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Abstract Retrieving the fine‐mode fraction (FMF) of aerosol optical depth from satellite data is crucial for
understanding the impact of natural versus anthropogenic aerosols on climate and air quality. However, few
high‐quality global FMF products from MODIS exist. To address this gap, this study derives a new formulation
of FMF as a function of the Ångström exponent (AE) based on over 20 years of AERONET measurements. Our
results reveal a consistent FMF‐AE relationship across continental regions, supporting the feasibility of globally
estimating FMF through a simple empirical function based on AE. Validation with independent NOAA GML
data sets shows predicted FMF errors mostly within 0.1. Finally, applying this parameterization to MODIS
Aqua and Terra data significantly improved satellite‐derived FMF agreement with AERONET compared to
previous derivations. This parameterization provides a simple, valuable tool for accurately deriving FMF over
land from MODIS and understanding its impact on climate and air quality.

Plain Language Summary Aerosols are liquid and solid particles suspended in the atmosphere, with
sizes ranging from a few nanometers to tens of micrometers. These particles, produced by natural sources or
human activities, play a significant role in air quality and climate. Estimating aerosol size distributions is
important for understanding their climate and environmental impacts. However this remains challenging on
regional and global scales due to the difficulties in retrieving this information from satellite observations. To
address this, we created a parameterization that predicts the fraction of fine particles based on the measured
spectral variation of light extinction by aerosols, known as the Ångström exponent (AE). By analyzing 20 years
of ground‐based sunphotometer data, we found a reliable pattern between AE and fine particle fraction. We then
tested this method with in situ nephelometer data, and confirmed its accuracy. Finally, we applied our formula to
satellite data, achieving better agreement with ground‐based observations compared to previous
parameterization efforts. Our formula can help scientists understand air pollution and its climate effects more
accurately using satellite and ground‐based data independently of location.

1. Introduction
Aerosols, solid or liquid particles suspended in the atmosphere, play a critical role in shaping the Earth's weather,
air quality, and climate, yet remain one of the most uncertain aspects of climate science (Intergovernmental Panel
on Climate Change, 2023). Based on their size, aerosols can be broadly classified into two categories: fine‐mode
and coarse‐mode aerosols. Fine‐mode aerosols, such as sulfate and carbonaceous aerosols, are typically smaller
than 1 μm in diameter and are heavily influenced by anthropogenic emissions; in contrast, coarse‐mode aerosols,
such as mineral dust and sea salt aerosols, are typically larger than 1 μm and mechanically generated from natural
sources (Ali et al., 2020; Ginoux et al., 2012; Yan, Zang, Zhao, & Husi, 2021).

Understanding the characteristics and distribution of fine‐ and coarse‐mode aerosols is essential for distinguishing
anthropogenic from natural aerosols and assessing their impacts on the Earth's climate systems. Aerosol optical
depth (AOD), a widely used observable variable from ground‐based and satellite observations, quantifies aerosol
abundance and radiative influence by measuring the total extinction of light by aerosols along a vertical column of
the atmosphere. A key parameter for separating fine‐ and coarse‐mode contributions is the fine‐mode fraction
(FMF), which represents the proportion of fine particles in the total AOD. However, FMF derived from satellite‐
based AOD measurements is often unreliable, particularly over land, due to complexities in retrieval algorithms
(Levy et al., 2013; Yan, Zang, Liang, et al., 2021). Similarly, satellite‐derived aerosol optical properties, such as
Ångström exponent retrievals, tend to be more accurate over oceans than over land, as the lower surface
reflectance over water reduces uncertainties in the measured satellite signal (Levy et al., 2013). In comparison,
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FMF derived from ground‐based remote sensing data, such as the AErosol RObotic NETwork (AERONET) sun
photometers that measure direct solar radiation and sky radiance (Holben et al., 1998, 2001), or in situ instruments
(e.g., nephelometers, particle counters, and spectrophotometers) from the National Oceanic and Atmospheric
Administration's Global Monitoring Laboratory (NOAA‐GML), which directly measure aerosol size distributions
and properties (Andrews et al., 2011, 2019), is more reliable. However, these ground‐based observations are
geographically limited and do not provide global coverage, making them insufficient for retrieving global aerosol
size distributions.

