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Abstract  13 

The optical and microphysical characteristics of distinct aerosol types in the atmosphere are not yet specified at 14 
the level of detail required for climate forcing studies. What is even less well known are the characteristics of 15 
mixtures of aerosol and, in particular, their precise global spatial distribution. Here, cluster analysis is applied to 16 
seven years of 3-hourly, gridded 2.5 x 2 degree aerosol optical depth data from the Goddard Chemistry Aerosol 17 
Radiation and Transport (GOCART) model, one of the most-studied global simulations of aerosol type currently 18 
available, to construct a spatial partition of the globe into a finite number of aerosol mixtures. The optimal 19 
number of aerosol mixtures is obtained with a k-means algorithm with smart seeding in conjunction with a 20 
stopping condition based on applying the ‘law of diminishing returns’ to the norm of the Euclidean distance to 21 
provide upper and lower bounds on the number of clusters. Each cluster has a distinct composition in terms of 22 
the proportion of biomass burning, sulfate, dust and marine (sea salt) aerosol and this leads rather naturally to a 23 
taxonomy for labeling aerosol mixtures. In addition, the assignment of primary colours to constituent aerosol 24 
types enables true colour-mixing and the production of easy-to-interpret maps of their distribution. The mean 25 
multiyear global partition as well as partitions deduced on the seasonal timescale are used to extract aerosol 26 
robotic network (AERONET) Level 2.0 Version 2 inversion products in each cluster for estimating the values of 27 
key optical and microphysical parameters to help characterize aerosol mixtures. On the multiyear timescale, the 28 
globe can be spatially partitioned into 10 distinct aerosol mixtures, with only marginally more variability on the 29 
seasonal timescale. In the context of the observational constraints and uncertainties associated with AERONET 30 
retrievals, bivariate analysis suggests that mixtures dominated by dust and marine aerosol can be detected with 31 
reference to their single scattering albedo and Angstrom exponent at visible wavelengths in conjunction with 32 
their fine mode fraction and sphericity. Existing multivariate approaches at classification appear to be more 33 
ambiguous. The approach presented here provides gridded (1x1 degree) mean compositions of aeorosol 34 
mixtures as well as tentative estimates of mean aerosol optical and microphysical parameters in planetary 35 
regions where AERONET sites do not yet exist. Spreadsheets of gridded cluster indices for multiyear and 36 
seasonal partitions are provided to facililate further study of the global distribution of aerosol mixtures and 37 
possibly for the selection of new AERONET site locations. 38 
 39 
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1. Introduction 43 

It is now known that aerosols contribute strongly to the change in radiative climate forcing and 44 

prediction uncertainty (Mischenko et al, 2007; Kahn, 2012, IPCC, 2013). However, much is still not 45 

known about the optical and physical properties of the aerosol components. For example, there is no 46 

suitable optical model for radiance retrievals of coarse-mode dust, even from the Sahara (e.g., 47 

Kalashnikova et al, 2005), and the time-varying, spectral single-scattering albedo of biomass burning 48 

particles is much too loosely constrained for many radiative forcing applications. Reduction of the 49 

aerosol uncertainty has been hindered by several things. Firstly, there is a gap in our detailed 50 

understanding of the global spatial and temporal variation of aerosol types (Hansen et al, 2005), and 51 

secondly there is an absence of consensus on the optimal combination of optical and microphysical 52 

parameters that should be used for characterizing aerosol types (IPCC, 2013). Thirdly, satellite 53 

remote sensing data, while able to provide global spatiotemporal detail on aerosol amount and to 54 

some extent type, by itself it is insufficient for providing detailed aerosol microphysics.  55 

Targeted suborbital measurements are expected to help to better contrain the uncertainty 56 

associated with direct aerosol radiative forcing (Kahn, 2012). Results from global circulation models 57 

(e.g. Mann et al, 2014) are helping to paint a picture of how aerosol is globally distributed (Stier et 58 

al, 2013; Kinne et al, 2013) and new studies of global decadal and/or multi-decadal trends in aerosol 59 

load are helping constrain its behaviour in time (Chin et al, 2014). It should be borne in mind that the 60 

convergence of results between IPCC/AR4 and AR5 in model inter-comparison exercises suggests a 61 

reduction in model diversity but not necessarily in model uncertainty, due to the limitations of 62 

available observational constraints (Samset et al, 2014; Schwartz et al, 2014).  Of note is the fact 63 

that there is a rapid growth in understanding 3D aerosol climatologies thanks to vertical profiles 64 

provided by LIDAR (e.g. Winker et al, 2013; Yu et al, 2010). These are likely to play a key role in 65 

comparative studies involving targeted suborbital measurements. With regard to the characterization 66 

of aerosol types, numerous studies have attempted to classify aerosol types from ground-based 67 

observations (e.g. Dubovik et al, 2002; Eck et al, 1999; Kalapureddy et al, 2009; Lee et al, 2010; 68 

Mielonen et al, 2009, Omar et al, 2005; 2009), and many satellite algorithms now adopt procedures 69 

for classifying aerosol types to improve the accuracy of their AOD retrieval (Higurashi & Nakajima, 70 

2000, 2002; Jeong & Li, 2005; Kahn et al, 2010; Kaufman et al, 2005; Kim et al, 2007, 2013; Lee 71 

et al, 2009, Remer et al, 2005, Russell et al, 2014). Despite such studies at the local or regional level 72 

using bivariate or multivariate combinations of optical and/or microphysical parameters as proxies, 73 

there is no unambiguous protocol for the identifying aerosols of different types or mixtures. The latter 74 

is of particular importance and of increasing prominence due to cross-boundary and/or inter-75 

continental transport of aerosol (e.g. Yu et al, 2012).  76 

A proper characterization of aerosol requires knowledge of aerosol size, shape, and 77 

composition provided by optical and microphysical parameters (Dubovik & King, 2000). Inversion 78 

of radiation measurements made by ground-based CIMEL sunphotometers (typically several per day) 79 

operated at sites contributing to AERONET (Holben et al, 1998) provide size, index-of-refraction, 80 

and shape information, but sites in this point-sampling network are unevently distributed – 81 

particularly over ocean and uninhabited regions (e.g. deserts, ice caps oceans, and mountains). It 82 

should also be noted here that AERONET particle property retrievals are not as well-constrained as 83 

direct-sun spectral AOD measurements, and also that some of the assumptions in the sky scan 84 

retrieval are not physical (e.g. assuming that the indices of refraction are the same for both fine and 85 

coarse modes). The highest level of chemical detail is provided by surface or low altitude in situ 86 

measurements but laboratories and supersites tend to be located at urban centres and sample the 87 

atmosphere at altitudes well below the cloud layer (IPCC, 2013). Furthermore, there is a need for 88 

more studies comparing mass size distributions with columnar volume size distributions (e.g. 89 

Gerasopoulos et al, 2007) to test such ascertions, especially considering that AERONET aerosol type 90 

has only been validated against in situ data in a few cases. From space, radiation measurements from 91 

spectroradiometer instruments onboard satellites (typically ≈1 per day) provide full-Earth viewing 92 

capacity but discerning aerosol types is still not unambiguous. Nevertheless, progress is being made in 93 

this direction. For example, inversion algorithms that retrieve aerosol properties from spectral multi-94 

angle polarimetric satellite observations suggest that polarization information is expected to help with 95 

regard to determination of particle size and the real part of the refractive index with reference to 96 
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volume size distributions (Dubovik et al, 2011), and some constraints on size, shape and also the SSA 97 

have been shown to be derivable from multi-angle, multi-spectral observations with MISR 98 

(Kalashnikova & Kahn, 2006; Chen et al, 2008; Kahn et al, 2010). 99 

Given the current limitations in coverage and detail associated with using AERONET and 100 

satellite retrievals of aerosol type data, this paper presents a method for identifying, naming and 101 

visualizing global mixtures of aerosols from the output of global circulation or chemical transport 102 

models. The motivation for this is the work of Kahn et al (2001) which analyzed the sensitivity of 103 

multi-angle imaging to AOD and aerosol type, based on global-scale model simulations of these 104 

quantities drawn from several sources. They produced a global climatology of likely aerosol mixtures 105 

by month from the model results, and showed the degree to which multiangle imaging is sensitive to 106 

natural mixtures of aerosols, particularly over the ocean. Here, we develop a methodology for 107 

spatially partitioning the globe into zones of aerosol mixtures of distinct characteristics. The 108 

partitioning is driven by the contribution of distinct tropospheric aerosol types to the AOD in each 109 

pixel of the global grid (2.5 x 2 degree longitude x latitude) provided by the Goddard Chemistry 110 

Aerosol Radiation and Transport (GOCART) model (Chin et al, 2000; 2002; 2014, and Ginoux et al, 111 

2001). The GOCART model provides global, continuous, gridded 3-hourly values of total AOD at 112 

500nm as well as the contribution to the total AOD of sulfate (SU), black carbon (BC), organic carbon 113 

(OC), desert (mineral) dust (DU) and sea salt (SS). With reference to the values of optical and 114 

microphysical parameters provided by AERONET sites in each cluster, we then assess the 115 

characteristics of the global partitioning obtained for a multiyear mean and for seasonal means of the 116 

GOCART chemical simulations in the context of existing strategies for aerosol classification. In this 117 

way, a representation of the global spatial distribution, composition and other characteristics of 118 

aerosol mixtures are derived and assessed. 119 

The paper is organized as follows. The model simulations and validation data used in this 120 

study are briefly presented in Section 2. Section 3 outlines the approach followed to cluster GOCART 121 

data to partition the globe spatially into aerosol mixtures as well as a new colour-coding and a 122 

taxonomy for their labeling and visualization. In Section 4, the average composition of the clusters is 123 

presented for the whole (multiyear) period and for each season, and average values of optical and 124 

microphysical parameters extracted from available sunphotometer inversion products in each region 125 

are used to make an assessment of their characteristics and of several bivariate and multivariate 126 

classification schemes. The paper concludes in Section 5 with a summary of the main findings and 127 

suggestions for application of the results.  128 

 129 

2. Data sources and uncertainties 130 

GOCART (Collection G4P0) simulations spanning all days in the years 2000-2006 (inclusive) and 131 

gridded globally in pixels of size 2.5 x 2 degrees (longitude x latitude) were downloaded from the 132 

Goddard Earth Sciences, Data and Information Services Center (GES-DISC) interactive visualization 133 

and analysis portal at: http://gdata1.sci.gsfc.nasa.gov, and the percentage contribution of individual 134 

aerosol type to the total extinction AOD were derived for each pixel. The time-averaged global means 135 

were calculated, as were seasonal means based on extraction of all DJF (December, January and 136 

February), MAM (March, April and May), JJA (June, July and August) and SON (September, 137 

October and November) data. The methodology used to spatially partition the global multiyear and 138 

seasonal data is presented in Section 3.1. Sources of uncertainty in the GOCART model stem in part 139 

from uncertainty in the calculation of aerosol mass, associated with the emission inventories for 140 

individual aerosol types, chemical transport and precursors, and removal processes. In addition, 141 

uncertainties in the mass extinction efficiencies adopted are due to assumed particle hygroscopic 142 

properties, refractive indices, aborption, mixing state, injection heights (in particular for biomass 143 

burning smoke and dust), as well as assumptions of sphericity and size distribution of different 144 

aerosol types (Chin et al, 2002; Yu et al, 2010). In relation to biomass burning aerosol, the total dry 145 

mass burned in current source inventories is much too low (Chin et al, 2009), and the commonly 146 

applied assumption that smoke emissions are all uniformly distributed in the atmospheric boundary 147 

layer has also been called into question (Kahn et al, 2008; Val Martin et al, 2010). Another key 148 

issue is that the assumption in the Mie theory used to calculate particle optical properties is that 149 
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particles are spheres; this assumption has been shown to lead to severe under-estimation of aerosol 150 

extinction and backscatter in the case of non-spherical particles (Mattis et al, 2002). The global 151 

partitions of aerosol mixtures based on cluster analysis of GOCART described in Section 3 should be 152 

seen in the context of these uncertainties. 153 

With a view to characterizing the optical and microphysical properties and general 154 

characteristics of aerosol mixtures and distinct zones of the partitioning described in Secion 3, the 155 

global record of AERONET (Holben et al, 1998) “All Points” Level 2.0 Version 2 inversion products 156 

was downloaded from http://aeronet.gsfc.nasa.gov and temporally aligned with the multiyear period 157 

spanned by the GOCART record (2000-2006 inclusive). These products are cloud-screened and 158 

quality assured. The accuracy of these products is reported by Dubovik et al (2000; 2002; 2006). In 159 

addition, the global record of AERONET “All Points” Level 1.5 inversion products was obtained to 160 

address situations where Level 2.0 Version 2 records were missing (see Section 4.2). For both Level 161 

