even so, a significant reduction in data amount results from collocating so many datasets. If we include AERONET
in the collocation, the total count will go down from ~ 28, 000 to about 4000 collocated cases.

The resulting Taylor diagram is shown in Fig. 19 and can be compared to Fig. 3. The Terra products show reduced correlation,
now almost on par with the AATSR products. The Aqua and Terra products are not collocated together butand, in contrast
to Fig. 3, are clearly separated in the Taylor diagram. Also, the majority of datasets have negative biases with respect to
AERONET. A more in-depth comparison, is shown in see-Fig. 20. RMSD shows the most conspicuous changes: across the
board RMSDs for the simultaneous collocation of 7 satellite products with AERONET are much smaller. Global biases are
shifted towards negative values: e.g. OMAERUYV now has a much smaller bias, while Aqua-DT has a much larger negative
bias. Correlations are unaffected except for the Terra and the AATSR-SU products. In all cases, the uncertainty ranges suggest

that the differences are statistically significant.
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Both evaluations in Fig. 20 are valid in their own right. The evaluation of individual products with AERONET yields large
amounts of data, while the simultaneous collocation of multiple morning or afternoon products allows proper intercomparison,
without the added uncertainty due to different spatio-temporal sampling. Depending on one’s point-of-view it’s possible to say
that either results are not very different (considering all products, the relative performance of datasets does not change much)
or quite different (considering the best performing products, significant changes are visible).

The simultaneous collocation of multiple products yields a subset of the collocated data that were studied in Section 5, al-
though for every product the subset from the original’ is different. Unfortunately, we have not been able to explain the different
evaluation results. Due to the different collocation procedurescriteria, there are differences in the mean spatial coverage of the
super-observations, and in the relative number of collocations per AERONET site and per year. How this affects each product
differs and no systematic variation was found to help explain results. Ultimately this is testament to the complex influence of
observational sampling.

Collocating either the morning or afternoon products without AERONET allows us to study diversity between these datasets
on a global scale. Relative diversity is here defined as the relative spread (standard deviation divided by mean) calculated at
each grid-box from the 3-year averages-averaged AOD of 7 (collocated) products, see Fig. 21. Here we have used all 7 morning
or afternoon products over most of the land. Over ocean, the major desert regions and Siberia not all products provided data and
only a subset was used. Over ocean, only Terra-DT and the three AATSR products or Aqua-DT, AVHRR and SeaWiFS were
used. Over the desert regions (outlined in blue) , only Terra-DB, Terra-MAIAC, AATSR-ORAC and AATSR-SU or Aqua-DB,
Aqua-MAIAC, SeaWiFS and OMAERUYV were used. Over Siberia (outlined in blue), no data were present for MAIAC.

Diversity is generally lowest over ocean, never reaching over 30% while over land values of 100% are possible. Over
ocean, diversity is lowest for the afternoon products, presumably because only 3 products contribute (Aqua-DT, SeaWiFS
and AVHRR) and two (SeaWiFS and AVHRR) use a similar algorithm (SOAR). The spatial distribution of diversity is fairly
smooth over ocean, in contrast to land where one sees a lot of structure. This was also seen in the intercomparison of satellite
products in Sect. 6. For an earlier study of satellite AOD diversity, see Chin et al. (2014) in which a different definition of
diversity, a different (and smaller) set of satellite products, and a different (sub-optimal) collocation procedure lead to rather
different magnitudes and spatial patterns for diversity. In contrast, the diversity presented in Sogacheva et al. (2019), while
using a different definition and a different (sub-optimal) collocation procedure agrees more with the one presented in Fig. 21 -
TFhere-(there is substantial overlap in the satellite products used here and in Sogacheva et al. (2019), see Tables 1 and 2).

