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Abstract

The optical and microphysical characteristics atidct aerosol types in the atmosphere are naspetified at
the level of detail required for climate forcingidies. What is even less well known are the charistics of
mixtures of aerosol and, in particular, their pseajlobal spatial distribution. Here, cluster asalys applied to
seven years of 3-hourly, gridded 2.5 x 2 degreesaoptical depth data from the Goddard Chemiagxosol
Radiation and Transpof&OCART) model, one of the most-studied global datians of aerosol type currently
available, to construct a spatial partition of tflebe into a finite number of aerosol mixtures. Tdm@imal
number of aerosol mixtures is obtained with a kdnsealgorithm with smart seeding in conjunction with
stopping condition based on applying the ‘law ahitishing returns’ to the norm of the Euclideantaliee to
provide upper and lower bounds on the number oftefs. Each cluster has a distinct compositioreiims of
the proportion of biomass burning, sulfate, dust ararine (sea salt) aerosol and this leads radterally to a
taxonomy for labeling aerosol mixtures. In addititime assignment of primary colours to constitusgrosol
types enables true colour-mixing and the productibeasy-to-interpret maps of their distributiorheTmean
multiyear global partition as well as partitionsddeed on the seasonal timescale are used to exeacsol
robotic network (AERONET) Level 2.0 Version 2 ing&m products in each cluster for estimating tHees of
key optical and microphysical parameters to helratterize aerosol mixtures. On the multiyear ttats the
globe can be spatially partitioned into 10 distiaetosol mixtures, with only marginally more vaiiiy on the
seasonal timescale. In the context of the obsemaliconstraints and uncertainties associated AERONET
retrievals, bivariate analysis suggests that megudominated by dust and marine aerosol can betddtwith
reference to their single scattering albedo andsfrogn exponent at visible wavelengths in conjunctiath
their fine mode fraction and sphericity. Existingiltivariate approaches at classification appeabdomore
ambiguous. The approach presented here provideslegti (1x1 degree) mean compositions of aeorosol
mixtures as well as tentative estimates of meawsaéroptical and microphysical parameters in planet
regions where AERONET sites do not yet exist. Siskaets of gridded cluster indices for multiyead an
seasonal partitions are provided to facililate Hartstudy of the global distribution of aerosol taies and
possibly for the selection of new AERONET site libmas.
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1. Introduction

It is now known that aerosols contribute stronglytlhe change in radiative climate forcing and
prediction uncertaintyMischenko et al, 2007; Kahn, 2012, IPCC, 20)3However, much is still not
known about the optical and physical propertiethefaerosol components. For example, there is no
suitable optical model for radiance retrievals ofrse-mode dust, even from the Sahara (e.g.,
Kalashnikova et al, 200%, and the time-varying, spectral single-scattegtmpdo of biomass burning
particles is much too loosely constrained for meaiative forcing applications. Reduction of the
aerosol uncertainty has been hindered by sevenagigh Firstly, there is a gap in our detailed
understanding of the global spatial and temporghtian of aerosol typedHansen et al, 200 and
secondly there is an absence of consensus on timabgombination of optical and microphysical
parameters that should be used for characterizargsal types IPCC, 2013. Thirdly, satellite
remote sensing data, while able to provide glolpaltistemporal detail on aerosol amount and to
some extent type, by itself it is insufficient famoviding detailed aerosol microphysics.

Targeted suborbital measurements are expected Ipothiebetter contrain the uncertainty
associated with direct aerosol radiative forcikgt{n, 2012. Results from global circulation models
(e.g.Mann et al, 2014 are helping to paint a picture of how aerosailabally distributed $tier et
al, 2013; Kinne et al, 201Band new studies of global decadal and/or multiadal trends in aerosol
load are helping constrain its behaviour in tir@&i6 et al, 2014. It should be borne in mind that the
convergence of results between IPCC/AR4 and ARBGdel inter-comparison exercises suggests a
reduction in model diversity but not necessarilynmodel uncertainty, due to the limitations of
available observational constrainanset et al, 2014Schwartz et al, 2014 Of note is the fact
that there is a rapid growth in understanding 3Dos@ climatologies thanks to vertical profiles
provided by LIDAR (e.gWinker et al, 2013 Yu et al, 201Q. These are likely to play a key role in
comparative studies involving targeted suborbitabsurements. With regard to the characterization
of aerosol types, numerous studies have attempmtedatsify aerosol types from ground-based
observations (e.doubovik et al, 2002 Eck et al, 1999 Kalapureddy et al, 2009 Lee et al, 2010
Mielonen et al, 2009, Omar et al, 2005; 20p9%and many satellite algorithms now adopt proceslur
for classifying aerosol types to improve the accyref their AOD retrievalligurashi & Nakajima,
200Q 2002 Jeong & Li, 2005 Kahn et al, 2010 Kaufman et al, 2005 Kim et al, 2007, 2013Lee
et al, 2009 Remer et al, 2005, Russell et al, 201Despite such studies at the local or regionadlle
using bivariate or multivariate combinations of iogk and/or microphysical parameters as proxies,
there is no unambiguous protocol for the identidyaerosols of different types or mixtures. Theelatt
is of particular importance and of increasing prosmice due to cross-boundary and/or inter-
continental transport of aerosol (eYa et al, 2013.

A proper characterization of aerosol requires keolgk of aerosol size, shape, and
composition provided by optical and microphysicatgmetersubovik & King, 2000). Inversion
of radiation measurements made by ground-based CidliEphotometers (typically several per day)
operated at sites contributing to AERONEo(ben et al, 1998 provide size, index-of-refraction,
and shape information, but sites in this point-damp network are unevently distributed —
particularly over ocean and uninhabited regiong.(deserts, ice caps oceans, and mountains). It
should also be noted here that AERONET particlpenty retrievals are not as well-constrained as
direct-sun spectral AOD measurements, and also gbate of the assumptions in the sky scan
retrieval are not physical (e.g. assuming thatitlkiées of refraction are the same for both find an
coarse modes). The highest level of chemical detadrovided by surface or low altitude situ
measurements but laboratories and supersites teme docated at urban centres and sample the
atmosphere at altitudes well below the cloud laye€CC, 2013. Furthermore, there is a need for
more studies comparing mass size distributions wiblumnar volume size distributions (e.qg.
Gerasopoulos et al, 20070 test such ascertions, especially considehing AERONET aerosol type
has only been validated agaiimstsitu data in a few cases. From space, radiation measuts from
spectroradiometer instruments onboard satellitgsic@lly ~1 per day) provide full-Earth viewing
capacity but discerning aerosol types is stillummbiguous. Nevertheless, progress is being nmade i
this direction. For example, inversion algorithrhattretrieve aerosol properties from spectral multi
angle polarimetric satellite observations sugdest polarization information is expected to helphwi
regard to determination of particle size and thed part of the refractive index with reference to
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volume size distributiondubovik et al, 201}, and some constraints on size, shape and alseShAe
have been shown to be derivable from multi-anglajltimpectral observations with MISR
(Kalashnikova & Kahn, 2006 Chen et al, 2008Kahn et al, 2010.

Given the current limitations in coverage and dedasociated with using AERONET and
satellite retrievals of aerosol type data, thisguapresents a method for identifying, naming and
visualizing global mixtures of aerosols from thetpa of global circulation or chemical transport
models. The motivation for this is the work i§dhn et al (2001)which analyzed the sensitivity of
multi-angle imaging to AOD and aerosol type, basedglobal-scale model simulations of these
guantities drawn from several sources. They prodlacglobal climatology of likely aerosol mixtures
by month from the model results, and showed theedetp which multiangle imaging is sensitive to
natural mixtures of aerosols, particularly over theean. Here, we develop a methodology for
spatially partitioning the globe into zones of aailomixtures of distinct characteristics. The
partitioning is driven by the contribution of distt tropospheric aerosol types to the AOD in each
pixel of the global grid (2.5 x 2 degree longituxidatitude) provided by the Goddard Chemistry
Aerosol Radiation and Transport (GOCART) modgtif et al, 2000; 2002; 2014andGinoux et al,
200]). The GOCART model provides global, continuousddgd 3-hourly values of total AOD at
500nm as well as the contribution to the total A@fBulfate (SU), black carbon (BC), organic carbon
(OC), desert (mineral) dust (DU) and sea salt (3%th reference to the values of optical and
microphysical parameters provided by AERONET sitaseach cluster, we then assess the
characteristics of the global partitioning obtaideda multiyear mean and for seasonal means of the
GOCART chemical simulations in the context of erigtstrategies for aerosol classification. In this
way, a representation of the global spatial diatidn, composition and other characteristics of
aerosol mixtures are derived and assessed.

The paper is organized as follows. The model sitimrla and validation data used in this
study are briefly presented in Section 2. Secti@utiines the approach followed to cluster GOCART
data to partition the globe spatially into aerosoktures as well as a new colour-coding and a
taxonomy for their labeling and visualization. lacBon 4, the average composition of the clusters i
presented for the whole (multiyear) period anddach season, and average values of optical and
microphysical parameters extracted from availablgphotometer inversion products in each region
are used to make an assessment of their charéiceergd of several bivariate and multivariate
classification schemes. The paper concludes iniddebt with a summary of the main findings and
suggestions for application of the results.

2. Data sources and uncertainties

GOCART (Collection G4P0) simulations spanning allysl in the years 2000-2006 (inclusive) and
gridded globally in pixels of size 2.5 x 2 degrélmgitude x latitude) were downloaded from the
Goddard Earth Sciences, Data and Information Sesv@enter (GES-DISC) interactive visualization
and analysis portal at: http://gdatal.sci.gsfc.yumsa and the percentage contribution of individual
aerosol type to the total extinction AOD were dedyor each pixel. The time-averaged global means
were calculated, as were seasonal means basedtractiex of all DJF (December, January and
February), MAM (March, April and May), JJA (Juneaylyd and August) and SON (September,
October and November) data. The methodology usexpatially partition the global multiyear and
seasonal data is presented in Section 3.1. Soafaegertainty in the GOCART model stem in part
from uncertainty in the calculation of aerosol maassociated with the emission inventories for
individual aerosol types, chemical transport andcprsors, and removal processes. In addition,
uncertainties in the mass extinction efficiencie®mmed are due to assumed particle hygroscopic
properties, refractive indices, aborption, mixirtgts, injection heights (in particular for biomass
burning smoke and dust), as well as assumptionspbéricity and size distribution of different
aerosol typesChin et al, 2002; Yu et al, 201D In relation to biomass burning aerosol, theltdts
mass burned in current source inventories is maohldw (Chin et al, 2009, and the commonly
applied assumption that smoke emissions are dibumiy distributed in the atmospheric boundary
layer has also been called into questigahh et al, 2008; Val Martin et al, 2010. Another key
issue is that the assumption in the Mie theory usedalculate particle optical properties is that
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particles are spheres; this assumption has beemnstmlead to severe under-estimation of aerosol
extinction and backscatter in the case of non-spdleparticles Mattis et al, 200). The global
partitions of aerosol mixtures based on clustetyaisaof GOCART described in Section 3 should be
seen in the context of these uncertainties.

With a view to characterizing the optical and myrgsical properties and general
characteristics of aerosol mixtures and distinetezoof the partitioning described in Secion 3, the
global record of AERONETHolben et al, 1998 “All Points” Level 2.0 Version 2 inversion prodsc
was downloaded from http://aeronet.gsfc.nasa.galvtamporally aligned with the multiyear period
spanned by the GOCART record (2000-2006 inclusiViélese products are cloud-screened and
quality assured. The accuracy of these produatspisrted byDubovik et al (2000; 2002; 2006 In
addition, the global record of AERONET “All Pointt®evel 1.5 inversion products was obtained to
address situations where Level 2.0 Version 2 recareie missing (see Section 4.2). For both Level
1.5 and Level 2.0 records, the phase function @tdegjrees for the central spectral wavelengths, (440
675, 870 and 1020nm) was also appended (see Settlofor details of its application to the
estimation of LIDAR ratios). Finally, we note tha, order to facilitate future studies of co-loghte
GOCART and/or AERONET data with satellite data ded at 1x1 degrees, the GOCART data was
downscaled from 2.5 x 2 degree longitude x latittmlelx1 pixel resolution using a simple cubic
spline interpolation. We would like to reiterateda¢hat, as the data quality for aerosol-type isioer
products is very different from direct-sun AOD ma@&snents, work still needs to be done to validate
AERONET aerosol type products and further assese tincertainties. We will return to this point in
more detail in the results section where the optind microphysical characteristics of global aetos
mixtures derived from AERONET inversion products presented.

3. Methodology

Global time-averaged mean maps are first calcuffatethe total AOD and for the BC, OC, SU, DU
and SS contribution on i) the multiyear timescadd/Q1/2000-31/12/2006) and ii) the seasonal
timescales DJF, MAM, JJA and SON. The ratio of ¢oatribution of the aerosol type to the total
AOD was calculated as a percentage in each pixketla maps were then ‘unfolded’ and combined
in serial form with data in each pixel occupyingoav of the resultant 64800 x 8 matrix (column
1=longitude, column 2=latitude and columns 3:6=petage contribution of BB=BC+OC, SU, DU
and SS. Note that we have adopted a conventionusisd by GEOS-5 whereby combined aerosol
maps produced from GOCART data are constructedulbyngng the percentages of BC and OC
labelling the result as ‘BB’ (corresponding to 'Biass Burning’). Figs. 1 and 2 show the global
spatial distribution of the mean total AOD (500nomm the multiyear and seasonal timescales,
respectivelyFig. 1 shows that the regions of peak mean global aetoadlare broadly located over
the Sahara and Nigeria in Northern Africa, in thabizdesert to the north of the Himalayas, and over
a large region centered on Beijing.
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Fig. 2.The seasonal mean AOD (500nm) from the GOCART inftethe monthly triplets: DJF,
MAM, JJA and SON.

The maps ofig. 2 suggest that the spatial distribution of the miesaal AOD does not vary strongly
even on the seasonal timescale. Furthermore, the soarces of aerosol, while exhibiting some
seasonal variation in intensity, do not show latgplacement in the location of their peaks. Nbot t
such findings should be seen within the contexhefunderlying assumptions and limitations of the
GOCART model itself, that lead to uncertainty ire tAOD retrievals for different aerosol types.
Some of these have been described in Section Rarticular, dust and especially biomass burning
show large inter-annual AOD variations on the seaktimescale at the regional lev€hin et al,
2009; 2014, and these effects are averaged-out in Figs.dLZanA further limitation is that the
GOCART model itself may not fully capture the magde of the regional, seasonal inter-annual
variability.