The Ångström exponent (AE), which is the slope of the logarithm of AOD versus the logarithm of spectral light
wavelength, is commonly used to characterize the wavelength dependence of AOD and to provide information on
the aerosol size distribution (Eck et al., 1999). Taking advantage of the dependency of AE on aerosol size dis-
tribution, several studies have derived FMF from AE (Anderson et al., 2005; Eck et al., 2010; Koo et al., 2021;
Pérez‐Ramírez et al., 2015; Yan, Zang, Liang, et al., 2021; Yan, Zang, Zhao, & Husi, 2021). For example, using
AERONET sunphotometer data during the ACE‐Asia experiment, Anderson et al. (2005) showed that the sub-
micron fraction (SMF) can be parameterized by a quadratic function of AE. This parameterization was later
employed as an approximation of FMF and applied to MODIS satellite data by Pu and Ginoux (2016). Taking the
co‐function of FMF, the coarse fraction of AOD (i.e., COD) was derived (Pu & Ginoux, 2018) and was sub-
sequently used in a series of dust studies on emission parameterization (Pu et al., 2020), prediction (Pu
et al., 2019), assimilation for dust forecasting model (Di Tomaso et al., 2021), dust sources detection (Yu &
Ginoux, 2022), field campaign (González‐Romero et al., 2024), and satellite target mask (Green & Thomp-
son, 2020), among others. Similarly, Pérez‐Ramírez et al. (2015) reported a linear relationship between FMF and
AE using AERONET data from five measurement sites. However, despite these efforts, existing parameteriza-
tions are often limited by the small number of observations and different functional forms across studies, raising
concerns about their applicability to global satellite data (Anderson et al., 2005; Koo et al., 2021; Pérez‐Ramírez
et al., 2015). Complicating this further, AE are commonly observed to decrease as fine‐mode aerosols grow,
sometimes leading to negative correlations of FMF‐AE at high FMF values (Eck et al., 2010, 2012). Such
irregular patterns, possibly caused by aerosol aging or hygroscopic growth under humid conditions (Knight
et al., 2024; Konovalov et al., 2021; Li & Bourg, 2019, 2024), are not captured in existing parameterizations.
Therefore, it is crucial to employ more comprehensive data sets on regional and global scales to assess the
presence of FMF‐AE relationships and, if present, to establish reliable parameterizations.

To address the aforementioned knowledge gaps, we compiled 20 years of AERONET sunphotometer data across
the globe to analyze patterns and generality of the relationship between FMF and AE over land. Based on these
observations, we developed a parameterization of this relationship at both global and regional scales. The
parameterization was then validated using independent data sets from in situ measurements from the NOAA‐
GML Federated Aerosol Network to ensure its robustness. Finally, we applied our parameterization to
20 years of satellite data from the Moderate Resolution Imaging Spectroradiometer Deep Blue (MODIS‐DB) to
extract fine‐mode and coarse‐mode aerosol information. Our parameterization demonstrates strong performance
in capturing FMF and coarse‐mode aerosol properties, outperforming other recent efforts due to its better ac-
curacy, simple functional form and ease of application. This approach offers a valuable tool for enhancing global‐
scale analyses of dust and other aerosols, providing improved insights into aerosol distribution and behavior.

2. Data and Method
2.1. Data Set Description

This study employed three primary aerosol optical property data sets: (a) ground‐based remote sensing data from
AERONET, (b) surface in situ aerosol optical properties collected from field sites globally through NOAA GML
Federated Aerosol Network of nephelometer, and (c) satellite observations from NASA's MODIS‐DB aerosol
products.

Specifically, the parameterizations developed in this study were based on 20 years of AERONET Version 3 direct
sunphotometer measurements (Giles et al., 2019; Holben et al., 1998; Sinyuk et al., 2020). We used the aerosol
optical properties for the total, fine and coarse mode aerosols using the spectral deconvolution algorithm (SDA)
products (Level 1.5) at 500 nm wavelength (O'neill et al., 2003). We selected data points to ensure proper
collocation with MODIS‐DB Collection 6.1 data (N.Hsu et al., 2013; A. M. Sayer et al., 2019) collected from the
Terra satellite (MOD) and the Aqua satellite (MYD), following the procedure outlined by Pu et al. (2020). Briefly,
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AERONET data were averaged within a 1‐hr window (±30 min) around the satellite overpass and within 10 km of
AERONET site. These AERONET data sets formed the basis for the parameterization process and were sub-
sequently used for comparison with MODIS data centered at the AERONET site. The number of collocated
AERONET data points used in the parameterization and comparison processes was 342,575 for MOD and
324,649 for MYD. For simplicity, the terms “MYD data set” and “MOD data set” will henceforth refer to the
AERONET data collocated with the MYD and MOD satellites, respectively. The geographical distribution of the
MOD (for the period of 2000–2022) and MYD (for the period of 2003–2022) data sets are presented in Figure 1
and Figure S1 in Supporting Information S1.

