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Abstract: This study is to evaluate the sensitivity of Aerosol Optical Depth (AOD τ) to aerosol vertical
profile and type, using the Moderate Resolution Imaging Spectroradiometer (MODIS) collection
6 algorithm over land. Four experiments were performed, using different aerosol properties including
3 possible non-dust aerosol models and 14 vertical distributions. The algorithm intrinsic uncertainty
was investigated as well as the interplay effect of aerosol vertical profile and type on the retrieval.
The results show that the AOD retrieval is highly sensitive to aerosol vertical profile and type.
With 4 aerosol vertical distributions, the algorithm with a fixed vertical distribution gives about 5%
error in the AOD retrieval with aerosol loading τ ≤ 0.5. With pure aerosols (smoke and dust),
the retrieval of AOD shows errors ranging from 2% to 30% for a series of vertical distributions.
Errors in aerosol type assumption in the algorithm can lead to errors of up to 8% in the AOD retrieval.
The interplay effect can give the AOD retrieval errors by over 6%. In addition, intrinsic algorithm
errors were found, with a value of >3% when τ > 3.0. This is due to the incorrect estimation of the
surface reflectance. The results suggest that the MODIS algorithm can be improved by considering
a realistic aerosol model and its vertical profile, and even further improved by reducing the algorithm
intrinsic errors.

Keywords: Aerosol Optical Depth (AOD); satellite data; simulation; retrieval; aerosol type; aerosol
vertical distribution

1. Introduction

Aerosol Optical Depth (AOD) retrieved from satellite data is of importance for a number of studies
including climate change, air quality, and human health due to the advantage of large spatial and
temporal coverage. Many AOD products from different algorithms/instruments have been developed
and extensively validated with the data collected by the Aerosol Robotic Network (AERONET).
Experienced after several generations of developments [1–4], the MODerate Resolution Imaging
Spectroradiometer (MODIS) AOD product has been proven to be a mature product and widely
applied for determining aerosol climatology, such as for long-term trend analysis of aerosol e.g., [5–7],
for monitoring air quality due to fine particulate matter e.g., [8–11], for data assimilation studies
e.g., [6,12–14], and for estimating aerosol radiative forcing e.g., [15–17].

Currently, the operational MODIS AOD product from collection 6 dark target (C6_DT) has
an Expected Error (EE) of ±(0.05 + 15%), with 69% AOD falling within the EE over land [4].
However, the current accuracy of the MODIS AOD over land is still low. This means that the MODIS
AOD cannot be used to well monitor its long-term trend [5], to accurately estimate aerosol radiative
forcing [18], and to well serve for data assimilation studies [14,19].
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It is well known that the satellite AOD uncertainty is attributed to many factors, such as
surface effects e.g., [20–22], cloud mask e.g., [4,23] and aerosol properties e.g., [3,24,25]. This is
well summarized and documented in [5,26]. For the MODIS AOD product, however, more efforts
should be made on the aerosol properties, because the assumptions of the fixed aerosol type (non-dust)
and its vertical profile applied in the algorithm is generally inconsistent with real cases and could lead
to some serious errors in the retrieval.

Specifically, the assumption of a non-dust model could cause some problems when some unusual
aerosol source occurs (e.g., forest fires) or aerosol absorption varies significantly during a period
(month or season) since the non-dust model is predefined. For example, the effect of smoke by a forest
fire that appears in North America (Canada) [27] and in South Africa [28], would be wrongly accounted
by the algorithm. Due to the fixed single scattering albedo applied for the smoke, a significant bias of
the AOD retrieval was found over the biomass-burning area in South Africa [28,29].

In addition, with the assumption of the fixed aerosol vertical profile, the MODIS algorithm
would give a significant bias in the AOD retrieval in the presence of the dynamic profile especially
for the elevated aerosol layers. ±2 km uncertainty in the layer height can introduce 25% errors in
the AOD retrieval using the blue band (0.41 µm) [30]. Through the global evaluation of the MODIS
algorithm, Levy et al. [31] found that over heavy dust regions there was a significant negative bias in
the AOD product.