In order to investigate how representative the 220006 (inclusive) mean is of variability in
the annual mean over the study period, we extragtieltied maps of the mean annual AOD and
performed a quantitative comparison of each yeawdyp with the 2000-2006 mean. Since maps of
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AOD are effectively grey-scale images (i.e. colisuused only to represent magnitude), the mean bias
and root-mean squared error (RMSE) can be calclldirectly by averaging differences over all
64800 pixels. Note that the RMSE, although a goodntjtative measure of magnitude, is often a
poor measure of feature differences (&Wgang et al, 2004. Hence, we also calculated the value of
the mean structural similarity index (SSIMJVéng et al, 2004. The results of this quantitative
comparison between the annual mean and the 20®+2@an for each year of the study period are
collected inTable 1

Table 1. Statistics resulting from a comparison of the gedld1x1 degree) mean total global AOD

(500nm) map for the period 2000-2006 (inclusive)hwthe analogous annual mean maps. ‘Bias’ is
the mean bias, ‘RMSE’ is the root mean squarear emd ‘SSIM’ is the mean structural similarity

index calculated over all 64800 gridded (1x1 deppaeels.

Year Bias RMSE SSIM

2000 0.0151 0.0520 0.999525
2001 -0.0028 0.0193 0.999949
2002 0.0022 0.0102 0.999985
2003 0.0037 0.0098 0.999985
2004 -0.0053 0.0102 0.999980
2005 0.0038 0.0121 0.999979
2006 0.0006 0.0159 0.999969

There is strong agreement in the structural siityldretween maps of annual means and the 2000-
2006 mean (perfect agreement is signified by aevaluSSIM=1). There is some variation in the
mean bias and the RMSE, both of which are unitlasss AOD. In patrticular, the year 2000 mean
shows the strongest deviation from the 2000-2008meith both a bias and a RMSB times the
maximum bias and RMSE obtained for other yearfiénstudy period. In the context of the accuracy
of the AERONET retrieval of AOD, which is +0.0Bi¢lben et al, 2008 for the Level 1.5 inversion
products and +0.01ECk et al, 1999 for the Level 2.0 inversion products, the caltedamean pixel
bias and RMSE are well within these accuracy lifotsall annual means considered. In Figs. S1-S7
of the supplement accompanying this manuscript,sneghe mean total global AOD for the years
2000 through 2006 (inclusive), the 2000-2006 mealtulated annual differences from the multiyear
mean, and a log-density regression (over all pixalsnnual mean data versus the mutiyear mean are
presented. Based on these findings, we proceededetdhe multiyear 2000-2006 mean map as a
proxy for the annual mean AOD maps. Note that ioiphn this assumption is that the mean
percentage contribution of aerosol types has silyilaw interannual variability. In order to capéur
also the variation in individual aerosol componergsults for seasonal means will also be presented
in full. Fig. 3 presents the mean percentage contribution of tiypss to the total AOD for the global
multiyear mean.
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Fig. 3.The multiyear (2000-2006 inclusive) mean percemtaantribution of BC, OC, BB=BC+OC,
SU, DU and SS to the total AOD (500nm) derived IG@CART model output data. Colour axes are
normalized to the maximum value in each case.

Fig. 3 shows that, based on the model simulations, tiges$a contributions to the mean global AOD
are from dust and sulfate (whose colour bar axésndxto nearly 100%). Dust is seen to occupy an
extended (and slightly eastwardly-inclined) bandaafund 30 degrees of latitude, and 180 degrees
longitude in extent, situated between 10NLOMarine sea salt aerosol appears to be confitredgy

to the Southern hemisphere and its peak occuplemd about 20-30 degrees of latitude, centered
around 665, and extending across the globe in longitudek Reatributions of biomass burning
products (BB=BC+OC) occur as expected over the Amdarest, in the African Savannah and the
forests of Borneo, Indonesia and North Western rialiat On this timescale, the Sahel does not
appear as a major BB source. The contribution lb&tguis more dispersed. Strong peaks are observed
over Indonesia’s “Ring of Fire” and Santiago (Chileut prominent and extensive contributions are
clearly visible in the regions centered on MexidtyCthe North East coast of the USA, Japan, the
Eastern coast of China, as well as over the whiolleeoEuropean continent (with the exception of the
southern periphery).

3.1 Cluster analysis

The next task was to perform cluster analysis enpgrcentage contributions of each aerosol type for
the global mean map calculated for the multiyemesicale and the seasonal timescale. A k-means
clustering algorithm NlacQueen, 1967 calculated the norm of the Euclidean distancdsidfwvwe

will refer to as an ‘energy’ to be minimized) froctuster centres to every point in the 4D space of
percentage contributions. To mitigate the effectceftres being confined to local minima, initial
cluster centres were chosen randomly during melt{ple used 10 here) independent runs (for the
same number of clusters) as per the prescriptiddaofd & Vassilvitskii (2007). The lowest energy
case of these ‘random seeds’ was then retainelealsest case. This entire procedure was repeated
stepping through 1 to 24 cluster centres. The tiariaof the energy (E) with the number (N) of
clusters is shown iRig. 4. The global minima resulting from the random segdirocess were found
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to be repeatable and robust. As an indicationpt#reentage difference in the Euclidean distance for
each random seeding relative to that associatddtigt best seed never exceeded 5.6% for the case of
N=10 clusters. Furthermore, six out of ten of teeds had a percentage difference of less than 1%
from the optimal global minimum found.

T T T T I T T

T 1
® E=i(N)
W Method 1: |delta E| < 10%
W Method 2: p=[3,4] half-lives [lower,upper] bounds

Energy, E

p=1

® kmeans In(E)
linear .
5/ In(E): p=[1:5] half-lives

p=3 .-,

=
15 i
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Vi, |
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1 L YPe ¢ e o o

1 2 3 4 5 6 7 8 9 10 " 12 13 14 15 16 17 18 19 20 21 22 23 24 B
Number of clusters, N

Fig. 4. Graph of the norm of the Euclidean distance (rgyie E) with the number (N) of clusters (1-
24) for the multiyear mean percentage contribubBB, SU, DU and SS to the total AOD (500nm)
with points shown as black dots. Red trianglescatdi the values of (N,E) associated with ‘halfdive
p=[1:5] obtained by linear regression of the plbEosersus N in natural logarithm space (inlay)udl
horizontal lines indicate the point whend& drops below 10% (at N=10) while red vertical fine
indicate the lower and upper bounds on the optitaaiber of clusters.

Fig. 4 shows that this approach leads to a smoothly degasariation of E with N. In order to
identify the optimal number of clusters, we applia®d methods. In the first method, as per Omar et
al. (2005), the optimal number of clusters was atetk with the condition that the change in energy
('delta E’ in the plot) fell below 10% of the irgi energy value (for the case N=1). For the mudtrye
global mean data, this condition gives N=10 clsstdrhis choice of stopping condition (10%),
although subjective and on the conservative sidejyces a global partition into spatial zones whose
dominant aerosol types and/or mixtures are refiedig other studies in these regions. Actual
retrieval sensitivity for MISR, to take that examptenerally requires about 20% of AOD for a single
component to be at all detectable, under goockexetkiconditions (Kahn et al., 2001).

As an independent check on the consistency andheitealidity of this result, we devised
the following method for estimating upper and loviEunds on the optimal number of clusters
obtained. When plotted on log-log (natural logamjhaxes, the curve of E versus N was found to be
closely fit by a straight line (especially for N>4)signaling that the curve follows an exponential
decay. The linear fit in log-log space was usedirtd the location of the integer values of N
corresponding to consecutive halvings of E. In fjpace, points associated with the number of ‘half-
lives’ (p) of E lie at equally-spaced distancesglthe best fit line as shown by the red triangtes
the inlay inFig. 4. In order to find lower and upper bounds for tiptirnal number of clusters, points
having coordinates In(N) and In(E) closest to eae of p were used. For p=3 half-lives, N=7 (i.e.
closest to the "7 black point along the best fit line in the inlafy/ Kig. 4) provides the lower bound
and, for p=4 half-lives, N=13 (i.e. closest to #8" black point along the best fit line in the inlafy o
Fig. 4) provides the upper bound. This method suggesitisthie optimal number of clusters N is
between 7 and 13, in logical agreement with thelredtained using the first method where N=10
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when the ‘delta E<10%’' stopping condition was usBtkse findings are in general agreement with
the study of the sensitivity of multiangle imagitagnatural mixtures of aerosol Kahn et al (2001)
where 13 clusters were found for up-to-four congdmmixtures and 5 clusters were obtained when
differences in components but not their proportiamse analyzed. With the stopping condition in
mind, we adopted N=10 as the “optimal” humber oktérs. This approach was then repeated for the
global mean maps unfolded for seasonal dataFign S9 of the supplement accompanying this
manuscript, plots of the process for each seasdr,(®AM, JJA and SON) are presented. During the
season spanned by the months DJF, the optimal nuofbelusters is commensurate with that
obtained for the multiyear mean (N=10). For theeotbeasons MAM, JJA and SON, the “optimal”
number of clusters is N=11 — suggesting perhapsnarease in the diversity of global aerosol
mixtures during these months as compared to DJEeGumain, in the context of the stopping
condition, it is unlikely that the difference be®veN=10 and N=11 is significant.

3.2 Taxonomy of aerosol mixtures

The result of applying the methodology outlinedSiection 3.1 to the unfolded map of the multiyear
mean and unfolded seasonal maps was a vectorstécindices (ranging from 1 to N, the number of
clusters obtained with the stopping condition) acle case. Each row of this vector assigns each pixe
to a distinct cluster and has a direct 1:1 mappiit the matrix of unfolded aerosol type percensage
(i.e. each pixel has a specific and distinct praporof BB, SU, DU and SS. Isolating all instancés
the same cluster index then allowed for descripsiegistics (central values and dispersion) derived
from the percentage contributions of BB, SU, DU &%l to be produced for each clusieable 2
presents the results of this analysis for the yedii mean global partition. Tables presenting full
descriptive statistics (including also the mediad ahe inter-quartile range) are presented in the
supplement for the multiyear meahnaple S1 and for seasonal mean global partitiomakles S3-
S6). Note that the statistics reported representctresistency of the model rather than its accuracy
per se

Table 2. Descriptive statistics of multiyear mean global omet mixtures extracted from the
GOCART data record by application of cluster analys

GOCART V4 Clusterl Cluster2 Cluster3 Cluster4 Cluster5 Cluster6 Cluster7 Cluster8 Cluster€ Cluster 1C

Pixels 1187 16020 15486 2486 2019 2645 6958 4153 3380 3508
AOD (500) 0.17 0.06 0.16 0.40 0.19 0.20 0.14 0.10 .100 0.09
%BB (Mean) 35.9 14.0 12.5 5.7 61.2 11.2 104 15.0 .09 34.2
%SU (Mean) 27.4 44.6 54.7 13.0 29.7 31.0 43.1 66.1 28.8 45.0
%DU (Mean) 30.7 4.7 25.6 80.2 6.0 53.1 27.0 4.7 3.8 6.8
%SS (Mean) 5.9 36.7 7.2 11 31 4.7 19.5 14.1 584 14.0
%BC (Mean) 5.9 3.0 34 17 9.3 3.2 3.2 34 17 6.7
%0C (Mean) 30.1 11.0 9.1 4.0 51.8 8.0 7.2 11.6 7.3 27.5
%BB (St.D.) 7.4 4.1 3.1 3.7 8.5 55 2.7 5.2 24 6.5
%SU (St.D.) 5.7 6.3 4.9 55 6.6 7.9 4.0 7.1 4.1 6.6
%DU (St.D.) 8.2 2.2 4.6 8.1 5.2 7.8 5.6 4.3 14 4.7
%SS (St.D.) 3.3 5.4 3.2 1.9 3.2 4.5 4.8 8.5 6.4 7.8
%BC (St.D.) 12 1.0 0.9 0.8 18 12 0.7 13 0.6 1.2
%0OC (St.D.) 6.8 3.2 2.5 3.1 7.4 4.8 2.1 4.3 1.9 5.8

In this work then, each cluster corresponds to armaerosol mixture — containing a combination of
BB, SU, DU and SS. When visualizing the clusters,decided to follow as closely as possible the
colour scheme used for aerosol types by the CALIASDAR aerosol retrieval algorithm:
black=smoke (‘BB’), red=pollution (‘SU’), yellow=du (‘DU’) and blue=marine (‘SS’) with the
closest parallel possible with the aerosol typidgmed by GOCART. This scheme has the desirable
property that these are primary colours and areallis easy to distinguish (i.e. they do not create
ambiguities in perception due to colour-blindnemséxample). With this colour-coding, the cluster
analysis gives rise to the following stacked baartbf mean aerosol mixtures showrFig. 5for the
multiyear global means:
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Fig. 5. A (primary) colour-coded stacked bar chart dispigythe aerosol composition of each cluster
resulting from application of the k-means algoritand the stopping condition to the global multiyear
mean GOCART data.

Note that cluster 4 is DU-dominated, cluster 5Bsdminated, cluster 8 is SU-dominated and cluster
9 is SS-dominated. All other clusters (1,2,3,6,@ &0) are not clearly dominated by a single aerosol
type but have at least one component in exces20%~= This leads fairly naturally to a naming
convention whereby the dominant component can degtht of as the ‘object’ and the sub-dominant
components as descriptive ‘adjectives’ (that catogeeally ordered in increasing order of size}he
‘ordered adjective-object’ taxonomy shownTiable 3. The result is five “Sulfate” clusters, two each
of “Smoke” and “Dust,” and one “Marine.”

Table 3. Taxonomy of aerosol mixtures for the multiyearbglbmean partition using the ordered
adjective-object naming convention. The ‘object higjhlighted in bold capital font and is the
dominant aerosol type. The ‘adjectives’ precedihngaie in increasing order of percentage
contribution.

Cluster 1 Sulfurous Dust§MOK E
Cluster 2 Marine6SULFATE
Cluster 3 DustysULFATE
Cluster4  DUST

Cluster 5 SulfurouSMOKE
Cluster 6 Sulfurou®UST

Cluster 7 Marine Dust$ULFATE
Cluster 8 SULFATE

Cluster 9 SulfurouMARINE
Cluster 10 SmokeBULFATE

Stacked bar charts of mean aerosol mixtures oluta@riethe seasonal timsescale as well as the
resulting taxonomy are provided Tiable S2andFig. S8of the supplement.