To assess our formulation with independent measurements, we tested it against data from 8 sites included in the
network of nephelometer instruments operated by NOAA‐GML spanning 12 years for the period of 1996–2007
(Andrews et al., 2011). Aerosol light scattering and absorption coefficient were measured at 3 wavelengths (450,
550, and 700 nm) and for two particle size cuts. One for fine particles with aerodynamic diameter less than 1 μm,
and the other for particles less than 10 μm. These instruments were operated under dry conditions, with RH‐
induced variations minimized by maintaining a low sample stream RH of 10%–40%, achieved through modest
heating of 0–10°C (Anderson & Ogren, 1998). The selected parameters for validation were aerosol extinction at
550 nm and the AE calculated from the 450/550 nm wavelength pair, as both are closer to 500 nm, making them
more comparable to the optical properties reported by AERONET at 500 nm. The sites included Bondville (BND,
40.05°N,88.37°W), Heselbach (FKB, 48.54°N,8.40°E), Mauna Loa (MLO, 19.54°N,155.58°W), Niamey
(NIM, 13.48°N,2.18°E), Pt. Reyes (PYE, 38.09°N, − 122.96°W), Southern Great Plains (SGP,
36.61°N,97.49°W), Trinidad Head (THD, 41.05°N,124.15°W), and Sable Island (WSA, 43.93°N,60.01°W)
(Andrews et al., 2011, 2019; Schmeisser et al., 2017).

Finally, our parameterization was applied to aerosol products retrieved daily from two polar‐orbiting MODIS
satellite instruments. These products include spectral AOD based on the Deep Blue algorithm (N. C. Hsu
et al., 2006). Specifically, we used spectral AOD at 550 nm and the AE at 412/470 nm or 470/650 nm, depending
on the AOD and the underlying surface, from Collection 6.1 Level 2 data (Levy et al., 2013; A. M. Sayer
et al., 2019). The Level 2 data consist of geolocated granules of 10 × 10 pixels, each with a 1 km resolution at
nadir. Only quality‐assured (QA = 1) data were selected for analysis. Fine‐ and coarse‐mode optical depths over
land were derived at a 10 km resolution. The analysis was conducted for the Terra (2000–2022) and Aqua (2003–
2022) satellites. The evaluation of our parameterization was performed by comparing collocatedMODIS‐DB data
with AERONET observations.

We note that AE can vary significantly depending on the wavelength range over which it is computed and,
consequently, its sensitivity to aerosol size may also change with wavelength (Eck et al., 1999; Reid et al., 1999).
Therefore, the choice of the wavelength band for the FMF‐AE relationship should be carefully considered. As

Figure 1. Geographical distribution of AERONET sites and co‐located data of AERONET with MODIS‐DB QA = 1 for
Terra (MOD) from 2000 to 2022. The center and size of the colored circles represent the locations and the number of
collocated data at each AERONET station. The colors correspond to different continental regions defined in Section 2.2. The
total number of data points in each region is indicated in the legend.
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discussed above, this study primarily focuses on the FMF‐AE relationship around 500 nm, as the parameterization
is based on AE and FMF at 500 nm from AERONET SDA retrievals.

2.2. Study Regions

To examine the FMF‐AE relationship across different geographical areas, we divided the globe into 10 conti-
nental regions as follows: (a) North America (125°W, 70°W, 13°N, 55°N); (b) South America (82°W, 34°W,
56°S, 13°N); (c) South Europe (10°W, 35°E, 37°N, 46°N); (d) North Africa (20°W, 35°E, 5°N, 37°N); (e) South
Africa (5°E, 50°E, 35°S, 5°N); (f) West Asia (35°E, 60°E, 5°N, 55°N); (g) South Asia (60°E, 90°E, 5°N, 30°N);
(h) East Asia (60°E, 150°E, 30°N, 55°N); (i) South‐East Asia (90°E, 150°E, 10°S, 30°N); and (j) Australia
(110°E, 155°E, 45°S, 10°S). These regions are depicted with different bounding boxes in Figure 1.