To understand the impact of the aerosol properties on the AOD retrieval and further help
to improve the retrieval, a sensitivity test is designed in this study that investigates the variation
of the retrieval due to the dynamic aerosol vertical profiles and different types with the MODIS
C6_DT algorithm. In the test, synthetic data are simulated for the Top Of Atmosphere reflectance,
using an off-line method with LookUp Tables (LUT). Section 2 presents background on the MODIS
aerosol retrieval, including the MODIS retrieval algorithm [3,4], and some climatological aerosol.
Three non-dust models and one dust model from [3] are briefly introduced, as well as many kinds
of aerosol vertical profiles. Section 3 gives the data and method applied in the sensitivity test.
Four experiments are performed in the test with extensive aerosol properties. The experiment results
and discussions are illustrated in Section 4. Conclusions and recommendations are drawn in Section 5.

2. Background on the MODIS Aerosol Retrieval

2.1. Basic Theory of the Aerosol Retrieval Algorithm

Assuming a surface having isotropic reflection, the TOA reflectance ρ∗ at a particular wavelength
λ can be approximated as the sum of atmospheric path reflectance ρa

λ and surface contribution
(the second term on the right side of the Equation (1)) [32]:

ρ∗λ(θ0, θ, φ) = ρa
λ(θ0, θ, φ) +

Fdλ(θ0)Tλ(θ)ρ
s
λ

1− sλρs
λ

, (1)

where θ0, θ, φ are the solar zenith angle, the viewing zenith angle and the relative azimuth angle
between solar azimuth and viewing azimuth angle, respectively, Fdλ and Tλ are the downward and
upward transmission, respectively, and sλ is the atmospheric backscattering ratio. Except for surface
reflectance ρs, the four parameters ρa, Fd, T and s are a function of the aerosol properties in the
atmosphere and stored in the LookUp Table (LUT).

To consider the mixture of fine and coarse aerosols, the algorithm assumes that the fine and coarse
aerosols independently contribute to the TOA reflectance. Thus, the total spectral reflectance at the
TOA can be written as:

ρtot∗
λ = ηρ

f ∗
λ + (1− η)ρc∗

λ , (2)
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where the superscript f and c indicate fine and coarse mode, respectively, η is the fine ratio proposed
in [1]. This method for the calculation of the total reflectance at TOA is also called Standard Linear
Mixing method (SLM), which is applied to the dark surface with the 2.11 µm surface reflectance of
0 < ρs

2.11 < 0.25 (Procedure A in C6_DT) [2].
The AOD retrieval is achieved by fitting the simulated TOA reflectance with the measured one

in three channels (0.466, 0.644 and 2.11 µm), yielding AOD τ, fine ratio η and the 2.11 µm surface
reflectance ρs

2.11. In this process, there is a fitting error ε, which is used to indicate the quality of
the retrieval.

2.2. Aerosol Properties

2.2.1. Aerosol Type

In the C6_DT algorithm, applied to the dark surface, it considers four aerosol models (3 non-dust
and one dust) [3,4]. The aerosol models are defined by the bi-lognormal size distributions and refractive
indices, given in Table 1. For more details about the size distribution please refer to Appendix A.

Table 1. Aerosol physical parameters. Four aerosol models are presented with bi-lognormal modes
(accumulative and coarse). For each mode, three parameters are listed, including the volume modal
radius rv, the standard deviation of the volume distribution σ, and the total volume of the mode, V0.
Note that the parameters are given at wavelength of 0.55 µm and τ = 0.5. The symbol of “—” indicates
the same value as the above row. More details are illustrated in [3].

Aerosol Model Mode rv (µm) σ V0 (µm3/µm2) Refracitve Index

ModeratelyAbsorbing/Generic Accum 0.1552 0.44205 0.0960 1.455 − 0.009i
Coarse 3.2689 0.7782 0.0922 —

Absorbing/Smoke Accum 0.1383 0.4231 0.09423 1.51 − 0.02i
Coarse 3.92235 0.76375 0.06499 —

NonAbsorbing/UrbanIndustrial Accum 0.1821 0.44065 0.097227 1.42 − 0.00625i
Coarse 3.39575 0.8414 0.05996 —

Speriod/Dust Accum 0.1466 0.68238 0.04277 1.5017 − 0.002i
Coarse 2.2 0.57429 0.32618 —

The size distribution and refractive indices uniquely determine the aerosol optical properties,
such as single scattering albedo ω0, effective radius reff, and the phase function P. These optical
properties describe the efficiency of aerosols scattering and absorption in the radiative transfer process.
The optical properties of the four models are shown in Table 2 (ω0 and reff), and in Figure 1 (P).

Table 2. The properties of aerosol models used in MODIS C6 algorithm. Single scattering albedo
ω0 and effective radius reff for the aerosol models are presented. The parameters are given at the
wavelength of 0.55 µm with τ = 0.5. The data is provided by [3].