In the 4-component analysis performedKiahn et al (2001) clusters were associated with
either dominant regions or seasons. Here, and uiithoing into too much detail, we present a brief
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comparison of several of the largest clusters sess the consistency in the outputs of the two
models. Table 2 okahn et al (2001)presents 5 climatological mixtures (as percentadesy, SS,
BC, OC and fine and coarse DU) classified intofthlewin groups:

1) “Carbonaceous + Dusty Maritime”

2) “Dusty Maritime + Coarse Dust”

3) “Carbonaceous + Black Carbon Maritime”
4) “Carbonaceous + Dusty Continental”

5) “Carbonaceous + Black Carbon Continental”

with sub-divisions that depend on region and/orseea Group (1) has the highest global voxel
occupany (34%). The composition of the southernlatitlide ocean group (1c) is: 40%SU / 32%SS
/ 17%BB and 11%DU. The highest occupancy analogueur study is the “Marine SULFATE”
(cluster 2) which has a somewhat lower occupandy’f2) but is located in the same region (see next
Section) and has a very similar composition: 44.689436.7%SS / 14.0%BB and 4.7%DU. By the
same logic, group 4a) occupies 21% of the voxell wicomposition: 61%SU / 0%SS / 13%BB and
26%DU. The analogous cluster obtained here is YP&ILFATE” (cluster 3) which has a similar
occupancy (23.9%) and composition: 54.7%SU / 7.2%855%BB and 25.6%DU to within 7-8%.
These two examples are indicative of quite goodtitadive agreement and suggest that there is some
consistency between the two modeling approachesggcredenence to the actual clusters found in
both modeling approaches. In Section 4, we perfamadditional assessment of the clusters found
here against classes obtained by cluster analysdBONET sunphotometer data i@mar et al
(2005; 2009)

3.3 Visualization of aerosol mixtures

Having identified the composition of global mearrcs®el mixtures on the multiyear and seasonal
timescales, we now turn to visualizing the clusesartitions of gridded (1x1 degree) global maps
to see how they are spatially distributed worldwilehallenge here again is the use of colour,iand
particular, the creation of a colour scheme foresenting mixtures of aerosols. In order to retain
visual link with the colours assigned to pure aerdgpes (BB=black, SU=red, DU=yellow and
SS=blue) for each cluster, we simply mixed thesmamy colours in accordance with the percentage
of each aerosol type assigned to each cluster i@hvalid as the percentage contributions sum to
100%). As a further visual point of reference, vemnegrated and added colour keys to the resultant
maps corresponding to i) pure types (e.g. 100% @J50%:50% mixtures of any 2 pure types, and
iif) the actual compositional colour-mix of the drasol types BB, SU, DU and SS for each cluster.
Fig. 6 illustrates this approach in the context of inceatally increasing the number (N) of clusters
from N=1 to N=10 (see Section 3.1) for the casthefmultiyear global mean.

11



Pure Types: Equal Mixtures:
W ico% B8 M 50:50% BB:SU
B 100% sU M 50:50% BB.DU
[J1oo%ou M 50:50% BBSS
W 100% SS [ 50:50% Su:DU
W 50:50% SU:SS
1M 50.50% DU:SS

W Ciuster 1 M Cluster 1
M Cluster 2
M Cluster 3
M Cluster 4
[E Cluster 5
B Cluster 6

180°W 120°W 60°W 0°  60°E  120°E 180°W 180°W 120°W B0°W G 120°E 180°W
M Ciuster 1 F

B Cluster 2

I Cluster 1
W Cluster 2
[ Cluster 3
[ Cluster 4
H Cluster5
W Cluster 6
M Cluster 7

180°W 120°W B0°W 60°E  120°E 180°W

180°W 120°W 120°E 180°W

X ' W Cluster 1
M Cluster 2
M Cluster 3
| W Cluster 4
B Cluster 5
. [l Cluster 6
[ Cluster 7
M Cluster 8

B Cluster 1
[ Cluster 2
H Cluster 3

80°N
40°N

00
40°8
80°S

180°wW 120°w 60°w  0° 60°E 120°E 180°W 180°W 120°W 60°W 120°E 180°W

B Cluster 1
W Cluster 2

M Cluster 1
I Cluster 2
W Cluster 3
[ Cluster 4
M Cluster 5
[ Cluster 6
W Cluster 7
H Cluster 8
I Cluster 9

0
80°N
M Cluster 3
[ Cluster 4

180°W 120°W 120°E 180°W

' [ Cluster 1 Op gl E W Cluster 1
B Cluster 2 80 N l B Cluster 2
M Cluster 3 5 B Cluster 3
M Cluster4 40°N | [ Cluster 4
[ Cluster 5 W Cluster 5
00 | E Cluster 6
B Cluster 7
o B Cluster8
40 S B Cluster 8

" B Cluster 10

180°w 120°w 60°wW  0° 60°E  120°E 180“\!\;’

180°W 120°W 60°W 07 60°E  120°E 180°W

404
405
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413 4. Results
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415 4.1 Global mean aerosol mixtures on the multiyeat seasonal timescales
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The global distribution of aerosol mixtures for thaltiyear global mean, where the optimal number
of clusters is N=10, can be seen in the bottomt mgimel ofFig. 6. Table 4 presents the number of
pixels and the fraction of the global grid (1x1 degp) occupied by each cluster. Cluster 2 (‘Marine
SULFATE") and Cluster 3 (‘Dusty SULFATE’) have thargest spatial extent and occupy the greatest
number of pixels (24.7% and 23.9% of the globatl gespectively). Furthermore, Cluster 2 and
Cluster 9 (‘Sulphurous MARINE’) together span tlmaithern oceans below about-$5and occupy
40.7% of the grid, whereas Cluster 3 (‘Dusty SULEATand Cluster 7 (‘Marine Dusty SULFATE")
together span nearly the entire northern hemisphregion (above about 48) with a combined
occupancy of 34.6%.

With regard to aerosol mixtures obtained for seasoreans, it can be seenhiy. 7 that the
salient features of their spatial distribution démegely similar. Note that these maps represent the
mixture of aerosol types and not amount (for tlae Sig. 2), which varies seasonally to a much
greater extent.
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Fig. 7. The spatial distribution of aerosol mixtures rdsgltfrom application of the k-means
clustering algorithm to the seasonal mean of gl@@CART chemical data for the monthly triplets:
DJF, MAM, JJA and SON.

These maps echo several key features (includindodaion and extent of dust-dominated aerosol
and biomass burning products) of the cluster aislgs aggregate AOD data for an earlier time
period (1980-2000) drawn from 5 aerosol transpartiels inKahn et al (2001)for the months of
January, April, July, and October (Plate Kaihn et al, 200).

The spatial extent (in pixels and as a percentagfgeaylobe) of aerosol mixtures obtained for
the seasonal means in showrTable 4. Note that the composition of each aerosol mix{ahaster)
for the multiyear mean are given bgble 2, whereas the composition of each aerosol mixtoiréhie
seasonal means are givenTgbles S3-S6n the Supplement.

Table 4. The number of pixels and the fraction of the glameupied by each cluster for the
partitioning of the multiyear mean and the seasoredns.

2000-2006 DJF MAM JJA SON
Pixels Fraction Pixels Fraction Pixels Fraction xdi Fraction Pixels Fraction
Cluster 1 1187 1.8% 2128 3.3% 5251 8.1% 8887 13.78632 13.2%
Cluster2 16020 24.7% 10842 16.7% 8592 13.3% 121548.8% 6154 9.5%
Cluster 3 15486 23.9% 12092 18.7% 4296 6.6% 100965.6%4 8472 13.1%
Cluster 4 2486 3.8% 11315 17.5% 2481 3.8% 1894 2.9%186 23.4%
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Cluster 5 2019 3.1% 2016 3.1% 9099 14.0% 3194 4.9%049 10.7%
Cluster 6 2645 4.1% 12251 18.9% 7172 11.1% 3010 %4.62947 4.5%
Cluster 7 6958 10.7% 2970 4.6% 8513 13.1% 6280 9.7%r 85 7.4%
Cluster 8 4153 6.4% 5495 8.5% 3690 57% 2784 4.3983493 5.2%
Cluster9 10338 16.0% 4043 6.2% 2488 3.8% 6014 9.3%Z384 3.7%
Cluster 10 3508 54% 1648 25% 9294 14.3% 3063 4. 78665 5.7%
Cluster 11 3924 6.1% 7424 11.5% 2377 3.7%
TOTAL 64800 100.0% 64800 100.0% 64800 100.0% 6480M0.0% 64800 100.0%

In Table 5 we have extracted the compositional data fortefashaving the same taxonomical label
for the multiyear mean and seasonal mean partitidhés has been done to provide an initial
assessment of the variation of the composition wfhsclusters on the seasonal timescale in
comparison with those captured by the multiyearmmpsatition.

Table 5. The percentage contribution of BB / SU / DU / SSthe total AOD (500nm) for the
multiyear mean (shown in figure 5) and the seasoredns for clusters in each partition having the
same label according to the taxonomy of Section 3.2

Common Mixture Multiyear DJF MAM JIA SON

DUST 5.7/13.0/80.2/1.1  7.8/10.5/80.7/1.1 4.2/BBR.7 5.0/16.5/76.7/1.8 5.2/13.3/80.3/1.1
Sulfurous DUST 11.2/31.0/53.1/4.7 15.0/24.5/569./4.9.6/24.7/62.5/3.2  14.7/32.9/46.6/5.8  14.2/30.2/811
Dusty SULFATE  12.5/54.7/25.6/7.2 7.5/58.0/18.2/16.3.5/55.8/28.7/6.1  12.7/52.1/25.1/10.1  13.4/52.2/265

SULFATE 15.0/66.1/4.7/14.1 12.6/64.7/5.7/16.9 1664/4.3/12.8 14.7/67.0/11.1/7.3  17.6/71.0/4.6/6.8
Marine SULFATE  14.0/44.6/4.7/36.7 10.9/50.9/5.9832. 9.2/49.8/4.1/36.9 8.9/49.0/2.8/39.2  13.2/57.22B8
Sulfurous MARINE ~ 9.0/28.8/3.8/58.4  6.5/37.9/6.4/49.23.5/24.8/2.8/68.9  11.8/32.0/2.8/53.4  15.2/24.7564

Without going into too much analytical detail henes draw the reader’s attention to the ‘DUST’ and
‘Sulfurous DUST’ clusters as an illustration. Fbe tmultiyear mean partition, the ‘DUST’ cluster has
DU=80.2%. The corresponding cluster in the seasoman partitions has percentage contributions:
DU=80.7%, 85.6%, 76.7% and 80.3% for DJF, MAM, Jid SON respectively — with a peak in
MAM. The ‘Sulfurous DUST’ cluster of the multiyearean partition has components: DU=53.1% &
SU=31.0%. The corresponding cluster in the seasmean partitions has percentage components:
(DU,SU)=(56.1%,24.5%), (62.5%,24.7%), (46.6%,32.9%) (51.2%,30.5%) for DJF, MAM, JJA
and SON respectively. These findings are qualihticonsistent with seasonal trends for dust and
polluted dust aerosol in the literature.

In order to facilitate the uptake of the findindgtus work, spreadsheets (EXCEL) of gridded
(1x1 degree) cluster indices for the multiyear mglaibal aerosol mixtures and seasonal mean (DJF,
MAM, JJA and SON) global aerosol mixtures are fyeel available at:
http://apcg.meteo.noa.gr/aeromap/ together withlesalpresenting descriptive statistics (mean,
standard deviation, median and inter-quartile ramfehe 5-component (BC, OC, SU, DU and SS)
percentage composition for each cluster of bothmi#iyear mean global partition and the seasonal
mean global partitions: DJF, MAM, JJA and SON. tested readers wishing to perform a
comparative analysis of the global partitions aiedi here with those dfahn et al (2001)can
download the “ClimLikely” data set of the Ilatter athe NASA Langley ASDC:
https://eosweb.larc.nasa.gov/cgi-bin/misr_tools/clim_likely.cgi.

4.2 Optical and microphysical characteristics ofanglobal aerosol mixtures

In order to characterize aerosol mixtures, gridled. degree) aerosol mixture cluster indices were
used to co-locate and extract inversion producfgidqal and microphysical aerosol parameters)
derived from AERONET sunphotometer data for eadtitjum. Fig. 8 shows four individual clusters
(the dust-dominated clusters 4 and 6 and the srdok@nated clusters 5 and 10) for the case of the
global multiyear mean overlaid with points indicgtithe locations of AERONET sites contributing
Level 2.0 Version 2 inversion products.
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Fig. 8. Maps showing the spatial distribution of 4 aerasoltures associated with clusters 4, 5, 6 and
10 coloured according to their compositional migiwwith AERONET sites contributing Level 2.0
Version 2 inversion products wthin each clustenghas small circles. The total number of complete
L2.0 V2 inversion records and the number of gridiletl degree pixels are also shown.

In what follows we present mean values of optigal anicrophysical aerosol parameters extracted
from the AERONET inversion data record for eachstdu of the multiyear mean global aerosol
partition. Spectral parameters retrieved includiex aerosol optical depth (AOD), the asymmetry
factor (ASYM), the phase function at 180 degree@d &B)), the absorption aerosol optical depth
(AAOD), the single scattering albedo (SSA), thel @& imaginary parts of the complex refractive
index (CRI-R and CRI-I respectively), and the LIDA&io (LR) retrieved at the central wavelengths
440, 675, 870 and 1020nm. Although not provide@édally by AERONET’s inversion algorithm,
spectral values of the LR were appended to theatoed dataset using the empirical relationship
(Boyouk et al, 2010:

4
LR(D) = 554(1) % P(1200,4) 1

and the Angstrom Exponent AE(440/675) was calcdldieearly from the AOD at these two
wavelengths in log-space. Microphysical parametetsieved include: the mean percentage of
spherical particles (% Sphericity), the aerosolwm size distribution (AVSD) in 22 equally-spaced
logarithmic radial bins from 0.05 to 15 um, and A¥8erived parameters related to fine (‘f") and
coarse (‘c’) modes: geometric radii (land ), geometric standard deviations; @nd c.), volume
concentrations (Mand \;), and the fine mode fractiapn= V; / (V¢ + V) which is a measurement of
the proportion of fine mode aerosols to the totgl vlume (not number). For details of the
calculation of AVSD-derived parameters, we refex thader to Appendix A dfaylor et al (2014)
Regarding the accuracy of the AERONET sky scanengdls, the overall uncertainty in AOD (under
cloud-free conditions) is £0.01 for wavelengthsgenthan 440 nmOubovik et al, 2000 and the
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error in aerosol AVSD is estimated to be < 10%garticle radii in the region of fine and coarse
mode peaks in the radial interval betweendriand 7um (Dubovik et al, 2003. It should also be
borne in mind that the retrieval (especially of tB&A based on fine and coarse modes) is
implemented under the assumption that the CRles#me for all particle sized@lben et al, 2008;
which is not suitable for physical interpretatiofsirthermore, the quality of all Level 2 inversion
products is maximized at large solar zenith an{#&® degrees). Retrievals of the SSA and CRI in
particular require large aerosol loads where AODMW)>0.4 and four coincident spectral
measurements at 440, 675, 870 and 1020nm. Aerosaling is also important for accurate

determination of % Sphericity which requires AOD@a#)>0.2 Dubovik et al, 2006 Holben et al,
2006. Table 6 below presents the optical and microphysical patammeans for each of the 10
clusters of the multiyear partition.