1.5 and Level 2.0 records, the phase function at 180 degrees for the central spectral wavelengths (440, 162 

675, 870 and 1020nm) was also appended (see Section 4.1 for details of its application to the 163 

estimation of LIDAR ratios). Finally, we note that, in order to facilitate future studies of co-located 164 

GOCART and/or AERONET data with satellite data gridded at 1x1 degrees, the GOCART data was 165 

downscaled from 2.5 x 2 degree longitude x latitude to 1x1 pixel resolution using a simple cubic 166 

spline interpolation. We would like to reiterate here that, as the data quality for aerosol-type inversion 167 

products is very different from direct-sun AOD measurements, work still needs to be done to validate 168 

AERONET aerosol type products and further assess their uncertainties. We will return to this point in 169 

more detail in the results section where the optical and microphysical characteristics of global aerosol 170 

mixtures derived from AERONET inversion products are presented.  171 

 172 

3. Methodology  173 

Global time-averaged mean maps are first calculated for the total AOD and for the BC, OC, SU, DU 174 

and SS contribution on i) the multiyear timescale (01/01/2000-31/12/2006) and ii) the seasonal 175 

timescales DJF, MAM, JJA and SON. The ratio of the contribution of the aerosol type to the total 176 

AOD was calculated as a percentage in each pixel and the maps were then ‘unfolded’ and combined 177 

in serial form with data in each pixel occupying a row of the resultant 64800 x 8 matrix (column 178 

1=longitude, column 2=latitude and columns 3:6=percentage contribution of BB=BC+OC, SU, DU 179 

and SS. Note that we have adopted a convention also used by GEOS-5 whereby combined aerosol 180 

maps produced from GOCART data are constructed by summing the percentages of BC and OC 181 

labelling the result as ‘BB’ (corresponding to ’Biomass Burning’). Figs. 1 and 2 show the global 182 

spatial distribution of the mean total AOD (500nm) on the multiyear and seasonal timescales, 183 

respectively. Fig. 1 shows that the regions of peak mean global aerosol load are broadly located over 184 

the Sahara and Nigeria in Northern Africa, in the Gobi desert to the north of the Himalayas, and over 185 

a large region centered on Beijing.  186 
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 187 
Fig.  1. The multiyear (2000-2006 inclusive) mean AOD (500nm) from the GOCART model. 188 

 189 

 190 
 191 

Fig.  2. The seasonal mean AOD (500nm) from the GOCART model for the monthly triplets: DJF, 192 

MAM, JJA and SON. 193 

 194 

The maps of Fig. 2 suggest that the spatial distribution of the mean total AOD does not vary strongly 195 

even on the seasonal timescale. Furthermore, the main sources of aerosol, while exhibiting some 196 

seasonal variation in intensity, do not show large displacement in the location of their peaks. Note that 197 

such findings should be seen within the context of the underlying assumptions and limitations of the 198 

GOCART model itself, that lead to uncertainty in the AOD retrievals for different aerosol types. 199 

Some of these have been described in Section 2. In particular, dust and especially biomass burning 200 

show large inter-annual AOD variations on the seasonal timescale at the regional level (Chin et al, 201 

2009; 2014), and these effects are averaged-out in Figs. 1 and 2. A further limitation is that the 202 

GOCART model itself may not fully capture the magnitude of the regional, seasonal inter-annual 203 

variability. 204 

In order to investigate how representative the 2000-2006 (inclusive) mean is of variability in 205 

the annual mean over the study period, we extracted gridded maps of the mean annual AOD and 206 

performed a quantitative comparison of each yearly map with the 2000-2006 mean. Since maps of 207 
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AOD are effectively grey-scale images (i.e. colour is used only to represent magnitude), the mean bias 208 

and root-mean squared error (RMSE) can be calculated directly by averaging differences over all 209 

64800 pixels. Note that the RMSE, although a good quantitative measure of magnitude, is often a 210 

poor measure of feature differences (e.g., Wang et al, 2004). Hence, we also calculated the value of 211 

the mean structural similarity index (SSIM) (Wang et al, 2004). The results of this quantitative 212 

comparison between the annual mean and the 2000-2006 mean for each year of the study period are 213 

collected in Table 1.   214 

 215 

Table 1. Statistics resulting from a comparison of the gridded (1x1 degree) mean total global AOD 216 

(500nm) map for the period 2000-2006 (inclusive) with the analogous annual mean maps. ‘Bias’ is 217 

the mean bias,  ‘RMSE’ is the root mean squared error and ‘SSIM’ is the mean structural similarity 218 

index calculated over all 64800 gridded (1x1 degree) pixels. 219 

 220 

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 

 221 

There is strong agreement in the structural similarity between maps of annual means and the 2000-222 

2006 mean (perfect agreement is signified by a value of SSIM=1). There is some variation in the 223 

mean bias and the RMSE, both of which are unitless, as is AOD. In particular, the year 2000 mean 224 

shows the strongest deviation from the 2000-2006 mean, with both a bias and a RMSE ≈3 times the 225 

maximum bias and RMSE obtained for other years in the study period. In the context of the accuracy 226 

of the AERONET retrieval of AOD, which is ±0.02 (Holben et al, 2006) for the Level 1.5 inversion 227 

products and ±0.01 (Eck et al, 1999) for the Level 2.0 inversion products, the calculated mean pixel 228 

bias and RMSE are well within these accuracy limits for all annual means considered. In Figs. S1-S7 229 

of the supplement accompanying this manuscript, maps of the mean total global AOD for the years 230 

2000 through 2006 (inclusive),  the 2000-2006 mean, calculated annual differences from the multiyear 231 

mean, and a log-density regression (over all pixels) of annual mean data versus the mutiyear mean are 232 

presented. Based on these findings, we proceeded to use the multiyear 2000-2006 mean map as a 233 

proxy for the annual mean AOD maps. Note that implicit in this assumption is that the mean 234 

percentage contribution of aerosol types has similarly low interannual variability. In order to capture 235 

also the variation in individual aerosol components, results for seasonal means will also be presented 236 

in full.  Fig. 3 presents the mean percentage contribution of these types to the total AOD for the global 237 

multiyear mean. 238 
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 239 
Fig.  3. The multiyear (2000-2006 inclusive) mean percentage contribution of BC, OC, BB=BC+OC, 240 

SU, DU and SS to the total AOD (500nm) derived from GOCART model output data. Colour axes are 241 

normalized to the maximum value in each case. 242 

 243 

Fig. 3 shows that, based on the model simulations, the largest contributions to the mean global AOD 244 

are from dust and sulfate (whose colour bar axes extend to nearly 100%). Dust is seen to occupy an 245 

extended (and slightly eastwardly-inclined) band of around 30 degrees of latitude, and 180 degrees 246 

longitude in extent, situated between 10-40ᵒN. Marine sea salt aerosol appears to be confined strongly 247 

to the Southern hemisphere and its peak occupies a band about 20-30 degrees of latitude, centered 248 

around 60oS, and extending across the globe in longitude. Peak contributions of biomass burning 249 

products (BB=BC+OC) occur as expected over the Amazon forest, in the African Savannah and the 250 

forests of Borneo, Indonesia and North Western Australia. On this timescale, the Sahel does not 251 

appear as a major BB source. The contribution of sulfate is more dispersed. Strong peaks are observed 252 

over Indonesia’s “Ring of Fire” and Santiago (Chile), but prominent and extensive contributions are 253 

clearly visible in the regions centered on Mexico City, the North East coast of the USA, Japan, the 254 

Eastern coast of China, as well as over the whole of the European continent (with the exception of the 255 

southern periphery). 256 

 257 

3.1 Cluster analysis  258 

The next task was to perform cluster analysis on the percentage contributions of each aerosol type for 259 

the global mean map calculated for the multiyear timescale and the seasonal timescale. A k-means 260 

clustering algorithm (MacQueen, 1967) calculated the norm of the Euclidean distances (which we 261 

will refer to as an ‘energy’ to be minimized) from cluster centres to every point in the 4D space of 262 

percentage contributions. To mitigate the effect of centres being confined to local minima, initial 263 

cluster centres were chosen randomly during multiple (we used 10 here) independent runs (for the 264 

same number of clusters) as per the prescription of David & Vassilvitskii (2007). The lowest energy 265 

case of these ‘random seeds’ was then retained as the best case. This entire procedure was repeated 266 

stepping through 1 to 24 cluster centres. The variation of the energy (E) with the number (N) of 267 

clusters is shown in Fig. 4. The global minima resulting from the random seeding process were found 268 
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to be repeatable and robust. As an indication, the percentage difference in the Euclidean distance for 269 

each random seeding relative to that associated with the best seed never exceeded 5.6% for the case of 270 

N=10 clusters. Furthermore, six out of ten of the seeds had a percentage difference of less than 1% 271 

from the optimal global minimum found. 272 

 273 

 274 

Fig. 4. Graph of the norm of the Euclidean distance ( ‘energy’, E) with the number (N) of clusters (1-275 

24) for the multiyear mean percentage contribution of BB, SU, DU and SS to the total AOD (500nm) 276 

with points shown as black dots. Red triangles indicate the values of (N,E) associated with ‘half-lives’ 277 

p=[1:5] obtained by linear regression of the plot of E versus N in natural logarithm space (inlay). Blue 278 

horizontal lines indicate the point where ∆E drops below 10% (at N=10) while red vertical lines 279 

indicate the lower and upper bounds on the optimal number of clusters. 280 

 281 

Fig. 4 shows that this approach leads to a smoothly decaying variation of E with N. In order to 282 

identify the optimal number of clusters, we applied two methods. In the first method, as per Omar et 283 

al. (2005), the optimal number of clusters was detected with the condition that the change in energy 284 

(’delta E’ in the plot) fell below 10% of the initial energy value (for the case N=1). For the multiyear 285 

global mean data, this condition gives N=10 clusters. This choice of stopping condition (10%), 286 

although subjective and on the conservative side, produces a global partition into spatial zones whose 287 

dominant aerosol types and/or mixtures are reflected by other studies in these regions.  Actual 288 

retrieval sensitivity for MISR, to take that example, generally requires about 20% of AOD for a single 289 

component to be at all detectable, under good retrieval conditions (Kahn et al., 2001). 290 

As an independent check on the consistency and potential validity of this result, we devised 291 

the following method for estimating upper and lower bounds on the optimal number of clusters 292 

obtained. When plotted on log-log (natural logarithm) axes, the curve of E versus N was found to be 293 

closely fit by a straight line (especially for N>4) - signaling that the curve follows an exponential 294 

decay. The linear fit in log-log space was used to find the location of the integer values of N 295 

corresponding to consecutive halvings of E. In this space, points associated with the number of ‘half-296 

lives’ (p) of E lie at equally-spaced distances along the best fit line as shown by the red triangles in 297 

the inlay in Fig. 4. In order to find lower and upper bounds for the optimal number of clusters, points 298 

having coordinates ln(N) and ln(E) closest to each value of p were used. For p=3 half-lives, N=7 (i.e. 299 

closest to the 7th black point along the best fit line in the inlay of Fig. 4) provides the lower bound 300 

and, for p=4 half-lives, N=13 (i.e. closest to the 13th black point along the best fit line in the inlay of 301 

Fig. 4) provides the upper bound. This method suggests that the optimal number of clusters N is 302 

between 7 and 13, in logical agreement with the result obtained using the first method where N=10 303 
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when the ‘delta E<10%’ stopping condition was used. These findings are in general agreement with 304 

the study of the sensitivity of multiangle imaging to natural mixtures of aerosol in Kahn et al (2001) 305 

where  13 clusters were found for up-to-four component mixtures and 5 clusters were obtained when 306 

differences in components but not their proportions were analyzed. With the stopping condition in 307 

mind, we adopted N=10 as the “optimal” number of clusters. This approach was then repeated for the 308 

global mean maps unfolded for seasonal data. In Fig. S9 of the supplement accompanying this 309 

manuscript, plots of the process for each season (DJF, MAM, JJA and SON) are presented. During the 310 

season spanned by the months DJF, the optimal number of clusters is commensurate with that 311 

obtained for the multiyear mean (N=10). For the other seasons MAM, JJA and SON, the “optimal” 312 

number of clusters is N=11 – suggesting perhaps an increase in the diversity of global aerosol 313 

mixtures during these months as compared to DJF. Once again, in the context of the stopping 314 

condition, it is unlikely that the difference between N=10 and N=11 is significant.  315 