Also shown is the average correlation, i.e. de-the average of the correlation between all possible pairs of collocated prod-
ucts. Over the deep ocean (e.g. southern hemisphere Pacific ocean) correlations are pretty-tow—Actually-it-low. It seems that

only in outflow regions (e.g. Amazonian outflow, South African outflow, outflow from Sahara and African savannah, Asian

outflow) the products will strongly agree in their temporal signal over ocean. This is-probably-similar-to-our-findingin-suggests

that the correlation depends on the strength of the AOD signal (see also Sect. 5 that-thesateliteproducts—correlatepoorly
with- AERONET-atHew-AOD-and Fig. 5). Over land, the correlation shows more variation. Interestingly, the correlation itself

anti-correlates-with-the-diversity-is high when the diversity is low and vice versa: e.g. Australia shows high diversity in 3-year
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mean AOD and very low correlation between individual AOD. This anti-correlation-suggests that the same factor(s) that cause
errors in 3-year averages also cause random errors in individual AOD.

The above results are pretty robust. E-g-For example, by excluding OMAERUYV (arguably the product with the largest errors
due to its large pixel sizes and extrapolation from UV wavelengths) from this analysis, the afternoon diversity over land looks
even more like the morning diversity. Diversity maps for two other collocations (all AATSR products or all Aqua products) are
shown in Fig. 22S7. The Aqua maps looks similar to before, but diversity is more muted for the AATSR products (but notice
the same spatial patterns).

Diversity is an ensemble property of 7 collocated products and can be interpreted based on other ensemble properties: the
mean AOD and the relative spread in spatial coverage, see Fig. 22. We interpret the mean AOD as an indication of signal-to-
noise in the satellite retrievals, and the spread in the spatial coverage as uncertainty in cloud masking. We see that the diversity
goes down when the mean-AOD-singal-to-noise increases, and goes up when the uncertainty in cloud masking increases. This
is as one would expect. Notice that, for the majority of locations, the actual diversity varies only from ~ 20% to ~ 50%, e.g.
no more than a factor 2.5,

Diversity turns out to be more than just the spread across multiple satellite products. The absolute diversity ¢ in the satellite
AQD (no-diviston-by-the-mean-AOD)-can actually be interpreted as the uncertainty o, in multi-year averaged satellite AOD,
at least in a statistical sense. Taking the 3-year averaged differences between a satellite and AERONET AOD (per site) from
Sect 5, and dividing them by the diversityin-diversity in the satellite ensemble (at that site), these nermalised-normalized errors

Enorm = 2 @)
exhibit Gaussian distributions with standard deviations close to 1, see Fig. 23. We assume that in 3-year averages, both
AERONET observation errors and representation errors are negligible. Henee;-We conclude that 6 /2 6,4, _the latter being
the uncertainty in satellite multi-year AOD. To put it differentlythe produet, the multi-year AOD error can be statistically mod-
elled as a random draw from a distribution with the absolute diversity as standard deviation. This works very well for Aqua-DT,
DB, BAR, SeaWiFS and AATSR-SU products. It works less for Aqua-MAIAC which shows a global bias (identified before,
see Sect. 5) but still has a rermalised-normalized error with standard deviation close to 1. The Terra and AVHRR products show
larger spread in the rermatised-normalized error, while AATSR-ORAC and OMAERUYV show significantly larger spread. It

seems that the products that do better in the evaluation (Fig. 3 and 19) have errors that behave according to the diversity.

»An the current satellite ensemble,

satellite AOD uncertainty may be modelled from satellite AOD diversity is probably the most important find of this study and
allows for several useful applications which will be discussed in Sect. 8. The diversity in AOD amongst satellite products has

been published and is available as a download, see Schutgens (2020).

The conclusion thats:
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8 Summary

A detailed evaluation and intercomparison of 14 different satellite products of AOD is performed. Compared to previous studies
of this kind (excl. Sogacheva et al. (2019)), this one includes more (diverse) products and considers longer time periods, as well
as of course more recent satellite retrieval products. Unlike previous studies it explicitly addresses the issue of uncertainty due
to either statistical noise or sampling differences in datasets. While satellite products are assessed at both daily and multi-year
time-scales, the purpose of this study is to understand satellite AOD uncertainty in the context of model evaluation. In practice
this means 1° x 1° aggregates (or super-observations) of the original retrievals are evaluated for their multi-year bias.

