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Abstract. Satellite-based aerosol optical depth (AOD) has gained popularity as a powerful data source for cali-
brating aerosol models and correcting model errors through data assimilation. However, simulated airborne par-
ticle mass concentrations are not directly comparable to satellite-based AODs. For this, an AOD operator needs
to be developed that can convert the simulated mass concentrations into model AODs. The AOD operator is
most sensitive to the input of the particle size and chemical composition of aerosols. Furthermore, assumptions
regarding particle size vary significantly amongst model AOD operators. More importantly, satellite retrieval
algorithms rely on different size assumptions. Consequently, the differences between the simulations and obser-
vations do not always reflect the actual difference in aerosol amount.

In this study, the sensitivity of the AOD operator to aerosol properties has been explored. We conclude that, to
avoid inconsistencies between the AOD operator and retrieved properties, a common understanding of the par-
ticle size is required. Accordingly, we designed a hybrid assimilation methodology (hybrid AOD assimilation)
that includes two sequentially conducted procedures. First, aerosol size in the model operator has been brought
closer to the assumption of the satellite retrieval algorithm via assimilation of Ångström exponents. This ensures
that the model AOD operator is more consistent with the AOD retrieval. The second step in the methodology
concerns optimization of aerosol mass concentrations through direct assimilation of AOD (standard AOD assim-
ilation). The hybrid assimilation method is tested over the European domain using Moderate Resolution Imaging
Spectroradiometer (MODIS) Deep Blue products. The corrections made to the model aerosol size information
are validated through a comparison with the ground-based Aerosol Robotic Network (AERONET) optical prod-
uct. The increments in surface aerosol mass concentration that occur due to either the standard AOD assimilation
analysis or the hybrid AOD assimilation analysis are evaluated against independent ground PM2.5 observations.
The standard analysis always results in relatively accurate posterior AOD distributions; however, the corrections
are hardly transferred into better aerosol mass concentrations due to the uncertainty in the AOD operator. In
contrast, the model AOD and mass concentration states are considerably more accurate when using the hybrid
methodology.
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1 Introduction

Aerosol transport models describe how particulate pollution
is formed from precursor gases, how pollution is transported
by atmospheric dynamics, and how it is removed by chem-
ical reactions or deposition. Transport models are an impor-
tant part of the earth modeling system. Aerosol transport is
relevant for understanding and predicting weather and cli-
mate because aerosol particles redistribute energy through
direct absorption and scattering of (solar) radiation and they
serve as nuclei upon which cloud droplets and ice crystals
form, thus changing the cloud reflectivity (Twomey, 1977)
and cloud lifetime (Albrecht, 1989). Aerosols also play a
wider role in atmospheric chemistry and biogeochemical cy-
cles in the Earth system (Andreae and Crutzen, 1997), for
example by carrying nutrients to ocean ecosystems (Baker
et al., 2003) or nitrogen deposition that significantly affects
plant diversity (Bobbink et al., 2010). Air pollution is a
major environmental risk to health, and particulates affect
more people than any other pollutant. In their 2018 fact
sheet, the World Health Organisation estimates air pollu-
tion was responsible for 4.2 million premature deaths world-
wide in 2016 (World Health Organization, 2018), costing
an estimated USD 5.7 trillion or 4.8 % of global GDP (The
World Bank, 2019). Air pollution levels continue to rise, the
strongest in urban environments in low- and middle-income
countries. Aerosol transport models contribute to our under-
standing of the life cycles of airborne aerosols and hence sup-
port effective emission reduction policies, and they are there-
fore important elements of operational air quality forecast
and analysis systems. Despite the enormous importance and
efforts to improve models, validation studies (Dennis et al.,
2010; Zhang et al., 2012b) continue to report inconsistencies
with observations that have different origins, e.g., uncertain
emission inventories (Fan et al., 2018), mismatch in trans-
port (Solazzo et al., 2017) and removal procedures (Croft
et al., 2012). This also implies that our understanding of how
aerosol pollution will respond to mitigation strategies is still
quite limited.

The introduction of the 2008 European Directive on Am-
bient Air Quality and Cleaner Air for Europe encouraged the
use of model simulations to perform air quality management
tasks such as air quality assessment, forecasting and plan-
ning (Europe Environmental Agency, 2011) that were previ-
ously performed using measurements. At the same time we
see rapid advances in sensor technologies and the availabil-
ity of aerosol measurements from large-scale network activi-
ties that can complement the modeling activities. Those mea-
surements are preferably used to calibrate models and to per-
form model error corrections through the application of data
assimilation techniques (Kalnay, 2002). Examples of popu-
lar aerosol measurements used for this purpose are ground-
based lidar data (Yumimoto et al., 2008), surface particu-
lar matter (PM) concentration observations (Lin et al., 2008;
Jin et al., 2018, 2019a), polar-orbiting satellite observations

(Schutgens et al., 2012; Khade et al., 2013; Yumimoto et al.,
2016a; Di Tomaso et al., 2017; Jin et al., 2022) and geo-
stationary remote sensing data (Yumimoto et al., 2016b; Jin
et al., 2019b, 2020). Among available measurements, satel-
lite aerosol products provide valuable information through
their high spatial coverage: a single instrument is used to ob-
serve a large spatial area making additional harmonization
efforts unnecessary.

Using satellite-based observations to improve simulated
aerosol concentrations is not straightforward. Aerosol model
and remote sensing data are not comparable directly, since
the model simulates aerosol mass concentrations, while the
sensor measures aerosol optical properties. In order to assim-
ilate aerosol optical data, typically the 3D mass concentration
fields are converted into 2D fields of the optical properties re-
trieved from the measurements. This conversion is performed
by a model operator that matches the retrieval algorithm. To
obtain retrieved aerosol properties, assumptions need to be
made about the aerosol type, size and optical properties in or-
der to obtain quantities such as aerosol optical depth (AOD).
However, these assumptions may be inconsistent with simi-
lar assumptions in the AOD operator of the aerosol transport
model that intends to assimilate the retrievals. At each assim-
ilation cycle some of the difference between the transport-
model-derived AOD and the retrieved AOD may simply be
due to these inconsistent assumptions. Assimilating the ob-
served radiance as done by Weaver et al. (2007) avoids this
inconsistency issue. Using satellite reflectances (radiances)
to improve surface concentrations (Drury et al., 2010) and
aerosol emissions (Wang et al., 2012; Xu et al., 2013) is
another example of an initiative to avoid the mismatch be-
tween assumptions in retrieval algorithms and model opera-
tors. However, although assimilation of radiances is promis-
ing to avoid inconsistencies, other scientific challenges re-
main. The most notable challenge might be that the infor-
mation content of space-borne radiance (intensity) measure-
ments is mostly limited to a few degrees of freedom (Vei-
helmann et al., 2007; Mishchenko et al., 1999; Tanré et al.,
1996; Hasekamp and Landgraf, 2005). Consequently, ad-
ditional a priori information is needed to simulate top-of-
atmosphere radiance intensities, such as the solar spectrum,
cloud handling, surface reflectance properties, meteorolog-
ical information (temperature, pressure, humidity), and sun
and satellite geometries, and all of these need to be known
accurately.