 316 

 317 

3.2 Taxonomy of aerosol mixtures  318 

The result of applying the methodology outlined in Section 3.1 to the unfolded map of the multiyear 319 

mean and unfolded seasonal maps was a vector of cluster indices (ranging from 1 to N, the number of 320 

clusters obtained with the stopping condition) in each case. Each row of this vector assigns each pixel 321 

to a distinct cluster and has a direct 1:1 mapping with the matrix of unfolded aerosol type percentages 322 

(i.e. each pixel has a specific and distinct proportion of BB, SU, DU and SS. Isolating all instances of 323 

the same cluster index then allowed for descriptive statistics (central values and dispersion) derived 324 

from the percentage contributions of BB, SU, DU and SS to be produced for each cluster. Table 2 325 

presents the results of this analysis for the multiyear mean global partition. Tables presenting full 326 

descriptive statistics (including also the median and the inter-quartile range) are presented in the 327 

supplement for the multiyear mean (Table S1) and for seasonal mean global partitions (Tables S3-328 

S6). Note that the statistics reported represent the consistency of the model rather than its accuracy 329 

per se. 330 

 331 

Table 2. Descriptive statistics of multiyear mean global aerosol mixtures extracted from the 332 

GOCART data record by application of cluster analysis.  333 

 334 
GOCART V4 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9 Cluster 10 

Pixels 1187 16020 15486 2486 2019 2645 6958 4153 10338 3508 
AOD (500) 0.17 0.06 0.16 0.40 0.19 0.20 0.14 0.10 0.10 0.09 

%BB (Mean) 35.9 14.0 12.5 5.7 61.2 11.2 10.4 15.0 9.0 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 1.1 3.1 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 1.7 6.7 
%OC (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 5.5 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.) 1.2 1.0 0.9 0.8 1.8 1.2 0.7 1.3 0.6 1.2 
%OC (St.D.) 6.8 3.2 2.5 3.1 7.4 4.8 2.1 4.3 1.9 5.8 

 335 

In this work then, each cluster corresponds to a mean aerosol mixture – containing a combination of 336 

BB, SU, DU and SS. When visualizing the clusters, we decided to follow as closely as possible the 337 

colour scheme used for aerosol types by the CALIPSO LIDAR aerosol retrieval algorithm: 338 

black=smoke (‘BB’), red=pollution (‘SU’), yellow=dust (‘DU’) and blue=marine (‘SS’) with the 339 

closest parallel possible with the aerosol typing adopted by GOCART. This scheme has the desirable 340 

property that these are primary colours and are visually easy to distinguish (i.e. they do not create 341 

ambiguities in perception due to colour-blindness for example). With this colour-coding, the cluster 342 

analysis gives rise to the following stacked bar chart of mean aerosol mixtures shown in Fig. 5 for the 343 

multiyear global means: 344 
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345 
Fig. 5. A (primary) colour-coded stacked bar chart displaying the aerosol composition of each cluster 346 

resulting from application of the k-means algorithm and the stopping condition to the global multiyear 347 

mean GOCART data.  348 

 349 

Note that cluster 4 is DU-dominated, cluster 5 is BB-dominated, cluster 8 is SU-dominated and cluster 350 

9 is SS-dominated. All other clusters (1,2,3,6,7 and 10) are not clearly dominated by a single aerosol 351 

type but have at least one component in excess of ~20%. This leads fairly naturally to a naming 352 

convention whereby the dominant component can be thought of as the ‘object’ and the sub-dominant 353 

components as descriptive ‘adjectives’ (that can be logically ordered in increasing order of size) in the 354 

‘ordered adjective-object’ taxonomy shown in Table 3. The result is five “Sulfate” clusters, two each 355 

of “Smoke” and “Dust,” and one “Marine.” 356 

 357 

Table 3. Taxonomy of aerosol mixtures for the multiyear global mean partition using the ordered 358 

adjective-object naming convention. The ‘object’ is highlighted in bold capital font and is the 359 

dominant aerosol type. The ‘adjectives’ preceding it are in increasing order of percentage 360 

contribution. 361 

 362 

Cluster 1 Sulfurous Dusty SMOKE 
Cluster 2 Marine SULFATE  
Cluster 3 Dusty SULFATE  
Cluster 4 DUST 
Cluster 5 Sulfurous SMOKE  
Cluster 6 Sulfurous DUST 
Cluster 7 Marine Dusty SULFATE  
Cluster 8 SULFATE 
Cluster 9 Sulfurous MARINE  
Cluster 10 Smokey SULFATE  

 363 

Stacked bar charts of mean aerosol mixtures obtained at the seasonal timsescale as well as the 364 

resulting taxonomy are provided in Table S2 and Fig. S8 of the supplement.      365 

 In the 4-component analysis performed by Kahn et al (2001), clusters were associated with 366 

either dominant regions or seasons. Here, and without going into too much detail, we present a brief 367 
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comparison of several of the largest clusters to assess the consistency in the outputs of the two 368 

models. Table 2 of Kahn et al (2001) presents 5 climatological mixtures (as percentages of SU, SS, 369 

BC, OC and fine and coarse DU)  classified into the followin groups:  370 

1) “Carbonaceous + Dusty Maritime” 371 

2) “Dusty Maritime + Coarse Dust” 372 

3) “Carbonaceous + Black Carbon Maritime” 373 

4)  “Carbonaceous + Dusty Continental”  374 

5) “Carbonaceous + Black Carbon Continental”  375 

 376 

with sub-divisions that depend on region and/or season. Group (1) has the highest global voxel 377 

occupany (34%). The composition of the southern mid-latitude ocean group (1c) is: 40%SU / 32%SS 378 

/ 17%BB and 11%DU. The highest occupancy analogue in our study is the “Marine SULFATE” 379 

(cluster 2) which has a somewhat lower occupancy (24.7%) but is located in the same region (see next 380 

Section) and has a very similar composition: 44.6%SU / 36.7%SS / 14.0%BB and 4.7%DU. By the 381 

same logic, group 4a) occupies 21% of the voxels with a composition: 61%SU / 0%SS / 13%BB and 382 

26%DU. The analogous cluster obtained here is “Dusty SULFATE” (cluster 3) which has a similar 383 

occupancy (23.9%) and composition: 54.7%SU / 7.2%SS / 12.5%BB and 25.6%DU to within 7-8%. 384 

These two examples are indicative of quite good quantitative agreement and suggest that there is some 385 

consistency between the two modeling approaches, giving credenence to the actual clusters found in 386 

both modeling approaches. In Section 4, we perform an additional assessment of the clusters found 387 

here against classes obtained by cluster analysis of AERONET sunphotometer data by Omar et al 388 

(2005; 2009).  389 

 390 

3.3 Visualization of aerosol mixtures  391 

Having identified the composition of global mean aerosol mixtures on the multiyear and seasonal 392 

timescales, we now turn to visualizing the clusters as partitions of gridded (1x1 degree) global maps 393 

to see how they are spatially distributed worldwide. A challenge here again is the use of colour, and in 394 

particular, the creation of a colour scheme for representing mixtures of aerosols. In order to retain a 395 

visual link with the colours assigned to pure aerosol types (BB=black, SU=red, DU=yellow and 396 

SS=blue) for each cluster, we simply mixed these primary colours in accordance with the percentage 397 

of each aerosol type assigned to each cluster (this is valid as the percentage contributions sum to 398 

100%). As a further visual point of reference, we generated and added colour keys to the resultant 399 

maps corresponding to i) pure types (e.g. 100% DU), ii) 50%:50% mixtures of any 2 pure types, and 400 

iii) the actual compositional colour-mix of the 4 aerosol types BB, SU, DU and SS for each cluster. 401 

Fig. 6 illustrates this approach in the context of incrementally increasing the number (N) of clusters 402 

from N=1 to N=10 (see Section 3.1) for the case of the multiyear global mean. 403 
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 404 
 405 

Fig. 6. The evolution of the global partition with the number of clusters for the case of the multiyear 406 

global mean. The spatial distribution of aerosol mixtures results from application of the k-means 407 

clustering algorithm to the multiyear mean of global GOCART chemical data spanning the period 408 

2000-2006 (inclusive) for a different number (N) of clusters in each case. Note that colours are 409 

produced by mixing black, red, yellow and blue in direct proportion to the percentage contribution of 410 

each pure aerosol type (BB, SU, DU and SS) in each cluster.  411 

 412 

4. Results  413 

 414 

4.1 Global mean aerosol mixtures on the multiyear and seasonal timescales 415 
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The global distribution of aerosol mixtures for the multiyear global mean, where the optimal number 416 

of clusters is N=10, can be seen in the bottom right panel of Fig. 6. Table 4 presents the number of 417 

pixels and the fraction of the global grid (1x1 degrees) occupied by each cluster. Cluster 2 (‘Marine 418 

SULFATE’) and Cluster 3 (‘Dusty SULFATE’) have the largest spatial extent and occupy the greatest 419 

number of pixels (24.7% and 23.9% of the global grid respectively). Furthermore, Cluster 2 and 420 

Cluster 9 (‘Sulphurous MARINE’) together span the southern oceans below about 15◦S and occupy 421 

40.7% of the grid, whereas Cluster 3 (‘Dusty SULFATE’) and Cluster 7 (‘Marine Dusty SULFATE’) 422 

together span nearly the entire northern hemispheric region (above about 15◦N) with a combined 423 

occupancy of 34.6%.  424 

With regard to aerosol mixtures obtained for seasonal means, it can be seen in Fig. 7 that the 425 

salient features of their spatial distribution are largely similar. Note that these maps represent the 426 

mixture of aerosol types and not amount (for this see Fig. 2), which varies seasonally to a much 427 

greater extent. 428 

 429 

Fig. 7. The spatial distribution of aerosol mixtures resulting from application of the k-means 430 

clustering algorithm to the seasonal mean of global GOCART chemical data for the monthly triplets: 431 

DJF, MAM, JJA and SON. 432 

 433 

These maps echo several key features (including the location and extent of dust-dominated aerosol 434 

and biomass burning products) of the cluster analysis of aggregate AOD data for an earlier time 435 

period (1980-2000) drawn from 5 aerosol transport models in Kahn et al (2001) for the months of 436 

January, April, July, and October (Plate 1 of Kahn et al, 2001).  437 

The spatial extent (in pixels and as a percentage of the globe) of aerosol mixtures obtained for 438 

the seasonal means in shown in Table 4. Note that the composition of each aerosol mixture (cluster) 439 

for the multiyear mean are given by Table 2, whereas the composition of each aerosol mixture for the 440 

seasonal means are given by Tables S3-S6 in the Supplement. 441 

 442 

Table 4. The number of pixels and the fraction of the globe occupied by each cluster for the 443 

partitioning of the multiyear mean and the seasonal means. 444 

 445 

 2000-2006 DJF MAM JJA SON 
 Pixels Fraction Pixels Fraction Pixels Fraction Pixels Fraction Pixels Fraction 

Cluster 1 1187 1.8% 2128 3.3% 5251 8.1% 8887 13.7% 8532 13.2% 
Cluster 2 16020 24.7% 10842 16.7% 8592 13.3% 12154 18.8% 6154 9.5% 
Cluster 3 15486 23.9% 12092 18.7% 4296 6.6% 10096 15.6% 8472 13.1% 
Cluster 4 2486 3.8% 11315 17.5% 2481 3.8% 1894 2.9% 15186 23.4% 
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Cluster 5 2019 3.1% 2016 3.1% 9099 14.0% 3194 4.9% 6949 10.7% 
Cluster 6 2645 4.1% 12251 18.9% 7172 11.1% 3010 4.6% 2947 4.5% 
Cluster 7 6958 10.7% 2970 4.6% 8513 13.1% 6280 9.7% 4785 7.4% 
Cluster 8 4153 6.4% 5495 8.5% 3690 5.7% 2784 4.3% 3349 5.2% 
Cluster 9 10338 16.0% 4043 6.2% 2488 3.8% 6014 9.3% 2384 3.7% 
Cluster 10 3508 5.4% 1648 2.5% 9294 14.3% 3063 4.7% 3665 5.7% 
Cluster 11     3924 6.1% 7424 11.5% 2377 3.7% 
TOTAL 64800 100.0% 64800 100.0% 64800 100.0% 64800 100.0% 64800 100.0% 
 446 