Aerosol Model ω0 reff, µm

ModeratelyAbsorbing/Generic 0.920 0.261
Absorbing/Smoke 0.869 0.208
NonAbsorbing/UrbanIndustrial 0.947 0.256
Speriod/Dust 0.953 0.680

From Table 2, we note that the smoke absorbs radiation strongly with ω0 = 0.87, while the other
two fine models are less absorbing. The dust model has a larger particle size (reff = 0.68) as compared
to the non-dust models (reff < 0.261). The volume size of these models is given in Figure 1a.

Figure 1b shows the phase function of the four models. We can see that the dust phase function
shows a peak at the scattering angle of 0◦, giving a much larger value than the non-dust models.
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Figure 1. Size distribution (a) and phase function (b) for the four aerosol models. For the comparison,
the phase function of Rayleigh is added in the plot. The result is reproduced using the data from [3].

It is possible that for some regions the predefined aerosol model is wrong. The errors from this
possible wrong assumption is investigated in this study.

2.2.2. Aerosol Vertical Distribution

Generally, aerosol vertical distribution is controlled by the aerosol layer shape and the altitude of
the layer lower or upper boundary, which can be modeled using an exponential, power, Gaussian and
random function.

Varying the scale height h, exponentially-distributed aerosols tends to change more the layer
shape and less the layer height. Thus, to clearly show the effect of the layer shape on the AOD retrieval,
an exponential distribution is selected, which can be written as:

τλ,zi = τλ(e−zi/h − e−zi+1/h), (3)

where z is the altitude in the atmosphere (zi starts from 0 km, i.e., the surface), τλ is spectrally
dependent, hereafter we use τ for 0.55 µm specially unless specified otherwise.

Figure 2 shows the exponential distribution varying with the scale height h, ranging from 1 to 6 in
steps of 1. With the increase of scale height, the profile becomes more homogeneous, since the aerosol
are distributed more evenly over the column. ExpH1 indicates the exponential distribution with the
scale height of 1, other ExpH series follow the same rule. Note that one of ExpH series i.e., the ExpH2
distribution was applied in the MODIS C6_DT algorithm over land.
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Figure 2. Exponential distribution as a function of scale height, ranging from 1 to 6 by step of one
(see ExpH1, ExpH2,. . . and ExpH6). The total AOD (τtot) is set as 0.5. The tail of the distribution beyond
15 km is vertically cut off since the AOD is significantly small in high space.
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To demonstrate the effect of the layer height on the retrieval, two continuous aerosol layers
(each layer is 1 km thick) in the atmosphere are assumed:

τλ,zi = τλ(e/(1 + e))

τλ,zi+1 = τλ(1/(1 + e)) (4)

The two-layer distributions are called Exp2L series, varying the bottom layer height from the
surface to the altitude of 7 km. In the series, Exp2L0 means aerosols distributed from the altitude of
the surface to 2 km, other Exp2L series follow the same rule.

Combining these two series (ExpH and Exp2L), we get 14 possible aerosol vertical distributions
in total, where 6 distributions are from ExpH series and 8 distributions from Exp2L series.

3. Data and Method

Several studies demonstrated that there are some intrinsic uncertainties in the MODIS algorithm
(C5_DT over land) [2,26]. To better understand how the AOD retrieval is affected by the source errors
of aerosol properties, the intrinsic uncertainty needs to be fully evaluated and discussed before our
sensitivity test. In addition, regarding the real case, we need to consider the uncertainty of both aerosol
type and its vertical profile in the retrieval. Thus, we designed a test for the sensitivity of the AOD
retrieval to aerosol type and vertical distribution by performing four experiments: (1) simulation of
the “ideal” condition that the algorithm assumptions are exactly valid on the choice of aerosol models
and vertical profile; (2) simulation of the possible aerosol vertical profiles that are different from the
algorithm assumption (static profile); (3) simulation of the possible aerosol types that are different
from the algorithm assumption (predefined aerosol type); and (4) simulation of both possible aerosol
vertical profiles and types that are different from the algorithm assumption on the choice of aerosol
model and vertical profile.

The MODIS C6 DT algorithm over land (Procedure A) was used for the experiments. Note that
Experiment 1 is designed to test the algorithm intrinsic errors, and Experiment 4 is used to test the
interplay effect of aerosol vertical distribution and type on the retrieval. The set up of the experiments
is given bellow.