Table 6. Descriptive statistics of key optical and microphgs parameters extracted from the global
AERONET inversion record in each cluster for thdtipear global partition.

AERONET L2.0 Cluster1 Cluster2  Cluster3 Cluster4 Cluster5 Cluster6 Cluster 7  Cluster8 Cluster 9 Cluster 10
Pixels 3 5 120 32 27 46 13 32 1 19
Records 2026 588 81489 46462 14194 56391 4901 27319 378* 11206
AOD (440) 0.07 0.06 0.18 0.37 0.24 0.16 0.09 0.23 .049 0.15
AE (440/675) 1.48 0.82 1.65 0.58 1.65 1.31 1.37 217 0.82* 1.53
H20 2.09 2.48 1.43 1.82 2.16 1.42 1.82 1.77 0.81* 711
ASYM (440) 0.71 0.72 0.70 0.74 0.67 0.71 0.71 0.71  0.73* 0.69
P180 (440) 0.27 0.31 0.18 0.19 0.19 0.19 0.24 0.18 0.50* 0.20
AAOD (440) 0.052 0.006* 0.047 0.060 0.086 0.078 5.0 0.038 0.003* 0.060
SSA (440) 0.93 0.92* 0.93 0.91 0.89 0.91 0.95 0.95 0.95* 0.91
LR (440) 78.5 50.7* 88.1 76.1 89.3 82.4 59.9 88.5 0.58 87.9
CRI-R (440) 1.449 1.502* 1.445 1.478 1.490 1.477 51Q. 1.422 1.516* 1.437
CRI-1 (440) 0.010 0.007* 0.009 0.005 0.021 0.010 00G. 0.008 0.005* 0.013
r(f) 0.17 0.16 0.17 0.15 0.15 0.16 0.17 0.17 0.20*  0.15
o(f) 0.46 0.49 0.44 0.52 0.42 0.45 0.46 0.44 0.48* .430
V() 0.01 0.01 0.02 0.03 0.03 0.02 0.01 0.03 0.00*  0.02
r(c) 2.54 2.68 2.84 2.27 3.04 2.68 2.43 2.96 2.05* 2.95
o(c) 0.73 0.72 0.68 0.62 0.71 0.68 0.70 0.67 0.70* .690
V(c) 0.02 0.03 0.02 0.17 0.03 0.04 0.02 0.02 0.01* 0.03
n 0.28 0.18 0.54 0.15 0.48 0.34 0.36 0.60 0.21* 0.39
% Sphericity 96.9 90.0 81.8 1.8 98.9 43.9 69.9 98.1 54.7* 98.1

Values are taken from the Level 2.0 Version 2 igi@r product unless accompanied by a *,
whereby the values are taken from the Level 1.5siMdar?2 inversion product. Although some 588
Level 2.0 records were extracted for cluster 2etveere no records containing data for AAOD, SSA,
LR and the CRI at this level of quality assuraripeorder to estimate the values of these important
parameters, we extracted a total of 5830 analogetmrds from the Level 1.5 dataset at the sites:
Amsterdam Island, Dunedin, Guam, Rottnest Island &ahiti. For cluster 9 only, 10 Level 2.0
records were available, so we extracted 378 compéstords (all inversion products) from Level 1.5
data from Crozet Island to calculate mean valuedlgfarametersTables S7-S1®f the supplement
provide analogous data for the seasonal means (@AM, JJA and SON).

Below we present in graphical form, key trendshie full set of inversion products extracted
parameters. Although a detailed comparison withlitieeature is beyond the scope of the present
work, we highlight key results and refer the reaaerelevant studieszig. 9 shows the variation of
AOD with wavelength over the range 300 to 1100nmefach cluster together with a least squares fit
using cubic splines. The mean GOCART AOD (500nnaliss plotted for comparison purposes.

16



543
544

545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565

Cluster 1
Cluster 2
Cluster 3
Cluster 4
Cluster 5
035— Cluster &
Cluster 7
Cluster 8
Cluster 8
Cluster 10

| 3 3 2

0.05 — A
V] A A

—
A Y = x e

IIIIT]IIIIIFl[[]]lllll]]i]lllll[[][lllll

300 400 500 600 700 800 900 1000 1100
Wavelength [nm]

Fig. 9. Optimized least square regression fits to the splettehaviour of mean values of the
AERONET-retrieved AOD for each cluster at the calntvavelengths: 380, 440, 470 (extrapolated),
500, 550 (extrapolated), 660 (extrapolated), 6780 &nd 1020nm (triangles). Note that the
extrapolated values were calculated using the vafukE (440,675). The circles at 500nm are the
mean cluster values of the total AOD obtained byOBBT for comparison.

Two features stand out. Firstly, with the exceptanclusters 2, 5 and 10, the GOCART AOD
(500nm) is much higher than the mean AOD (500nntjaeied from AERONET retrievals in the
same cluster domains. This is likely due to thd that the spatial sampling of the domains by
AERONET sites is under-representing the mean AOBO&inm over each of these regions. In the
case of cluster 2 (‘Marine SULFATE’), there is elent agreement even though AERONET sites
occupy tiny fractions of only 5 pixels. High BB cponent Clusters 5 and 10 show a reverse trend
with the GOCART AOD (500nm) being much lower thdwe tmean AOD (500nm) extracted from
AERONET retrievals. In addition to the effect ofasipl representivity on AERONET versus
GOCART mean AOD values, it should also be bornmiimd that AERONET inversion products are
obtained only under cloud-free conditiorSniirnov et al, 2000, whereas the GOCART model
simulates values everywher@hin et al, 2003.

Fig. 10 presents the spectral behaviour of several opacal microphysical parameters
(ASYM, AAOD, SSA and CRI) commonly used to charaize aerosol data by distinct types and
their global climatology (see for examdbabovik et al, 2002 Eck et al, 2010 Chin et al, 2009
Russell et al, 2010; 2004
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Fig. 10. Spectral behaviour of the global mean values of d&gtcal parameters (ASYM, AAQOD,
SSA, LR) and microphysical parameters (CRI-R andl-ERor each cluster from extracted
AERONET data at 440, 675, 870 and 1020nm. Intetpdléines are constructed using cubic spline
fits to the extracted data.

With the exception of the AAOD (which presents agdrithmic decay’ with wavelength for all
clusters), other parameters show a vast differemcigends across aerosol mixtures. The AAOD
suggests that sea-salt dominated aerosol can betlgidistinguished from other mixtures in the
visible part of the spectrum due to its signifidahdwer value of this parameter < 0.01. Our inabas
of AAOD is based on initial findings reported Ryssell et al(2010, 201 In the visible, the CRI-I
also appears to discriminate between soot-ladeasakemixtures and other mixtures when this
parameter > 0.01. ASYM, while unable to distinguimtween dust-laden and marine-laden aerosol
mixtures, does appear to separate these ‘natyra'stfrom mixtures containing varying significant
proportions of BB and/or SU, particularly at longeasvelengths> 870nm. As described earlier, the
AEROENT inversion algorithm does not explicitly pide values of LR but vi&q. (1), they can be
estimated from sunphotometer retrievals. We no& the multiyear means for LR are strongly
dependent on wavelength. Having said this, a g&daterpolated values at 550nm reproduce the
findings of other colleagues that the lowest mealas involve maritime aerosol, followed by dust-
laden aerosol and mixtures containing BB or urb&hpBllution (see for exampl€attrall et al,
2005 Muller et al, 2007; Ansmann et al, 2018

Finally, in this sectionFig. 11 presents mean volume size distributions and essali
parameters for each cluster in the multiyear méaipad) partition.
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Fig. 11. Global mean size distributions for each clusteretbgr with the derived fine and coarse
mode parametersfor, Vi and §, o, V. respectively). The percentage of spherical padi¢t%
Sphericity’) is plotted with the fine mode fracti@r).

Cluster 4 stands out. Referring able 5 this cluster has the largest coarse mode volume
concentration (\=0.17), the lowest fine mode fraction=0.15) and proportion of spherical particles
in the retrieval (% Sphericity=1.8%). By comparisatl other clusters have coarse mode volume
concentrations in the range 00V, < 0.04, fine mode fractions in the range 0<h@< 0.60 and 43.9
< % Sphericity< 98.9. Another feature dfig. 11 is that the coarse mode peaks appear to cluster
around two distinct geometrical radii, the firgt§r2.0-2.3um) associated with the DU-dominated and
SS-dominated clusters 4 and 9 and the secqQrd2(¥-3.1um) associated with the other clusters. The
location of the fine mode does not share this thmigind instead is confined to the narrow ranges 0.
<1 < 0.2Qum. Another detail here is that (with the exceptadrihe SS-dominated cluster 9) the fine
mode peaks of the cluster means AVSD do not exislkétv or anymmetry. To the contrary, the
behaviour of the AVSD in the coarse mode regio®.Gam) either reveals a strong skew (clusters 2,
4 and 5) or the existence of a ‘shoulder’ on th&SMB in the range 0.6 -12n. Such asymmetries and
skews have been found to be associated with ttsepce of additional modes not fit by AERONET's
inversion algorithm and constraint to bi-lognormaliTaylor et al, 2014. A particularly interesting
example of a tri-modal size distribution attributexl fog-induced aerosol modification has been
reported byEck et al (2012).New work in the direction of obtaining vertical fites of fine and
coarse mode size distributions with LIDAR/radiometsrersion codes (e.@ranados-Mufioz et al,
2014 Tsekeri et al, 2013 will be instrumental in validating such tenderscie

For plots analogous téig. 9, Fig. 10andFig. 11resulting from the extraction of AERONET
data for the seasonal mean patrtitions, we referaghder td-igs. S10-S2landTables S7-S10n the
supplement accompanying this manuscript. Complatdes of extracted AERONET inversion
products for multiyear mean and seasonal mean ectust are available at
http://apcg.meteo.noa.gr/aeromap/.

4.3 Parameterization of global aerosol mixtures
In this section we briefly compare the taxonomyuhiisg from cluster analysis of GOCART data

with the findings of both bivariate and multivagatlassification models based on two or more
aerosol parameters commonly used to perform aetygsiog.
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4.3.1 Multivariate classification models

Omar et al (2005)pioneered the first major quantitative study of FXBENET-based aerosol mixtures
and performed a cluster analysis of L1.5 V2 AERON&ita with reference to 16 optical and
microphysical parameters and obtained the catesp@izof aerosol into 6 types shownTiable 7.

Table 7. Results of the cluster analysis of AERONET Levél Yersion 2 data performed Iymar
et al (2005)

Rural Industrial Polluted  Dirty
Omaretal 2005  Dust ~ Smoke Background Pollution Marine Pollution
AOD (673) 0.33 0.19 0.04 0.19 0.14 0.10
AE (441/673) 0.61 1.39 1.53 1.60 0.76 1.40
AE (673/873) 0.49 1.33 1.38 1.54 0.68 1.23
AE (873/1022) 0.28 1.04 0.95 1.29 0.53 0.85
SSA (673) 0.93 0.8 0.88 0.92 0.93 0.72
ASYM (673) 0.67 0.60 0.58 0.61 0.71 0.59
CRI-R (673) 1.452 1.520 1.449 1.410 1.394 1.410
CRI-I (673) 0.004 0.025 0.009 0.006 0.004 0.034
r(f) 0.12 0.14 0.13 0.16 0.17 0.14
o(f) 0.39 0.45 0.41 0.42 0.48 0.43
V(f) 0.08 0.04 0.01 0.06 0.03 0.03
r(c) 2.83 3.73 3.59 3.55 3.27 3.56
o(c) 0.65 0.76 0.74 0.73 0.69 0.76
V(c) 0.27 0.08 0.02 0.05 0.08 0.03
n 0.22 0.33 0.38 0.53 0.26 0.49

For the multiyear mea,able 8 presents values of this multivariate parametersussing from our
clustering of GOCART data with N=10 clusters.

Table 8. Descriptive statistics of key optical and microphgs parameters extracted from the global
AERONET inversion record in each cluster for thdtipear global partition of GOCART data (this
work). Note that the quoted central wavelengthsnaaeginally different (1-2nm) to those reported by
Omar et al (2005)

AERONET L2 Cluster1 Cluster2 Cluster3 Cluster4 Cluster5 Cluster6 Cluster 7 Cluster 8 Cluster 9  (ster 10
AOD (675) 0.04 0.05 0.09 0.29 0.12 0.09 0.05 0.11 .039 0.08
AE (440/675) 1.48 0.82 1.65 0.58 1.65 131 1.37 21.7 0.82* 1.53
AE (675/870) 0.44 0.48 1.32 0.46 1.48 0.94 0.73 015 -0.26* 1.18
AE (870/1020) 1.25 0.62 1.35 0.45 1.47 0.96 1.28 461. -0.30* 1.22
SSA (675) 0.91 0.90* 0.93 0.95 0.86 0.93 0.97 0.94 0.94* 0.90
ASYM (675) 0.68 0.70 0.64 0.71 0.60 0.67 0.67 0.63 0.70* 0.64
CRI-R (675) 1.456 1.493* 1.454 1.501 1.502 1.493 516. 1.426 1.522* 1.449
CRI-I (675) 0.009 0.008* 0.008 0.003 0.020 0.007 00a. 0.007 0.007* 0.012
r(f) 0.17 0.16 0.17 0.15 0.15 0.16 0.17 0.17 0.20* 0.15
o(f) 0.46 0.49 0.44 0.52 0.42 0.45 0.46 0.44 0.48* .430
V() 0.01 0.01 0.02 0.03 0.03 0.02 0.01 0.03 0.00* 0.02
r(c) 2.54 2.68 2.84 2.27 3.04 2.68 2.43 2.96 2.05* 2.95
o(c) 0.73 0.72 0.68 0.62 0.71 0.68 0.70 0.67 0.70* .690
V(c) 0.02 0.03 0.02 0.17 0.03 0.04 0.02 0.02 0.01*  0.03
n 0.28 0.18 0.54 0.15 0.48 0.34 0.36 0.60 0.21* 0.39

In order to ascertain whether there is a correpoceldetween the cluster characteristics obtained in
this work and those obtained I®mar et al (2005) we first normalized all cluster values to the
maximum value for each parameterTiable 7 and Table 8 We then calculated the norm of the
Euclidean distance (from all 15 parameters) betvesem of the N=10 clusters in our partition and the
N=6 clusters obtained l@mar et al (2005)- i.e. 60 permutations. The results are colletethble

0.
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Table 9.Norm of the Euclidean distance (from all 15 pararstbetween each of the N=10 clusters
in our partition and the N=6 clusters obtaineddyar et al (2005)