The 14 satellite products include retrievals from MODIS (Terra/Aqua), AATSR (ENVISAT), AVHRR (noaal8), SeaWiFS
(SeaStar) and OMI (Aura). Two other products, based on POLDER (PARASOL) are part of the database but were not included
in the current paper. They will be reported on in a follow-up paper. Yet two other products, MISR (Multi-angle Imaging Spec-
troRadiometer) and VIIRS (Visible Infrared Imaging Radiometer Suite), are not part of the current AEROCOM/AEROSAT
study ~MISR-because-the-produet(MISR was in the middle of an update cycle, and VIRSS-because-i-VIIRS was only launched
in 26H-For MODIS-and AATSRfourresp—three-different-2011). Four different MODIS and three different AATSR retrieval
algorithms were used. The over-land products from AVHRR, SeaWiFS and one MODIS product use variations of the same
algorithm (DeepBlue).

The evaluation is made with AERONET and MAN observations. Only AERONET sites with good spatial representativity
and maintenance records were selected, based on a previously published list by Kinne et al. (2013). The suitability of these sites
was further assessed by "evaluating" them against the ensemble of satellite products which lead to the identification of four sites
that show substantially different AOD than any satellite dataset. Whether these sites are unsuitable to satellite evaluation or
all products retrieve AOD poorly over those sites is an open question but we removed them from our selection of AERONET
sites. Lastly we used the satellite observations themselves to confirm that representation errors, while not negligible, are a
minor contribution to the difference between satellite (1° x 1° aggregates!t) and AERONET AOD.

For evaluation and intercomparison purposes, different data products were collocated within a few hours. Sensitivity studies
show this te-previde-provides a good trade-off between accuracy and data amount. We make extensive use of bootstrapping
to assess the uncertainty ranges in our error metrics due to statistical noise. The-We try to address uncertainty due to the
spatial sparsity of AERONET and MAN data, preventing a true global analysis, we-try—to-address-through satellite product
intercomparisons.

All satellite daily AOD show good to very good correlations with AERONET (0.73 < < 0.89), while global biases vary
between -0.04 and 0.04. In 3-year averaged AOD, site specific biases can be as high as 50% (either positive or negative),
although a more typical value is 15% for the top performing products and 25% for the less performing products (in absolute
values: 0.025 to 0.040). These site specific biases show regional patterns of varying sign that together cause a balancing of errors
in the traditional global bias estimate of satellite AOD, which may not be a very useful metric for satellite AOD performance.

In addition to these biases, satellite products also exhibit random errors that appear to be at least 1.6 to 3 times larger than
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the site specific biases. Evaluation of satellite products on a daily time-scale (dominated by random errors rather than biases)
therefore gives only limited information on the usefulness of a product for global multi-year model evaluation.

—While evaluation re-

sults for AERONET are usually robust, considerable uncertainty remains in the evaluation by MAN data due to the low data
count (3 years of data).

The satellite intercomparison confirms the previous evaluation but extends its spatial scope. Daily satellite data usually
correlates very well with other satellite products, and 3-year averages alse-show regional patterns in product differences. These
patterns can often, but not always, be linked to major orography. In any case, the patterns show large spatial scales which should
aid in the identification of their causes. Over ocean, product differences are both smaller and spatially smoother, with mestly-a
latitudinal dependence. For-al-products;-the-The best agreement in AOD is found when using the same algorithm for the same
sensor on two different platforms (Terra/Aqua). Large differences in AOD can be found for products using different algorithms
but the same platform and sensor MWM Already

variations in the same algorithm can lead to substantially different AOD -

relatively-unimpertant—(DeepBlue for MODIS, AVHRR and SeaWiFS).