2.3. Parameterization Procedures

By definition, at a given wavelength λ, the AE (denoted as α) is defined as

α = −
d ln τa
d ln λ

(1)

where τa is the total AOD. If we assume the presence of two aerosol modes, then

τa = τc + τ f (2)

where τc and τ f are the coarse‐mode and fine‐mode optical depths, respectively. By combining Equations 1 and 2,
it is mathematically rigorous to show that (see Text S1 in Supporting Information S1 for derivation)

α = ηα f + (1 − η)αc (3)

where η = τ f /τa is the FMF of aerosol optical depth, and α f and αc are the fine‐mode and coarse‐mode AE,
respectively.

The objective of this study is to develop an empirical parameterization, which separates the contribution of fine‐
mode and coarse‐mode aerosols to the AOD. In other words, we aim to derive an empirical equation for η as a
function of α, that is, η = f (α), where f is the function to be determined. As shown in Figure 2a for the AER-
ONET MOD data set (see Figure S2 in Supporting Information S1 for MYD data set), a consistent trend between
AERONET‐derived FMF and AE is observed across all 10 studied continental regions. This global consistency
strongly suggests that it is feasible to estimate the contribution of coarse‐mode and fine‐mode aerosols based on α
using a single, simple empirical function applicable on a global scale.

As derived from Equation 3, two constraints are necessary for the FMF‐AE parameterization to be effective: (a)
when η = 1, α = α f , and (b) when η = 0, α = αc. In our analysis of AERONET data at a wavelength of
500 nm, we find that αc values are consistent across the 10 regions for both the MOD and MYD data sets, with
small variations ranging from − 0.150 to − 0.153 across different continental regions, and a global mean of
− 0.15 ± 0.01 (see Figure S3 and Table S1 in Supporting Information S1 for details). In contrast, α f exhibits
significantly greater variability across regions and between the two data sets, likely due to differences in aerosol
types, aerosol aging, and hygroscopic growth. For MOD, α f ranges from 1.40 to 1.80 across 10 continental
regions, with a global mean of 1.50 ± 0.34, while for MYD, α f varies from 1.40 to 1.87 across 10 continental
regions, with a global mean of 1.52 ± 0.34 (see Figure S4 and Table S2 in Supporting Information S1 for details).
We note that these AE values represent regional mean values from the AERONET SDA products at 500 nm.
However, individual AE values can fall outside this range. For example, previous studies have reported that aged
smoke transported from California has resulted in low AE values in fine‐mode aerosols, as low as 0.67 (Eck
et al., 2023). Our analysis shows that the αc value of − 0.15 and the α f value of approximately 1.5 are consistent
with previous studies (Eck et al., 2010; O’Neill et al., 2001). To account for the fluctuations of αc and α f , in
developing our empirical parameterization for different regions, we applied the following constraints: when
η = 0 or η = 1, α must fall within one standard deviation of the regional mean of αc and α f , respectively.
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Regarding the choice of functional form, we tested several options—including linear, second‐ and third‐order
polynomials, sigmoid, exponential functions—based on trends observed in the data. As will be presented in
the Results and Discussion section, the third‐order and second‐order polynomial provided the best fit. We note
that while aerosols are commonly grouped into two modes, a middle mode has also been observed under certain
conditions, such as cloud‐processed aerosols (Eck et al., 2012) and dust aerosols influenced by atmospheric
processing (Gianelli et al., 2013). The presence of three aerosol modes may introduce inherent uncertainties in
current parameterizations that assume only two aerosol modes.