In Table 5, we have extracted the compositional data for clusters having the same taxonomical label 447 

for the multiyear mean and seasonal mean partitions. This has been done to provide an initial 448 

assessment of the variation of the composition of such clusters on the seasonal timescale in 449 

comparison with those captured by the multiyear mean partition.  450 

 451 

Table 5. The percentage contribution of BB / SU / DU / SS to the total AOD (500nm) for the 452 

multiyear mean (shown in figure 5) and the seasonal means for clusters in each partition having the 453 

same label according to the taxonomy of Section 3.2. 454 

 455 
Common Mixture Multiyear DJF MAM JJA SON 

DUST 5.7/13.0/80.2/1.1 7.8/10.5/80.7/ 1.1 4.2/9.5/85.6/0.7 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 15.0/24.5/56.1/4.5 9.6/24.7/62.5/3.2 14.7/32.9/46.6/5.8 14.2/30.5/51.2/4.1 
Dusty SULFATE 12.5/54.7/25.6/7.2 7.5/58.0/18.2/16.3 9.5/55.8/28.7/6.1 12.7/52.1/25.1/10.1 13.4/52.2/26.9/7.5 

SULFATE 15.0/66.1/4.7/14.1 12.6/64.7/5.7/16.9 16.4/66.5/4.3/12.8 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 10.9/50.9/5.9/32.3 9.2/49.8/4.1/36.9 8.9/49.0/2.8/39.2 13.2/57.2/2.8/26.7 

Sulfurous MARINE 9.0/28.8/3.8/58.4 6.5/37.9/6.4/49.2 3.5/24.8/2.8/68.9 11.8/32.0/2.8/53.4 15.2/24.2/4.4/56.2 

 456 

Without going into too much analytical detail here, we draw the reader’s attention to the ‘DUST’ and 457 

‘Sulfurous DUST’ clusters as an illustration. For the multiyear mean partition, the ‘DUST’ cluster has 458 

DU=80.2%. The corresponding cluster in the seasonal mean partitions has percentage contributions: 459 

DU=80.7%, 85.6%, 76.7% and 80.3% for DJF, MAM, JJA and SON respectively – with a peak in 460 

MAM. The ‘Sulfurous DUST’ cluster of the multiyear mean partition has components: DU=53.1% & 461 

SU=31.0%. The corresponding cluster in the seasonal mean partitions has percentage components: 462 

(DU,SU)=(56.1%,24.5%), (62.5%,24.7%), (46.6%,32.9%) and (51.2%,30.5%) for DJF, MAM, JJA 463 

and SON respectively. These findings are qualitatively consistent with seasonal trends for dust and 464 

polluted dust aerosol in the literature.  465 

In order to facilitate the uptake of the findings of this work, spreadsheets (EXCEL) of gridded 466 

(1x1 degree) cluster indices for the multiyear mean global aerosol mixtures and seasonal mean (DJF, 467 

MAM, JJA and SON) global aerosol mixtures are freely available at: 468 

http://apcg.meteo.noa.gr/aeromap/ together with tables presenting descriptive statistics (mean, 469 

standard deviation, median and inter-quartile range) of the 5-component (BC, OC, SU, DU and SS) 470 

percentage composition for each cluster of both the multiyear mean global partition and the seasonal 471 

mean global partitions: DJF, MAM, JJA and SON. Interested readers wishing to perform a 472 

comparative analysis of the global partitions obtained here with those of Kahn et al (2001) can 473 

download the “ClimLikely” data set of the latter at the NASA Langley ASDC: 474 

https://eosweb.larc.nasa.gov/cgi-bin/misr_tools/clim_likely.cgi.  475 

 476 

4.2 Optical and microphysical characteristics of mean global aerosol mixtures  477 

In order to characterize aerosol mixtures, gridded (1x1 degree) aerosol mixture cluster indices were 478 

used to co-locate and extract inversion products (optical and microphysical aerosol parameters) 479 

derived from AERONET sunphotometer data for each partition. Fig. 8 shows four individual clusters 480 

(the dust-dominated clusters 4 and 6 and the smoke-dominated clusters 5 and 10) for the case of the 481 

global multiyear mean overlaid with points indicating the locations of AERONET sites contributing 482 

Level 2.0 Version 2 inversion products.  483 
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 484 

 485 

Fig. 8. Maps showing the spatial distribution of 4 aerosol mixtures associated with clusters 4, 5, 6 and 486 

10 coloured according to their compositional mixture, with AERONET sites contributing Level 2.0 487 

Version 2 inversion products wthin each cluster shown as small circles. The total number of complete 488 

L2.0 V2 inversion records and the number of gridded 1x1 degree pixels are also shown.   489 

 490 

In what follows we present mean values of optical and microphysical aerosol parameters extracted 491 

from the AERONET inversion data record for each cluster of the multiyear mean global aerosol 492 

partition. Spectral parameters retrieved include: the aerosol optical depth (AOD), the asymmetry 493 

factor (ASYM), the phase function at 180 degrees (P(180)), the absorption aerosol optical depth 494 

(AAOD), the single scattering albedo (SSA), the real and imaginary parts of the complex refractive 495 

index (CRI-R and CRI-I respectively), and the LIDAR ratio (LR) retrieved at the central wavelengths 496 

440, 675, 870 and 1020nm. Although not provided directly by AERONET’s inversion algorithm, 497 

spectral values of the LR were appended to the extratced dataset using the empirical relationship 498 

(Boyouk et al, 2010): 499 

 500 

        (1) 501 

 502 

and the Angstrom Exponent AE(440/675) was calculated linearly from the AOD at these two 503 

wavelengths in log-space. Microphysical parameters retrieved include: the mean percentage of 504 

spherical particles (% Sphericity), the aerosol volume size distribution (AVSD) in 22 equally-spaced 505 

logarithmic radial bins from 0.05 to 15 µm, and AVSD-derived parameters related to fine (‘f’) and 506 

coarse (‘c’) modes: geometric radii (rf  and rc), geometric standard deviations (σf and σc), volume 507 

concentrations (Vf and Vc), and the fine mode fraction η = Vf  / (Vf + Vc) which is a measurement of 508 

the proportion of fine mode aerosols to the total by volume (not number). For details of the 509 

calculation of AVSD-derived parameters, we refer the reader to Appendix A of Taylor et al (2014). 510 

Regarding the accuracy of the AERONET sky scan retrievals, the overall uncertainty in AOD (under 511 

cloud-free conditions) is ±0.01 for wavelengths longer than 440 nm (Dubovik et al, 2000) and the 512 
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error in aerosol AVSD is estimated to be < 10% for particle radii in the region of fine and coarse 513 

mode peaks in the radial interval between 0.1 µm and 7 µm (Dubovik et al, 2002). It should also be 514 

borne in mind that the retrieval (especially of the SSA based on fine and coarse modes) is 515 

implemented under the assumption that the CRI is the same for all particle sizes (Holben et al, 2006); 516 

which is not suitable for physical interpretations. Furthermore, the quality of all Level 2 inversion 517 

products is maximized at large solar zenith angles (>50 degrees). Retrievals of the SSA and CRI in 518 

particular require large aerosol loads where AOD(440nm)>0.4 and four coincident spectral 519 

measurements at 440, 675, 870 and 1020nm. Aerosol loading is also important for accurate 520 

determination of % Sphericity which requires AOD(440nm)>0.2 (Dubovik et al, 2006; Holben et al, 521 

2006). Table 6 below presents the optical and microphysical parameter means for each of the 10 522 

clusters of the multiyear partition.  523 

 524 

Table 6. Descriptive statistics of key optical and microphysical parameters extracted from the global 525 

AERONET inversion record in each cluster for the multiyear global partition.  526 

 527 
AERONET L2.0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 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 0.04* 0.15 
AE (440/675) 1.48 0.82 1.65 0.58 1.65 1.31 1.37 1.72 0.82* 1.53 

H2O 2.09 2.48 1.43 1.82 2.16 1.42 1.82 1.77 0.81* 1.71 
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 0.052 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 30.5* 87.9 

CRI-R (440) 1.449 1.502* 1.445 1.478 1.490 1.477 1.510 1.422 1.516* 1.437 
CRI-I (440) 0.010 0.007* 0.009 0.005 0.021 0.010 0.007 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 
σ(f) 0.46 0.49 0.44 0.52 0.42 0.45 0.46 0.44 0.48* 0.43 
V(f) 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 
σ(c) 0.73 0.72 0.68 0.62 0.71 0.68 0.70 0.67 0.70* 0.69 
V(c) 0.02 0.03 0.02 0.17 0.03 0.04 0.02 0.02 0.01* 0.03 
η 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 

 528 

Values are taken from the Level 2.0 Version 2 inversion product unless accompanied by a ‘*’, 529 

whereby the values are taken from the Level 1.5 Version 2 inversion product. Although some 588 530 

Level 2.0 records were extracted for cluster 2, there were no records containing data for AAOD, SSA, 531 

LR and the CRI at this level of quality assurance. In order to estimate the values of these important 532 

parameters, we extracted a total of 5830 analogous records from the Level 1.5 dataset at the sites: 533 

Amsterdam Island, Dunedin, Guam, Rottnest Island and Tahiti. For cluster 9 only, 10 Level 2.0 534 

records were available, so we extracted 378 complete records (all inversion products) from  Level 1.5 535 

data from Crozet Island to calculate mean values of all parameters. Tables S7-S10 of the supplement 536 

provide analogous data for the seasonal means (DJF, MAM, JJA and SON).  537 

Below we present in graphical form, key trends in the full set of inversion products extracted 538 

parameters. Although a detailed comparison with the literature is beyond the scope of the present 539 

work, we highlight key results and refer the reader to relevant studies. Fig. 9 shows the variation of 540 

AOD with wavelength over the range 300 to 1100nm for each cluster together with a least squares fit 541 

using cubic splines. The mean GOCART AOD (500nm) is also plotted for comparison purposes. 542 
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 543 
Fig. 9. Optimized least square regression fits to the spectral behaviour of mean values of the 544 

AERONET-retrieved AOD for each cluster at the central wavelengths: 380, 440, 470 (extrapolated), 545 

500, 550 (extrapolated), 660 (extrapolated), 675, 870 and 1020nm (triangles). Note that the 546 

extrapolated values were calculated using the value of AE (440,675). The circles at 500nm are the 547 

mean cluster values of the total AOD obtained by GOCART for comparison. 548 

 549 

Two features stand out. Firstly, with the exception of clusters 2, 5 and 10, the GOCART AOD 550 

(500nm) is much higher than the mean AOD (500nm) extracted from AERONET retrievals in the 551 

same cluster domains. This is likely due to the fact that the spatial sampling of the domains by 552 

AERONET sites is under-representing the mean AOD at 500nm over each of these regions. In the 553 

case of cluster 2 (‘Marine SULFATE’),  there is excellent agreement even though AERONET sites 554 

occupy tiny fractions of only 5 pixels. High BB component Clusters 5 and 10 show a reverse trend 555 

with the GOCART AOD (500nm) being much lower than the mean AOD (500nm) extracted from 556 

AERONET retrievals. In addition to the effect of spatial representivity on AERONET versus 557 

GOCART mean AOD values, it should also be borne in mind that AERONET inversion products are 558 

obtained only under cloud-free conditions (Smirnov et al, 2000), whereas the GOCART model 559 

simulates values everywhere (Chin et al, 2002).   560 

Fig. 10 presents the spectral behaviour of several optical and microphysical parameters 561 

(ASYM, AAOD, SSA and CRI) commonly used to characterize aerosol data by distinct types and 562 

their global climatology (see for example Dubovik et al, 2002; Eck et al, 2010; Chin et al, 2009; 563 

Russell et al, 2010; 2014).  564 

 565 
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 566 
Fig. 10. Spectral behaviour of the global mean values of key optical parameters (ASYM, AAOD, 567 

SSA, LR) and microphysical parameters (CRI-R and CRI-I) for each cluster from extracted 568 

AERONET data at 440, 675, 870 and 1020nm. Interpolated lines are constructed using cubic spline 569 

fits to the extracted data.  570 

 571 

With the exception of the AAOD (which presents a ‘logarithmic decay’ with wavelength for all 572 

clusters), other parameters show a vast difference in trends across aerosol mixtures. The AAOD  573 

suggests that sea-salt dominated aerosol can be directly distinguished from other mixtures in the 574 

visible part of the spectrum due to its significantly lower value of this parameter < 0.01. Our inclusion 575 

of AAOD is based on initial findings reported by Russell et al (2010, 2014). In the visible, the CRI-I 576 

also appears to discriminate between soot-laden aerosol mixtures and other mixtures when this 577 

parameter > 0.01. ASYM, while unable to distinguish between dust-laden and marine-laden aerosol 578 

mixtures, does appear to separate these ‘natural’ types from mixtures containing varying significant 579 

proportions of BB and/or SU, particularly at longer wavelengths ≥ 870nm. As described earlier, the 580 