Although the aggregated AOD correlates quite well among satellite products, we were able to show that the area covered in

each 17 x 1° grid-box (called: spatial coverage), correlates significantly less well among the products. We present evidence that
this spatial coverage is determined mostly by (observed) cloud fraction and suggest there may be substantial differences in the
quality of cloud screening by the different products. The evidence consist of the following observations: 1) biases vs AERONET
decrease with increasing coverage; 2) correlations with AERONET increase with increasing coverage; 3) satellite differences
decrease with increasing coverage. The simplest explanation (Ockam’s razor) would be that coverage is the complement of
cloud fraction and as coverage goes down, cloud fraction (and cloud contamination) goes up. Product differences at low spatial

coverage (high cloud fraction) are about twice as large than at high spatial coverage (low cloud fraction).

Intercomparing the product evaluation (with AERONET) of satellite products is challenging. A true apples-to-apples com-
parison requires collocating all datasets (including AERONET) but this greatly reduces the number of data available for analy-
sis. As a consequence, it is pessible-likely that those data sample only part of the underlying true error distributionenly-parthy.
We showed that an apples-to-apples comparison results in different results (fremcompared to an individual collocation with
AERONET) for some datasets, but no great changes for others. As we were able to show this is unlikely the result of statistical
noise, we seem forced to conclude that a true comparison of product skill is only possible for a limited set of circumstances.

Collocating the-morning-resp—either the morning or afternoon products together allows to create maps of 3-year averaged
AQD diversity amongst the products. Although there are differences, the diversity for morning and afternoon products shows
similar patters-patterns and magnitudes. Diversity shows a lot of spatial variation, from 10% over parts of the ocean to 100%
over parts of central Asia and Australia. Also, in a broad statistical sense, diversity can be shown to relate to retrieval signal-
to-noise and uncertainty in cloud sereeningmasking within the 1° x 1° grid-boxes of super-observations. The most interesting
find, however, is that diversity can be used to predict uncertainty in 3-year averaged AOD of individual satellite products (at

least for the better performing products).
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The possible applications of diversity and its interpretation as uncertainty are multiple. First, diversity shows (by definition)
where satellite products differ most and thereby offer clues on how to improve them. Secondt-Second, for the same reason,

diversity may be used as guidance in choosing future locations for AERONET sites. Observations at locations with large
diversity offer more information on individual satellite performance than those from locations with small diversity. Third,
diversity as uncertainty provides a spatial context to the product evaluation with AERONETsparse AERONET sites. Fourth,
and related to Third, diversity as uncertainty offers a very simple way to evaluate & intercompare new satellite products to
the 14 products considered in this study. To perform better than these products, their normatised-3-yearnormalized multi-year
difference from AERONET (Eq. 2) should exhibit a standard deviation smaller than 1 (see Fig. 23). Fifth, again related to Third,

diversity as uncertainty offers modellers a simple estimate of the expected multi-year average uncertainty in satellite AOD. The

diversity in AOD amongst satellite products has been published and is available as a download, see Schutgens (2020).

Code and data availability. All remote sensing data are freely available. Analysis code was written in IDL and is available from the author

upon request. The diversity in AOD amongst satellite products has been published and is available as a download, see Schutgens (2020).
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Figure 1. Colour legend used throughout this paper to designate the different satellite products, organised by approximate local equator

crossing time.
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Table 3. AERONET site subsets

Reference Criterion  Nr of sites
All sites mountain sites included 1144
Kinne et al. (2013) sites with high maintenance (¢ > 2), 255

mountain sites removed
Schutgens (2019) sites with yearly representation error < 20%, 859

mountain sites above 1500 m removed

Kinne et al. (2013) considers only sites before 2009, with at least 5 months of data.