To simulate AOD in a model, the observation operator re-
lies on the chemical composition and aerosol size informa-
tion from the transport model. Information on size is needed
for other processes too, for example aerosol–gas-phase inter-
action and deposition (Khan and Perlinger, 2017). In trans-
port models aerosol size distributions are represented by sec-
tional (e.g., Jacobson, 2001; Gong et al., 2003; Rodriguez
and Dabdub, 2004) or modal (e.g., Ackermann et al., 1998)
approaches; the difference between these approaches has
been reviewed by Zhang et al. (2002). In this study, the target
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application of the aerosol modeling is to improve the forecast
of particulate matter concentrations, in which the aerosol size
is not of major concern; therefore, a modal approach with
a diameter-based parametrization is used. Assumptions on
aerosol size are part of the parameterization, but these as-
sumptions differ from those made in satellite retrieval algo-
rithms. Harmonization of these assumptions is difficult, for
example, because aerosol retrieval algorithms differ per in-
strument, each with different assumptions on aerosol sizes
and other parameters. It is therefore necessary to use differ-
ent parameterizations of aerosol sizes in the model for each
observation operator that is used to simulate retrievals.

Information on the aerosol sizes could be obtained from
measurements too. Satellite-based aerosol products are usu-
ally reported in several wavelength bands, and the multi-
wavelength interpolated Ångström exponent (Ångström,
1929) actually contains aerosol size information. Up to now,
this information has only occasionally been used in aerosol
studies (Schuster et al., 2006; Saide et al., 2013; Liu et al.,
2019). Most of the AOD assimilation efforts only incorpo-
rate AOD observations at a single wavelength into the model
(referred to as standard AOD assimilation in the whole pa-
per). A few studies assimilated remote sensing aerosol opti-
cal products at several wavelength bands; for example Schut-
gens et al. (2010) assimilated both the Ångström and AOD
simultaneously, and Saide et al. (2013) assimilated multi-
wavelength AODs. These two studies both assumed that the
size-related mismatch between model and observations is
due to the uncertainty in the distribution of aerosol emis-
sions over the fine or coarse modes and/or the distribution
of aerosol mass over different particle types such as anthro-
pogenic, mineral dust and sea salt. In addition, both assumed
that the radius distribution of aerosol types is constant and
known, which is not the case for most aerosol mixtures.

In this study, we first explore the role that aerosol sizes
play in the conversion of mass concentration to AOD. A com-
mon understanding of the role of the particle size in the AOD
operator and the retrieval algorithms is necessary when try-
ing to calibrate the AOD computations by comparison with
actual AOD observations. Aerosol extinction sensitivity has
therefore been studied using an offline AOD operator code
based on Mie scattering theory (De Rooij and Van der Stap,
1984). The sensitivity of the AOD calculations to aerosol
sizes have been examined. When assimilating AOD obser-
vations it is important that assumptions on size are consis-
tent between simulation and retrieval. Therefore, a hybrid
AOD assimilation system has been designed that consists
of two sequentially conducted steps. The first step aims at
estimating the size distribution parameters by assimilating
Ångström exponents. The second step aims at estimating the
aerosol mass distribution through the assimilation of AOD,
using the size distribution parameters just estimated. The hy-
brid assimilation has been compared to a reference that only
assimilates AOD, which might still provide AOD fields that
are in agreement with observations but might lead to incor-

rect mass concentrations. To the best of our knowledge, this
is the first time that Ångström assimilation has been coupled
with a standard AOD assimilation to optimize the radius pa-
rameterizations of aerosol fields.

This paper is organized as follows: Sect. 2 illustrates the
Mie-theory-based AOD operator that converts aerosol mass
concentrations into AOD values. By employing an offline
AOD operator, aerosol extinction sensitivity experiments are
conducted to explore the role of aerosol radius in the calcu-
lations. Section 3 describes the measurements that have been
used in this study for assimilation or independent validation.
Section 4 describes the LOTOS-EUROS chemical transport
model (CTM) and the configuration used for this study. The
hybrid assimilation methodology combining Ångström and
AOD assimilation is introduced in Sect. 5 and applied to
observations from the MODIS satellite instrument. The in-
crements in surface aerosol mass concentration induced by
the assimilations are evaluated using PM2.5 surface concen-
tration measurements. Section 6 summarizes the results and
discusses the added value of using hybrid AOD assimilation.

2 Computation of AOD from aerosol mass
concentrations

The aerosol optical depth (AOD) for a certain wavelength is
a measure of the extinction of light by aerosols in the atmo-
sphere. Here we describe how AOD is usually computed in a
simulation model and specifically the role of the aerosol size
distribution in this.

2.1 Aerosol species

When modeling aerosol concentrations, the aerosol types are
often categorized into groups based on their chemical com-
position. In this study we distinguish five different types:
black carbon, organic carbon, mineral dust, sea salt and sec-
ondary inorganic aerosol (sulfate, nitrate and ammonium).
For the computation of AOD it is necessary to define the
specific properties for each aerosol type. The refractive in-
dex is a complex number (with a real and an imaginary
part) that quantifies the bending and attenuation of light by a
layer of aerosols. The hygroscopicity describes the tendency
of aerosols to absorb moisture from the surrounding atmo-
sphere, which is important for the AOD since aerosol wa-
ter has an impact on scattering and absorption by altering
aerosol size and refractive index. The hygroscopicity index
and mass density for the five types of aerosols used in the
following aerosol extinction sensitivity calculations and our
aerosol model can be found in Table 1.

2.2 AOD operator

AOD is a direct measure of the total light lost in the atmo-
spheric column, which occurs due to aerosol absorption and
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Table 1. Mass density and hygroscopicity index for different aerosol types.

Aerosol Inorganic aerosol Black carbon Organic carbon Sea salt Dust
(SO4, NH3, NO3) (BC) (OC) (SS)

Mass density (kg m−3) 1841 2000 2000 2165 2650
Hygroscopicity index K 0.8 0.0 0.1 1.0 0.0

scattering along the radiation transmission path. It is, there-
fore, not directly comparable with simulated 3D aerosol mass
concentrations, which is the state calculated in a simulation
model. To perform model calibration through AOD observa-
tions or to adjust the model using AOD assimilation, an AOD
operator (H) is necessary:

τm
=HX, (1)

where X denotes the 3D aerosol mass concentration for all
aerosol species, and τm denotes the 2D field of simulated
AOD values. Calibration or assimilation is then based on the
difference between the simulation and observations, referred
to as the innovation:

d = τm
− τ , (2)

where τ is the AOD measurement vector.

2.3 Mie theory

In most chemical transport models including the LOTOS-
EUROS chemical transport model described in Sect. 4.1, the
numerical conversion from aerosol mass concentration into
AOD simulation follows the Mie theory. The basis is to cal-
culate the scattering and absorption coefficients of spherical
particles with a given radius and refractive index. In the Mie
calculation, the model AOD τm is defined as a vertical inte-
gration of the extinction coefficient εext (1 m−1) over nmodel
layers:

τm
=

n∑
k=1

εkext · z
k, (3)

where εkext and zk denote the extinction coefficient and layer
thickness at the kth layer, and εext is the product of the dimen-
sionless extinction efficiency Qext, the total cross section per
unit mass S (m2 g−1) and the aerosol mass concentration C
(g m−3):

εext =Qext ·S · C, (4)

in which Qext equals the sum of scattering efficiency and ab-
sorption efficiency. It depends on the ratio of aerosol radius
and incident wavelength, as well as the chemical composition
(Hulst and van de Hulst, 1981). S itself is governed by the
particle size and aerosol mass density. Their complex man-
ner will be discussed later in Sect. 2.4.