AEROENT inversion algorithm does not explicitly provide values of LR but via Eq. (1), they can be 581 

estimated from sunphotometer retrievals. We note that the multiyear means for LR are strongly 582 

dependent on wavelength. Having said this, a glace at interpolated values at 550nm reproduce the 583 

findings of other colleagues that the lowest mean values involve maritime aerosol, followed by dust-584 

laden aerosol and mixtures containing BB or urban SU pollution (see for example Cattrall et al, 585 

2005; Muller et al, 2007; Ansmann et al, 2013).  586 

Finally, in this section, Fig. 11 presents mean volume size distributions and associated 587 

parameters for each cluster in the multiyear mean global partition.  588 
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 589 
Fig. 11. Global mean size distributions for each cluster together with the derived fine and coarse 590 

mode parameters (rf, σf, Vf and rc, σc, Vc respectively). The percentage of spherical particles (‘% 591 

Sphericity’) is plotted with the fine mode fraction (η).  592 

Cluster 4 stands out. Referring to Table 5, this cluster has the largest coarse mode volume 593 

concentration (Vc=0.17), the lowest fine mode fraction (η=0.15) and proportion of spherical particles 594 

in the retrieval (% Sphericity=1.8%). By comparison, all other clusters have coarse mode volume 595 

concentrations in the range 0.01 ≤ Vc ≤ 0.04, fine mode fractions in the range 0.18 ≤ η ≤ 0.60 and 43.9 596 

≤ % Sphericity ≤ 98.9. Another feature of Fig. 11 is that the coarse mode peaks appear to cluster 597 

around two distinct geometrical radii, the first (rc ≈ 2.0-2.3µm) associated with the DU-dominated and 598 

SS-dominated clusters 4 and 9 and the second (rc ≈ 2.4-3.1µm) associated with the other clusters. The 599 

location of the fine mode does not share this division and instead is confined to the narrow range: 0.15 600 

≤ rf ≤ 0.20µm. Another detail here is that (with the exception of the SS-dominated cluster 9) the fine 601 

mode peaks of the cluster means AVSD do not exhibit skew or anymmetry. To the contrary, the 602 

behaviour of the AVSD in the coarse mode region (> 0.6µm) either reveals a strong skew (clusters 2, 603 

4 and 5) or the existence of a ‘shoulder’  on the AVSD in the range 0.6 - 2µm. Such asymmetries and 604 

skews have been found to be associated with the presence of additional modes not fit by AERONET’s 605 

inversion algorithm and constraint to bi-lognormality (Taylor et al, 2014). A particularly interesting 606 

example of a tri-modal size distribution attributed to fog-induced aerosol modification has been 607 

reported by Eck et al (2012). New work in the direction of obtaining vertical profiles of fine and 608 

coarse mode size distributions with LIDAR/radiometer inversion codes (e.g. Granados-Muñoz et al, 609 

2014; Tsekeri et al, 2013) will be instrumental in validating such tendencies. 610 

For plots analogous to Fig. 9, Fig. 10 and Fig. 11 resulting from the extraction of AERONET 611 

data for the seasonal mean partitions, we refer the reader to Figs. S10-S21 and Tables S7-S10 in the 612 

supplement accompanying this manuscript. Complete tables of extracted AERONET inversion 613 

products for multiyear mean and seasonal mean clusters are available at 614 

http://apcg.meteo.noa.gr/aeromap/. 615 

 616 

4.3 Parameterization of global aerosol mixtures  617 

In this section we briefly compare the taxonomy resulting from cluster analysis of GOCART data 618 

with the findings of both bivariate and multivariate classification models based on two or more 619 

aerosol parameters commonly used to perform aerosol typing.  620 
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 621 

4.3.1 Multivariate classification models 622 

Omar et al (2005) pioneered the first major quantitative study of AERONET-based aerosol mixtures 623 

and performed a cluster analysis of L1.5 V2 AERONET data with reference to 16 optical and 624 

microphysical parameters and obtained the categorization of aerosol into 6 types shown in Table 7. 625 

Table 7. Results of the cluster analysis of AERONET Level 1.5 Version 2 data performed by Omar 626 

et al (2005).   627 

 628 

Omar et al 2005 Dust Smoke Rural 
Background 

Industrial 
Pollution 

Polluted 
Marine 

Dirty 
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 
σ(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 
σ(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 
η 0.22 0.33 0.38 0.53 0.26 0.49 

 629 

For the multiyear mean, Table 8 presents values of this multivariate parameters set arising from our 630 

clustering of GOCART data with N=10 clusters. 631 

 632 

Table 8. Descriptive statistics of key optical and microphysical parameters extracted from the global 633 

AERONET inversion record in each cluster for the multiyear global partition of GOCART data (this 634 

work). Note that the quoted central wavelengths are marginally different (1-2nm) to those reported by 635 

Omar et al (2005). 636 

 637 
AERONET L2 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9 Cluster 10 

AOD (675) 0.04 0.05 0.09 0.29 0.12 0.09 0.05 0.11 0.03* 0.08 
AE (440/675) 1.48 0.82 1.65 0.58 1.65 1.31 1.37 1.72 0.82* 1.53 
AE (675/870) 0.44 0.48 1.32 0.46 1.48 0.94 0.73 1.50 -0.26* 1.18 
AE (870/1020) 1.25 0.62 1.35 0.45 1.47 0.96 1.28 1.46 -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 1.516 1.426 1.522* 1.449 
CRI-I (675) 0.009 0.008* 0.008 0.003 0.020 0.007 0.004 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 
σ(f) 0.46 0.49 0.44 0.52 0.42 0.45 0.46 0.44 0.48* 0.43 
V(f) 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 
σ(c) 0.73 0.72 0.68 0.62 0.71 0.68 0.70 0.67 0.70* 0.69 
V(c) 0.02 0.03 0.02 0.17 0.03 0.04 0.02 0.02 0.01* 0.03 
η 0.28 0.18 0.54 0.15 0.48 0.34 0.36 0.60 0.21* 0.39 

 638 
In order to ascertain whether there is a correpondence between the cluster characteristics obtained in 639 

this work and those obtained by Omar et al (2005), we first normalized all cluster values to the 640 

maximum value for each parameter in Table 7 and Table 8. We then calculated the norm of the 641 

Euclidean distance (from all 15 parameters) between each of the N=10 clusters in our partition and the 642 

N=6 clusters obtained by Omar et al (2005) – i.e. 60 permutations. The results are collected in Table 643 

9. 644 
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 645 

Table 9. Norm of the Euclidean distance (from all 15 parameters) between each of the N=10 clusters 646 

in our partition and the N=6 clusters obtained by Omar et al (2005).  647 

 648 

 
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9 Cluster 10 

Dust 1.75 1.54 1.68 0.36 1.87 1.36 1.64 1.75 1.76 1.60 
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 1.51 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 0.71 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 

 649 

Association of each cluster identified by Omar et al (2005) with the closest matching cluster obtained 650 

in this work is found by reading off the minimum value in each row of Table 9. This simple scheme 651 

allows for the results of cluster analyses from different studies to be compared. For the multivariate 652 

list of 15 parameters applied in Omar et al (2005), the following associations are obtained from the 653 

minimum norm in each row: 654 

• ‘Dust’    � cluster 4   (‘DUST’ in our taxonomy) 655 

• ‘Smoke’   � cluster 10 (‘Smokey SULFATE’ in our taxonomy) 656 

• ‘Rural Background’  � cluster 7   (‘Marine Dusty SULFATE’ in our taxonomy) 657 

• ‘Industrial Pollution’  � cluster 8   (‘SULFATE’ in our taxonomy) 658 

• ‘Polluted Marine’  � cluster 2   (‘Marine SULFATE’ in our taxonomy) 659 

• ‘Dirty Pollution’  � cluster 10 (‘Smokey SULFATE’ in our taxonomy) 660 

This comparison highlights the utility of the taxonomical system based on GOCART AOD data 661 

presented in this work. For example, although ‘Polluted Marine’ aerosol identifed in Omar et al 662 

(2005) is seen to comprise sea salt and sulfate, the taxonomy emphasizes that it is sulfate that 663 

dominates the composition of this particular aerosol mixture. Furthermore, labels like ‘Rural 664 

Background’ (which are quite common in the literature) are made more explicit being revealed as 665 

containing a dominant sulfate component infused with dust and sea salt in decreasing proportions. 666 

Note also that an ambiguity has been detected with this particular list of parameters; both ‘Smoke’ 667 

and ‘Dirty Pollution’ are associated with cluster 10, which is dominated by sulfate and a minor 668 

proption comprising BC+OC.          669 

 A modified version of the 15 parameter multivariate classification scheme was introduced by 670 

Omar et al (2009) for the operational algorithm of CALIOP that includes LIDAR ratios at 440nm 671 

and 1020nm as well as CRI values at both wavelengths but without the spectral optics parameters 672 

AOD, AE, ASYM and the important absorption parameter SSA. When we applied the cluster 673 

alignment method described above we found that the classification scheme of Omar et al (2009) 674 

resulted in 4 indistinguishable ‘DUST’ clusters, suggesting that the new scheme underperforms the 675 

scheme of Omar et al (2005) in the context of our GOCART-model deduced cluster analysis. The 676 

work of Omar et al (2005; 2009) is progressive in that aerosol types are being studied in a 677 

multivariate manner using an array of AERONET inversion products. However,  the sensitivity of the 678 

classifications to the choice of parameters used to perform the clustering shows that this is a 679 

challenging task. Instead, by performing cluster analysis on GOCART model AOD data for the 680 

composition of aerosol mixtures in each pixel, we avoid the problem of under- or over-specifying 681 

parameters in the classification process. More work is needed on the subject of multivariate analysis 682 

of aerosol mixtures and it is hoped that the results of the preceeding sections will provide impetus for 683 

such studies. 684 

 685 

4.3.2 Bivariate classification models 686 

 687 
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In section 4.2 we saw how the spectral behaviour of the AAOD is able to discriminate between sea-688 

salt dominated aerosol and other mixtures in the visible part of the spectrum due to its significantly 689 

lower value of this parameter < 0.01. With the advent in 1993 of AERONET and, in particular, with 690 

the production of the Version 2 inversion products from cloud-screened observations, access to a 691 

larger array of aerosol optical and microphysical parameters encouraged a large number of studies 692 

attempting to classify ‘pure’ aerosol types and/or mixtures in 2D-plots based on pairs of parameters. 693 

The SSA has typically been used as a proxy for radiative absorption, and the AE or η has been used as 694 

proxy for the characteristic size of aerosol to classify aerosol with the pair combinations: {SSA,} 695 

(e.g. Mielonen et al, 2009) and {SSA, η} (e.g. Lee et al, 2010). Other studies have used the AOD as 696 

a proxy for aerosol volume, and the pair combination {AOD, AE} has been shown (Eck et al, 1999; 697 

Kalapureddy et al, 2009) to distinguish between dust (high AOD, low AE), marine (low AOD), and 698 

anthropogenic aerosols (high AOD, high AE), but is unable to sub-categorize anthropogenic aerosols 699 

into absorbing and non-absorbing without referring to geolocation information (Lee et al, 2010).  700 

 In Fig. 12, the location of cluster centers overlaid on AERONET inversion products for three 701 

classification schemes: {AOD (440), AE (440/675)}, {SSA (440), AE (440/675)} and {% Sphericity, 702 

η} are presented.  703 

704 
Fig. 12. The location of cluster centers overlaid on AERONET inversion products for two commonly 705 

used pair-combination spaces. {AOD (440), AE (440/675)} (top left panel), {SSA (440), AE 706 

(440/675)} (top right panel) and {% Sphericity, η} ( lower panel) . Error bars extend out to 1 standard 707 

deviation on both parameters and all wavelengths are given in nm.  708 

In the first two cases, although the points representing the AERONET data record suggest the 709 

existence of 3-4 discernable ‘shaded’ regions, the cluster centres do not lend themselves to an obvious 710 

demarcation in 2D. Furthermore, many clusters are very tightly bunched together making sets of 711 

inequalities corresponding to different aerosol types/mixtures difficult to construct. In MATLAB, we 712 

permuted through all parameter pair combinations and calculated the norm of the Euclidean distances 713 

in each 2D-space. The lowest norm (providing also the best visual separation) in the context of the 714 
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global partition of multiyear and seasonal mean data was obtained with the microphysical parameters: 715 