Experiment Set up

With the four parameters (ρa, Fd, T and s) in LUT, the TOA reflectance was simulated for 3 aerosol
mixtures (weakly-absorbing, moderately-absorbing and absorbing aerosols mixed with dust). 7 aerosol
loadings (0.0, 0.25, 0.5, 1.0, 2.0, 3.0 and 5.0) and 5 fine ratios (0, 0.2, 0.5, 0.8 and 1) were used for
the mixtures. The experiment was done with 1520 geometrical combinations (0◦ ≤ φ ≤ 180◦, θ ≤ 60◦,
θ0 ≤ 48◦). For the experiment, we assumed that the surface reflectance at 2.11 µm ρs

2.11 is 0.15 with the
ratios for visible bands (0.466 and 0.644 µm) versus 2.12 µm (i.e., ρs

0.644 = 0.5ρs
2.11 and ρs

0.466 = 0.25ρs
2.11).

To perform Experiments 2 and 4, we need to create the corresponding LUTs with the different
aerosol vertical distributions (14 in total). As for Experiments 3 and 4, aerosol models applied in the
simulation are different from that in the retrieval.

In the experiments, the relative difference δ(τ) of the AOD retrieval is defined as:

δ(τ) =
τ − τre f

τre f
(5)

where the subscript re f means the reference value of τ. The results of the experiments are summarized
by averaging 1520 geometrical combinations unless specified otherwise.
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4. Experiment Results and Discussions

4.1. Experiment 1

4.1.1. Result

Figure 3 presents the results with a moderately absorbing aerosol model (generic). In this figure,
we note that the AOD is always overestimated while the surface reflectance is underestimated.
The errors on the four parameters become large with the mixing degree between fine and coarse
aerosol, and larger as aerosol loading increases. The largest relative error (7%) was found when the
fine ratio η is 0.5 under extreme heavy loading (τ = 5.0). Under aerosol loading τ ≤ 0.5, the errors are
smaller than 0.2%. The results with other aerosol models show a similar uncertainty (not shown here).
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Figure 3. The uncertainty of four retrieval parameters as function of fine ratio η in C6 algorithm.
Note that the result is achieved by averaging the values of the parameters (τ, η, ε, and ρs

2.11) over
1520 geometrical combinations, assuming aerosol model as Moderately absorbing (Generic model in
the figure) with the surface reflectance ρs

2.11 = 0.15 in the retrieval. (a) shows the relatively difference
of mean AOD between the retrieved and the expected one (reference) (e.g., when aerosol loading is set
as 0.5, then the expected AOD should be 0.5 exactly); (b–d) show the mean values of fine ratio η, fitting
error ε and the surface reflectance ρs

2.11, respectively.

4.1.2. Discussion

To check the intrinsic error source and its potential effects on the sensitivity test, we recoded
the C6_DT standalone algorithm with the complete understanding of the procedure implemented in
the algorithm. We found that the intrinsic errors are attributed to the underestimation/overestimation
of the 2.11 µm surface reflectance ρs

2.11, shown as two issues:

• Issue 1: the MODIS algorithm assumes that the ρs
2.11 can vary with the atmospheric condition in

the retrieval. Obviously, this assumption is inconsistent with the fact that the surface reflectance is
invariant with the atmospheric condition.
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• Issue 2: to find the possible ρs
2.11 with the rearranged Equation (2), the MODIS measurement

is expected to be divided into two parts: one part is the reflectance from fine-mode dominated
atmosphere, and the one from coarse-mode dominated atmosphere, while the algorithm assumes
the measurement to be identical to each part. By doing this, it can give a large uncertainty of the
retrieval with heavy aerosol loading. Nevertheless, the uncertainty is expected to be small with
low aerosol loading since the TOA reflectance is dominated by the surface contribution and little
affected by the atmospheric aerosol.

Figure 4 illustrates Issue 1 in the algorithm. In this figure, we selected a simulation with generic
mixture (η = 0.5 and τ = 0.5) under a given geometry (nadir view and θ0 = 24◦). From Figure 4b,
we can clearly see that the simulation significantly deviates from the truth, showing clock-wise twist
around the point (located at η = 0.5 and τ = 0.5).
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Figure 4. The surface reflectance ρs
2.11 and simulation in the retrieval (Issue 1). These parameters

are produced by the C6_DT algorithm with a synthetic measurement. The mixture of generic + dust
(η = 0.5 and τ = 0.5) is selected to construct the synthetic data at the given geometrical angle
(nadir view, θ0 = 24◦). In the algorithm, the possible values of ρs

