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Multi-modal fitting of AERONET size distributions
during atypical aerosol conditions
Taylor M., Kazadzis S., Gerasopoulos E.

To date, aerosol size distributions obtained from AERONET have been fit with bi-lognormal
distributions that separate fine and coarse modes at a local minimum in the radial interval
0.439μm to 0.992μm. In the present work, a new technique for calculating the separation
point is proposed to optimize the goodness of fit to the size distribution. The six
microphysical parameters derived from this process (the volume concentration, effective
radius, and the variance of fine and coarse particle modes) are compared with those provided
by AERONET for characteristic aerosol types including: desert dust, biomass burning, urban
sulfate, and marine sea salt. Following on from this, a Gaussian mixture model (in logarithmic
space) is used to fit the dataset. The optimal number of Gaussians is calculated based on the
assumption of whether or not the addition of extra modes statistically improves the square of
the correlation coefficient or passes the Fisher Test. The main results are summarized as
follows: 1) the new method for calculating the separation point shows an improvement in the
case of desert dust events, 2) the fit to the size distribution of marine aerosol improves with 3
Gaussians, and 3) the multi-modal fit to the AERONET data is the most accurate,
automatically-detects the optimal number of modes regardless of the aerosol type and
provides the microphysical parameters of additional modes which are currently not available
from the methodology used by AERONET.
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1 Introduction
The retrieval of parameters such as the aerosol optical depth (AOD) from satellite
measurements is accomplished by algorithms that model the optical characteristics of
columnar aerosol via parameters of microphysical structure including the aerosol volume size
distribution (AVSD) and the spectral complex refractive index. Retrievals are therefore rather
sensitive to the choice of model of particle size and composition. Furthermore, difficulties are
compounded by the fact that the complete set of required parameters cannot presently be
obtained unambiguously (Hasekamp and Landgraf 2007) especially when the spectral and
directional behavior of the surface reflectance is unknown (Kokhanovsky et al. 2010). Since
remote sensing of the AVSD is exceedingly difficult (King et al. 2009), satellite retrievals are
usually validated (e.g. Remer et al. 2005) against co-located and synchronous retrievals
provided by ground-based sun photometer and sky radiometer systems like those in the
aerosol robotic network (AERONET). The heavy reliance on the AVSDs provided by
AERONET, combined with the fact that the AVSD plays a pivotal role in the relation of the
radiation field to the microphysics of aerosol particles (Hansen and Travis 1974) and the
determination of aerosol type and composition, motivated us to develop two new methods to
improve the fit to retrieved AVSDs (described in detail in Taylor et al. 2013). Here we briefly
outline these new methods and present some results of their application to a couple of very
atypical AVSDs.
The AERONET inversion code presently approximates the AVSD by optimization of the
shape of each radial size bin (Dubovik and King 2000). In particular, lognormal-shaped bins
provide notable improvements over the trapezoidal approximation suggesting that the AVSD
can better be modeled as a superposition of n-lognormals with the modal volume
concentrations Vi geometric mean radii ri and standard deviations σi as fixed secondary
microphysical parameters,
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For several decades now, the AVSD of tropospheric aerosols has been known to contain
several distinct modes, each most commonly being modeled by a lognormal function
(Whitby, 1978). The statistical properties of the lognormal and bi-lognormal distribution are
well-known (O’Neill et al. 2000) and are applied in this paper to test the feasibility of
modeling the AVSD of distinct aerosol cases with super-positions of several (n ≥ 2)
lognormals. Furthermore, since many available radiative-transfer codes are now able to take
as input lognormal distribution parameters (Sayer et al. 2012), the results of applying the
methods we have developed, can be readily applied and implemented.

2 Data and Methodology

2.1 Data
A search for AVSDs corresponding to interesting and atypical aerosol conditions must
presently be done manually or with reference to targeted field campaigns. We have developed
a simple approach for isolating candidate AERONET sites as well as those days which are
most dominated by for example desert dust, biomass burning products, urban sulphate, and
marine (sea salt) aerosol. The Georgia Institute of Technology–Goddard Global Ozone
Chemistry Aerosol Radiation and Transport (GOCART) model (Chin et al. 2000, Ginoux et
al. 2001) used by NASA’s GEOS-5, simulates the contribution to the AOD from major types
of tropospheric aerosols including: sulphate (SU), black carbon (BC), organic carbon (OC),
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desert (mineral) dust (DU) and sea salt (SS). While a comparative analysis of GOCART AOD
at co-located AERONET sites is beyond the scope of this work, global distributions of
GOCART AOD and its multi-decadal variations have been reported to agree with different
satellite observations within a factor of 2 (Chin et al. 2010). Here, we use GOCART data for a
model-driven aerosol classification. GOCART data spanning the years 2001-2005 (inclusive)
was downloaded from the global grid (spatial resolution: 2.5 x 2 degrees) co-located with 155
AERONET sites (75% of all Level 2.0 Version 2 Inversion Product records N) which were
ranked by the size of their daily-averaged data record. The ratio of the contribution of
individual aerosol types to the total AOD was then calculated (as percentages) and used to
sort the list of ranked sites again but by dominant (“nearly-pure”) aerosol type. As a result, it
was possible to automate the identification of sites most dominated by DU, OC+BC (i.e.
biomass burning aerosol), urban SU and SS: Banizoumbou (Niger), Mongu (Zambia), GSFCWashington (USA) and Lanai (Hawaii) respectively. Then, daily-averaged AERONET Level
2.0 Version 2 quality-assured and cloud-screened data was aligned (i.e. filtered for
synchronous values) with the daily-averaged GOCART AOD data at each site and the day
corresponding to the peak %DU at Banizoumbou, peak %(BC+OC) at Mongu, peak %SU at
GSFC-Washington, and peak %SU at Lanai was found (see Table 1 for their composition)
and the associated AVSD was extracted.
Table 1. Days of dominant aerosol type as derived from ranking of the GOCART global chemical data
source contributions to the AOD.
Site
Banizoumbou
Mongu
GSFC
Lanai