The Ångström exponent A has been introduced for mea-
suring the variability in wavelength-dependent extinction co-
efficients at different incident wavelengths. A is a quantita-
tive indicator of aerosol size (Ångström, 1929); specifically,
it reflects the size of aerosols with a sub-micrometer radius
(O’Neill et al., 2001). Mathematically, A is the slope of the
line from the AODs (τi , τj ) at two wavelengths (λi , λj ) when
both are on a log-scale:

Ai−j =−
log(τi/τj )
log(λi/λj )

. (5)

2.4 Aerosol extinction sensitivity experiments

Following Eq. (4), the extinction coefficient is a product
of the three individual terms: Qext, S, and C. To explore
the sensitivities of the extinction coefficients to aerosol ra-
dius, Mie calculations are performed for aerosols of various
sizes and with different refractive indices. The calculation
is based on the offline Mie code proposed by De Rooij and
Van der Stap (1984). It is slightly different from the Mie code
(Boucher, 1998) coupled in our LOTOS-EUROS model, in
which the Qext calculations from the Mie model are stored in
lookup tables for higher computational efficiency. Recently,
we showed both of the codes give the exact same result.
Aerosol size distributions in LOTOS-EUROS are described
using a modal approach. Each mode is represented by a mean
geometric radius rg and a geometric standard deviation σg as
has been illustrated in Table 4. In the following aerosol ex-
tinction sensitivity tests, the independent variable rg is varied
over the range from 10 nm to 4 µm with a step of 10 nm. The
control variables associated with the conversion of mass con-
centration to AOD can be found in Table 2.

The radius-dependent variation in the extinction efficiency
Qext, total cross section per unit mass S, extinction coeffi-
cients εext, and the Ångström exponent A of the five aerosol
species for two relative humidities (RH= 0 and 0.8) and five
wavelengths (λ= 440, 470, 550, 650 and 870 nm) are calcu-
lated and presented in detail in Figs. S1 to S5, respectively.
These five incident wavelengths are employed for the aerosol
optical property retrieval in either the Aerosol Robotic Net-
work (AERONET) or MODIS data collection. Parts of the
representative results are also shown in Fig. 1 to illustrate the
relationship between aerosol extinction and radius.
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Table 2. Control variables in the aerosol extinction sensitivity experiments.

Variables Descriptions

Aerosol species Sulfate aerosol (SO4), black carbon (BC), organic carbon (OC), dust and sea salt (SS) aerosol
Mean geometric radius 10 nm to 4 µm
Geometric standard deviation 1.59 µm
Relative humidity (RH) 0, 0.8
Incident wavelength (λ) 440, 470, 550, 650, 870 nm

2.4.1 Extinction efficiency

The relationship between the extinction efficiency Qext
and mean geometric radius for sulfate and organic carbon
aerosols are presented in Fig. 1a. Small particles are very
poorly scattered, and their light absorption capacity is also
well below what we may expect from their physical size; the
extinction efficiency of particles much smaller than the wave-
length of light is therefore� 1. Very large particles remove
twice as much light as we may expect from their geometrical
cross section. Physically, this is explained by the sum of light
scattered by reflection and refraction within the particle plus
the diffracted component that is lost from the direct beam.
Particles are most active, or have the highest extinction effi-
ciency, when their sizes are in the range of the wavelength.
For single particles that do not absorb light the scattering may
be 4 times more efficient than their real size suggests. When
considering distributions of particles as in Fig. 1 rather than
the combination with less optically efficient particles reduces
the maximum in the extinction efficiency. A particle size dis-
tribution also removes the well-known maxima, minima and
secondary-order ripples in the extinction efficiency curve that
are due to the interference of light with spheres that have just
the right dimension to diffract and transmit light.

For absorbing aerosol the peak in the scattering effi-
ciency is reduced (e.g., Hansen and Travis, 1974). For non-
absorbing aerosol the scattering efficiency curve seems to
move to the left for higher real parts of the refractive index;
see, for example, Fig. 2 in Moosmüller and Ogren (2017) and
our Fig. 1a where the extinction efficiency curve of OC (or-
ganic carbon; mreal = 1.53, λ= 550 nm) peaks at a smaller
size distribution than the extinction efficiency curve of SO4
(mreal = 1.43, λ= 550 nm). Next to the chemical constituent,
the extinction efficiency also depends on the ratio of particle
size and wavelength of light, which are usually expressed as
a size parameter x = 2π · rg/λ. As can be seen in Fig. 1a,
although the peak of the extinction efficiency is found at
a larger size distribution when the incident wavelength is
changed from 550 to 870 nm, the peak is actually found at
the fixed size parameter x like for the same aerosol species.

Also in Fig. 1a we show the effect of a higher humidity
(RH= 0.8). The hydrophilic nature of SO4 leads to water up-
take and thus physical size growth. The smaller dry particles
– distributions to the left of the extinction efficiency peak –
thus grow into the more optically active region; i.e., the curve

and peak move to the left. On the other hand, the uptake of
water, with a real part of the refractive index of 1.33, will
make the curve move to the right. The net effect of water up-
take is a move to the left. Hence the change in size is more
important than the change in refractive index.

2.4.2 Total cross section

Figure 1b plots the total cross section per dry mass S for sul-
fate, organic carbon and black carbon aerosols at different
size distributions. The total cross section S is a product of
the mean cross section and total number per dry mass. The
former is proportional to the square of the geometric mean
radius rg, while the latter is proportional to the negative cubic
power of rg. In terms of S, aerosols at a larger size distribu-
tion are less effective in diminishing the total solar radiation
compared to finer aerosol bins. A steady decline in S is there-
fore found with an increase in the aerosol size distribution
over all the species.

For the inorganic aerosols, the hydrophilic characteris-
tic tends to efficiently increase S. Take SO4 (hygroscop-
icity index K = 0.8) for instance: there is a 1.61 times
growth in the diameter when they are surrounded by a
wet atmosphere (RH= 0.8) following the aerosol diame-
ter hygroscopic growth function f (RH)= {1+K ·RH/(1−
RH)}1/3 (Petters and Kreidenweis, 2007), which is equal to a
2.60 times growth in S here. The total cross section S of OC
is less sensitive to relative humidity since it has a much lower
hygroscopicity index (K = 0.1). For hydrophobic aerosols
like dust and black carbon, their total cross section will not
change when they are moved to a wet atmosphere.

We also show the effect of mass density on the S calcula-
tion. The aerosol with a lower mass density has a larger size,
which results in a higher total cross section. The mass den-
sity of sulfate, organic carbon and black carbon aerosols are
1841, 2000 and 2000 kg m−3. In terms of S, sulfate aerosol
bins are slightly more efficient in diminishing the total solar
radiation than the organic carbon and black carbon aerosols
when they are at the same size distribution.