2.4. Comparison of AERONET and MODIS Deep Blue Data

To compare MODIS‐DB AOD data at a 550 nm wavelength with AERONET AOD data measured at 500 nm, it is
necessary to convert the AERONET AOD values to 550 nm. This conversion is performed using the following
equation:

Figure 2. (a) AE versus FMF across different regions for the AERONET MOD data set from SDA retrieval at 500 nm wavelength. The gray dots represent individual
AERONET data points, while the dashed black lines indicate the binned average of AERONET data, with bins grouped by FMF in increments of 0.05. The shaded
colored areas and corresponding solid lines in the center represent the 95% confidence interval (CI) and the best‐fit function for AE = g(FMF). The blue dotted line
represents the best‐fit function where FMF is expressed as a function of AE, that is, FMF = f (AE). (b) FMF versus AE at the global scale for the MOD data set. Gray dots
represent individual AERONET data points. The black dashed line indicates the binned average, with data binned by FMF in increments of 0.05, and the shaded gray area
represents the range of the binned average ±1 standard deviation. The orange solid line depicts the global relationship FMF = f (AE), with the shaded orange area showing
the variability of regional f . Similarly, the green solid line represents the global relationship AE = g(FMF), with the shaded green area indicating the variability of regional
g. The blue solid line corresponds to the prediction by Anderson et al. (2005). (c) FMF versus AE at the global scale for the MYD data set, with symbols and shading
meaning the same as in (b).
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AOD550 = AOD500 × (
550
500

)

− α

(4)

where α is the AE derived from AERONET data at 500 nm wavelength. Applying this conversion ensures
consistency between the accurate comparison of AOD, fine‐mode optical depth (FOD) and coarse‐mode optical
depth (COD) values at 550 nm between MODIS and AERONET data as in Section 3.3. We acknowledge that a
second‐order fit of AOD versus wavelength in logarithmic coordinates can provide a more accurate interpolation
(Eck et al., 1999; A. M. Sayer et al., 2019). However, for consistency with previous AERONET versus MODIS‐
DB validation studies and computational efficiency, we use a first‐order extrapolation, as the uncertainty
introduced by the differences in interpolation/extrapolation schemes is minimal compared to the overall data
variability in different continental regions.

3. Results
3.1. Relationship Between AE and FMF From AERONET Data Set

The black‐dashed lines in Figure 2a and Figure S2 in Supporting Information S1 show the center line of the
AERONET data, binned and averaged with FMF, with a bin size of 0.05. From these center lines, a consistent
pattern is evident in the relationship between AE and FMF across all continental regions in both the AERONET
MYD andMOD data sets. Specifically, when FMF< 0.7, FMF increases monotonically with AE. However, when
FMF exceeds approximately 0.7 and AE falls within the range of 1.0–1.5, a reversal in AE values is observed.
This negative correlation, where AE decreases as FMF increases at high FMF, has also been noted in previous
studies and is likely attributed to factors such as aerosol aging or hygroscopic growth (Eck et al., 2010, 2012).

The reversal of AE with increasing FMF suggests that expressing AE as a function of FMF, that is,
AE = g(FMF), may provide a better strategy for characterizing the data than FMF = f (AE). Notably, an AE
value greater than 1.0 can correspond to multiple FMF values, whereas the inverse relationship does not exhibit
this ambiguity. Therefore, we modeled AE = g(FMF) using a third‐order polynomial fit across different regions,
given by α = p + qη + rη2 + sη3, where p, q, r, and s are fitting parameters to be determined according to the
constraints discussed in Section 2.3. The best‐fit function g for MOD data set in each continental region is shown
by the solid colored lines in the subplots of Figure 2a (see Figure S2 in Supporting Information S1 for results of
MYD data set), with the shaded regions representing the 95% confidence interval (CI) for the fit. Our results
indicate that the fit for g is highly accurate, with the fitted curve nearly overlapping with the binned average center
line of the data, effectively capturing the central behavior of the data. The fitted parameters p, q, r, and s for
different regions are listed in Table S3 in Supporting Information S1. At the global scale, the function g is shown
by the solid green lines in Figures 2b and 2c and can be represented as:

α = g(η) =
⎧⎨

⎩

− 3.205 η3 + 2.706 η2 + 1.913 η − 0.151, for MOD

− 3.310 η3 + 2.836 η2 + 1.905 η − 0.151, for MYD
(5)