2.11 are obtained (a), shown as a
function of aerosol loading and the fine ratio. Note that the ρs

2.11 was plotted out only with aerosol
loading (0.25, 0.5 and 1.0), shown as “black *”, “red triangle” and “green triangle”, respectively. Other
values with large aerosol loading were not shown. With the experimental relationship of surface
reflectance for VISvs2.11, the possible ρs

2.11 is further to generate the simulation for the TOA reflectance
at two visible bands (0.466 and 0.644 µm) at each node of aerosol loading (0.25 and 0.5) and fine
ratio, given in (b). “White” line indicates the simulation, where “solid ”and “dash” line means the
simulation varied with aerosol loading and fine ratio, respectively. To compare with the simulation, the
corresponding “truth” value is also given, plotted as “black” line.

Figure 5 presents Issue 2 in the algorithm. In this figure, we chose similar synthetic data as in
Figure 4 (the effect of Issue 1). Note that the data are generated with heavy aerosol loading (τ ≥ 2.0).
Meanwhile, to remove the effect of Issue 1, the aerosol loading and fine ratio are assumed as known
in the retrieval. From Figure 5b, we note that the simulation is always lower than the truth, and this
become significant for the extreme heavy aerosol mixture (τ = 5.0 and η = 0.5). This would cause the
overestimation of the AOD retrieval.

The intrinsic errors in the AOD retrieval are attributed to the wrong estimation of the surface
reflectance (the net effect of Issues 1 and 2). These errors could introduce the extra uncertainty in the
sensitivity test (Experiment 2 to 4), since a distorted (twist and compact) simulation space is created in
the retrieval due to the incorrect estimation of the surface reflectance. Nevertheless, the test still can
reveal the retrieval errors of the algorithm when the aerosol properties are not properly defined.
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Figure 5. The surface reflectance ρs
2.11 and simulation in the retrieval (Issue 2). Selected was a similar

synthetic data as in Figure 4, but with heavy aerosol loading (τ ≥ 2.0). Note that that the aerosol
loading and fine ratio are assumed as knowns for the simulation. The possible surface reflectance
ρs

2.11 varies with aerosol loading and fine ratio, given as “solid” and “dash” line, respectively in (a).
The corresponding simulation of TOA reflectance is given in (b). Other symbols are similar to that
in Figure 4.

4.2. Experiment 2

4.2.1. Result

Figure 6 presents the AOD errors with the four simulations (ExpH2, ExpH3, Exp2L0 and Exp2L3),
where the ExpH2 LUT is applied in the retrieval process. The result with the smoke model is given
in the Figure. The results with other models are not shown due to the relatively small errors in
the experiment. We can see that the errors are substantially related to the aerosol vertical distributions
in this figure. Concretely, the simulation with a higher aerosol layer (e.g., ExpH3 and Exp2L3) causes
the underestimation of the AOD retrieval. In contrast, the simulation with a lower aerosol layer
(e.g., Exp2L0) causes the overestimation. And this become more significant with the absorbing (smoke)
or large size aerosols (dust) as increasing the aerosol loading. Normally, the errors with the smoke
and dust (η = 0 in Figure 6) range from 5% to 15%, whereas showing smaller values ( <5%–8%) with
urbanIndustrial and generic model.
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Figure 6. The AOD errors caused by different aerosol vertical distributions. The errors δ(τ) are
calculated by averaging over 1520 geometrical combinations, shown as a function of aerosol loadings
in (a–c); In (a), the label of “ExpH3S_ExpH2R-Ref” indicate the AOD difference δ(τ) between
“ExpH3_ExpH2R”and “Ref”, where “ExpH3S_ExpH2R” means the AOD is achieved with ExpH3
simulation, but using ExpH2 LUT in the retrieval. As for “Ref”, the AOD is achieved with ExpH2
simulation, using the LUT with the same distribution as in simulation. Other labels are similar too.

To further clarify the sensitivity of the AOD retrieval to the vertical distribution, we performed
the retrieval with the simulations which were created with 14 distributions (6 “ExpH” and 8 “Exp2L”).
Pure smoke and dust were selected with τ = 0.5. To check whether the sensitivity is dependent on
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the illumination/viewing geometry, we perform the result with five angles, which are described as:
solar zenith angles of 0◦, 12◦, 24◦, 36◦ and 48◦ under nadir view. We change the reference AOD in
the evaluation, where the AOD is achieved with the “ideal” simulation with ExpH2 and Exp2L0 was
selected as “reference” for “ExpH” and “Exp2L” series, respectively.