{% Sphericity, η} and is illustrated in the lower panel of Fig. 12. This choice of parameters, although 716 

new to the literature, better separates the clusters visually in 2D and is line with a recent assessment of 717 

global aerosol type retrieved from MISR (Kahn & Gaitley, 2015) which also found that the 718 

distinctions between spherical vs. non-spherical and fine vs. coarse mode are generally the most 719 

robust. Note also that the error bars are large and overlap in most cases, but should also be seen in the 720 

context of the density of points.  The % Sphericity parameter should be considered an indication of 721 

dust only if the associated AE < 1.0 (Tom Eck, private communication). This is a significant 722 

limitation because, as we saw in the (SSA, AE) plot of Fig. 12, the tail of the dust distribution goes 723 

out to much larger values of AE (i.e., smaller particles) and transported dust can be dominated by 724 

particles having AE > 1.0. Despite ambiguities in the multivariate classification of Omar et al (2005, 725 

2009) and a lack of consensus on the most appropriate choice of parameters in bivariate classification 726 

schemes, it is hoped that new parameterizations such as the one presented in this work can help in this 727 

direction.  728 

 729 

5. Discussion   730 

The global spatial distribution of the multiyear and seasonal mean total AOD shows that the regions 731 

of peak aerosol load are dynamically stable and are broadly located over the Sahara and Nigeria in 732 

Northern Africa, in the Gobi desert to the north of the Himalayas, and over a large region centered on 733 

Beijing, based on the GOCART model analysis, but generally consistent with satellite observaitons. 734 

The main sources of aerosol, while exhibiting some seasonal variation in intensity, do not show large 735 

displacement in the location of their peaks. This is also partly due to the aggregation methodology 736 

adopted here, which means that major biomass burning regions for example, do not show up in 737 

comparison to dust.  738 

The mean 2000-2006 (inclusive) map was found to be strongly representative of the mean 739 

annual AOD (500nm) with SSIM > 0.9995 for all years (reflected also by a dominant linear trend in 740 

the log-density regression of yearly mean data on the multiyear mean). In the context of the accuracy 741 

of the AERONET retrieval of the AOD which is ±0.02 for the Level 1.5 and ±0.01 for the Level 2.0 742 

inversion products (Dubovik et al, 2000; 2002; 2006; Eck et al, 1999), the mean pixel bias and 743 

RMSE were found to be within this accuracy limit supporting the assumption that the multiyear 2000-744 

2006 mean is a good proxy for maps of the annual mean AOD (500nm). For comparison with 745 

approaches based on direct-sun AERONET data, Eck et al. (1999) gives ±0.01 as the AOD 746 

uncertainty. Overall, we found that the locations of peak BB, SU, DU and SS concentrations 747 

contributing to the multiyear mean AOD proxy map were found where expected. Although the 748 

patterns are generally supported by observations, severe fire or dust storm seasons for example, are 749 

underestimated since the model tends to under-represent variability on the seasonal and especially on 750 

interannual timescales. 751 

Cluster analysis, based on the k-means algorithm with random seeding and a stopping 752 

condition, applied to the percentage contributions of each aerosol type in the global mean multiyear 753 

and seasonal maps, was found to mitigate the effect of centers being confined to local minima, and 754 

allowed for the specification of lower and upper bounds on the optimal number of clusters. For the 755 

multiyear mean, the optimal number of clusters is N=10 and subsequent addition of clusters led to 756 

very minor modifications of the distribution of cluster centres, with the change in the norm of 757 

Euclidean distances being < 10%. In the case of seasonal mean maps, this approach identifies N=10 758 

clusters for the season spanned by the months DJF and N=11 for the other seasons spanned by the 759 

months MAM, JJA and SON. In the context of the spatial extent of the clusters, the lowest pixel count 760 

was 1187 for cluster 1 of the multiyear mean partition, and varied between 1648 and 2481 for the 761 

smallest cluster in the seasonal mean partitions. The mean and the median percentage contributions of 762 

BB, SU, DU and SS were found to be within 2% of each other for both cluster analysis applied to the 763 

multiyear mean and the seasonal mean maps. The same margin of error was found to be true of the 764 

difference between twice the standard deviation and 1.5 times the inter-quartile range suggesting that 765 

the underlying distributions are strongly symmetrical and near-Gaussian.  766 
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The taxonomical naming system based on constituent aerosol types comprising at least 20% 767 

of the overall compositional mixture allows for a simple ‘adjective’ – ‘object’ labeling of clusters that 768 

fits with expected trends. With this convention, the global partitioning of the multiyear mean map led 769 

to identification of two regions occupied by ‘DUST’ (3.8% of the globe) and ‘SULFATE’ (6.4% of 770 

the globe). The largest clusters comprised the 2-component mixtures: ‘Marine SULFATE’ and ‘Dusty 771 

SULFATE’ (occupying 24.7% and 23.9% of the globe respectively). As expected, clusters 772 

(‘Sulfurous Dusty SMOKE’ and ‘Sulfurous SMOKE’) containing a dominant smoke component, 773 

occupied only 1.8% and 3.1% of the globe respectively – providing a justification for combining 774 

biomass burning products (BC and OC) in a combined measure (‘BB’=BC+OC). Table S2 and the 775 

brief discussion that follows Table 5 show how clusters having the same label in the taxonomy can be 776 

tracked and compared across seasonal trends. 777 

Section 4.2 compares the optical microphysical parameters of each cluster in the global 778 

partition of multiyear and seasonal means based on the mean value of extracted AERONET inversion 779 

products at co-located sites. There is a strong variation in the number of available AERONET Level 780 

2.0 inversion records that can be used for calculating mean characteristic values for each cluster due 781 

to the unevenness of sites hosting operational CIMEL sunphotometers worldwide. Despite this, 782 

careful selection of co-located Level 1.5 data was able to provide an estimate in the case of data gaps. 783 

Although not ideal from the point of view of quality assurance homogeneity, the results presented in 784 

Section 4.2 are novel and provide a ‘first guess’ of optical and microphysical parameters at a 785 

resolution of 1x1 degree for both mean multiyear mixtures and seasonal mixtures.  786 

 787 

 788 

6. Conclusion  789 

The initial results presented here suggest that aerosol mixtures are more diverse than typically 790 

provided by current satellite remote-sensing products (≈6 types). In the context of mean GOCART 791 

AOD for the period 2000-2006 in conjunction with a stopping condition of 10% in the change in 792 

cluster centers, the  number of clusters in the global partition was found to be around N=10. In 793 

addition to the somewhat subjective nature of the stopping condition itself, this finding should also be 794 

seen in the light of uncertainties in aerosol type retrievals provided by GOCART. Perhaps more 795 

important and significant is the finding that the number of clusters was found to be  bounded by N=7 796 

and N=13.  Furthermore, the comparison of cluster spatial extent and composition in both the 797 

multiyear and seasonal partitions suggests that they are fairly robust and stable – i.e. their major 798 

characteristics do not change qualitatively on these timescales. This approach can be useful for future 799 

satellite missions that need aerosol typing or for climatological studies that deal with the impact of 800 

different aerosol types.  801 

Global chemical transport models and/or circulation models have prognostic capacity but tend 802 

to be most reliable on the regional scale due to their dependence on chemical and meteorological 803 

boundary conditions. It would be interesting to assess whether source inventories currently used to  804 

specify model inputs can be supported by new parameterizations of aerosol mixtures (even of a ‘first 805 

guess’ nature like those presented here), particularly those inputs related to aerosol microphysics 806 

which can be a large source of  uncertainty. 807 

For forward-planning and placement of new sunphotometers in the growing AERONET 808 

array, understanding aerosol mixture characteristics can support assessments of priority locations. An 809 

important example of this is the prominent sea-salt dominated band in the southern oceans. Island 810 

sites including: Tahiti, Crozet_Island, Amsterdam_Island and Dunedin border it to the North, and 811 

coastal Antarctic sites including: Marambio, McMurdo, Utsteinen, and Vechernaya_Hill border it to 812 

the South. Ideal placement of CIMEL sunphotometers to measure this particular aerosol mixture 813 

associated with cluster 9 could include: South Georgia and the South Sandwich Islands, Montagu 814 

Island, the Heard and McDonald Islands and/or the French Southern & Antarctic Lands. A similar 815 

logic can be applied to other clusters to identify new locations for effective sampling of the 816 

atmospheric column with CIMEL sunphotometers. Global partitions presented in this work can 817 

supplement other approaches to help identify high prority locations for AERONET and/or in situ 818 
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measurements. For example, a satellite-based study of coherent spatial features of the AOD bias 819 

between MODIS and MISR aerosol producsts (Shi et al., 2011) identifed and documented a number 820 

of potential regions in the American, Aftican and Asian continents in particlar.  821 

Finally, the clusters identified in this work, despite coming from a single model (GOCART),   822 

provide a somewhat more objective partition of the globe into regions having the same mean aerosol 823 

composition that avoids ad hoc approaches based on imprecise divisions such as latitudinal bands, 824 

geographical borders or continents. Reciprocating the good will and provision of open data by co-825 

workers in the field, we have made cluster index maps and relevant tables of cluster characteristics 826 

available online to facilitate new studies based on these partitions and to enable other to reproduce 827 

and extend these findings. 828 

 829 
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In order to facilitate the uptake of the findings of this work, spreadsheets (EXCEL) of gridded (1x1 
degree) cluster values at the multiyear and seasonal timescales are made freely available at: 
http://apcg.space.noa.gr/aeromap/. In particular, 

• Gridded (1x1 degree) cluster indices for multiyear mean global aerosol mixtures  

• Gridded (1x1 degree) cluster indices for seasonal mean global aerosol mixtures: DJF, MAM, 
JJA and SON. 

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

• Tables of descriptive statistics (mean, standard deviation, median and inter-quartile range) of 
the 5-component (BC, OC, SU, DU and SS) percentage composition for each cluster of 
seasonal mean global partitions: DJF, MAM, JJA and SON.  

• A table of 50 optical and microphysical aerosol parameters extracted from the AERONET 
inversion data record for each cluster of the mean multiyear global partition including: 
spectral parameters (AOD, ASYM, AAOD, SSA, CRI-R, CRI-I, LR), the mean percentage of 
spherical particles (‘%Sphericity’), the mean AVSD (in 22 logarithmic radial bins from 
0.05µm to 15 µm), AVSD-derived microphysical parameters (rf, σf, Vf, rc, σc, Vc associated 
with the fine and coarse modes ‘f’’and ‘c’ respectively), and the fine mode fraction η. 

• Tables of 50 optical and microphysical aerosol parameters extracted from the AERONET 
inversion data record for each cluster of the mean seasonal (DJF, MAM, JJA and SON) global 
partitions including: spectral parameters (AOD, ASYM, AAOD, SSA, CRI-R, CRI-I, LR), 
the mean percentage of spherical particles (‘%Sphericity’), the mean AVSD (in 22 
logarithmic radial bins from 0.05µm to 15 µm), AVSD-derived microphysical parameters (rf, 
σf, Vf, rc, σc, Vc associated with the fine and coarse modes ‘f’’and ‘c’ respectively), and the 
fine mode fraction η. 
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S1. The 2000-2006 mean global AOD (500nm) as a proxy 
In this section we present the results of comparing the mean total global AOD (500nm) with annual 
means for the study period (2000-2006 inclusive).  

 

Fig. S1. left panels: Maps of the mean total global AOD (500nm) for the year 2000 (top), 2000-2006 
inclusive (centre) and the difference (bottom). right panel: a log-density plot of the year 2000 mean 
total AOD (500nm) against the 2000-2006 (inclusive) mean. ‘RMSE’ is the root mean squared error 
and ‘SSIM’ is the value of the mean structural similarity index over all 64800 gridded (1x1 degree) 
pixels. 

 

Fig. S2. left panels: Maps of the mean total global AOD (500nm) for the year 2001 (top), 2000-2006 
inclusive (centre) and the difference (bottom). right panel: a log-density plot of the year 2001 mean 
total AOD (500nm) against the 2000-2006 (inclusive) mean. ‘RMSE’ is the root mean squared error 
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and ‘SSIM’ is the value of the mean structural similarity index over all 64800 gridded (1x1 degree) 
pixels. 

 

Fig. S3. left panels: Maps of the mean total global AOD (500nm) for the year 2002 (top), 2000-2006 
inclusive (centre) and the difference (bottom). right panel: a log-density plot of the year 2002 mean 
total AOD (500nm) against the 2000-2006 (inclusive) mean. ‘RMSE’ is the root mean squared error 
and ‘SSIM’ is the value of the mean structural similarity index over all 64800 gridded (1x1 degree) 
pixels. 