However, for practical applications, modeling FMF = f (AE) is preferred over AE = g(FMF), as AE is a
directly measurable property, whereas FMF is typically a derived or predicted variable. To address this
requirement, and based on observations that AE inversion occurs when FMF> 0.7, along with the uncertainties of
FMF> 0.7 being too large to provide meaningful information about the dependence of AE on FMF, we restricted
the data set to include only data points where FMF< 0.7 for constructing the relationship FMF = f (AE).
Regarding this truncation, we emphasize that the primary motivation and application of this study is to determine
dust COD. Thus, restricting the analysis to FMF< 0.7 is justified, as this approach more effectively isolates the
coarse‐mode dust component. After applying this data filter, we determined that a quadratic function out-
performed both exponential and third‐order polynomial functions in capturing the relationship between AE and
FMF. The function f is defined as η = a + bα + cα2, with the constraints outlined in Section 2.3. The best‐fit
results for different regions are shown as dotted blue lines in Figure 2a for MOD data set (see Figure S2 in
Supporting Information S1 for MYD data set). The dotted blue line effectively represents the relationship between
AE and FMF, aligning closely with g (i.e., AE = g(FMF)) for AE values below 1.0 across all regions, although

Geophysical Research Letters 10.1029/2024GL114397

LI AND GINOUX 6 of 12



large and significant deviations are observed at higher FMF values. Overall, most of the predictions from f remain
within the 95% CI of g, demonstrating its robustness and reliability.

The fitted parameters a, b, and c for different regions are listed in Table S4 in Supporting Information S1. At the
global scale, the function f (α) is represented by the solid orange lines in Figures 2b and 2c for MOD and MYD
respectively and is expressed as:

η = f (α) =
⎧⎨

⎩

0.087 α2 + 0.338 α + 0.051, for MOD

0.082 α2 + 0.333 α + 0.052, for MYD
(6)

For the convenience of discussion, we refer to f (α) for MOD andMYD as fmod and fmyd, respectively, hereafter. As
shown in Figure 3a, the difference between the predictions of fmod and fmyd is minimal and can be considered
negligible. Therefore, we averaged fmod and fmyd to obtain fmean, which serves as the standardized parameterization:

η = fmean(α) = 0.085 α2 + 0.336 α + 0.051 (7)

Again, we note that the parameterization from Equations 6 and 7 is fitted only to the FMF< 0.7 data. Since the
primary purpose of this study is to better identify coarse‐mode aerosols, such as dust, this justification and
application are well‐founded for this purpose.

3.2. Validation of Parameterization With NOAA‐GML Data

The gray dots in Figure 3a depict the relationship between SMF and AE derived from the NOAA‐GML data set
across eight measurement sites, with filtration of the scattering coefficient larger than 5 Mm− 1 for valid values
(Andrews et al., 2019; Schmeisser et al., 2017). It is notable that systematic differences exist between SMF and
FMF depending on the truncation schemes employed (Anderson et al., 2005; O’Neill et al., 2023). However, for
the purposes of this analysis, we temporarily neglect these differences to focus on comparing the trend of the
FMF‐AE relationship predicted by our parameterization, which is based on AERONET FMF, with the SMF‐AE
relationship observed in the NOAA‐GML data set. Unlike the AERONET data, the NOAA‐GML data set does
not exhibit a distinct reversal of AE to lower values as SMF approaches 1. This discrepancy may be attributed to
dry and ambient humidity conditions for NOAA‐GML nephelometer and AERONET sunphotometer, respec-
tively (Andrews et al., 2019; Holben et al., 1998).

Figure 3. (a) FMF versus AE. The gray dots represent data from the NOAA‐GML data set across eight measurement sites.
The black dotted line indicates the binned average, with data binned by AE in increments of 0.1. The orange and green solid
lines illustrate the predicted relationships by f for MOD ( fmod) and MYD ( fmyd) , respectively. The blue dashed lines
represent the predicted relationships from Anderson et al. (2005). (b) Box plot showing the difference between predicted FMF
and actual FMF (Diff FMF) across different AE bins for NOAA‐GML data set. The blue, orange and green labels correspond to
the results from Anderson, fmod, and fmyd, respectively.

Geophysical Research Letters 10.1029/2024GL114397

LI AND GINOUX 7 of 12



Despite these significant differences between the AERONET and NOAA‐GML data sets, our parameterization
based on AERONET data successfully captures the relationship between AE and SMF in the NOAA‐GML data
set, particularly when AE< 1.6. The functions f for MOD ( fmod) andMYD ( fmyd) yield comparable or even lower
root mean square errors (RMSE) than the predictions from Anderson et al. (2005), which is a parameterization for
SMF and AE, as shown in the box plot of the difference in FMF in Figure 3b. However, due to the inherent
differences in the data sets, when AE > 1.6, fmod and fmyd tend to overestimate NOAA‐GML SMF by approxi-
mately 0.1. For comparison, Anderson's parameterization tends to underestimate FMF by approximately ∼0.06.
This analysis demonstrates the applicability of our parameterization, particularly when AE values are low.
Specifically, when AE < 1.6, our predictions slightly outperform those of Anderson et al. (2005).