Cluster 1 Cluster2  Cluster 3  Cluster4 Cluster5 (@ster6 Cluster7  Cluster 8 Cluster9  Cluster 10

Dust 1.75 1.54 1.68 0.36 1.87 1.36 1.64 1.75 1.76 .60 1
Smoke 0.91 1.07 0.62 1.48 0.64 0.59 0.86 0.82 1.76  0.43
Rural Background 0.73 0.96 0.67 1.82 1.14 0.61 0.54 0.97 1.60 0.62
Industrial Pollution 1.25 151 0.43 1.71 0.91 0.84 0.98 0.37 2.09 0.74
Polluted Marine 0.84 0.57 1.08 1.07 1.49 0.59 071 1.32 1.06 0.97
Dirty Pollution 0.96 1.13 0.77 1.84 0.70 0.81 1.00 0.99 1.71 0.60

Association of each cluster identified ®@ynar et al (2005)with the closest matching cluster obtained
in this work is found by reading off the minimumlwea in each row ofrable 9. This simple scheme
allows for the results of cluster analyses fronfedént studies to be compared. For the multivariate
list of 15 parameters applied @dmar et al (2005) the following associations are obtained from the
minimum norm in each row:

*  ‘Dust’ = cluster 4 (‘DUST’ in our taxonomy)

* ‘Smoke’ = cluster 10 (‘Smokey SULFATE’ in our taxonomy)

* ‘Rural Background” -> cluster 7 (‘Marine Dusty SULFATE’ in our taxongin
* ‘Industrial Pollution’ - cluster 8 (‘SULFATE’ in our taxonomy)

* ‘Polluted Marine’ = cluster 2 (‘Marine SULFATE’ in our taxonomy)

e ‘Dirty Pollution’ - cluster 10 (‘Smokey SULFATE’ in our taxonomy)

This comparison highlights the utility of the taxwmnical system based on GOCART AOD data
presented in this work. For example, although WRell Marine’ aerosol identifed i@mar et al
(2005) is seen to comprise sea salt and sulfate, thentamp emphasizes that it is sulfate that
dominates the composition of this particular adrasuxture. Furthermore, labels like ‘Rural
Background’ (which are quite common in the literajJuare made more explicit being revealed as
containing a dominant sulfate component infusedh wiiist and sea salt in decreasing proportions.
Note also that an ambiguity has been detected thighparticular list of parameters; both ‘Smoke’
and ‘Dirty Pollution’ are associated with clusted, which is dominated by sulfate and a minor
proption comprising BC+OC.

A modified version of the 15 parameter multivagiatassification scheme was introduced by
Omar et al (2009)for the operational algorithm of CALIOP that indes LIDAR ratios at 440nm
and 1020nm as well as CRI values at both wavelsnigth without the spectral optics parameters
AOD, AE, ASYM and the important absorption parame&SA. When we applied the cluster
alignment method described above we found thatcthssification scheme ddmar et al (2009)
resulted in 4 indistinguishable ‘DUST’ clustersggasting that the new scheme underperforms the
scheme oOmar et al (2005)in the context of our GOCART-model deduced clustealysis. The
work of Omar et al (2005 2009) is progressive in that aerosol types are beinglietiuin a
multivariate manner using an array of AERONET imien products. However, the sensitivity of the
classifications to the choice of parameters usegddorm the clustering shows that this is a
challenging task. Instead, by performing clustealgsis on GOCART model AOD data for the
composition of aerosol mixtures in each pixel, wei@ the problem of under- or over-specifying
parameters in the classification process. More vimrkeeded on the subject of multivariate analysis
of aerosol mixtures and it is hoped that the resefithe preceeding sections will provide impeturs f
such studies.

4.3.2 Bivariate classification models
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In section 4.2 we saw how the spectral behavioth@fAAOD is able to discriminate between sea-
salt dominated aerosol and other mixtures in tisébha part of the spectrum due to its significantly
lower value of this parameter < 0.01. With the adva 1993 of AERONET and, in particular, with
the production of the Version 2 inversion produitctsn cloud-screened observations, access to a
larger array of aerosol optical and microphysicatameters encouraged a large number of studies
attempting to classify ‘pure’ aerosol types andfoxtures in 2D-plots based on pairs of parameters.
The SSA has typically been used as a proxy foatai absorption, and the AE gthas been used as
proxy for the characteristic size of aerosol tesify aerosol with the pair combinations: {SSYE}
(e.g.Mielonen et al, 2009 and {SSAn} (e.g. Lee et al, 201D. Other studies have used the AOD as
a proxy for aerosol volume, and the pair combima{iaOD, AE} has been showrEck et al, 1999
Kalapureddy et al, 2009 to distinguish between dust (high AOD, low AE)amme (low AOD), and
anthropogenic aerosols (high AOD, high AE), butiisble to sub-categorize anthropogenic aerosols
into absorbing and non-absorbing without refertimgeolocation information_ge et al, 201D,

In Fig. 12 the location of cluster centers overlaid on AEREINnversion products for three
classification schemes: {AOD (440), AE (440/675$SA (440), AE (440/675)} and {% Sphericity,
n} are presented.
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Fig. 12.The location of cluster centers overlaid on AERONEVersion products for two commonly
used pair-combination spaces. {AOD (440), AE (446)% (top left pandl, {SSA (440), AE
(440/675)} top right panel and {% Sphericityn} (lower pane) . Error bars extend out to 1 standard
deviation on both parameters and all wavelengthgiaen in nm.

In the first two cases, although the points represg the AERONET data record suggest the
existence of 3-4 discernable ‘shaded’ regionscthster centres do not lend themselves to an obviou
demarcation in 2D. Furthermore, many clusters amy vightly bunched together making sets of
inequalities corresponding to different aerosokeg/mixtures difficult to construct. In MATLAB, we

permuted through all parameter pair combinatiomsaaiculated the norm of the Euclidean distances
in each 2D-space. The lowest norm (providing afeoliest visual separation) in the context of the
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global partition of multiyear and seasonal meam deds obtained with the microphysical parameters:
{% Sphericity,n} and is illustrated in the lower panel Big. 12 This choice of parameters, although
new to the literature, better separates the clisisually in 2D and is line with a recent assesgré
global aerosol type retrieved from MISKghn & Gaitley, 2015 which also found that the
distinctions between spherical vs. non-spherical fine vs. coarse mode are generally the most
robust. Note also that the error bars are largeo&edap in most cases, but should also be setfrein
context of the density of points. The % Spherigrameter should be considered an indication of
dust only if the associated AE < 1.0 (Tom Eck, ar& communication). This is a significant
limitation because, as we saw in the (SSA, AE) pfdEig. 12, the tail of the dust distribution goes
out to much larger values of AE (i.e., smaller det) and transported dust can be dominated by
particles having AE > 1.0. Despite ambiguitiestia tnultivariate classification @mar et al (2005,
2009)and a lack of consensus on the most appropriateeiof parameters in bivariate classification
schemes, it is hoped that new parameterizatiorts @sithe one presented in this work can help g thi
direction.

5. Discussion

The global spatial distribution of the multiyeardaseasonal mean total AOD shows that the regions
of peak aerosol load are dynamically stable andbawadly located over the Sahara and Nigeria in
Northern Africa, in the Gobi desert to the northtloé Himalayas, and over a large region centered on
Beijing, based on the GOCART model analysis, butegally consistent with satellite observaitons.
The main sources of aerosol, while exhibiting s@masonal variation in intensity, do not show large
displacement in the location of their peaks. Thislso partly due to the aggregation methodology
adopted here, which means that major biomass pmagions for example, do not show up in
comparison to dust.

The mean 2000-2006 (inclusive) map was found tstbengly representative of the mean
annual AOD (500nm) with SSIM > 0.9995 for all ye@msflected also by a dominant linear trend in
the log-density regression of yearly mean datshemtultiyear mean). In the context of the accuracy
of the AERONET retrieval of the AOD which is £0.6& the Level 1.5 and +0.01 for the Level 2.0
inversion productsQubovik et al, 2000; 2002; 2006; Eck et al, 1999the mean pixel bias and
RMSE were found to be within this accuracy limipparting the assumption that the multiyear 2000-
2006 mean is a good proxy for maps of the annuanm&0OD (500nm). For comparison with
approaches based on direct-sun AERONET datk et al. (1999)gives +0.01 as the AOD
uncertainty. Overall, we found that the locatiofspeak BB, SU, DU and SS concentrations
contributing to the multiyear mean AOD proxy maprevdound where expected. Although the
patterns are generally supported by observatiengrs fire or dust storm seasons for example, are
underestimated since the model tends to undersepteariability on the seasonal and especially on
interannual timescales.

Cluster analysis, based on the k-means algorithth vaindom seeding and a stopping
condition, applied to the percentage contributiohgach aerosol type in the global mean multiyear
and seasonal maps, was found to mitigate the effecénters being confined to local minima, and
allowed for the specification of lower and uppeubds on the optimal number of clusters. For the
multiyear mean, the optimal number of clusters #l0l and subsequent addition of clusters led to
very minor modifications of the distribution of sher centres, with the change in the norm of
Euclidean distances being < 10%. In the case cfosed mean maps, this approach identifies N=10
clusters for the season spanned by the months BdMall for the other seasons spanned by the
months MAM, JJA and SON. In the context of the spaixtent of the clusters, the lowest pixel count
was 1187 for cluster 1 of the multiyear mean gartjtand varied between 1648 and 2481 for the
smallest cluster in the seasonal mean partitions.riiean and the median percentage contributions of
BB, SU, DU and SS were found to be within 2% ofreather for both cluster analysis applied to the
multiyear mean and the seasonal mean maps. Themangin of error was found to be true of the
difference between twice the standard deviation laBdimes the inter-quartile range suggesting that
the underlying distributions are strongly symmedrignd near-Gaussian.
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The taxonomical naming system based on constitaertsol types comprising at least 20%
of the overall compositional mixture allows forienple ‘adjective’ — ‘object’ labeling of clusterhdt
fits with expected trends. With this conventiore tlobal partitioning of the multiyear mean map led
to identification of two regions occupied by ‘DUS{3.8% of the globe) and ‘SULFATE’ (6.4% of
the globe). The largest clusters comprised ther@poment mixtures: ‘Marine SULFATE’ and ‘Dusty
SULFATE’ (occupying 24.7% and 23.9% of the globespectively). As expected, clusters
(‘Sulfurous Dusty SMOKE' and ‘Sulfurous SMOKE’) c@ining a dominant smoke component,
occupied only 1.8% and 3.1% of the globe respdgtiveproviding a justification for combining
biomass burning products (BC and OC) in a combmedsure (‘BB'=BC+OC)Table S2and the
brief discussion that follow$able 5show how clusters having the same label in thertasy can be
tracked and compared across seasonal trends.

Section 4.2 compares the optical microphysical ipatars of each cluster in the global
partition of multiyear and seasonal means baseéti@mean value of extracted AERONET inversion
products at co-located sites. There is a strongtiam in the number of available AERONET Level
2.0 inversion records that can be used for caltiglanean characteristic values for each cluster due
to the unevenness of sites hosting operational @CIMEnphotometers worldwide. Despite this,
careful selection of co-located Level 1.5 data alale to provide an estimate in the case of data.gap
Although not ideal from the point of view of qualiassurance homogeneity, the results presented in
Section 4.2 are novel and provide a ‘first guess’optical and microphysical parameters at a
resolution of 1x1 degree for both mean multiyeaxtares and seasonal mixtures.

6. Conclusion

The initial results presented here suggest thabsaermixtures are more diverse than typically
provided by current satellite remote-sensing pr&gliges types). In the context of mean GOCART
AQOD for the period 2000-2006 in conjunction withstpping condition of 10% in the change in
cluster centers, the number of clusters in théajlgartition was found to be around N=10. In
addition to the somewhat subjective nature of thpmng condition itself, this finding should albe
seen in the light of uncertainties in aerosol typtievals provided by GOCART. Perhaps more
important and significant is the finding that themwber of clusters was found to be bounded by N=7
and N=13. Furthermore, the comparison of cluspatial extent and composition in both the
multiyear and seasonal partitions suggests that #ne fairly robust and stable — i.e. their major
characteristics do not change qualitatively oneh@aescales. This approach can be useful fordutur
satellite missions that need aerosol typing orclonatological studies that deal with the impact of
different aerosol types.

Global chemical transport models and/or circulatmodels have prognostic capacity but tend
to be most reliable on the regional scale due ¢ir tthependence on chemical and meteorological
boundary conditions. It would be interesting toegsswhether source inventories currently used to
specify model inputs can be supported by new paemations of aerosol mixtures (even of a ‘first
guess’ nature like those presented here), partlguthose inputs related to aerosol microphysics
which can be a large source of uncertainty.

For forward-planning and placement of new sunphetens in the growing AERONET
array, understanding aerosol mixture charactesigtan support assessments of priority locations. An
important example of this is the prominent sea-dalinated band in the southern oceans. Island
sites including: Tahiti, Crozet_Island, Amsterdastahd and Dunedin border it to the North, and
coastal Antarctic sites including: Marambio, McMaydJtsteinen, and Vechernaya_Hill border it to
the South. Ideal placement of CIMEL sunphotometersneasure this particular aerosol mixture
associated with cluster 9 could include: South Gieoand the South Sandwich Islands, Montagu
Island, the Heard and McDonald Islands and/or ttem¢h Southern & Antarctic Lands. A similar
logic can be applied to other clusters to identilgw locations for effective sampling of the
atmospheric column with CIMEL sunphotometers. Glopartitions presented in this work can
supplement other approaches to help identify highrity locations for AERONET and/or in situ
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measurements. For example, a satellite-based sthidpherent spatial features of the AOD bias
between MODIS and MISR aerosol produc&hi(et al., 201} identifed and documented a number
of potential regions in the American, Aftican ansia continents in particlar.

Finally, the clusters identified in this work, dé@spcoming from a single model (GOCART),
provide a somewhat more objective partition of glabe into regions having the same mean aerosol
composition that avoidad hocapproaches based on imprecise divisions suchtiagdlaal bands,
geographical borders or continents. Reciprocativeggood will and provision of open data by co-
workers in the field, we have made cluster indexsnand relevant tables of cluster characteristics
available online to facilitate new studies basedlmse partitions and to enable other to reproduce
and extend these findings.
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In order to facilitate the uptake of the findingstlis work, spreadsheets (EXCEL) of gridded (1x1
degree) cluster values at the multiyear and sebdimascales are made freely available at:
http://apcg.space.noa.gr/aeromap/. In particular,

Gridded (1x1 degree) cluster indices for multiyeeran global aerosol mixtures

Gridded (1x1 degree) cluster indices for seasomamylobal aerosol mixtures: DJF, MAM,
JJA and SON.