 

Fig. S4. left panels: Maps of the mean total global AOD (500nm) for the year 2003 (top), 2000-2006 
inclusive (centre) and the difference (bottom). right panel: a log-density plot of the year 2003 mean 
total AOD (500nm) against the 2000-2006 (inclusive) mean. ‘RMSE’ is the root mean squared error 
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and ‘SSIM’ is the value of the mean structural similarity index over all 64800 gridded (1x1 degree) 
pixels. 

 

Fig. S5. left panels: Maps of the mean total global AOD (500nm) for the year 2004 (top), 2000-2006 
inclusive (centre) and the difference (bottom). right panel: a log-density plot of the year 2004 mean 
total AOD (500nm) against the 2000-2006 (inclusive) mean. ‘RMSE’ is the root mean squared error 
and ‘SSIM’ is the value of the mean structural similarity index over all 64800 gridded (1x1 degree) 
pixels. 

 

Fig. S6. left panels: Maps of the mean total global AOD (500nm) for the year 2005 (top), 2000-2006 
inclusive (centre) and the difference (bottom). right panel: a log-density plot of the year 2005 mean 
total AOD (500nm) against the 2000-2006 (inclusive) mean. ‘RMSE’ is the root mean squared error 
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and ‘SSIM’ is the value of the mean structural similarity index over all 64800 gridded (1x1 degree) 
pixels. 

 

Fig. S7. left panels: Maps of the mean total global AOD (500nm) for the year 2006 (top), 2000-2006 
inclusive (centre) and the difference (bottom). right panel: a log-density plot of the year 2006 mean 
total AOD (500nm) against the 2000-2006 (inclusive) mean. ‘RMSE’ is the root mean squared error 
and ‘SSIM’ is the value of the mean structural similarity index over all 64800 gridded (1x1 degree) 
pixels. 

S2. Cluster analysis of the multiyear mean 
In this section we present the descriptive statistics of the clusters obtained by applying the cluster 
analysis technique described in Section 3.1 to the multiyear GOCART data, as well as bar charts of 
the composition and the resulting taxonomy. 
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Table S1. Descriptive statistics of the global mean mixtures extracted from the multiyear GOCART 
data record by application of cluster analysis. 

GOCART V4 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9 Cluster 10 
Pixels 1187 16020 15486 2486 2019 2645 6958 4153 10338 3508 
AOD (500) 0.17 0.06 0.16 0.40 0.19 0.20 0.14 0.10 0.10 0.09 
%BB (Mean) 35.9 14.0 12.5 5.7 61.2 11.2 10.4 15.0 9.0 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 1.1 3.1 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 1.7 6.7 
%OC (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 5.5 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.) 1.2 1.0 0.9 0.8 1.8 1.2 0.7 1.3 0.6 1.2 
%OC (St.D.) 6.8 3.2 2.5 3.1 7.4 4.8 2.1 4.3 1.9 5.8 
%BB (Median) 35.8 12.4 11.5 4.9 60.6 9.3 9.6 14.4 8.2 33.3 
%SU (Median) 27.2 44.6 54.8 13.2 28.8 31.1 42.6 64.5 28.4 44.3 
%DU (Median) 29.8 4.3 25.4 79.6 3.8 53.5 27.5 3.0 3.5 5.3 
%SS (Median) 5.7 36.8 7.5 0.4 2.0 2.2 19.0 13.2 58.9 12.7 
%BC (Median) 5.8 2.6 3.2 1.6 9.4 2.8 3.0 3.0 1.5 6.6 
%OC (Median) 29.9 9.8 8.3 3.2 51.6 6.4 6.6 11.1 6.7 26.5 
%BB (IQR) 10.7 5.2 2.9 3.4 14.5 6.9 2.5 7.3 3.0 10.2 
%SU (IQR) 7.6 10.9 6.6 9.0 9.6 11.7 6.0 7.9 6.6 8.6 
%DU (IQR) 12.2 1.3 6.3 13.7 6.5 13.2 9.9 5.3 1.5 7.0 
%SS (IQR) 4.7 9.1 3.4 0.6 3.0 8.4 6.9 15.6 11.2 13.5 
%BC (IQR) 1.7 1.4 0.8 1.2 2.6 1.5 0.9 1.6 0.6 1.5 
%OC (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 mean aerosol mixtures obtained at the seasonal timsescale:  
 

 

Fig. S8. Colour-coded stacked bar charts displaying the aerosol composition of each cluster for the 
global mean GOCART data at the seasonal timescale as represented by the monthly triplets: DJF, 
MAM, JJA and SON.  
 
Applying the naming convention logic described in Section 3.2 to these 4 partitions leads to the 
following taxonomy:  
 



M
ANUSCRIP

T

 

ACCEPTE
D

ACCEPTED MANUSCRIPT

8 
 

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

 
DJF MAM  JJA SON 

Cluster 1 Dusty Sulfurous SMOKE SULFUROUS DUST MARINE Sulfurous MARINE 

Cluster 2 Marine SULFATE Dusty SULFATE Smokey Dusty SULFATE Dusty Marine SULFATE 

Cluster 3 Dusty SULFATE SULFATE Sulfurous MARINE Dusty SULFATE 

Cluster 4 Sulfurous MARINE Sulfurous DUST Sulfurous SMOKE Smokey SULFUROUS MARINE 

Cluster 5 Sulfurous DUST SULFUROUS MARINE Smokey MARINE SULFATE Dusty SULFATE 

Cluster 6 SULFATE DUSTY SULFATE DUST Sulfurous SMOKE 

Cluster 7 DUSTY SULFATE Sulfurous MARINE Marine SULFATE SULFUROUS SMOKE 

Cluster 8 Dusty Marine SULFATE Smokey SULFATE SULFUROUS SMOKE Marine SULFATE 

Cluster 9 Smokey SULFATE DUST SULFATE Sulfurous DUST 

Cluster 10 DUST Marine SULFATE Sulfurous DUST SULFATE 

Cluster 11 
 

Marine Dusty SULFATE Dusty SULFATE DUST 

 

S3. Cluster analysis of the seasonal means 
In this section we present the results of applying the cluster analysis technique described in Section 
3.1 to the multiyear GOCART data extracted for each season (DJF, MAM, JJA and SON).  

 

Fig. S9. Graphs of the norm of the Euclidean distance (‘Energy’, E) with the number (N) of clusters 
(1-24) for the mean percentage contribution of BB, SU, DU and SS to the total AOD (500nm) at the 
seasonal timescale as represented by the monthly triplets: DJF, MAM, JJA and SON.  
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Table S3. Descriptive statistics of the global mean mixtures extracted from the season (DJF) 
GOCART data record by application of cluster analysis. 

 
GOCART V4 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9 Cluster 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 0.11 0.35 
%BB (Mean) 53.9 10.9 7.5 6.5 15.0 12.6 14.4 9.0 31.2 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 8.1 1.1 
%BC (Mean) 7.5 2.6 3.0 1.6 3.7 2.9 4.5 3.0 6.4 2.0 
%OC (Mean) 46.4 8.3 4.5 4.9 11.2 9.8 9.9 6.0 24.8 5.8 
%BB (St.D.) 10.1 3.5 2.1 1.9 9.9 3.2 7.9 3.3 6.4 4.9 
%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 7.1 
%SS (St.D.) 3.4 4.8 4.7 5.3 5.0 5.5 5.6 5.5 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 
%OC (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 30.0 6.0 
%SU (Median) 25.9 50.7 58.3 37.6 25.5 63.5 42.8 41.8 54.6 9.4 
%DU (Median) 14.1 5.7 17.6 4.9 56.4 6.7 35.2 18.3 5.1 81.0 
%SS (Median) 2.9 32.0 17.9 48.9 2.0 17.1 5.5 30.5 7.7 0.6 
%BC (Median) 7.4 2.6 2.7 1.4 3.1 2.8 4.3 2.8 6.1 1.7 
%OC (Median) 45.1 8.0 3.9 4.6 7.9 9.7 7.0 5.1 23.5 4.4 
%BB (IQR) 12.9 4.2 1.3 2.4 12.9 3.7 13.7 4.1 9.0 4.6 
%SU (IQR) 13.1 6.8 5.0 5.6 10.8 3.9 11.2 5.9 9.7 11.0 
%DU (IQR) 14.6 3.3 4.2 4.0 11.6 4.8 9.9 5.0 6.4 12.1 
%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 
%OC (IQR) 10.9 3.3 0.7 2.0 11.2 3.0 11.0 3.3 7.5 3.8 

 
Table S4. Descriptive statistics of the global mean mixtures extracted from the season (MAM) 
GOCART data record by application of cluster analysis. 
 
GOCART V4 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9 Cluster 10 Cluster 11 
Pixels 5251 8592 4296 2481 9099 7172 8513 3690 2488 9294 3924 
AOD (500) 0.20 0.22 0.08 0.28 0.06 0.23 0.10 0.10 0.49 0.04 0.14 
%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 43.3 
%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) 11.5 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 3.5 2.6 1.7 2.9 0.9 6.9 1.3 2.3 3.5 
%OC (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 4.3 4.5 
%DU (St.D.) 4.5 3.1 3.4 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 1.4 
%OC (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 43.4 
%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 5.5 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 
%OC (Median) 7.1 6.1 12.7 5.9 4.4 6.4 2.5 31.9 2.4 5.5 7.4 
%BB (IQR) 4.5 1.2 11.2 6.2 1.5 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 1.5 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 
%OC (IQR) 3.0 1.1 9.1 4.7 1.1 1.6 0.8 12.9 1.9 2.7 7.3 

 



M
ANUSCRIP

T

 

ACCEPTE
D

ACCEPTED MANUSCRIPT

10 
 

 

Table S5. Descriptive statistics of the global mean mixtures extracted from the season (JJA) 
GOCART data record by application of cluster analysis. 
 
GOCART V4 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9 Cluster 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 0.15 
%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 52.1 
%DU (Mean) 2.2 26.5 2.8 2.7 5.8 76.7 2.8 11.2 11.1 46.6 25.1 
%SS (Mean) 69.9 1.8 53.4 2.5 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 2.1 7.3 3.6 3.6 3.8 
%OC (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 1.2 2.4 4.3 8.7 2.3 8.8 6.4 8.5 4.8 
%SS (St.D.) 4.4 1.5 4.5 3.1 6.3 2.6 6.0 6.5 6.9 5.8 4.4 
%BC (St.D.) 0.3 0.7 1.1 2.6 1.0 0.9 0.7 1.6 1.2 1.2 0.6 
%OC (St.D.) 1.6 3.6 2.9 8.0 4.6 2.0 1.5 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 23.5 34.6 16.7 48.7 36.2 66.0 32.3 52.0 
%DU (Median) 2.0 26.6 2.5 1.9 3.7 76.2 2.2 8.3 12.5 45.6 24.5 
%SS (Median) 70.3 1.5 53.1 1.4 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 1.5 1.8 7.1 3.5 3.4 3.6 
%OC (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 3.1 1.4 12.9 5.8 9.6 2.3 
%SU (IQR) 4.7 5.3 7.4 10.1 6.0 8.2 4.4 10.4 7.9 9.0 6.0 
%DU (IQR) 0.7 3.5 1.0 2.1 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 1.2 0.7 2.3 1.2 1.5 0.8 
%OC (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 mixtures extracted from the season (SON) 
GOCART data record by application of cluster analysis. 
 
GOCART V4 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9 Cluster 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 0.36 
%BB (Mean) 15.2 9.1 11.4 21.9 13.4 61.4 37.8 13.2 14.2 17.6 5.2 
%SU (Mean) 24.2 43.9 62.1 35.6 52.2 28.7 37.0 57.2 30.5 71.0 13.3 
%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 1.1 
%BC (Mean) 2.4 3.4 3.5 4.0 4.1 10.0 7.2 3.3 3.8 4.4 1.7 
%OC (Mean) 12.7 5.8 7.9 17.9 9.2 51.4 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 1.1 1.2 2.1 1.3 0.9 1.6 1.8 0.9 
%OC (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 12.5 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 13.3 
%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 
%OC (Median) 12.6 5.4 8.2 17.0 8.7 50.7 30.0 9.5 6.2 11.5 2.7 
%BB (IQR) 3.2 1.9 2.1 5.2 2.4 13.5 9.4 6.0 12.7 9.7 3.8 
%SU (IQR) 4.8 6.0 5.5 6.8 5.9 8.0 7.0 8.6 12.3 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 2.1 2.4 1.4 
%OC (IQR) 2.6 1.2 1.9 3.5 1.8 12.5 8.2 5.6 10.1 7.6 2.4 
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S4. Cluster characteristics of the seasonal partitions 
In this section we present the summary tables and graphs of mean values of optical and microphysical 
aerosol parameters extracted from the AERONET inversion data record for each cluster of the mean 
seasonal (DJF, MAM, JJA and SON) global partitions including: spectral parameters (AOD, ASYM, 
AAOD, SSA, CRI-R, CRI-I, LR) at central wavelength of 440, 675, 870 and 1020nm, the mean 
percentage of spherical particles (‘%Sphericity’), the mean AVSD (in 22 logarithmic radial bins from 
0.05µm to 15 µm), AVSD-derived microphysical parameters (rf, σf, Vf, rc, σc, Vc associated with the 
fine and coarse modes ‘f’’and ‘c’ respectively), and the fine mode fraction η. Values are calculated 
from the L2.0 V2 inversion product unless accompanied by a ‘*’ whereby the value is calculated from 
the L1.5 V2 inversion product.  
 