We note that there are inherent differences between the NOAA‐GML data set, which represents surface‐based
nephelometer measurements under dry aerosol conditions, and the AERONET data set, which represents total
column retrievals under ambient conditions. The eight NOAA sites with nephelometers generally exhibit low
fine‐mode AOD levels. Additionally, since these measurements are taken under dried (rather than ambient)
aerosol conditions, fine‐mode aerosols at lower concentrations (lower AODs) experience reduced coagulation
and condensation rates. As a result, these aerosols tend to be smaller, less aged, and/or less humidified compared
to the ambient aerosol observed in AERONET data. However, we include this comparison to provide an inde-
pendent evaluation of the parameterization. Notably, despite these differences, the FMF‐AE parameterization
derived from AERONET exhibits reasonable agreement with the NOAA nephelometer data set, suggesting that
the relationship remains applicable to surface‐based observations under dry conditions. This consistency indicates
that the parameterization captures fundamental aerosol optical properties that are not entirely dependent on
measurement conditions, reinforcing its robustness.

Finally, we note that the determination of the coefficients a, b, and c in the function f in Equation 6 is sensitive to
the constraints applied on αc and α f . Currently, we present the results of f with a 1 standard deviation constraint
on αc and α f . When a 2 standard deviation constraint is allowed for αc and α f , the fitting results align better with
the GML data at higher AE values (see Figure S5 in Supporting Information S1 for details). However, this 2
standard deviation constraint does not improve MODIS satellite retrievals, as the AE values for MODIS satellites
are typically constrained to be less than 1.8. There is a systematic mismatch between the AE values for GML,
AERONET, and the satellite data. Given these uncertainties, we choose the current f functions (i.e., Equation 6)
for satellite data analysis, and we emphasize the need for more accurate satellite data AE measurements.

3.3. Partitioning Fine and Coarse Modes From MODIS Data

Figure 4 presents the comparison between MODIS‐DB QA = 1 and AERONET data for the MOD data set with
AOD > 0.05 to minimize the impact of retrieval uncertainties (see Figure S6 in Supporting Information S1 for the
MYD data set) (Levy et al., 2013; A. M. Sayer et al., 2013). Figure 4a shows the comparison between MODIS
AOD and AERONET AOD, demonstrating good agreement with a correlation of 0.86 and a mean bias of 0.15.
Similarly, the comparison between MODIS‐derived FOD based on fmod and AERONET FOD also shows strong
agreement, with a correlation of 0.82 and a mean bias of 0.15.

To evaluate the parameterization from this study in comparison to previous parameterizations, Figures 4c and 4d
present box plots of the differences between predictions and actual values for FOD and COD. These are based on
Anderson's parameterization, the fmod and fmean parameterization developed in this study, as a function of
AERONET FOD. In general, the fmod and fmean parameterization predicts both FOD and COD more accurately
than Anderson's parameterization, with smaller deviations from AERONET data for both variables.

However, it is important to recognize the inherent limitations and systematic differences between the AERONET
and MODIS data sets due to their retrieval algorithms. As expected from the information content of sensors and
algorithms (Levy et al., 2010; A. M. Sayer et al., 2012, 2013; Wagner & Silva, 2008), significant scatter is
observed in MODIS‐DB when compared to AERONET with respect to the AE. Further complicating the com-
parison, the MODIS‐DB algorithm introduces constraints to manage retrieval limitations and avoid unphysical
values. Specifically, Deep Blue limits AE to 0≤AE≤1.8, fixes AE at 1.5 over vegetated surfaces under low‐AOD
conditions, and restricts AE to ≤1 over bright surfaces (N. Hsu et al., 2013). These constraints can result in
artifacts, particularly under low‐AOD conditions, further complicating the retrieval of aerosol‐related quantities
beyond AOD. As emphasized by previous work (Hasekamp & Landgraf, 2007; Kokhanovsky et al., 2010),

Geophysical Research Letters 10.1029/2024GL114397

LI AND GINOUX 8 of 12



reliable inference of aerosol parameters like AE over land requires multiangular or polarimetric measurements,
particularly in low‐AOD conditions. These systematic differences between AERONET and MODIS data sets
underscore the importance of carefully considering retrieval algorithms when analyzing aerosol properties.