2.4.3 Extinction coefficient

The extinction coefficients εext are then calculated as a prod-
uct of Qext, S and a given dry aerosol concentration C
(1 g m−3) following Eq. (4). The relationship between the
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aerosol extinction coefficients εext and the size distribution
rg are shown in Fig. 1c. In general, εext presents an up-and-
down pattern: aerosols at a small size distribution result in a
low εext due to their inactive extinction efficiency Qext (see
Fig. 1a), while particles at a large size distribution that leads
to a small total cross section S would result in a low εext as
well (see Fig. 1b). Particles with a geometric mean radius
ranging from tens to hundreds of nanometers are most ac-
tive in diminishing the solar radiation. The effect of chemical
constituent on the extinction coefficient can also be found in
Fig. 1c. Black carbon reaches a higher peak at a smaller size
distribution than organic carbon and inorganic carbon due to
its high extinction efficiency Q curves at the small size. Wa-
ter absorption (RH= 0.8) makes the hygroscopic aerosols
become more efficient in diminishing the light absorption
and scattering; e.g., the εext curve and peak of SO4 aerosol
move to the upper left.

The efficient coefficients vary significantly at different
sizes distribution. For instance, εext of SO4 at an inci-
dent wavelength of λ= 550 nm (RH= 80 %) reaches 12.21
(1 m−1) at a geometric mean radius of rg = 110 nm; it re-
duces rapidly to 4.73 (1 m−1) at rg = 350 nm. Therefore, the
3D conversion from mass concentration to AOD in aerosol
models is highly sensitive to the aerosol size distribution. For
a fair comparison between the model AODs and actual AOD
observations, the aerosol size should remain consistent in the
AOD operator and the satellite AOD retrieval algorithm.

2.4.4 Ångström exponent

Following Eq. (5), the Ångström exponent is calculated
using the extinction coefficients at two incident wave-
lengths. The Ångström exponents at 870–440 and 650–
470 nm are calculated in this study: the former is used in
the AERONET Ångström product, while the latter corre-
sponds to the MODIS Ångström observational wavelengths.
The size-dependent Ångström curves for inorganic carbon
(SO4), organic carbon and black carbon aerosols are pre-
sented in Fig. 1d. It is worth noting that a continual de-
cline is observed in the Ångström exponent curve for all the
species when the aerosol size distribution grows to 400 nm.
Subsequently, the Ångström curve remains stable with an in-
crease in the aerosol geometric mean radius. It is evident
that the Ångström data contain valuable aerosol size infor-
mation. Apart from the coarse-mode-dominated dust and sea
salt aerosols, inorganic carbon, black carbon and organic car-
bon aerosols are believed to be fine-mode-dominated and ex-
hibit a mean radius of less than 400 nm. Therefore, Ångström
is a key quantitative indicator of aerosol bin sizes.

In real situations, airborne aerosols are a mixture of several
species. The extinction coefficients of mixed aerosols equal
the sum of εext for all species. The Ångström exponent is
interpolated using the integrated εext at two different incident
bands, thus indicating the size distribution of mixed aerosols.

3 Measurements

Measurement data from three different sources are used in
this study. The Ångström exponent and AOD measurements
from MODIS Deep Blue products have been used in the
assimilation system that will be described in Sect. 5. The
corrections made to the model aerosol size information are
validated through a comparison with the AERONET optical
products, while the corrections made to the surface aerosol
mass concentration simulation are evaluated using indepen-
dent ground PM2.5 observations. The datasets and relevant
information are summarized in Table 3.

3.1 MODIS

In this study, Deep Blue aerosol products (Hsu et al., 2013;
Sayer et al., 2014) of the Moderate Resolution Imaging
Spectroradiometer (MODIS) C6.1 data suite have been used
in the aerosol assimilation system. Its Ångström exponent
A650−470 is assimilated to estimate the aerosol radius, while
its AOD data τ550 are assimilated to estimate the aerosol
mass concentration field. The assimilation of MODIS aerosol
properties is conducted in the original MODIS observational
space. Specifically, each of the MODIS measurements is
compared to the aerosol simulation at the grid cell that is
holding the MODIS pixel.

Snapshots of MODIS AOD and Ångström captured on
24 July (between 10:00–11:00 UTC) are presented in Fig. 2a
and b. Most MODIS AOD observations stay in the range
from 0.05 to 0.8. Ångström exponents exhibit less spatial
variability, and most values stay around 1.2 to 1.6. However,
there are still some low Ångström exponents, for instance,
the ones in the green-colored region in Fig. 2b, which have
been validated as inconsistent measurements in Sect. 3.2.

3.2 AERONET

The MODIS product is first evaluated through a comparison
with ground-based observations collected from the Aerosol
Robotic Network (AERONET). At the sites of this net-
work, the total number of AOD columns is measured using
ground sun photometers. AOD and Ångström measurements
at Cabauw and Leipzig have been used for validation. The
locations of these two AERONET sites are marked in Fig. 5.
Figures 3 and 4 show the time series of AERONET AOD
and Ångström observations at these two sites from the level
1.5 product (cloud-screened and quality controlled). MODIS
AODs and Ångströms at 500 nm are also shown as an aver-
age over the 0.1◦× 0.1◦ model grid cell in which the site is
located.

The time series reveal that the MODIS AOD and
Ångström observations match the spread in the AERONET
observations well. There are also some inconsistent MODIS
Ångström values that did not match the AERONET mea-
surements all the time. Specifically, we have several MODIS
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Figure 1. Aerosol extinction vs. mean geometric dry radius rg. (a) Extinction efficiency Qext; (b) total cross section per unit dry mass S;
(c) extinction coefficients εext; (d) Ångström exponent A. Note that λ represents the incident wavelength. Abbreviations: BC: black carbon;
SO4: sulfate aerosols; OC: organic carbon; RH: relative humidity.

Ångström measurements around 0 at the Leipzig site, as
shown in the green-colored region in Fig. 4b; meanwhile, the
nearby MODIS Ångström exponents and AERONET mea-
surements exhibit high levels. The 0 MODIS Ångström ex-
ponent at Leipzig on 24 July refers to the pixels in the green-
colored region (Fig. 2b). These local inconsistent Ångström
observations are supposed to occur due to the retrieval error,
which might prevent us from exploring fine-scale aerosol size
distributions in Sect. 5.1.2.

AERONET AOD and Ångström observations are calcu-
lated at wavelengths (pairs) different from those used to inter-
polate the MODIS Deep Blue aerosol product; the details are
presented in Table 3. They are the only aerosol optical prod-
ucts released for the two AERONET stations (Cabauw and

Leipzig) and the MODIS Deep Blue product for vegetated
lands. To accurately calculate the AOD and Ångström dif-
ference between simulations and observations, our LOTOS-
EUROS model simulated the AODs and Ångström exponents
at all these wavelengths (pairs).

3.3 Ground PM2.5 concentration

The focus of aerosol models and remote sensing data as-
similation is to achieve accurate estimation of the aerosol
state field, which would subsequently move forward an ac-
curate forecasting of aerosol mass concentrations. In this
study, hourly PM2.5 observations over 151 EU air quality
ground stations have been collected to validate the model
simulations on surface aerosol concentrations. The distribu-
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Figure 2. MODIS AOD, MODIS Ångström, control LOTOS-EUROS (LE) AOD550 and control Ångström650−470. Although LE AOD and
Ångström can be simulated anywhere, they are only projected into the MODIS space for making the comparison easier. Gray pixels indicate
observation vacancy.

tions of these ground stations are shown in Fig. 5. Although
other air quality monitoring stations were available during
our study, they only provide daily-averaged aerosol measure-
ments. They have large uncertainties for representing the in-
stant aerosol loading measured by the MODIS instruments,
and therefore they are not used here.