Peak
16/3/05
14/8/03
17/8/05
21/2/02

%SU
1.0
5.6
87.5
28.9

%OC
0.7
77.4
8.3
5.3

%BC
0.3
16.8
2.7
2.3

%DU
97.9
0.2
1.4
3.3

%SS
0.0
0.1
0.1
60.1

%OC+BC
1.0
94.1
11.0
7.6

2.2 Methodology
The AVSD is usually assumed to be bi-modal so as to distinguish between a “fine”
(accumulation) mode containing small particles (< ≈ 0.6µm) and a “coarse” mode containing
larger aerosol particles. With reference to Eq. (1), the partition of the AVSD into n = 2
lognormal modes with a fine (f) mode and a coarse (c) mode therefore requires the calculation
of 6 secondary parameters: Vf, Vc, rf, rc, σf and σc. These parameters are estimated in the
AERONET retrieval algorithm by dividing the total volume size distribution dV/dlnr into two
parts at a radial mode separation point rs. Values of rf, rc, σf and σc are then calculated from
the AVSD by integrating to and from the separation point. The equations necessary for their
calculation is presented in (Taylor et al. 2013). The AERONET Level 2.0 Version 2 inversion
algorithm provides the values of all of these parameters including the value of rs upon which
they all depend by finding the local minimum within the size interval 0.439 ≤ r ≤ 0.992μm
(Dubovik et al. 2000). By interpolating the AERONET AVSD (comprising 22 equidistant
logarithmic radial size bins spanning the range of particle radii 0.05 ≤ r ≤ 15µm) on a higher
resolution radial grid containing 2200 points, we varied the separation point r s across the grid
while keeping the total volume concentration constant. For each different rs we calculated the
standard error s and the coefficient of determination R2 arising from the difference between
the interpolated AERONET AVSD and the bi-lognormal re-constructed from the derived
secondary parameters Vf, Vc, rf, rc, σf and σc in Eq. (1) for n = 2 modes. The optimal
separation point arising from this sensitivity analysis was found from the location of r s that i)
maximizes R2 and ii) minimizes s. We call this first method the optimized equivalent volume
(OEV) method (see Taylor et al. 2013 for details).
In our second method, we drew upon the knowledge that the AVSD is normallydistributed in the lnr domain (i.e. it is lognormal in r) and performed nested nonlinear fitting
that involved consecutively adding Gaussian distributions and re-calculating the value of R2.
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On addition of each additional mode in this Gaussian mixture model (GMM) method, we
performed nested hypothesis testing with Fisher transforms (Fisher 1921) and the Welch
statistic (Welch 1947) to test that supplementary modes produce a statistically-significant
improvement in R2 (i.e. genuinely improved the fit). This stopping condition allowed us: 1) to
fit the AVSD with n > 2 modes, 2) to fit the AVSD without resorting to the determination of
mode separation points (there are n-1 of them for n modes), and 3) to lift the constant volume
constraint applied in the OEV method. Details of the fitting procedure are described in Taylor
et al. (2013) and an example of fitting the clearly 3-modal marine aerosol-dominated AVSD
at Lanai is shown in Fig. 1.

Fig. 1. GMM fitting of the interpolated AVSD of maritime-dominated aerosol at Lanai on the 21 st of February 2001
which shows a novel double-peak in the coarse mode region > 1μm. Note the gradual improvement on addition of each
new mode peaking at R2 = 0.998 for n = 3 modes. The grey band is the uncertainty on the AERONET AVSD as per the
assessment of Dubovik et al. (2002).

3. Results
The AVSD of marine-dominated aerosol at Lanai presents an atypical double-peak in the
coarse mode region. A double-peak in the fine mode region (≤ 0.6μm) has been observed at
Fresno (USA) and associated with fog- and cloud-induced modification of ambient aerosol
Eck et al. (2012). In Fig. 2 we compare the fit of this AVSD with the standard AERONET bilognormal and with the OEV and GMM fits. In Fig. 3, the fits to the AVSD of volcanic ash
impact at a coastal site in the UK in presented.

Fig. 2. Comparison of the interpolated AVSD, the AERONET bi-lognormal fit (blue), the OEV bi-lognormal fit (pink)
and the GMM optimal fit (purple) to the interpolated daily-averaged AERONET AVSD at Fresno on the 11th of
February, 2006 which displays a clear double-hump in the fine mode region. The GMM fit is clearly better than the OEV
and AERONET fits. Both the OEV and AERONET fits successfully capture the coarse mode but fail to capture the
double-peak fine mode feature.
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Fig. 3. Comparison of the fits to the interpolated daily-averaged AERONET AVSD at Chilbolton (UK) on the 23rd of
May 2010 – 2 days after the eruption of volcanic ash from the Icelandic Eyjafjallajökull Volcano. The GMM is clearly
better than the OEV and AERONET fits. The OEV fit is able to capture the location of the fine mode peak better than the
AERONET fit, but its restriction to a bi-lognormal means that it fails to fit the remaining two peaks in the coarse mode
region.

For the results of fitting dust-, biomass burning- and urban SU-dominated AVSDs with the
OEV and GMM methods we refer the reader to Taylor et al. (2013).

4 Conclusions
The GMM method is able to fit very well even the very atypical AVSDs presented here. It is
an automated procedure that can easily be incorporated into operational retrieval algorithms.
In contrast, the OEV method, while more elastic in its fitting and slightly better than
AERONET, is limited to a bi-lognormal and is unable to fit AVSDs where the number of
modes n > 2.
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