A table of descriptive statistics (mean, standadation, median and inter-quartile range) of
the 5-component (BC, OC, SU, DU and SS) percentaggposition for each cluster of the
multiyear mean global partition.

Tables of descriptive statistics (mean, standawigten, median and inter-quartile range) of
the 5-component (BC, OC, SU, DU and SS) percentagaposition for each cluster of
seasonal mean global partitions: DJF, MAM, JJA S6dN.

A table of 50 optical and microphysical aerosolgpaeters extracted from the AERONET
inversion data record for each cluster of the meadtiyear global partition including:
spectral parameters (AOD, ASYM, AAOD, SSA, CRI-RRI&, LR), the mean percentage of
spherical particles (‘%Sphericity’), the mean AVSI 22 logarithmic radial bins from
0.05um to 15 pm), AVSD-derived microphysical partare (f, or, Vi, I, 6, V. associated
with the fine and coarse modes ‘f’and ‘c’ respeely), and the fine mode fraction

Tables of 50 optical and microphysical aerosol petaers extracted from the AERONET
inversion data record for each cluster of the ns=asonal (DJF, MAM, JJA and SON) global
partitions including: spectral parameters (AOD, ASYAAOD, SSA, CRI-R, CRI-I, LR),
the mean percentage of spherical particles (‘%3$phg), the mean AVSD (in 22
logarithmic radial bins from 0.05um to 15 um), AVS@PBrived microphysical parameters (r
or, Vi, I, 0, V. associated with the fine and coarse modes ‘f"ahdespectively), and the
fine mode fractiom.



S1. The 2000-2006 mean global AOD (500nm) as a pr oxy
In this section we present the results of compatiiegmean total global AOD (500nm) with annual
means for the study period (2000-2006 inclusive).

AOD (500nm): Q10:Q90 Log-Density Regression [BIAS=0.015 RMSE=0.052 SSIM=1.000]
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Fig. S1. left panels. Maps of the mean total global AOD (500nm) for yle&ar 2000 (top), 2000-2006

inclusive (centre) and the difference (bottomyht panel: a log-density plot of the year 2000 mean
total AOD (500nm) against the 2000-2006 (inclusirean. ‘RMSE’ is the root mean squared error
and ‘SSIM’ is the value of the mean structural &nity index over all 64800 gridded (1x1 degree)

pixels.

2001 mean AGD (500nm): Q10:Q90 Log-Density Regression [BIAS=-0.003 RMSE=0.019 55IM=1.000]
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Fig. S2. |eft panels: Maps of the mean total global AOD (500nm) for yfear 2001 (top), 2000-2006
inclusive (centre) and the difference (bottomght panel: a log-density plot of the year 2001 mean
total AOD (500nm) against the 2000-2006 (inclusivean. ‘RMSE’ is the root mean squared error
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and ‘SSIM’ is the value of the mean structural &nity index over all 64800 gridded (1x1 degree)
pixels.

AQD (500nm): Q10:Q90 Log-Density Regression [BIAS=0.002 RMSE=0.010 8SIM=1.000]
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Fig. S3. left panels: Maps of the mean total global AOD (500nm) for yle&ar 2002 (top), 2000-2006
inclusive (centre) and the difference (bottomght panel: a log-density plot of the year 2002 mean
total AOD (500nm) against the 2000-2006 (inclusivean. ‘RMSE’ is the root mean squared error
and ‘SSIM’ is the value of the mean structural &nity index over all 64800 gridded (1x1 degree)
pixels.

2003 mean AOD (500nm): Q10:Q90 Log-Density Regression [BIAS=0.004 RMSE=0.010 $SIM=1.000]
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Fig. $4. left panels: Maps of the mean total global AOD (500nm) for yle&ar 2003 (top), 2000-2006
inclusive (centre) and the difference (bottomght panel: a log-density plot of the year 2003 mean
total AOD (500nm) against the 2000-2006 (inclusirean. ‘RMSE’ is the root mean squared error
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and ‘SSIM’ is the value of the mean structural &nity index over all 64800 gridded (1x1 degree)
pixels.

2004 mean AOD (500nm): Q10:Q90 Log-Density Regression [BIAS=-0.005 RMSE=0.010 SSIM=1.000]
. T T T T .

1.5 0.24 T T 5 S5
1 g 45
g 022} 4 -
a
05
‘ = ey 2 02 | o
S g |
BOE [ b ety W
180°W 120°W 60°W 0°  B60°E 120°E 1B0°W ‘
a5
018 1
80N e 5
i _ 0.16
©| —_
wn , E 5 g
Sl i S 014 s
45 S Q
5 053 IS 2
40°8 ’ 2
T : o>
80°S lg 012 J
180°W 120°W 60°W  0°  B0°E 120°E 180°W
2000:2006 mean -2004 mean 01k e
i - — 01 g
o - N 1
awnf - e £ 008 ‘
el o E
7 S 05
40°8 o~ P! 0058 006/ J
2 2 % a
T 01 2 e f \ . s . . ‘ . J L
180°W 120°W 60°W 0°  BO°E 120°E 180°W 006 008 01 012 014 016 018 02 022 024

2000:2006 mean

Fig. Sb. left panels: Maps of the mean total global AOD (500nm) for ylear 2004 (top), 2000-2006
inclusive (centre) and the difference (bottomght panel: a log-density plot of the year 2004 mean
total AOD (500nm) against the 2000-2006 (inclusivean. ‘RMSE’ is the root mean squared error
and ‘SSIM’ is the value of the mean structural &nily index over all 64800 gridded (1x1 degree)
pixels.

2005 mean AOD (500nm): Q10:Q90 Log-Density Regression [BIAS=0.004 RMSE=0.012 $SIM=1.000]
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Fig. S6. left panels. Maps of the mean total global AOD (500nm) for ylear 2005 (top), 2000-2006
inclusive (centre) and the difference (bottomght panel: a log-density plot of the year 2005 mean
total AOD (500nm) against the 2000-2006 (inclusirean. ‘RMSE’ is the root mean squared error
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and ‘SSIM’ is the value of the mean structural &nity index over all 64800 gridded (1x1 degree)
pixels.

2006 mean AOD (500nm): Q10:Q90 Log-Density Regression [BIAS=0.001 RMSE=0.016 SSIM=1.000] ’
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Fig. S7. left panels: Maps of the mean total global AOD (500nm) for yfear 2006 (top), 2000-2006
inclusive (centre) and the difference (bottomght panel: a log-density plot of the year 2006 mean
total AOD (500nm) against the 2000-2006 (inclusiwean. ‘RMSE’ is the root mean squared error
and ‘SSIM’ is the value of the mean structural $anily index over all 64800 gridded (1x1 degree)
pixels.

S2. Cluster analysis of the multiyear mean

In this section we present the descriptive statistif the clusters obtained by applying the cluster
analysis technique described in Section 3.1 tanbitiyear GOCART data, as well as bar charts of
the composition and the resulting taxonomy.



Table S1. Descriptive statistics of the global mean mixtuegtracted from the multiyear GOCART
data record by application of cluster analysis.

GOCART V4 Cluster1  Cluster2 Cluster3 Cluster4 luster5 Cluster6 Cluster 7 Cluster 8  Cluster 9 us@r 10

Pixels 1187 16020 15486 2486 2019 2645 6958 4153 3380 3508
AOD (500) 0.17 0.06 0.16 0.40 0.19 0.20 0.14 0.10 .100 0.09
%BB (Mean) 35.9 14.0 125 5.7 61.2 11.2 10.4 15.0 .09 34.2
%SU (Mean) 27.4 44.6 54.7 13.0 29.7 31.0 43.1 66.1 28.8 45.0
%DU (Mean) 30.7 4.7 25.6 80.2 6.0 53.1 27.0 4.7 3.8 6.8
%SS (Mean) 5.9 36.7 7.2 11 31 4.7 19.5 14.1 58.4 14.0
%BC (Mean) 5.9 3.0 3.4 1.7 9.3 3.2 3.2 3.4 17 6.7
%O0C (Mean) 30.1 11.0 9.1 4.0 51.8 8.0 7.2 11.6 73 275
%BB (St.D.) 7.4 4.1 3.1 3.7 8.5 55 2.7 5.2 2.4 6.5
%SU (St.D.) 5.7 6.3 4.9 5.5 6.6 7.9 4.0 7.1 4.1 6.6
%DU (St.D.) 8.2 2.2 4.6 8.1 5.2 7.8 5.6 4.3 1.4 4.7
%SS (St.D.) 3.3 5.4 3.2 1.9 3.2 4.5 4.8 8.5 6.4 7.8
%BC (St.D.) 12 1.0 0.9 0.8 1.8 1.2 0.7 13 0.6 1.2
%OC (St.D.) 6.8 3.2 25 3.1 7.4 4.8 21 4.3 1.9 5.8
%BB (Median) 35.8 12.4 115 4.9 60.6 9.3 9.6 14.4 28 33.3
%SU (Median) 27.2 44.6 54.8 13.2 28.8 311 42.6 564. 28.4 44.3
%DU (Median) 29.8 4.3 25.4 79.6 3.8 53.5 275 3.0 53 5.3
%SS (Median) 5.7 36.8 7.5 0.4 2.0 2.2 19.0 13.2 958. 12.7
%BC (Median) 5.8 2.6 3.2 1.6 9.4 2.8 3.0 3.0 15 6 6.
%0C (Median) 29.9 9.8 8.3 3.2 51.6 6.4 6.6 111 6.7 26.5
%BB (IQR) 10.7 5.2 2.9 3.4 14.5 6.9 25 7.3 3.0 210.
%SU (IQR) 7.6 10.9 6.6 9.0 9.6 117 6.0 7.9 6.6 8.6
%DU (IQR) 12.2 13 6.3 13.7 6.5 13.2 9.9 5.3 15 07
%SS (IQR) 4.7 9.1 3.4 0.6 3.0 8.4 6.9 15.6 11.2 513.
%BC (IQR) 17 1.4 0.8 1.2 2.6 15 0.9 1.6 0.6 15
%0C (IQR) 9.9 3.8 2.3 2.4 12.6 4.9 1.7 5.9 2.4 9.0

Fig. S8 below shows stacked bar charts of mearsalentixtures obtained at the seasonal timsescale:
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Fig. S8. Colour-coded stacked bar charts displaying thesa¢rcomposition of each cluster for the
global mean GOCART data at the seasonal timescalemesented by the monthly triplets: DJF,
MAM, JJA and SON.

Applying the naming convention logic described iecton 3.2 to these 4 partitions leads to the
following taxonomy:



Table. S2. Taxonomy of aerosol mixtures for the seasonal ajlabean partitions. The ‘object’ is
highlighted in bold capital font and is the domiharrosol type. The ‘adjectives’ preceding it are i
increasing order of percentage contribution. Feesavhere more than one aerosol type is dominant
(to within 1 standard deviation) then these arélighted as multiple ‘objects’.

Cluster 1
Cluster 2
Cluster 3
Cluster 4
Cluster 5
Cluster 6
Cluster 7
Cluster 8

Cluster 9

Cluster 10

Cluster 11

DJF
Dusty SulfurouSM OK E
MarinesSULFATE
DustySUL FATE
SulfurouMARINE
Sulfurou®UST
SULFATE
DUSTYSULFATE
Dusty MarinSULFATE
SmokeUL FATE
DUST

MAM
SULFUROUSDUST
DustySULFATE
SULFATE
SulfurousDUST
SULFUROUS MARINE
DUSTY SULFATE
SulfurousM ARINE
SmokeySULFATE
DUST
Marine SULFATE

Marine DustySULFATE

JIA
MARINE
Smokey DustySUL FATE
SulfurousM ARINE
SulfurousSM OKE
SmokeyM ARINE SULFATE
DUST
MarineSULFATE
SULFUROUS SMOKE
SULFATE
SulfurousDUST

DustySULFATE

SON
SulfurousM ARINE
Dusty MarineSULFATE
DustySULFATE
SmokeySUL FUROUSMARINE
DustySULFATE
SulfurousSM OKE
SULFUROUS SMOKE
MarineSULFATE
SulfurousDUST
SULFATE
DUST

S3. Cluster analysis of the seasonal means
In this section we present the results of applyhey cluster analysis technique described in Section
3.1 to the multiyear GOCART data extracted for esedson (DJF, MAM, JJA and SON).
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Fig. S9. Graphs of the norm of the Euclidean distance (gyie E) with the number (N) of clusters
(1-24) for the mean percentage contribution of BB, DU and SS to the total AOD (500nm) at the
seasonal timescale as represented by the monitigtér DJF, MAM, JJA and SON.



Table S3. Descriptive statistics of the global mean mixtueedracted from the season (DJF)
GOCART data record by application of cluster analys

GOCART V4 Cluster1  Cluster2 Cluster3 Cluster 4 luster5 Cluster6 Cluster 7 Cluster 8  Cluster 9 us@r 10
Pixels 2128 10842 12092 11315 2016 12251 2970 5495 4043 1648
AOD (500) 0.32 0.07 0.12 0.12 0.22 0.06 0.14 0.11 110 0.35
%BB (Mean) 53.9 10.9 7.5 6.5 15.0 12.6 14.4 9.0 231. 7.8
%SU (Mean) 25.9 50.9 58.0 37.9 24.5 64.7 42.8 42.0 53.9 10.5
%DU (Mean) 16.5 5.9 18.2 6.4 56.1 5.7 35.8 18.1 6.8 80.7
%SS (Mean) 3.7 32.3 16.3 49.2 4.5 16.9 7.1 30.9 81 11
%BC (Mean) 7.5 2.6 3.0 1.6 3.7 2.9 4.5 3.0 6.4 2.0
%0OC (Mean) 46.4 8.3 4.5 4.9 11.2 9.8 9.9 6.0 24.8 8 5
%BB (St.D.) 10.1 3.5 2.1 1.9 9.9 3.2 7.9 3.3 6.4 9 4.
%SU (St.D.) 9.1 4.5 3.9 3.7 8.3 5.6 7.5 4.0 7.1 5.9
%DU (St.D.) 10.1 2.7 3.3 3.8 7.7 2.9 6.9 4.0 5.0 17.
%SS (St.D.) 34 4.8 4.7 5.3 5.0 55 5.6 55 5.6 1.5
%BC (St.D.) 2.3 0.8 0.8 0.7 1.8 1.0 2.1 0.8 1.8 1.0
%O0C (St.D.) 8.5 2.9 1.4 1.5 8.7 2.6 6.6 2.8 6.2 4.1
%BB (Median) 51.6 10.7 6.5 5.8 11.9 12.7 12.7 8.0 0.03 6.0
%SU (Median) 25.9 50.7 58.3 37.6 25.5 63.5 42.8 841. 54.6 9.4
%DU (Median) 14.1 5.7 17.6 4.9 56.4 6.7 35.2 18.3 15 81.0
%SS (Median) 2.9 32.0 17.9 48.9 2.0 17.1 55 30.5 77 0.6
%BC (Median) 7.4 2.6 2.7 1.4 3.1 2.8 4.3 2.8 6.1 71
%O0C (Median)  45.1 8.0 3.9 4.6 7.9 9.7 7.0 5.1 235 44
%BB (IQR) 12.9 4.2 1.3 2.4 12.9 3.7 13.7 4.1 9.0 6 4.
%SU (IQR) 13.1 6.8 5.0 5.6 10.8 3.9 11.2 5.9 9.7 .011
%DU (IQR) 14.6 3.3 4.2 4.0 11.6 4.8 9.9 5.0 6.4 112.
%SS (IQR) 4.8 7.8 5.4 8.3 5.7 6.4 5.9 8.8 9.4 0.8
%BC (IQR) 3.0 0.9 0.7 0.9 2.1 0.8 3.1 1.1 2.3 1.0
%0C (IQR) 10.9 3.3 0.7 2.0 11.2 3.0 11.0 3.3 7.5 8 3.