4 Model description

The satellite observations of AODs and derived
Ångström exponents will be assimilated with model
simulations to obtain the best possible representation of
aerosol concentrations. For the simulations a regional chem-
ical transport model (CTM) will be used, which is described
in Sect. 4.1. As reference for the assimilation experiments, a
standard simulation has been performed, which is described
in Sect. 4.2.

4.1 Model description and aerosol size distribution

The regional chemistry transport model (CTM) LOTOS-
EUROS will be used to simulate aerosol concentrations. This
simulation model has been used for a wide range of applica-
tions related to air quality simulations, forecasts and scenario
studies both inside and outside of Europe (Manders et al.,
2017).

For the current study, the LOTOS-EUROS model has been
configured over a domain from 35 to 70◦ N and 15◦W to
35◦ E (shown in Fig. 5), with a resolution of 0.25◦× 0.25◦

(about 15× 25 km at these latitudes). In the vertical a simple
mixing layer approach is used with only five layers in total:
a surface layer of 25 m, a mixing layer, two reservoir layers
and a top layer that reaches an altitude of 5 km. This rather
coarse configuration allows fast simulation of the main trace
gas and aerosol concentrations. Physical processes included
are emission, advection, diffusion, dry and wet deposition,
and sedimentation. Anthropogenic emissions of trace gases
and aerosols are taken from a TNO emission inventory (Kue-
nen et al., 2014). The partitioning of nitrate and ammonium
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Figure 3. AERONET, MODIS and LOTOS-EUROS prior AOD (a) and Ångström (b) at Cabauw (51◦58’ N, 04◦55’ E). Note that r defines
the radius for mapping the MODIS product into test sites. Observations from AERONET and the consistent LE simulations are marked in
blue; observations from MODIS and the comparable simulations are shown in red.

Figure 4. AERONET, MODIS and LOTOS-EUROS prior AOD (a) and Ångström (b) at Leipzig (51◦21’ N, 12◦26’ E). Note that r defines
the radius for mapping the MODIS product into the test site.
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Table 3. Measurements for assimilation and validation.

Measurement Descriptions

MODIS AOD Deep Blue overland product, λ= 550 nm
MODIS Ångström Deep Blue overland product, λ1 = 650 nm; λ2 = 470 nm
AERONET AOD Level 1.5, λ= 675 nm
AERONET Ångström Level 1.5, λ1 = 870 nm; λ2 = 440 nm
Ground PM2.5 Hourly

Figure 5. Model domain and locations of ground PM2.5 stations
and AERONET sites at Cabuaw and Leipzig.

between the gas and aerosol phase is described using ISOR-
ROPIA (Fountoukis and Nenes, 2007). Natural emissions of
dust and sea salt aerosols are calculated online given surface
characteristics and meteorology.

The gas-phase chemistry is based on a carbon-bond mech-
anism. Aerosol concentrations are represented by 21 differ-
ent species corresponding to particles with a specific chem-
ical composition within a certain size mode. A size mode
characterizes a distribution of aerosol radii following a log-
normal distribution, defined by its geometric mean and stan-
dard deviation. For most aerosol types two size modes are
defined to characterize a fine and a coarse model; for dust
and sea salt aerosols, two fine and three coarse modes are
used that allow more detailed modeling of emission and de-
position processes. The prior geometric mean and standard
deviation of the aerosol species are provided in Table 4. The
table also includes numbers for uncertainty and posterior es-
timates of the geometric mean, which are input and output of
the assimilation procedure.

A considerable amount of the literature on ground obser-
vations indicated that there is remarkable spatial and tempo-
ral variation in the aerosol size distribution, e.g., the geomet-
ric mean radius ranging from tens to hundreds of nanometers
(Costabile et al., 2009). It is insufficient to describe these
spatiotemporally varying characteristics using a fixed value
that is used in practice. Using a fixed value, the model AOD

and Ångström exponents are likely to be strongly biased,
as will be discussed in Sect. 4.2, and the AOD assimila-
tion result will be misleading, as is illustrated in Sect. 5.3.
Meanwhile, comparisons against other aerosol models, e.g.,
WRF-Chem (Palacios-Peña et al., 2020) and ECHAM-HAM
(Zhang et al., 2012a), indicated our aerosol size assumptions
differ from them to some extent (mainly overestimated).
Therefore, as a first step to improve the AOD simulations,
we assign the mismatch between the simulated and observed
Ångström exponents only to the errors in the assumption of
aerosol radii in our Ångström assimilation.

The standard deviations (SDs) are another key factor of
the aerosol size distribution. The same choice as used in this
study is present in several other aerosol models. For instance,
ECHAM-HAM (Zhang et al., 2012a) and EC-Earth3 (van
Noije et al., 2021) also use 1.59 and 2.0 for characterizing
the SDs of fine and coarse aerosol distributions, respectively.
Similar choices (1.6 and 2.0) were also used in GEOS-Chem
for describing their sulfate aerosols (Yu and Luo, 2009). The
SD of the size distribution is therefore assumed to be more
certain in this study.

Our hybrid AOD assimilation method that will be de-
scribed in Sect. 5 has been tested over Europe for the period
23 to 26 July 2012. This period was chosen because hardly
any clouded pixels were present in these 4 d, and therefore
many high-quality satellite observations are available.

4.2 Prior simulation

The aerosol concentrations during the evaluation period have
been simulated with the the LOTOS-EUROS model using
a standard configuration. This simulation will serve as the
prior simulation for the assimilation, also referred to as the
background or control simulation. For the aerosol size distri-
butions, the geometric mean radii from the prior column in
Table 4 are used.

Snapshots of the AOD and Ångström exponent simula-
tions for a single hour are shown in Fig. 2c and d. To al-
low better comparison with the corresponding MODIS ob-
servations, the model simulations are only shown where ob-
servations are available. Compared to the MODIS obser-
vations, the simulation shows a strong underestimation of
AOD. Most of the model-simulated AOD values are less
than 0.2, while observations reach values up to 0.8. Also the
simulated Ångström exponent strongly underestimates the

Atmos. Chem. Phys., 23, 1641–1660, 2023 https://doi.org/10.5194/acp-23-1641-2023



J. Jin et al.: How aerosol size matters in AOD assimilation and the optimization using the Ångström exponent 1651

Table 4. Geometric means and standard deviations used for aerosol radius size distributions in this study. The columns for (prior) uncertainty
and posterior geometric mean are used as input and obtained as output of the assimilation procedure.

Species Mode Geom. Geom. mean radius

SD Prior Uncertainty Posterior
[µm] [µm] [µm] [µm]

Inorganic (SO4, NO3, NH4) Fine 1.59 0.350 0.070 0.0904
Inorganic (SO4, NO3) Coarse 2.00 2.500 0.100 2.713
Black carbon Fine 1.59 0.350 0.070 0.1105
Black carbon Coarse 2.00 2.500 0.100 2.712
Organic. primary Fine 1.59 0.350 0.070 0.0708
Organic, primary Coarse 2.00 2.500 0.100 2.539
Dust, sea salt Fine 1 1.59 0.165
Dust, sea salt Fine 2 1.59 0.350
Dust, sea salt Coarse 1 2.00 1.500
Dust, sea salt Coarse 2 2.00 2.500
Dust, sea salt Coarse 3 2.00 4.000

MODIS observations. Almost all simulated Ångström expo-
nents are smaller than zero, while the observations are in a
range of 1.2 to 1.6.