Figure 7 presents the AOD errors with “ExpH” and “Exp2L” series distributions, where the
smoke model is given. It seems that the retrieval is more sensitive to the “Exp2L” series than to the
“ExpH” series. The errors δ(τ) are from 5% to 10% with “ExpH” simulations, whereas they are from
3% to over 20% with “Exp2L” simulations. The errors are strongly dependent on the angles, showing
an increase with the decrease of the solar zenith angle (or with the increase of the scattering angle).
Focusing on the Exp2L4 simulations, we can see the error δ(τ) is 10% at the angle θ0 = 0◦, and
increasingly large (25%) at the angle θ0 = 48◦.
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Figure 7. The AOD errors caused by different aerosol vertical distributions. The AOD that achieved
with the “ideal” simulation with ExpH2 and Exp2L0 was selected as “reference” in the comparison of
the retrieval with “ExpH” and “Exp2L” series, respectively. The difference for “ExpH” and “Exp2L”
are given in (a,b), respectively. Note the results are obtained with pure smoke aerosol at τ = 0.5, under
5 angles (nadir view with 5 solar zenith angles θ0). The 2.11 µm surface reflectance is set as 0.15.

Generally, the large difference between the vertical distributions would give a significant
error δ(τ). Specifically, the AOD difference increases linearly with the layer height (“Exp2L ”series) in
Figure 7. For example, given with nadir view and solar zenith angle θ0 = 24◦, we can see that there is
a linear increase of the δ(τ) between Exp2L1, Exp2L4 and Exp2L7, with the AOD errors by 5%, 15%
and 20%, respectively.

4.2.2. Discussion

For the case of an elevated aerosol layer (e.g., Exp2L3 relates to Exp2L0), the TOA reflectance
presents lower values due to less isotropic scattering reflected by the Rayleigh layer under the
aerosol layer. With the increase of the aerosol-mixture layer height, the TOA reflectance decreases at
short wavelength (e.g., 0.466 µm), which leads to a reduction of AOD retrieval.

Figure 8 presents the Exp2L simulation series (7 points) falling within the Exp2L0 simulation space.
The result is shown with the smoke model. From this figure, we can see that the 0.466 µm
reflectance at TOA is significantly decreasing with the increase of the layer height (Exp2L0→ Exp2L7).
The reflectance with ExpH series also shows a similar trend, where the mean of layer height is
determined by the scale height (not shown).

With a given aerosol vertical distribution related to the “reference” one, the effect is different
for different aerosol models, where the magnitude of the effect is mainly dependent on their single
scattering albedo ω0 (see Table 2). The Rayleigh scattering under the aerosol layer is more absorbed
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by the strongly-absorbing aerosol layer, leading to much less TOA reflectance. Therefore, the effect
becomes larger with strongly-absorbing aerosols. This is the main reason that the largest difference
δ(τ) (30%) is found with the smoke model since the model has the lowest single scattering albedo
(ω0 = 0.869).

The impact of illumination and viewing geometry on the sensitivity to aerosol vertical
distribution depends on the optical properties, especially on the phase function of the aerosol mixture.
The atmospheric scattering is attenuated with increasing the scattering angle (see Figure 8) due to the
shorter atmospheric path. However, it is not the case for the dust-dominated atmosphere, in which the
atmospheric scattering is still strong at a large scattering angle due to the peak forward scattering of
the dust (see phase function in Figure 1b).
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Figure 8. The simulations with smoke model, under a given viewing geometry. (a,b) show the results
with nadir view and solar zenith angle θ0 = 0◦ and θ0 = 48◦, respectively. The Exp2L simulation series
are created with τ = 0.5, shown as 7 points in the figure. The 2.11 µm TOA reflectance is not shown
due to its near nonsensitivity to the aerosol vertical distribution. The ρs

2.11 is set as 0.15.

In addition, the discrepancy of the TOA reflectance caused by the vertical distributions does not
change too much with different scattering angles. As a result, the AOD errors due to the vertical
distribution strongly depends on the scattering angle.