Table 4. Averaged product evaluation with AERONET depending on selection AERONET site-subsetsites used as truth reference.

all Kinneetal. (2013) Kinne et al. (2013)  Schutgens (2019)

metric (pruned)

bias -0.0024 -0.0031 -0.0031 -0.001
correlation 0.826 0.841 0.841 0.845
RMSD 0.139 0.133 0.134 0.136
nr of obs 42074 28283 28150 32716

Table 5. Averaged product evaluation with AERONET depending on temporal constraints (pruned Kinne subset)

metric At=1,n=1 At=1,n=2 At=3,n=1 At=3,n=3 At=3,n=5 Sect.7
bias -0.0031 -0.0030 -0.0021 -0.0026 -0.0031  -0.017
correlation 0.841 0.850 0.833 0.847 0.858 0.823
RMSD 0.134 0.125 0.138 0.130 0.120 0.100
nr of obs 28150 21938 31129 25558 18412 3986
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product (see also Fig. 1), numbers next to coloured blocks indicate amount of collocated data. Products were individually collocated with

AERONET (Kinne et al. 2013 selection, pruned) within 1 hour.
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Figure 5. Taylor diagram for satellite products evaluated with AERONET at either low or high AOD (distinguished by median AERONET
AOD ~ 0.12). Symbols indicate correlation and internal variability relative to AERONET, the line extending from the symbol indicates the
(normalized) bias (see also Sect. 3.1). Colours indicate satellite product (see also Fig. 1), numbers next to coloured blocks indicate amount
of collocated data. Products were individually collocated with AERONET (Kinne et al. 2013 selection, pruned) within 1 hour.
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Fig 1. Individual collocation of datasets with AERONET (Kinne et al. 2013 selection, pruned) within 1 hour. Error bars indicate 5-95%

uncertainty range based on a bootstrap analysis of sample size 1000.
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within 1 hour. All products use the same sites, each of which produced at least 32 collocations with the-each product.
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Figure 9. For MODIS-Aqua products are shown: a scatter plot of individual super-observations versus AERONET (mean and standard

deviation refer to the difference with AERONET, PCorr and OLSB refer to the linear correlation and a robust least squares estimator of the

regression slope); he-the AOD difference for individual super-observations as a function of spatial coverage (individual data, sub-sampled
to a 1000 points, are shown ir-as black dots using the left-hand axis, while the distribution per coverage bin, in grey-scales indicating 2, 9,
25,75, 91, and 98% quantiles, uses the right-hand axis); a global map of the three-year AOD average; a global map of the three-year AOD
difference average with AERONET (if site provided at least 32 observations; land sites are circles, ocean sites are squares, diamonds are the

remainder). Products were individually collocated with AERONET (Kinne et al. 2013 selection, pruned) within 1 hour.
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Figure 10. Same as Fig. 9, for AVHRR, SeaWiFS and OMAERUYV products.
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Figure 11. Same as Fig. 9, for MODIS-Terra products.
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Figure 12. Same as Fig. 9, for AATSR products.
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collocated within 1 ho
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Figure 15. Global maps of the 3-year averaged difference in AOD for products based on the same algorithm and either Aqua and Terra

satellites. Products were pair-wise collocated within 1 hour.
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Figure 16. Correlation-On the left: correlation of AOD super-observations for satellite products. On the right: correlation of spatial coverage
in super-observations for satellite products. Products were pair-wise collocated within 1 hour.
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Figure 17. Scatterplot of AOD and spatial coverage from super-observations for selected satellite products. Products were pair-wise collo-

cated within 1 hour.

AOD (world)

Mean: -0.00
StdDev: 0.03

Terra-MAIAC
o o o
5 o ®

o
)

00
00 02 04 06 08
Aqua-MAIAC

200 400 600 800 1000 1200

AQOD (world)

0.0
00 02 04 06 08

1.0

1.1

Aqua-DT
5.0x10%.0x101.5x102.0x102.5x10%3.0x10*
AOD (world)
Mean:  0.02
0.8] Stdbev: 009
£
Z 06
&
5 04
<
0.2
0.0
00 02 04 06 08 10
Aqua-MAIAC
1x10* 2x10* 3x10°
AOD (world)
1.0
0.8
5 .
(I‘J 06 Nr: 2362222
o
2]
04
<
0.2
0.0
00 02 04 06 08 1.0
AATSR-ADV
5.0x10° 1.0x10° 1.5x10"