Table $4. Descriptive statistics of the global mean mixtueedracted from the season (MAM)
GOCART data record by application of cluster analys

GOCART V4 Cluster1  Cluster2 Cluster3 Cluster4 luster5 Cluster6 Cluster7  Cluster 8 Cluster 9 us@r 10 Cluster 11
Pixels 5251 8592 4296 2481 9099 7172 8513 3690 2488 9294 924 3
AOD (500) 0.20 0.22 0.08 0.28 0.06 0.23 0.10 0.10 0.49 0.04 .14 0
%BB (Mean) 12.3 9.5 16.4 9.6 6.5 10.1 3.5 40.1 4.2 9.2 12.4
%SU (Mean) 34.7 55.8 66.5 24.7 39.3 47.0 24.8 45.1 9.5 49.8 343
%DU (Mean) 41.5 28.7 4.3 62.5 4.1 38.0 2.8 9.1 85.6 4.1 26.4
%SS (Mean) 115 6.1 12.8 3.2 50.1 5.0 68.9 5.6 0.7 36.9 17.9
%BC (Mean) 3.2 2.7 35 2.6 1.7 2.9 0.9 6.9 1.3 2.3 3.5
%0C (Mean) 9.1 6.8 12.9 7.0 4.8 7.2 2.6 33.2 2.9 6.9 8.9
%BB (St.D.) 6.0 3.1 7.1 5.3 1.8 3.2 0.7 9.6 2.4 3.8 6.1
%SU (St.D.) 4.0 3.0 8.4 6.3 4.1 3.1 3.6 9.3 4.6 43 45
%DU (St.D.) 4.5 3.1 34 6.6 2.3 3.7 1.0 7.4 6.4 2.3 5.4
%SS (St.D.) 4.6 2.6 7.2 4.1 4.7 2.4 4.8 5.1 1.2 4.8 5.1
%BC (St.D.) 1.0 0.8 1.6 1.1 0.5 0.8 0.2 2.0 0.5 0.9 14
%0C (St.D.) 5.4 2.4 5.7 4.5 1.3 2.5 0.5 9.1 2.0 3.0 4.8
%BB (Median) 10.3 8.5 15.7 8.4 6.0 9.1 3.4 39.3 3.7 7.5 10.5
%SU (Median) 34.8 55.3 65.5 24.2 39.1 47.2 24.2 47.1 10.1 49.8 344
%DU (Median) 41.4 29.1 3.5 62.3 3.6 37.1 2.6 7.0 85.3 3.7 28.1
%SS (Median) 12.1 6.3 12.4 1.2 49.8 55 69.6 3.8 0.3 37.6 17.4
%BC (Median) 2.9 2.4 2.9 2.2 1.6 2.6 0.8 7.0 1.2 2.0 3.0
%O0C (Median) 7.1 6.1 12.7 5.9 4.4 6.4 2.5 31.9 2.4 5.5 74
%BB (IQR) 4.5 1.2 11.2 6.2 15 2.1 1.0 13.4 2.7 3.4 9.5
%SU (IQR) 4.2 3.9 8.3 9.4 6.9 4.9 6.0 13.8 7.3 5.3 5.3
%DU (IQR) 6.0 3.5 4.2 11.2 15 4.6 1.0 10.2 10.8 1.4 5.7
%SS (IQR) 5.2 2.2 13.0 3.2 7.5 3.1 8.4 6.1 0.3 5.8 6.9
%BC (IQR) 1.2 0.3 2.1 1.6 0.5 0.5 0.3 2.9 0.8 0.8 1.9
%0C (IQR) 3.0 1.1 9.1 4.7 1.1 1.6 0.8 12.9 1.9 2.7 7.3




Table S5. Descriptive statistics of the global mean mixtuedracted from the season (JJA)
GOCART data record by application of cluster analys

GOCART V4 Cluster1  Cluster2 Cluster3 Cluster 4 luster5 Cluster6 Cluster 7  Cluster8 Cluster 9 us@r 10 Cluster 11

Pixels 8887 12154 10096 1894 3194 3010 6280 2784 6014 3063 7424
AOD (500) 0.10 0.14 0.06 0.23 0.07 0.43 0.05 0.11 0.18 0.19 150
%BB (Mean) 7.6 21.0 11.8 72.0 24.4 5.0 8.9 41.6 14.7 14.7 12.7
%SU (Mean) 20.3 50.7 32.0 22.8 35.4 16.5 49.0 37.0 67.0 32.9 215
%DU (Mean) 2.2 26.5 2.8 2.7 5.8 76.7 2.8 11.2 111 46.6 25.1
%SS (Mean) 69.9 1.8 53.4 25 34.4 1.8 39.2 10.1 7.3 5.8 10.1
%BC (Mean) 1.4 4.3 2.7 11.4 4.9 1.7 21 7.3 3.6 3.6 3.8
%O0C (Mean) 6.2 16.7 9.1 60.6 19.4 3.3 6.8 34.3 11.0 11.1 9.0
%BB (St.D.) 1.8 4.0 3.8 9.5 5.3 2.6 2.0 8.0 4.9 7.0 2.2
%SU (St.D.) 3.1 4.5 4.8 6.8 4.6 5.7 4.7 7.5 6.0 6.0 4.7
%DU (St.D.) 0.5 3.4 12 2.4 4.3 8.7 2.3 8.8 6.4 8.5 4.8
%SS (St.D.) 4.4 15 4.5 31 6.3 2.6 6.0 6.5 6.9 5.8 4.4
%BC (St.D.) 0.3 0.7 11 2.6 1.0 0.9 0.7 1.6 1.2 1.2 0.6
%0OC (St.D.) 1.6 3.6 2.9 8.0 4.6 2.0 15 7.3 4.3 6.3 2.2
%BB (Median) 7.2 19.8 10.9 71.3 24.2 4.5 8.2 41.0 14.0 12.6 12.2
%SU (Median)  19.8 51.4 31.3 235 34.6 16.7 48.7 36.2 66.0 32.3 205
%DU (Median) 2.0 26.6 25 1.9 3.7 76.2 2.2 8.3 12.5 45.6 24.5
%SS (Median)  70.3 15 53.1 14 35.5 0.3 40.7 9.5 5.0 5.3 9.4
%BC (Median) 1.4 4.0 2.6 11.3 5.0 15 18 7.1 3.5 3.4 3.6
%O0C (Median) 5.9 15.8 8.2 60.6 19.2 2.9 6.4 33.9 10.6 9.0 8.5
%BB (IQR) 1.9 4.2 6.0 16.3 6.5 31 14 12.9 5.8 9.6 2.3
%SU (IQR) 4.7 53 7.4 10.1 6.0 8.2 4.4 10.4 7.9 9.0 6.0
%DU (IQR) 0.7 35 1.0 21 4.4 13.8 0.6 14.5 12.3 14.2 7.2
%SS (IQR) 7.3 1.0 7.4 2.3 9.7 3.0 5.7 10.7 9.8 7.2 5.5
%BC (IQR) 0.4 0.7 1.9 4.0 1.3 12 0.7 2.3 1.2 15 0.8
%0C (IQR) 1.6 3.6 4.2 13.7 5.7 1.9 0.9 11.6 5.3 8.4 2.7

Table S6. Descriptive statistics of the global mean mixtuedracted from the season (SON)
GOCART data record by application of cluster analys

GOCART V4 Cluster1  Cluster2 Cluster3  Cluster 4 luster5 Cluster 6 Cluster 7 Cluster8 Cluster 9 us@r 10 Cluster 11

Pixels 8532 6154 8472 15186 6949 2947 4785 3349 2384 3665 2377
AOD (500) 0.12 0.11 0.14 0.07 0.12 0.16 0.10 0.06 0.17 0.14 .36 0
%BB (Mean) 15.2 9.1 114 21.9 13.4 61.4 37.8 13.2 14.2 17.6 2 5.
%SU (Mean) 24.2 43.9 62.1 35.6 52.2 28.7 37.0 57.2 30.5 71.0 331
%DU (Mean) 4.4 21.4 19.2 5.4 26.9 6.1 7.8 2.8 51.2 4.6 80.3
%SS (Mean) 56.2 25.6 7.3 37.1 7.5 3.8 17.3 26.7 4.1 6.8 11
%BC (Mean) 2.4 3.4 35 4.0 4.1 10.0 7.2 3.3 3.8 4.4 17
%0C (Mean) 12.7 5.8 7.9 17.9 9.2 514 30.6 9.9 10.4 13.2 3.6
%BB (St.D.) 2.3 1.8 2.3 3.9 3.7 9.2 6.0 4.2 9.7 6.8 3.7
%SU (St.D.) 3.0 4.5 3.8 4.3 4.2 6.3 6.7 5.5 7.9 7.1 6.3
%DU (St.D.) 1.3 4.9 3.1 2.0 4.5 7.1 7.0 3.6 8.9 3.6 8.9
%SS (St.D.) 5.6 5.1 3.8 4.5 4.0 3.6 7.8 5.6 4.4 4.6 1.9
%BC (St.D.) 0.4 0.7 0.8 11 1.2 2.1 1.3 0.9 16 1.8 0.9
%0C (St.D.) 1.9 1.5 1.9 3.0 2.8 8.0 5.2 3.7 8.6 5.7 3.1
%BB (Median) 15.0 8.8 11.4 20.7 125 60.0 37.2 12.8 9.6 15.7 4.6
%SU (Median)  24.0 43.4 61.1 35.3 52.8 28.0 36.5 57.7 30.5 70.9 331
%DU (Median) 4.1 22.3 19.6 5.3 25.9 2.8 4.9 0.9 51.4 4.5 79.2
%SS (Median)  56.3 24.6 7.1 37.1 7.0 2.6 19.1 26.4 1.8 6.1 0.3
%BC (Median) 2.3 3.2 3.3 3.6 3.8 9.9 7.1 3.2 3.3 4.2 1.6
%O0C (Median) 12.6 5.4 8.2 17.0 8.7 50.7 30.0 9.5 6.2 115 2.7
%BB (IQR) 3.2 1.9 21 5.2 2.4 135 9.4 6.0 12.7 9.7 3.8
%SU (IQR) 4.8 6.0 55 6.8 5.9 8.0 7.0 8.6 123 9.6 10.9
%DU (IQR) 1.4 9.1 4.4 1.4 3.5 7.2 7.5 2.9 14.0 6.4 15.9
%SS (IQR) 9.8 7.2 3.6 6.7 5.1 4.0 13.4 7.4 7.0 7.4 0.6
%BC (IQR) 0.6 0.9 0.5 1.6 0.6 2.9 1.6 1.6 21 2.4 14
%0C (IQR) 2.6 1.2 1.9 3.5 1.8 12.5 8.2 5.6 10.1 7.6 2.4

10



SA. Cluster characteristics of the seasonal partitions

In this section we present the summary tables amphg of mean values of optical and microphysical
aerosol parameters extracted from the AERONET siwardata record for each cluster of the mean
seasonal (DJF, MAM, JJA and SON) global partitiotduding: spectral parameters (AOD, ASYM,
AAOD, SSA, CRI-R, CRI-I, LR) at central wavelengtih 440, 675, 870 and 1020nm, the mean
percentage of spherical particles (‘%Sphericitiig mean AVSD (in 22 logarithmic radial bins from
0.05um to 15 um), AVSD-derived microphysical partare (v, o, Vi, I, 6¢, Ve associated with the
fine and coarse modes ‘f’and ‘c’ respectively)dathe fine mode fraction. Values are calculated
from the L2.0 V2 inversion product unless accomedriiy a *' whereby the value is calculated from
the L1.5 V2 inversion product.

Table S7. Descriptive statistics of key optical and micropbgsparameters extracted from the global
AERONET inversion record in each cluster for thassm (DJF).

AERONET L2.0 Cluster 1 Cluster 2 Cluster 3 Clugter Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9Cluster 10

Pixels 8 8 33 2 18 33 57 13 23 18
Records 358 1372 4080 744* 4834 7739 14149 929 3056 9800
AOD (440) 0.19 0.08 0.06 0.14* 0.42 0.11 0.12 0.12 0.20 0.27
AE (440/675) 0.92 0.63 1.73 1.14* 1.07 1.76 1.55 1.09 141 0.72
H20 3.62 2.82 0.49 1.56* 1.17 0.95 0.80 1.15 2.34 1.27
ASYM (440) 0.72 0.75 0.72 0.69* 0.72 0.70 0.71 0.73 0.71 0.75
P180 (440) 0.20 0.41 0.15 0.26* 0.19 0.17 0.17 0.23 0.19 0.18
AAOD (440) 0.057 0.005* 0.062 0.017* 0.138 0.056 0.073 0.052 .070 0.083
SSA (440) 0.90 0.95* 0.90 0.90* 0.87 0.93 0.90 0.93 0.90 0.89
LR (440) 90.1 39.4* 108.4 65.5* 94.5 92.2 96.4 99.8 98.4 496.
CRI-R (440) 1.424 1.449* 1.418 1.542* 1.432 1.432 1.466 1.412 441 1.442
CRI-I (440) 0.011 0.003* 0.018 0.012* 0.014 0.010 0.016 0.015 .016 0.008
r(f) 0.15 0.18 0.18 0.15* 0.16 0.17 0.17 0.19 0.17 0.16
o(f) 0.47 0.49 0.46 0.46* 0.48 0.45 0.47 0.50 0.46 0.50
V(f) 0.02 0.01 0.01 0.01* 0.05 0.01 0.02 0.01 0.03 0.02
r(c) 2.35 2.70 2.92 2.69* 254 2.96 2.89 2.68 3.02 2.26
o(c) 0.71 0.69 0.68 0.66* 0.65 0.67 0.68 0.68 0.69 0.63
V(c) 0.06 0.04 0.01 0.058* 0.08 0.02 0.02 0.02 0.03 0.10
n 0.28 0.15 0.50 0.26* 0.31 0.58 0.51 0.44 0.41 0.20
% Sphericity 63.4 95.6 95.5 51.3* 33.8 86.3 72.3 97.9 96.4 2.6

While 1372 Level 2.0 records were extracted fostu 2, there were no records containing data for
the spectral parameters AAOD, SSA, LR and the QRlorder to estimate the values of these
parameters, we extracted a total of 1074 analoggagsds in this cluster from the Level 1.5 dataset
the sites: Amsterdam Island, Cape_San_Juan, Codstarid, Dunedin, Honolulu,
Manila_Observatory, Prospect Hill, Rio Pedras, Rwef Roads, Sable_lIsland, Tahiti, and Tudor
Hill, and used them to calculate an estimate ofttlean values. For cluster 4, only 8 Level 2.0 résor
were available. As such we extracted all 744 abbslaecords in this cluster from the Level 1.5
dataset at the sites: Azores, Bonanza_Creek, CER&PCrozet Island, Guam, Kapoho, Mace Head,
Marambio, and Santiago, and then proceeded tolatdoaistimated mean values of all parameters.
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Table S8. Descriptive statistics of key optical and micropgbgsparameters extracted from the global
AERONET inversion record in each cluster for thases (MAM).