Since AOD scales linearly with the aerosol concentra-
tions, the underestimation of the observed AOD suggests a
lack of aerosol in the model. There are many uncertainties
in the model that could explain an aerosol load that is too
low: absence of secondary organic aerosols, underestimation
of emissions, or deposition and sedimentation that are too
strong. However, the simulation of AOD from the concen-
trations is also uncertain, for example, because it relies on
the assumed size distributions. The underestimation of the
Ångström exponents by the model hints at this too: accord-
ing to the relationship between Ångström and radius shown
in Fig. 1d, this underestimation might be a result of assuming
aerosol sizes that are too large in the prior model. This study
will focus on the latter issue first when trying to improve
the simulations of AOD; when optimal size distributions are
found, the next step is to adjust the emissions in order to
change the aerosol load.

5 Ångström and AOD assimilation

The observations of AOD and the Ångström exponent have
been assimilated with the model simulations in order to ob-
tain improved aerosol concentrations fields. The assimilation
procedure is described first, followed by the results of the
assimilation experiments.

5.1 Assimilation setup

The data flow in the assimilation experiments is illustrated
in Fig. 6. Two different assimilation configurations are dis-
tinguished: standard AOD assimilation that takes only AOD
observations into account and the new hybrid AOD assimi-
lation that also includes Ångström exponent observations. In

both systems, the observations are used to obtain posterior
aerosol mass concentrations that should better represent the
actual concentrations. These could be used as initial condi-
tions for a forecast, a simulation with a standard model con-
figuration starting from the posterior concentrations; in this
study, no forecast experiments are performed however. The
assimilation of AOD observations is done in the same way
in both systems; however, in the hybrid system, the assumed
aerosol size distributions for the AOD simulations are ob-
tained through an extra Ångström analysis. To distinguish
the AOD assimilations from each other, the AOD assimila-
tion using the AOD operator based on prior aerosol size dis-
tribution is referred to as the AOD analysis, while the AOD
assimilation based on the posterior aerosol size distribution
from the Ångström analysis is referred to as the hybrid anal-
ysis.

Both the AOD and hybrid assimilation methodologies will
be applied to aerosol simulations over Europe from 23 to
26 July 2012. A single assimilation window of 4 d is used,
collecting all available observations during the period and
optimizing AOD or radii and AOD once. A systematic study
with longer model periods and more assimilation cycles
would help us to further understand temporal variation in the
aerosol radius; this will be a part of our future work.

5.1.1 AOD assimilation methodology

The assimilation of AOD observations is performed using a
3D variational approach (Kalnay, 2002). The goal of the as-
similation is to find posterior 3D aerosol concentrations X
that provide the best simulation of AOD compared to the
observations. In the variational approach, the optimal (ana-
lyzed) concentrationsXa are defined as an increment δXa on
the prior (or background) concentrations Xb:

Xa =Xb+ δXa. (6)
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Figure 6. Standard and hybrid AOD data assimilation systems.

For simplicity (and computational efficiency) it is assumed
that in the analyzed concentrations the ratios between differ-
ent aerosol concentrations remain the same as in the back-
ground and that the vertical profile of the concentrations re-
mains the same too. Under this assumptions it is sufficient
to find an optimal 2D AOD field first and compute from that
all 3D mass concentration increments. For this, first the AOD
should be simulated from the background concentrations:

τm
b =H(rb) Xb. (7)

Here, H is the AOD observation operator that depends on the
assumed aerosol size distribution parameters, which for the
standard assimilation are the background or prior size distri-
butions collected in rb. In practice, H represents the AOD
simulation from the mass concentration in the model, as well
as the observation selection operator. The latter is a matrix
filled with 0/1 used for selecting the model AOD into the
AOD observation space (white pixels excluded). To distin-
guish these two parts, we directly perform AOD assimilation
analysis at pixels where AOD measurements are available.
Hence, H purely represents the conversion of aerosol mass
concentration to AOD solely for this study.

The optimal (analyzed) AOD field τm
a is then defined as

an increment of the background values:

τm
a = τ

m
b + δτ

m
a . (8)

When the optimal AOD increment δτm
a is found, the optimal

concentration increment is calculated from

δXa(i,k,s)=X(i,k,s) ·
δτm

a (i)
τm

b (i)
, (9)

where i and k denote the spatial and vertical location in the
3D model fields, and s denotes the aerosol tracer.

The optimal AOD increment δτm
a is defined as the field

that minimizes the cost function:

J (δτm
a )=

1
2

(δτm
a )TB−1

τ (δτm
a )

+
1
2

(
τm

b + δτ
m
a − τ

)TR−1
τ

(
τm

b + δτ
m
a − τ

)
. (10)

The first part of the cost function defines a penalty on a per-
turbation from the background AOD. The background error
covariance Bτ defines the weight of the penalty; how this co-
variance is defined is described below. The second part of the
cost function defines a penalty on a deviation of the simulated
AOD from the observations τ ; the observation error covari-
ance Rτ defines the weight of the penalty on an observation-
minus-simulation mismatch.

The background and observation error covariance Bτ and
Rτ together define the optimal solution of the minimization
problem of Eq. (10) and are therefore the most important en-
tities of the data assimilation system (Kalnay, 2002). In the
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background covariance Bτ , the main diagonal defines the as-
sumed variance of the model AOD, while the offline elements
represent the correlations between two AOD values in differ-
ent grid cells. In this study the focus is on using the available
AOD observations to obtain insight in the validity of the as-
sumptions on the aerosol size distribution. Correlations be-
tween grid cells that would also influence the assimilation in
practice are therefore simply ignored, and all optimizations
are done per grid cell. The background covariance is there-
fore implemented as a diagonal matrix. We have used 30 %
to characterize the uncertainty of our background AOD sim-
ulation, with a minimum uncertainty of 0.2 to prevent the
posterior solution from becoming too close to the low-value
AOD prior simulation:

Bτ (i, i)=max(0.2, 0.3 τ b(i) )2. (11)

The observation representation error covariance Rτ defines
the errors in the observed AODs from instrument and re-
trieval uncertainties. These errors are assumed to be indepen-
dent from each other, and therefore Rτ is modeled as a diag-
onal matrix. The diagonal elements are directly taken from
the MODIS Deep Blue product.

5.1.2 Hybrid assimilation methodology

The hybrid assimilation is carried out by sequentially imple-
menting the Ångström analysis and the AOD analysis. The
Ångström assimilation focuses on estimating the aerosol size
distribution and is performed through minimizing the follow-
ing cost function:

J (ra)=
1
2

(ra− rb)T B−1
r (ra− rb)

+
1
2

(M (ra) Xb−A)TR−1
A (M (ra) Xb−A) . (12)

The first part defines the mismatch between the opti-
mal aerosol radius and the prior size assumptions, while
the second part quantifies the penalty from the MODIS
Ångström observations.