Despite these limitations, our parameterization significantly improves COD predictions compared to Anderson's
parameterization. Notably, for COD predictions, Anderson's formula systematically overestimates COD, espe-
cially in high‐FOD regions, with overestimations exceeding 0.5. In contrast, our new formulation significantly
reduces this positive bias, limiting it to approximately 0.1. This finding indicates that previous studies applying
Anderson's parameterization to partition FOD and COD may overestimate COD in polluted regions by
approximately 20%, highlighting the need to revisit these estimates using our new parameterization (Pu
et al., 2022; Pu & Ginoux, 2016; Yu & Ginoux, 2022).

4. Conclusion and Discussion
Previous studies partitioning the satellite AOD between fine and coarse modes have often applied the parame-
terization proposed by Anderson et al. (2005) based on AERONET sunphotometers data. Since then, the volume
of AERONET data has considerably increased, as well as the quality of the data with the recently released version
3. It was therefore tempting to revisit their formulation, and eventually provide a better fit with AERONET and
independent data sets.

We reformulate the dependency of FMF and AE using 20 years of AERONET SDA data, both globally and
regionally, to investigate the relationship between FMF and AE at different scales over land. Our results reveal a
consistent trend between FMF and AE at both global and regional scales, supporting the feasibility of developing
a reliable parameterization. This parameterization was further validated against the NOAA‐GML data set,
showing good agreement with observed results.

When applied to MODIS data, our new parameterization demonstrates high accuracy in capturing FOD and COD
signals across both pristine and highly polluted regions, outperforming the commonly used Anderson parame-
terization. Specifically, our analysis reveals that previous dust studies utilizing Anderson's parameterization tend

Figure 4. Density histograms of (a) MODIS‐DB AOD versus AERONET AOD and (b) MODIS‐Derived FOD versus
AERONET FOD at 550 nm for the MOD data set. The colorbar represents the density of values in each grid cell binned in
intervals of 0.1. Box plots of the differences between (c) MODIS‐Derived FOD and AERONET FOD (Diff FOD), and
(d) MODIS‐Derived COD and AERONETCOD (Diff COD) versus AERONET FOD at 550 nm. The blue, orange, and green
boxes indicate results from Anderson et al. (2005), fmod, and fmean, respectively.
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to overestimate dust COD by approximately 20% and overestimate COD in highly polluted regions by more than
0.6. These findings highlight the need to revisit and refine conclusions from prior studies on dust aerosols using
our updated parameterization to improve accuracy and reliability in understanding global aerosol dynamics.

We note that our parameterization is derived from AERONET and validated using the NOAA‐GML data set, both
of which are independent of any satellite platform. This suggests that the parameterization could potentially be
applicable to other satellite instruments on SUOMI‐NPP (A. Sayer et al., 2018) and NOAA20 (Lee et al., 2024).
Therefore, future studies would be valuable in further assessing its applicability by explicitly comparing its
accuracy against TROPOMI (Chen et al., 2024) and PARASOL (L. Li et al., 2020) retrieved fine‐ and coarse‐
mode AOD using GRASP‐algorithm (Lopatin et al., 2021).

Data Availability Statement
The NOAA‐GML data set used in this study is publicly available and can be downloaded from the NOAA‐GML
aerosol FTP server at https://gml.noaa.gov/aftp/aerosol/. Additional information about NOAA‐GML and its
instrumentation can be accessed at https://gml.noaa.gov/aero/instrumentation/instrum.html. AERONET direct
sun measurements are available at the AERONET Aerosol Data website https://aeronet.gsfc.nasa.gov/new_web/
aerosols.html. This study used Version 3 data, specifically Level 1.5 quality assurance. While Level 2 data were
manually inspected in the past, the current process is automated and may include issues with false screening. The
MODIS aerosol products used in this study are MOD04_L2 for Terra and MYD04_L2 for Aqua, available in the
NASA MODIS repository (Levy et al., 2015a, 2015b). Additional information about NASA Deep Blue aerosol
project, including further documentation and links, can befound online at https://earth.gsfc.nasa.gov/climate/data/
deep‐blue.
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