AERONET L2.0 Cluster 1 Cluster 2 Cluster 3 Clugter Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9Cluster 10 Cluster 11

Pixels 18 58 18 28 2 45 0 25 26 1 15
Records 3380 15023 2645 10340 451* 9083 157* 4170 11823 *871 1909
AOD (440) 0.07 0.19 0.20 0.19 0.05* 0.19 0.03* 0.25 0.39 0.07 0.07
AE (440/675) 1.19 1.62 1.47 1.09 0.78* 1.52 0.62* 1.62 0.38 0.71 121
H20 1.13 1.08 2.19 1.25 1.60* 1.05 0.89* 2.36 1.44 8.98 1.83
ASYM (440) 0.71 0.70 0.71 0.72 0.72* 0.71 0.75* 0.69 0.75 0.73 0.71
P180 (440) 0.23 0.19 0.18 0.20 0.34* 0.18 0.25* 0.19 0.21 0.31 0.26
AAOD (440) 0.105 0.033 0.040 0.088 0.004* 0.050 0.010* 0.068 .060 0.006* 0.030
SSA (440) 0.88 0.95 0.95 0.89 0.92* 0.93 0.64* 0.92 0.91 0.93 0.94
LR (440) 92.7 81.9 91.3 77.9 45.2* 85.6 78.4* 90.2 71.7 #9.6 69.6
CRI-R (440) 1.458 1.437 1.425 1.507 1.511* 1.458 1.559* 1.445 483 1.503* 1.446
CRI-I (440) 0.010 0.007 0.007 0.009 0.008* 0.009 0.194* 0.013 .00 0.005* 0.003
r(f) 0.16 0.16 0.17 0.16 0.17* 0.16 0.26* 0.16 0.16 0.17 0.16
o(f) 0.48 0.44 0.45 0.47 0.49* 0.45 0.56* 0.43 0.58 0.51 0.48
V(f) 0.01 0.02 0.03 0.02 0.00* 0.02 0.00* 0.03 0.02 0.00 0.01
r(c) 2.46 2.49 2.84 2.43 2.55* 2.38 2.76* 2.97 2.14 2.78 2.39
o(c) 0.73 0.72 0.67 0.70 0.73* 0.71 0.65* 0.69 0.62 0.70 0.70
V(c) 0.02 0.02 0.03 0.05 0.02* 0.02 0.01* 0.03 0.21 0.04 0.03

n 0.26 0.52 0.46 0.28 0.18* 0.47 0.36* 0.47 0.11 0.14 0.35
% Sphericity 9.3 91.0 77.2 27.6 87.0* 56.0 87.1* 98.6 1.0 66.2* 63.1

While 36 and 114 Level 2.0 records were extractedtlusters 5 and 10 (cluster 7 did not encompass
any sites), there were no records containing datsAAOD, SSA, LR and the CRI at this level of
guality assurance. Furthermore, since the numbérewél 2.0 records is low for both clusters, we
extracted a total of 451 full records for clustefrdm the Level 1.5 dataset at the sites: Amsterdam
Island, Rottnest Island and Dunedin, and a tot&87df full records for cluster 10 from the Level 1.5
dataset at the sites: Kapoho, McMurdo, Nauru, REDNIIST _DENIS, South_Pole, and Tahiti. For
cluster 7, a total of 157 full records from the kbWd.5 dataset at the sites: CEILAP-RG, Crozet
Island, Marambio, Utsteinen, and Vechernaya_ Hilkwaed. We then proceeded to use this data to
calculate mean values of all parameters.
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Table SO. Descriptive statistics of key optical and micropgbgsparameters extracted from the global
AERONET inversion record in each cluster for thassm (JJA).

AERONET L2.0 Cluster 1 Cluster 2 Cluster 3 Clugter Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9Cluster 10 Cluster 11
Pixels 0 51 2 21 5 31 0 13 82 32 16
Records 102* 6466 771 1792 2419* 3478 333* 1043 6195 2921 1525
AOD (440) 0.03* 0.18 0.06* 0.26 0.07* 0.45 0.07* 0.14 0.28 19. 0.27
AE (440/675) 0.78* 1.60 0.89* 1.74 1.10* 0.50 0.58* 1.41 1.72 34. 1.64
H20 0.66* 1.99 2.91* 2.05 1.38* 2.40 4.37*% 1.95 2.53 94. 2.65
ASYM (440) 0.74* 0.70 0.72* 0.67 0.70* 0.74 0.73* 0.69 0.71 7D. 0.71
P180 (440) 0.21* 0.19 0.31* 0.18 0.22* 0.21 0.33* 0.20 0.17 19. 0.17
AAOD (440) 0.011* 0.043 0.005* 0.080 0.012* 0.055 0.006* 0.077  0.026 0.051 0.030
SSA (440) 0.63* 0.94 0.92* 0.89 0.90* 0.92 0.92* 0.87 0.97 9D. 0.95
LR (440) 95.9* 80.4 50.4* 89.2 79.1* 67.3 46.8* 100.7 84.8 8.7 87.4
CRI-R (440) 1.558* 1.453 1.498* 1.488 1.519* 1.501 1.505* 1.422  1.415 1.464 1.389
CRI-I (440) 0.137* 0.008 0.006* 0.020 0.020* 0.004 0.006* 0.020 0.005 0.007 0.006
r(f) 0.25* 0.16 0.17* 0.15 0.16* 0.16 0.18* 0.15 0.17 1®. 0.16
o(f) 0.55* 0.42 0.49* 0.40 0.47* 0.53 0.50* 0.45 0.43 4. 0.42
V() 0.00* 0.02 0.00* 0.03 0.01* 0.03 0.01* 0.02 0.04 0D. 0.04
r(c) 2.40* 2.92 2.60* 3.18 2.65* 231 2.82* 2.80 3.02 62. 2.76
o(c) 0.67* 0.69 0.69* 0.69 0.73* 0.62 0.69* 0.71 0.67 6. 0.67
V(c) 0.01* 0.03 0.03* 0.03 0.02* 0.23 0.03* 0.03 0.02 04. 0.03

n 0.47* 0.47 0.17* 0.53 0.35* 0.12 0.15* 0.39 0.65 30. 0.58
% Sphericity 92.8* 84.7 84.8* 98.9 92.6* 2.4 86.9* 94.5 98.6 U3. 94.7

While 224 and 294 Level 2.0 records were extratbedclusters 3 and 5 (clusters 1 and 7 did not
encompass any sites), there were no records congalata for AAOD, SSA, LR and the CRI at this
level of quality assurance. For these four clusters, 5 and 7) we therefore extracted a total G

full records for cluster 1 from the Level 1.5 da&taat the sites: CEILAP-RG and Marambio, a total of
771 full records for cluster 3 from the Level 1&aket at the sites: Amsterdam_Island, Crozetdslan
Dunedin, McMurdo, and Tabhiti, a total of 2419 frécords for cluster 5 from the Level 1.5 dataset at
the sites: Adelaide 7, ARM_Gan_lIsland, Ascensidantd Canberra, CEILAP-Bariloche,
Coleambally, Lucinda, Milyering, Perth, Petrolin®ISDA, Puerto_Madryn,
REUNION_ST DENIS, Rottnest_Island, and Trelew, aridtal of 333 full records for cluster 5 from
the Level 1.5 dataset at the sites: Kapoho, MarNsuru, South_Pole_Obs, Utsteinen, and
Vechernaya_Hill. We then used this data to caleuta¢an values of all parameters.
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Fig. S17. Spectral behaviour of the global mean values of dycal parameters (ASYM, AAOD,
SSA, LR) and microphysical parameters (CRI-R andl-ERor each cluster from extracted
AERONET data at 440, 675, 870 and 1020nm duringéason (JJA).
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Fig. S18. Global mean size distributions for each clusteretbgr with the derived fine and coarse
mode parameters: (b, Vi and g, o, V. respectively) during the season (JJA).
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Table S10. Descriptive statistics of key optical and microphgs parameters extracted from the
global AERONET inversion record in each clustertfar season (SON).

AERONET L2.0 Cluster 1 Cluster 2 Cluster 3 Clugter Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9Cluster 10 Cluster 11

Pixels 1 4 51 3 52 28 15 5 23 43 28
Records 197* 268 9554 626* 15055 5671 2044 930 9738 10516 4096
AOD (440) 0.04* 0.06 0.16 0.07* 0.14 0.44 0.16 0.03 0.20 0.18 0.34
AE (440/675) 0.78* 1.56 1.61 0.97* 1.54 1.62 1.49 2.46 1.26 1.72 0.71
H20 0.90* 2.09 1.40 2.62* 1.48 2.69 1.50 1.39 1.77 1.85 2.14
ASYM (440) 0.73* 0.70 0.71 0.71* 0.71 0.68 0.69 0.68 0.71 0.71 0.74
P180 (440) 0.15* 0.24 0.18 0.34* 0.18 0.18 0.20 0.26 0.19 0.17 0.19
AAOD (440) 0.016* 0.025 0.040 0.008* 0.055 0.080 0.063 0.001* 0.071 0.039 0.047
SSA (440) 0.69* 0.95 0.94 0.91* 0.92 0.90 0.90 0.98* 0.91 50.9 0.92
LR (440) 121.2* 72.6 90.1 48.9* 94.5 86.4 93.7 55.7* 85.0 .91 80.2
CRI-R (440) 1.587* 1.450 1.421 1.495* 1.438 1.473 1.427 1.537* 1.470 1.409 1.461
CRI-I (440) 0.103* 0.007 0.008 0.008* 0.011 0.017 0.015 0.002* 0.011 0.007 0.005
r(f) 0.22* 0.16 0.17 0.16* 0.16 0.15 0.15 0.17 0.16 0.17 0.16
o(f) 0.56* 0.44 0.44 0.48* 0.44 0.40 0.44 0.49 0.45 0.43 0.49
V(f) 0.00* 0.01 0.02 0.01* 0.02 0.06 0.02 0.00 0.02 0.03 0.03
r(c) 2.45* 2.35 2.88 2.70* 2.88 2.92 3.02 3.51 2.66 3.07 231
o(c) 0.70* 0.70 0.68 0.72* 0.68 0.71 0.69 0.67 0.66 0.65 0.63
V(c) 0.01* 0.01 0.02 0.03* 0.02 0.04 0.03 0.01 0.06 0.02 0.14

n 0.46* 0.40 0.52 0.18* 0.47 0.56 0.38 0.65 0.34 0.60 0.17
% Sphericity 99.0* 98.5 93.4 94.8* 66.4 98.6 93.2 61.8 41.6 96.5 7.8

While 930 Level 2.0 records were extracted for telu$, there were no records containing data for
AAOD, SSA, LR and the CRI at this level of qualggsurance. For this cluster, we extracted a total
of 527 analogous records from the Level 1.5 datagethe sites: Andros_lIsland, Bermuda,
Coconut_lsland, Guam, Honolulu, Kapocho, Manus, méalloa, Nauru, Prospect_ Hill, and
Tudor_Hill, to estimate these parameters. For etustonly 2 Level 2.0 records were available. As
such we extracted 197 complete records from Lévetiata at the sites: CEILAP_RG, Crozet_lIsland
and Marambio, and then proceeded to calculate walaes of all parameters. In the case of cluster 4,
while 142 Level 2.0 records were extracted, theeeewno records containing data for AAOD, SSA,
LR, CRI and the % sphericity at this level of gtyaissurance. For this cluster, we extracted habta
626 analogous records from the Level 1.5 datasethat sites: Amsterdam_lIsland, Dunedin,
McMurdo, REUNION_ST_DENIS, Tahiti, Utsteinen, ancedhernaya_Hill, and used this data to
estimate the values of all parameters.
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Fig. S19. Optimized least square regression fits to the tsplebehaviour of mean values of the
AERONET-derived AOD for each cluster during the ssea (SON). The circles at 500nm are the
mean cluster values of the total AOD obtained byCBAAT.
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Fig. S20. Spectral behaviour of the global mean values of dycal parameters (ASYM, AAOD,
SSA, LR) and microphysical parameters (CRI-R andl-ERor each cluster from extracted
AERONET data at 440, 675, 870 and 1020nm duringéason (SON).
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Fig. S21. Global mean size distributions for each clusteretbgr with the derived fine and coarse
mode parameters: (i, Vi and g, o, V. respectively) during the season (SON).
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$A. Bivariate parameterizations of seasonal global aer osol mixtures

In this section we present the results of paranzéterthe AERONET data record with pairs of
optical and/or microphysical parameters commonbdus aerosol classification studies described in
detail in the main text of the manuscript.
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Fig. S22. Cluster means (squares) and standard deviatiamss)lioverlaid on the AERONET data
record (points) for the season (DJF) parameterigdpairs of optical and/or microphysical
parameters commonly used in aerosol classificaiodies.
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Fig. S23. Cluster means (squares) and standard deviatiamss)lioverlaid on the AERONET data
record (points) for the season (MAM) parameterizgd pairs of optical and/or microphysical
parameters commonly used in aerosol classificaiodies.
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Fig. S24. Cluster means (squares) and standard deviatiamess)lioverlaid on the AERONET data
record (points) for the season (JJA) parametetiggohirs of optical and/or microphysical parameters
commonly used in aerosol classification studies.
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Fig. S25. Cluster means (squares) and standard deviatiames)lioverlaid on the AERONET data
record (points) for the season (SON) parameterizgdpairs of optical and/or microphysical
parameters commonly used in aerosol classificatiodies.
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