40

spatial coverage (world)
140
120
100F
80
60
40
20

764939

Terra-MAIAC

0
0 20 40 60 80 100120140
Aqua-MAIAC

0 2.0x104.0x10%.0x108.0x10.0x10%.2x10*
spatial coverage (world)

Aqua-DB

0
0 20 40 60 80 100120140
Aqua-D’

5.0x10°1.0x10°1.5x10°2.0x10*2.5x10*

spatial coverage (world)

o
<
[
@
£
5
<
0
0 20 40 60 80 100120140
Aqua-MAIAC
0 1x10° 2x10* 3x10° 4x10*
spatial coverage (world)
2
2
o
e
<
<

0
0 20 40 60 80 100120140
AATSR-ADV

0 50x0° 1.0x10° 15x10° 2.0x10°



////////

& & &
oF TS

OMAERUV
SeaWiFS
AVHRR
AATSR-SU
AATSR-ORAC
AATSR-ADV
Terra-BAR
Terra-MAIAC
Terra-DB
Terra-DT
Aqua-BAR
Aqua-MAIAC
Aqua-DB
Aqua-DT

wcion . .~

0.4 0.6 0.8 1.0 12

Figure 18. Reduction-in-the-The ratio of typical difference (mean of sign-less AOD-differencebetweensatellite-produets-) for 90—106%
spatial coverage eompared-at 90 — 100% to 0 — 10%. Products were pair-wise collocated within 1 hour.
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Figure 19. Taylor diagram for satellite products evaluated with AERONET. Symbols indicate correlation and internal variability relative

to AERONET, the line extending from the symbol indicates the (normalized) bias (see also Sect. 3.1). Colours indicate satellite product
(see also Fig. 1), numbers next to coloured blocks indicate amount of collocated data. Merningresp—afterroon-All morning products were

together-collocated together with AERONET (Kinne et al. 2013 selection, pruned) within 3 hours, similar for all afternoon products.
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Figure 20. Comparison of the evaluation of satellite products when-eoHoeatingfor different dataset collocations. Horizontal axis: individual
produets—collocation with AERONET (within 1 hour)er-ah-; vertical axis: combined collocation of morning or afternoon products with
AERONET (within 3 hours). Colours indicate satellite product, see also Fig 1. Numbers in upper left and lower right corner indicate amount
of collocated data, averaged over all products. The AERONET data are the Kinne et al. 2013 selection, pruned. Error bars indicate 5-95%

uncertainty range, based on a bootstrap sample of 1000.
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Figure 21. Global maps of relative diversity and average correlation of collocated satellite products. Diversity is the spread in AOD over

the mean AOD. The average correlation is the average over all pair-wise correlations possible. Dotted areas indicate that the uncertainty due

to statistical noise (standard deviation) is at least 0.1 (or less than 10 super-observations for each product were available). Over land, all 7

roduct are used (blue contours identify areas of exception), over ocean at most 4 products are used (see text). Morning (left) and afternoon
(right) products were collocated within 3 hours.

42



0.7

0.1 0.1
0.050.10 0.150.20 0.25 0.30 0.35 0.050.10 0.150.20 0.25 0.30 0.35
mean(AOD) ] mean(AQOD) []

20 25 30 35 40 20 25 30 35 40

relative stddev(spatial coverage) []
o
N

relative stddev(spatial coverage) [
o
S

Figure 22. Diversity in AOD amongst morning and afternoon products as a function of mean AOD and the relative standard deviation in
spatial coverage. The values in each bin show averaged diversity (similar to the colour). The contour lines show data density. Morning (right)
and afternoon (left) products were collocated within 3 hours. The statistics are dominated by observations over land. Over ocean, similar

patterns are found but the range in diversity is much reduced.
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Figure 23. The 3-year averaged AOD error distributions, nermatisednormalized to the diversity (spread in the ensembleg, see Fig. 21). Errors
are based on individual collocations of products with AERONET (within 1 hour), unlike the diversity which is based on collocation of either
all morning or afternoon satellite products together. Mean and standard deviation of the product’s distribution are shown in the upper left
corner. Only sites with at least 32 observations were used. For comparison, a normal distribution with mean zero and standard deviation 1 is
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Appendix A: Generic aggregation and collocation