4.3. Experiment 3

4.3.1. Result

Figure 9 presents the AOD errors of a wrong assumption of aerosol model, where the
generic and smoke model were selected for the simulation but using the urbanIndustrial LUT in
the retrieval. Some abbreviations of aerosol models are used (G: Generic, S: Smoke, U: UrbanIndustrial).
Averaging over 1520 geometrical combinations, the error δ(τ) is roughly <8% under τ ≤ 1.0, and
increases under the heavy aerosol loading (τ ≥ 2.0) with the value >8%. Obviously, the improper
selection of the pure aerosol (η = 1.0) gives the largest errors compared to the case with the other
aerosol mixtures.
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Figure 9. The AOD errors by wrongly assuming aerosol models. The mean errors δ(τ) are calculated
by averaging over 1520 geometrical combinations, with ρs

2.11 = 0.15, shown as a function of
aerosol loadings. The “reference” AOD is the one that is achieved in the algorithm by the correctly
choosing aerosol model. Some abbreviations of aerosol models are used (G: Generic, S: Smoke,
U: UrbanIndustrial). “G_U” in (a) means the relative difference between the result with that generic
aerosol is observed while urbanIndustrial one is given in the retrieval and “reference”. Similarly, the
result with “S_U” is shown in (b).

The sensitivity of the retrieval to aerosol type is further evaluated, using pure aerosols. Similar to
Experiment 2, the simulation is with τ = 0.5, at 5 angles. The result is shown in Figure 10,
giving comparable errors by <8%. This means that the retrieval presents a medium sensitivity
to the aerosol type. And with different angles, the sensitivity does not vary too much with the
discrepancy <5%. There is an approximate symmetry in the difference between the pairs such as S_U
(smoke simulated but with urbanIndustrial in the retrieval, U_S, G_S and others are similar to S_U)
and U_S, presenting an overestimation of AOD in S_U and underestimation in U_S with nearly the
same degree.
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Figure 10. The AOD errors by wrongly assuming aerosol models. Note the results are calculated with
η = 1.0 and τ = 0.5 at five angles (nadir view with 5 solar zenith angles θ0). The other symbols are the
same as that in Figure 9.

4.3.2. Discussion

Due to a relatively small difference of the single scattering albedo between non-dust aerosols,
the AOD retrieval does not change too much with a different aerosol model when aerosol loading
is low (e.g., τ ≤ 0.5). As aerosol loading increases, the error of the AOD retrieval becomes
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significant especially for the large difference between the observed and simulated aerosol, such
that the strongly absorbing aerosol (smoke, ω0 = 0.869) is wrongly assumed as non-absorbing one
(urbanIndustrial, ω0 = 0.947), the error cloud be up >10%.

The sensitivity of the retrieval to aerosol type does not show a strong dependence on the angle as
in Experiment 2. This is because the non-dust aerosol models are substantially similar in their phase
function (see Figure 1).

4.4. Experiment 4

To show the interplay effect on the AOD retrieval by improper assumption of both the
aerosol vertical distribution and type on the AOD retrieval, we selected two aerosol models
(smoke and urbanIndustrial) and vertical distributions (ExpH2 and Exp2L3) in this experiment.
Specifically, for the experiment, the simulation is created using the smoke aerosol with Exp2L3
distribution, but using the LUT of urbanIndustrial with ExpH2 distribution. The result is given below.

Figure 11 illustrates the AOD errors in this experiment. The result is roughly equivalent to the
one that negatively biases the result in Figure 9b. In this figure, we can see that the AOD retrieval are
significantly overestimated in this case, with the δ(τ) by > 6%. For example, when aerosol loading is
1.0, the error could be up to 15% in this case.
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Figure 11. The AOD errors by wrongly assuming aerosol vertical distribution and type. The smoke
aerosol with Exp2L3 distribution is used in the simulation, but using the LUT of UrbanIndustrial model
with ExpH2 in the retrieval. Note the results are calculated with ρs

2.11 = 0.15. The other symbols are
the same as that in Figure 9.

5. Conclusions & Recommendation

It is well-known that the aerosol properties are one of largest uncertainty sources in the MODIS
algorithm since the assumption of the fixed aerosol properties remains in Collection 5 and 6. With the
aid of the Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO) that can
provide aerosol information about its type and vertical profile, we might put constraints on the aerosol
properties to improve the retrieval. However, as the first step of the improvement, the retrieval
uncertainty caused by the improper assumption should be quantified. In this study, we designed
experiments to evaluate the sensitivity of the retrieval to aerosol vertical distribution and type.
Four experiments were performed with the C6_DT algorithm over land, where the intrinsic uncertainty
is also evaluated.