Vectors ra and rb denote the analyzed and prior aerosol
radii over the 21 aerosol bins in Table 4. The aerosol radii are
assumed to be spatially and temporally constant during the
short period used for the experiments. Spatially varying radii
would of course allow the assimilated Ångström exponent to
better fit the MODIS Ångström exponent. However, the lo-
cally inconsistent MODIS Ångström observations found dur-
ing comparison with AERONET observations in Sect. 3.2
would introduce strong local misadjustments in the case a
(large) spatial degree of freedom is allowed. Data quality
control for excluding these polluted data is required. Intro-
ducing spatial variations also requires information on spatial
correlations and will increase computational costs; hence,
this aspect has not been explored in this study. The radii of
the different aerosol species are also assumed to be indepen-
dent of each other. The background covariance matrix Br is

therefore diagonal, with elements set to the square of the un-
certainties listed in Table 4. The uncertainties are chosen em-
pirically and are capable of resolving the mismatch between
the observed and simulated Ångström exponents.

During the test period, our LOTOS-EUROS simulated
negligible dust levels. There were indeed some sea salt
aerosols, but most of them stay over the ocean areas. This
can be clearly seen in the snapshots of the column concen-
tration of total fine aerosol, dust and sea salt in Fig. S6.
However, our AOD assimilation was performed only in the
MODIS Deep Blue observational space, as has been illus-
trated in Sect. 5.1.1, which only provides measurements over
land areas. Therefore, both sea salt and dust aerosols have
limited effects on our assimilation, and they are assumed to
be certain and are not estimated in this study.

In the second part of the cost function Eq. (12), the op-
erator M (ra) represents the Ångström simulation from the
model state Xb, which depends on the aerosol size dis-
tribution ra. Covariance matrix RA defines the weight of
the penalty for a mismatch between the simulation and the
Ångström observation A. Similar to that for the AOD ob-
servation representation error, it is defined as a diagonal
matrix under the assumption that all Ångström measure-
ments are independent from each other. The diagonal ele-
ments are set to the square of 0.3, which is an empirical cho-
sen value obtained from a comparison between the MODIS
Ångström and AERONET Ångström measurements.

The aerosol radius ra that minimizes the cost function
Eq. (12) is obtained using a 4DvEnvar method (Liu et al.,
2008), and the detailed procedures can be found in the
Ångström analysis cost function minimization. An updated
model AOD simulation is then obtained via

τm
h =H(ra) X. (13)

Following the same procedure as for the standard AOD
assimilation, a new AOD analysis increment is obtained
through the minimization of a cost function similar to
Eq. (10):

J (δτm
h )=

1
2

(
δτm
h

)T B−1
τ

(
δτm
h

)
+

1
2

(
τm
h + δτ

m
h − τ

)TR−1
τ

(
τm
h + δτ

m
h − τ

)
. (14)

With the optimal increments of AOD simulation δτm ob-
tained through minimizing the above penal function (Eq. 14),
the increments of aerosol mass concentration X can be cal-
culated via

δXh(i,k,s)=X(i,k,s) ·
δτm
h (i)

τm
h (i)

. (15)

5.2 Ångström analysis results

The Ångström analysis is performed first following the pre-
viously described methodology. The posterior radii of the 21
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Figure 7. Posterior LOTOS-EUROS simulations of AOD (a) and Ångström exponent (b) on 24 July, 10:00 to 11:00 UTC after
Ångström analysis.

aerosol species are listed in Table 4. Compared to the prior
assumptions, the Ångström analysis estimates smaller radii
for the fine modes. The initial assumption of a geometric
mean radius of 350 nm is reduced to about 90 nm for the in-
organic aerosol in the fine mode, to 110 nm for black carbon,
and 71 nm for organic and primary aerosols. The sizes as-
sumed for the coarse mode are slightly increased from 2.5 µm
initially to 2.7 µm for inorganic and black carbon aerosols,
and they remain about the same for the organic and primary
aerosols.

Before validating our optimized LOTOS-EUROS AOD
operator, these posterior aerosol radii obtained through
Ångström analysis are first compared to some aerosol size
measurements. As shown in Table 5 there are several re-
cent ground observations of aerosol lognormal size distri-
bution over Europe. Compared to these observed radii, our
prior assumption (0.35 µm) generally overestimated the fine
aerosol size. The posterior geometric mean radii of the fine
aerosols listed in Table 4 fall into the scope of most fine
aerosol modes observed in Europe. However, as the docu-
mented aerosol size observations were collected in limited
locations and different time periods, they cannot fully repre-
sent the true aerosol radii or assumptions in the satellite re-
trieval algorithm in our simulation. Further evaluation will be
carried out using the AERONET optical measurements and
ground PM2.5 observations collected synchronously.

Figure 7 shows posterior simulations of AOD and the
Ångström exponent using the optimized radii from the
Ångström analysis. The simulated posterior Ångström ex-
ponents are now in the same range as the MODIS observa-
tions in Fig. 2b. Most of the values are in the range of 1.2 to
1.6, while the prior simulation produced negative values. The
simulated Ångström exponent field is rather smooth since no
spatial variation in the analysis was allowed. The AOD val-
ues simulated using the optimized radii (Fig. 7a) have in-

creased compared to the prior simulation (Fig. 2c). The sim-
ulated AOD is however still underestimating the MODIS ob-
servations (Fig. 2a).

Time series of the posterior AOD and Ångström expo-
nent simulations in the two AERONET sites of Cabauw and
Leipzig are included in Figs. 3 and 4, respectively. Com-
pared to the prior simulation, the posterior Ångström sim-
ulations are much closer to the independent AERONET ob-
servations. However, the temporal variability that is seen in
the AERONET observations (blue dots) is not reproduced by
the model. This could be explained by the use of aerosol radii
that are constant in time. A temporally varying aerosol size
is for the current application not feasible since it is based on
MODIS data which have only a limited number of overpasses
per day. The simulated AOD in the two sites is increased
when using the posterior radii, but still an underestimation
is present.

5.3 AOD analysis results

Two assimilations of MODIS AOD have been performed ei-
ther using the prior aerosol size distribution (AOD analy-
sis) or using the posterior aerosol radius determined from
the Ångström analysis (hybrid analysis). Figure 8a and b
show examples of the posterior AOD simulations. Although
the analyses are based on different prior AOD fields (see
Figs. 2c and 7a), the posterior AOD values are very simi-
lar since they are optimized to represent the same MODIS
AOD observations. However, the increments that were ap-
plied to the aerosol mass concentrations could be very differ-
ent. The lower panels of Fig. 8 show the increment in surface
PM2.5 for the same hour as the AOD simulations in the upper
panels. While in the AOD assimilation the increments range
from 12 to 24 µgm−3, the increments in the hybrid assimi-
lation are much lower and range from about 6 to 12 µgm−3.
This shows that the AOD operator (or in this study, the as-
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Table 5. Summary of published observed lognormal size distribution parameters over Europe.

Reference Observing location Time period Aerosol mode Geom. mean radius (µm)

Costabile et al. (2009) 8 sites in/around Leipzig city 2008–2009 Fine (accumulation) 0.045–0.125
Dall’Osto et al. (2019) 3 sites in European high Arctic 2013–2015 Fine (accumulation) 0.04–0.05
Wu and Boor (2021) 314 sites in Europe 1998–2017 Fine (accumulation) 0.1–0.3
Rose et al. (2021) 39 global sites Summer in 2016/2017 Fine (mode 2) 0.028–0.125
Leinonen et al. (2022) 21 sites in Europe and Arctic 1996–2018 Fine (accumulation) Mostly from 0.075 to 0.1

Figure 8. Posterior AOD simulations (a, b) and increments of surface PM2.5 concentrations (c, d) in either AOD assimilation (a, c) or hybrid
assimilation (b, d) on 24 July, 10:00 to 11:00 UTC.

sumed aerosol radii) strongly influences the aerosol mass
concentration estimation during assimilations of AOD.