The aggregation of satellite L2 products into super-observations in this paper, and the subsequent collocation of different
datasets for intercomparison and evaluation used the following scheme.

15 Assume an L2 dataset with times and geo-locations and observations of AOD. Each observation has a known spatio-temporal
foot-print, e.g. in the case of satellite 1.2 retrievals that would be the 1.2 retrieved pixel size and the short amount of time (less
than a second) needed for the original measurement.

Satellite L2 data are aggregated into super-observations as follows. A regular spatio-temporal grid is defined as in Fig. AL,
The spatio-temporal size of the grid-boxes (here 30™1" x 1° x 1°) exceeds that of the footprint of the 1.2 data that will be

20 aggregated. All observations are assigned to a spatio-temporal grid-box according to their times and geo-locations. Once
all observations have been assigned, observations are averaged by grid-box. It is possible to require a minimum number of
observations to calculate an average. Finally, all grid-boxes that contain observations are used to construct a list of super-observations
as in Fig. A2, Only times and geo-locations with aggregated observations are retained.

Station data is similarly aggregated over 30™™ x 1% x 1°. Point observations will suffer from spatial representativeness

25 issues (Sayer et al,, 2010; Virtanen et al., 2018; Schutgens et al., 2016a), but the representativity of AERONET sites for 17 x 17
grid-boxes is fairly well understood (Schutgens, 2019), see also Section 4. These aggregated L3 AERONET and MAN data
will also be called super-observations.

Different datasets of super-observations can be collocated in a very similar way. Again a regular spatio-temporal grid is
defined as in Fig. A1 but now with grid-boxes of larger temporal extent (typically 3" x 1° x 1°). Because this temporal extent

30 is short compared to satellite revisit times, either a single satellite super-observation or none is assigned to each grid-box. A
single AERONET site however may contribute up to 6 super-observations per grid-box (in which case they are averaged).
Affter two or more datasets are thus aggregated individually, only grid-boxes that contain data for both datasets will be used
to_construct two lists of aggregated data as in Fig. A2. Those two lists will have identical size and ordering of times and

785  geo-locations and are called collocated datasets. By choosing a larger temporal extent of the grid-box, the collocation criterion
can be relaxed.

As the super-observations are on a regular spatio-temporal grid and collocation requires further aggregation to another
regular but coarser, grid, the whole procedure is very fast. It is possible to collocate all 7 products from afternoon platforms
over three years using an IDL (Interactive Data Language) code (that served as a prototype for CIS) and a single processing

790  core in just 30 minutes. This greatly facilitates sensitivity studies.

Starting from super-observations, a 3-year average can easily be constructed by once more performing an aggregation
operation but now with a grid-box of 3" x 1° x 17, If two collocated datasets are aggregated in this fashion, their 3-year
average can be compared with minimal representation errors. This allows us to construct global maps of e.g. multi-year AOD
difference between two sets of super-observations.

795 A software tool (the Community Intercomparison Suite) is available for these operations at www.cistools.net (last
accessed on December 20, 2019) and is described in great detail in Watson-Paris et al. (2016).
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Figure Al. A regular spatio-temporal grid in time, longitude and latitude. Such a grid is used for the aggregation operation that is at the heart

of the collocation procedure used in this paper. Grid-boxes may either contain data or be empty. Reproduced from Watson-Parris et al. (2016
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Figure A2. A list of data. Such a list is the primary data format used for both observations and model data in this paper. Reproduced from
Watson-Parris et al. (2016).
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