Due to the uncertainty in estimating the surface reflectance, it was found that there is intrinsic
uncertainty in the algorithm, with the AOD retrieval error below 0.2% and >3% under low aerosol
loading (τ ≤ 0.5) and heavy aerosol loading (τ > 3.0), respectively.

The algorithm shows high sensitivity to both aerosol vertical distribution and type of the retrieval.
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• With the simulations varied with 4 vertical distributions (ExpH2, ExpH3, Exp2L0 and Exp2L3),
about 5% errors can be found in the algorithm retrieval. Even larger errors of the retrieval are
shown in ExpH and Exp2L simulation series, ranging from 2% to 30% when aerosol loading of 0.5
is assumed. In the vertical distribution, the aerosol layer height is the main variable that affects the
retrieval, where the errors significantly increase as increasing the aerosol layer height.

• Furthermore, the errors caused by the layer height present a strong angular dependence due to the
large discrepancy of the phase function between non-dust and dust aerosols.

• Generally (τ ≤ 0.5), errors in aerosol type assumption can lead to uncertainty up to 8%
in the AOD retrieval with the algorithm. By combining the uncertainty of the aerosol type
(urbanIndustrial replaced with smoke) with its vertical profiles (ExpH2 replaced with Exp2L3),
the AOD errors present a significant negative bias with the δ(τ) by >6%. The errors can be up to
15% when aerosol loading of 1.0 is observed.

In addition, sensitivity to the aerosol properties of the retrieval is insignificant for weakly- and
non-absorbing aerosols (e.g., urban Industrial and generic) especially when low aerosol loading
is observed. Thus to improve the retrieval, more attention should be paid to the cases of the air
pollutions caused by forest fires or extreme dust events. These cases usually are consistent with
a heavy and thick elevated aerosol layer, and have a strong impact on climate regionally and globally.
We assume that for these cases the bias of the MODIS AOD retrieval can be reduced by 15% based
on this study. We also note that the algorithm intrinsic uncertainty refers to the retrieval techniques.
This uncertainty should be reduced to near zero by optimizing the retrieval techniques especially the
estimation of the surface reflectance. This would help further improve the retrieval accuracy especially
dealing with the condition of heavy aerosol loading.
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Abbreviations

The following abbreviations are used in this manuscript:

AOD Aerosol Optical Depth
AERONET Aerosol Robotic Network
MODIS Moderate Resolution Imaging Spectroradiometer
CALIPSO Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation
LUT LookUp Table
DT Dark Target
C6_DT Collection 6 Dark Target
EE Expected Error
ExpH1 the exponential distribution with the scale height of 1, other ExpH series follow

the same rule
Exp2L0 the 2-layer distribution with the bottom layer at the surface (altitude: 0), other Exp2L

series follow the same rule

Appendix A. Aerosol Size Distribution

We give a brief review of the aerosol size distribution that applied in the MODIS AOD
algorithm [3].

For any size distribution, the particles number N related to area A and volume V distributions are:

dN
dlnr

=
1

πr2
dA
dlnr

=
3

4πr3
dV

dlnr
, (A1)
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where dN/dlnr is the number size distribution, with the radius r in µm. In the MODIS C6_DT
algorithm over land, the aerosol models are assumed with bi-lognormal distribution. For the size
distribution, each lognormal mode has 3 free variables, including the median radius of the volume
size distribution rv (µm in unit), the standard deviation of the radius σ, and the volume of particles
per cross section of atmospheric column V0 (µm3/µm2 in unit). Thus, for each single lognormal mode,
the number size distribution is represented as:

dN
dlnr

=
N0

σ
√

2π
exp(−

ln(r/rg)
2

2σ2 ), (A2)

where rg and N0 are the median radius and the amplitude of the number size distribution, respectively,
defined as:

rg =rvexp(−3σ2)

N0 =
∫ dN

dlnr
dlnr = V0

3
4πr3

g
exp(−9

2
σ2) (A3)

The effective radius reff in µm of a lognormal mode is given as:

reff =

∫ ∞
0 r3 dN

dlnr dlnr∫ ∞
0 r2 dN

dlnr dlnr
= rgexp(

5
2

σ2) (A4)

For lognormal bimodal (1 and 2 for accumulative and coarse mode, respectively), the total number
size distribution is:

dN
dlnr

=
dN1

dlnr
+

dN2

dlnr
, (A5)

And the corresponding effective radius can be written as:

reff =

∫ ∞
0 r3 dN1+dN2

dlnr dlnr∫ ∞
0 r2 dN1+dN2

dlnr dlnr
(A6)
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