Table S7. Descriptive statistics of key optical and microphysical parameters extracted from the global 
AERONET inversion record in each cluster for the season (DJF).  
 
AERONET L2.0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9 Cluster 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 1.41 0.72 
H2O 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 0.070 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 96.4 
CRI-R (440) 1.424 1.449* 1.418 1.542* 1.432 1.432 1.466 1.412 1.441 1.442 
CRI-I (440) 0.011 0.003* 0.018 0.012* 0.014 0.010 0.016 0.015 0.016 0.008 
r(f) 0.15 0.18 0.18 0.15* 0.16 0.17 0.17 0.19 0.17 0.16 
σ(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* 2.54 2.96 2.89 2.68 3.02 2.26 
σ(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 
η 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 for cluster 2, there were no records containing data for 
the spectral parameters AAOD, SSA, LR and the CRI. In order to estimate the values of these 
parameters, we extracted a total of 1074 analogous records in this cluster from the Level 1.5 dataset at 
the sites: Amsterdam Island, Cape_San_Juan, Coconut_Island, Dunedin, Honolulu, 
Manila_Observatory, Prospect Hill, Rio Pedras, Roosevelt Roads, Sable_Island, Tahiti, and Tudor 
Hill, and used them to calculate an estimate of the mean values. For cluster 4, only 8 Level 2.0 records 
were available. As such we extracted all 744 available records in this cluster from the Level 1.5 
dataset at the sites: Azores, Bonanza_Creek, CEILAP-RG, Crozet Island, Guam, Kapoho, Mace Head, 
Marambio, and Santiago, and then proceeded to calculate estimated mean values of all parameters. 
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Fig. S10. Optimized least square regression fits to the spectral behaviour of mean values of the 
AERONET-derived AOD for each cluster during the season (DJF). The circles at 500nm are the mean 
cluster values of the total AOD obtained by GOCART. 
 

 
Fig. S11. Spectral behaviour of the global mean values of key optical parameters (ASYM, AAOD, 
SSA, LR) and microphysical parameters (CRI-R and CRI-I) for each cluster from extracted 
AERONET data at 440, 675, 870 and 1020nm during the season (DJF). 
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Fig. S12. Global mean size distributions for each cluster together with the derived fine and coarse 
mode parameters (rf, σf, Vf and rc, σc, Vc respectively) during the season (DJF).  
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Table S8. Descriptive statistics of key optical and microphysical parameters extracted from the global 
AERONET inversion record in each cluster for the season (MAM). 
 
AERONET L2.0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9 Cluster 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* 1.21 
H2O 1.13 1.08 2.19 1.25 1.60* 1.05 0.89* 2.36 1.44 3.98* 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 0.064 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 49.6* 69.6 
CRI-R (440) 1.458 1.437 1.425 1.507 1.511* 1.458 1.559* 1.445 1.483 1.503* 1.446 
CRI-I (440) 0.010 0.007 0.007 0.009 0.008* 0.009 0.194* 0.013 0.004 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 
σ(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 
σ(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 
η 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 extracted for clusters 5 and 10 (cluster 7 did not encompass 
any sites), there were no records containing data for AAOD, SSA, LR and the CRI at this level of 
quality assurance. Furthermore, since the number of Level 2.0 records is low for both clusters, we 
extracted a total of 451 full records for cluster 5 from the Level 1.5 dataset at the sites: Amsterdam 
Island, Rottnest Island and Dunedin, and a total of 871 full records for cluster 10 from the Level 1.5 
dataset at the sites: Kapoho, McMurdo, Nauru, REUNION_ST_DENIS, South_Pole, and Tahiti. For 
cluster 7, a total of 157 full records from the Level 1.5 dataset at the sites: CEILAP-RG, Crozet 
Island, Marambio, Utsteinen, and Vechernaya_Hill was used. We then proceeded to use this data to 
calculate mean values of all parameters. 
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Fig. S13. Optimized least square regression fits to the spectral behaviour of mean values of the 
AERONET-derived AOD for each cluster during the season (MAM). The circles at 500nm are the 
mean cluster values of the total AOD obtained by GOCART. 

 
Fig. S14. Spectral behaviour of the global mean values of key optical parameters (ASYM, AAOD, 
SSA, LR) and microphysical parameters (CRI-R and CRI-I) for each cluster from extracted 
AERONET data at 440, 675, 870 and 1020nm during the season (MAM). 
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Fig. S15. Global mean size distributions for each cluster together with the derived fine and coarse 
mode parameters (rf, σf, Vf and rc, σc, Vc respectively) during the season (MAM). 
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Table S9. Descriptive statistics of key optical and microphysical parameters extracted from the global 
AERONET inversion record in each cluster for the season (JJA). 
 
AERONET L2.0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9 Cluster 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 0.19 0.27 
AE (440/675) 0.78* 1.60 0.89* 1.74 1.10* 0.50 0.58* 1.41 1.72 1.34 1.64 
H2O 0.66* 1.99 2.91* 2.05 1.38* 2.40 4.37* 1.95 2.53 1.94 2.65 
ASYM (440) 0.74* 0.70 0.72* 0.67 0.70* 0.74 0.73* 0.69 0.71 0.72 0.71 
P180 (440) 0.21* 0.19 0.31* 0.18 0.22* 0.21 0.33* 0.20 0.17 0.19 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 0.92 0.95 
LR (440) 95.9* 80.4 50.4* 89.2 79.1* 67.3 46.8* 100.7 84.8 78.6 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 0.16 0.16 
σ(f) 0.55* 0.42 0.49* 0.40 0.47* 0.53 0.50* 0.45 0.43 0.45 0.42 
V(f) 0.00* 0.02 0.00* 0.03 0.01* 0.03 0.01* 0.02 0.04 0.02 0.04 
r(c) 2.40* 2.92 2.60* 3.18 2.65* 2.31 2.82* 2.80 3.02 2.63 2.76 
σ(c) 0.67* 0.69 0.69* 0.69 0.73* 0.62 0.69* 0.71 0.67 0.67 0.67 
V(c) 0.01* 0.03 0.03* 0.03 0.02* 0.23 0.03* 0.03 0.02 0.04 0.03 
η 0.47* 0.47 0.17* 0.53 0.35* 0.12 0.15* 0.39 0.65 0.34 0.58 
% Sphericity 92.8* 84.7 84.8* 98.9 92.6* 2.4 86.9* 94.5 98.6 43.1 94.7 

 
While 224 and 294 Level 2.0 records were extracted for clusters 3 and 5 (clusters 1 and 7 did not 
encompass any sites), there were no records containing data for AAOD, SSA, LR and the CRI at this 
level of quality assurance. For these four clusters (1, 3, 5 and 7) we therefore extracted a total of 102 
full records for cluster 1 from the Level 1.5 dataset at the sites: CEILAP-RG and Marambio, a total of 
771 full records for cluster 3 from the Level 1.5 dataset at the sites: Amsterdam_Island, Crozet Island, 
Dunedin, McMurdo, and Tahiti, a total of 2419 full records for cluster 5 from the Level 1.5 dataset at 
the sites: Adelaide_7, ARM_Gan_Island, Ascension_Island, Canberra, CEILAP-Bariloche, 
Coleambally, Lucinda, Milyering, Perth, Petrolina_SONDA, Puerto_Madryn, 
REUNION_ST_DENIS, Rottnest_Island, and Trelew, and a total of 333 full records for cluster 5 from 
the Level 1.5 dataset at the sites: Kapoho, Manus, Nauru, South_Pole_Obs, Utsteinen, and 
Vechernaya_Hill. We then used this data to calculate mean values of all parameters. 
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Fig. S16. Optimized least square regression fits to the spectral behaviour of mean values of the 
AERONET-derived AOD for each cluster during the season (JJA). The circles at 500nm are the mean 
cluster values of the total AOD obtained by GOCART. 
 

 
Fig. S17. Spectral behaviour of the global mean values of key optical parameters (ASYM, AAOD, 
SSA, LR) and microphysical parameters (CRI-R and CRI-I) for each cluster from extracted 
AERONET data at 440, 675, 870 and 1020nm during the season (JJA). 
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Fig. S18. Global mean size distributions for each cluster together with the derived fine and coarse 
mode parameters (rf, σf, Vf and rc, σc, Vc respectively) during the season (JJA). 
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Table S10. Descriptive statistics of key optical and microphysical parameters extracted from the 
global AERONET inversion record in each cluster for the season (SON). 
 
AERONET L2.0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8 Cluster 9 Cluster 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 14096 
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 
H2O 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 0.95 0.92 
LR (440) 121.2* 72.6 90.1 48.9* 94.5 86.4 93.7 55.7* 85.0 91.9 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 
σ(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 2.31 
σ(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 
η 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 cluster 8, there were no records containing data for 
AAOD, SSA, LR and the CRI at this level of quality assurance. For this cluster, we extracted a total 
of 527 analogous records from the Level 1.5 dataset at the sites: Andros_Island, Bermuda, 
Coconut_Island, Guam, Honolulu, Kapocho, Manus, Mauna_Loa, Nauru, Prospect_Hill, and 
Tudor_Hill, to estimate these parameters. For cluster 1 only 2 Level 2.0 records were available. As 
such we extracted 197 complete records from  Level 1.5 data at the sites: CEILAP_RG, Crozet_Island 
and Marambio, and then proceeded to calculate mean values of all parameters. In the case of cluster 4, 
while 142 Level 2.0 records were extracted, there were no records containing data for AAOD, SSA, 
LR, CRI and the % sphericity at this level of quality assurance. For this cluster, we extracted a total of 
626 analogous records from the Level 1.5 dataset at the sites: Amsterdam_Island, Dunedin, 
McMurdo, REUNION_ST_DENIS, Tahiti, Utsteinen, and Vechernaya_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 spectral behaviour of mean values of the 
AERONET-derived AOD for each cluster during the season (SON). The circles at 500nm are the 
mean cluster values of the total AOD obtained by GOCART. 
 

 
Fig. S20. Spectral behaviour of the global mean values of key optical parameters (ASYM, AAOD, 
SSA, LR) and microphysical parameters (CRI-R and CRI-I) for each cluster from extracted 
AERONET data at 440, 675, 870 and 1020nm during the season (SON). 
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Fig. S21. Global mean size distributions for each cluster together with the derived fine and coarse 
mode parameters (rf, σf, Vf and rc, σc, Vc respectively) during the season (SON). 
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S4. Bivariate parameterizations of seasonal global aerosol mixtures  
In this section we present the results of parameterizing the AERONET data record with pairs of 
optical and/or microphysical parameters commonly used in aerosol classification studies described in 
detail in the main text of the manuscript.  

Fig. S22. Cluster means (squares) and standard deviations (lines) overlaid on the AERONET data 
record (points) for the season (DJF) parameterized by pairs of optical and/or microphysical 
parameters commonly used in aerosol classification studies. 
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Fig. S23. Cluster means (squares) and standard deviations (lines) overlaid on the AERONET data 
record (points) for the season (MAM) parameterized by pairs of optical and/or microphysical 
parameters commonly used in aerosol classification studies. 
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Fig. S24. Cluster means (squares) and standard deviations (lines) overlaid on the AERONET data 
record (points) for the season (JJA) parameterized by pairs of optical and/or microphysical parameters 
commonly used in aerosol classification studies. 
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Fig. S25. Cluster means (squares) and standard deviations (lines) overlaid on the AERONET data 
record (points) for the season (SON) parameterized by pairs of optical and/or microphysical 
parameters commonly used in aerosol classification studies. 

 