To evaluate the effect of the AOD and hybrid assimilation
on aerosol concentrations, the posterior surface PM2.5 simu-
lations are compared to the ground PM2.5 observations. Fig-
ure 9 shows maps of surface PM2.5 measurements, as well
as simulations from the control run, the AOD assimilation
and the hybrid assimilation on 24 July (10:00–11:00 UTC).
The PM2.5 concentrations (Fig. 9a) are underestimated in the
control run (Fig. 9b) but strongly increased by the assimila-
tions (Fig. 9c and d). If only AOD is assimilated (Fig. 9c),
the surface PM2.5 concentrations actually exceed the obser-

vations. However, if aerosol radii are optimized first using
the Ångström analysis in the hybrid assimilation, the simu-
lated concentrations are in good agreement with the observa-
tions. This indicates that, although a standard AOD assimi-
lation might be able to improve the AOD fields, it does not
ensure the improvement on the aerosol mass concentration
due to uncertainties in the AOD operator. The hybrid assim-
ilation seems better able to relate AOD with aerosol masses
since it uses aerosol sizes that are in better agreement with
the retrieved Ångström exponent. It would be interesting to
see whether the estimated radii are also in better agreement
with the assumptions made in the aerosol retrieval algorithm.
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Figure 9. The surface PM2.5 measurements (a), the simulations from the control run (b), the AOD analysis posterior (c) and the hybrid
analysis posterior (d) on 24 July 2012 at 10:00–11:00 UTC.

Figure 10. RMSE of the control, AOD analysis posterior (assi) and hybrid analysis posterior surface PM2.5 level vs. the ground PM2.5
measurements.

To further evaluate the impact of the Ångström analysis on
PM2.5 concentrations, the root mean square error (RMSE)
between observations and simulations has been calculated
for each of the hours for which MODIS observations were
available in the 4 d window. The result is shown in Fig. 10,
which also shows the number of MODIS observations avail-
able for analysis at each moment. For the control simula-
tions the RMSE values are on average about 9 µgm−3. As-
similation of just the AOD observations actually increases

the RMSE at most times, with an average value around
10.8 µgm−3; this indicates that the relation between aerosol
mass and AOD is uncertain here. However, the hybrid assim-
ilation is able to decrease the RMSE for almost all occasions
to about 8.0 µgm−3.
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6 Conclusions

In this study, we investigated the role of aerosol size distri-
bution in calculating aerosol optical depth from aerosol mass
concentrations in a simulation model. The assumptions on
aerosol size distribution in the model should be in agreement
with the assumptions made by the algorithms that retrieve
AOD from remote sensing instruments. This is especially es-
sential when remote sensing products such as AOD are as-
similated in the model in order improve aerosol mass con-
centrations.

Aerosol extinction sensitivity tests based on an offline Mie
code have been performed to test the relation between the
aerosol size distribution and the extinction coefficients for
different aerosol species (e.g., organic and inorganic carbon,
black carbon, mineral dust, and sea salt aerosols) and for in-
cident wavelengths. The results illustrated the high depen-
dence of extinction coefficients on aerosol radii. However,
the results also show that the Ångström exponent that is com-
puted based on AOD at two different wavelengths is a suit-
able quantitative indicator of aerosol size. The Ångström ex-
ponents could therefore be used to improve the assumptions
on aerosol size made in the simulation model.

To bring the retrieval and model AOD calculations in bet-
ter agreement with each other using the Ångström expo-
nent, a hybrid assimilation methodology is proposed. Dif-
ferent from a standard AOD assimilation that directly as-
similates AOD observations and ignores the potential mis-
match of the particle radius distribution, the hybrid approach
first estimates optimal aerosol size parameters by assimilat-
ing Ångström exponent observations before performing the
AOD analysis. In both the AOD and hybrid assimilation, the
relative change in AOD obtained from the assimilation is
used to scale aerosol mass concentrations. The proposed hy-
brid assimilation has been evaluated by assimilating MODIS
Deep Blue AOD in a regional CTM over Europe during a 4 d
assimilation window, preceded by an assimilation of corre-
sponding Ångström exponents.

For the Ångström analysis that is part of the hybrid ap-
proach, validation with Ångström exponents retrieved from
remote sensing observations from ground-based stations
from the AERONET network showed strong improvement
in simulated Ångström exponents. Since neither spatial nor
temporal variation in aerosol radii was allowed in the exper-
iments, fine-scale spatial and temporal variations could not
be resolved yet. However, the first-order estimate of suit-
able aerosol radii is shown to be a useful improvement al-
ready and helps to avoid fine-scale inconsistencies in re-
trieved Ångström exponents having too strong an impact on
results. It is advised that data selection procedures are applied
on Ångström exponent observations before these are used in
an assimilation.

Assimilations of AOD have been performed without and
with a preceding analysis of Ångström exponents to opti-
mize assumed aerosol radii. Both assimilations provide sim-

ilar posterior AOD simulations since the same MODIS AOD
observations are used; however, the assimilations provide
different aerosol mass concentration. The posterior surface
aerosol mass concentrations have been validated through a
comparison with ground-based PM2.5 measurements. In our
4 d test, the average RMSE of the simulations in the con-
trol run is about 9.3 µgm−3; when assimilating only AOD
this actually increases to 10.8 µgm−3, which shows that a
better AOD simulation does not necessarily imply a bet-
ter aerosol mass representation. If in the hybrid assimilation
Ångström exponents are also assimilated, the average RMSE
decreases to 8.0 µgm−3.

The experiments show that for the assimilation of AOD
observations with the goal of improving aerosol mass con-
centrations it is essential to take AOD at more than one wave-
length into account, for example in the form of Ångström ex-
ponents. In this way it is possible to optimize the aerosol pa-
rameters that AOD simulations are sensitive to, such as the
aerosol size that was the focus of this study. Further optimiza-
tion of this and other parameters, including spatiotemporal
variability in the aerosol size distribution and mass ratio of
different aerosol species, will be the subject of future stud-
ies. A multiple-parameter optimization would benefit from
extra observations, e.g., aerosol absorption optical depth, in
addition to the currently used Ångström and AOD. With such
a multi-observation assimilation it will be more possible to
optimize aerosol mass concentrations including the different
aerosol composition.

Data availability. The PM2.5 measurements are from the Euro-
pean Environmental Agency air quality database and accessible
via https://www.eea.europa.eu/data-and-maps/data/aqereporting-8
(last access: 18 December 2019 European Environmental Agency,
2019). The ground-based AERONET aerosol products are from
the Aerosol Robotic Network and are available at https://aeronet.
gsfc.nasa.gov/ (last access: 18 December 2019 NASA and PHO-
TONS, 2019). The MODIS Deep Blue C6 data suites are available
at https://ladsweb.modaps.eosdis.nasa.gov/ (last access: 18 Decem-
ber 2019 NASA, 2019). The datasets including measurements and
model simulations can be accessed from the websites listed or by
contacting the corresponding author.
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