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Abstract: Aerosols in the atmosphere play an essential role in the radiative transfer process due to
their scattering, absorption, and emission. Moreover, they interrupt the retrieval of atmospheric
properties from ground-based and satellite remote sensing. Thus, accurate aerosol information
needs to be obtained. Herein, we developed an optimal-estimation-based aerosol optical depth
(AOD) retrieval algorithm using the hyperspectral infrared downwelling emitted radiance of the
Atmospheric Emitted Radiance Interferometer (AERI). The proposed algorithm is based on the
phenomena that the thermal infrared radiance measured by a ground-based remote sensor is sensitive
to the thermodynamic profile and degree of the turbid aerosol in the atmosphere. To assess the
performance of algorithm, AERI observations, measured throughout the day on 21 October 2010 at
Anmyeon, South Korea, were used. The derived thermodynamic profiles and AODs were compared
with those of the European center for a reanalysis of medium-range weather forecasts version 5
and global atmosphere watch precision-filter radiometer (GAW-PFR), respectively. The radiances
simulated with aerosol information were more suitable for the AERI-observed radiance than those
without aerosol (i.e., clear sky). The temporal variation trend of the retrieved AOD matched that
of GAW-PFR well, although small discrepancies were present at high aerosol concentrations. This
provides a potential possibility for the retrieval of nighttime AOD.

Keywords: retrieval algorithm; AOD; AERI; hyper-spectral; infrared; optimal estimation method

1. Introduction

Aerosols suspended in the atmosphere play an essential role in regional weather and
global climate change as they both directly and indirectly affect radiative forcing due to the
scattering, absorption, and transmittance in the radiative transfer process [1–3]. Moreover,
the presence of aerosols in the atmosphere affects polarization and the amount of radiation
observed from ground-based observations as well as satellites [4], so it affects the retrieval
performance of atmospheric composition from remote-sensing instruments. Therefore,
various studies have improved the accuracy of the retrieved atmospheric information by
considering the aerosol information [5–7]. Additionally, Lee [8] noted the importance of
aerosol observations with known uncertainties in the regional grid to improve the radiative
forcing for aerosols and model prediction. Thus, accurate and abundant information needs
to be obtained on aerosols.

Generalizing the physical and optical properties of aerosols, such as the particle size
distribution and refractive indices, is difficult because of the high variabilities including
the source of formation, diverse compositions, and aging of the aerosol particles as well
as interaction with the atmospheric states. Therefore, many aerosol models characterize
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the physical and optical properties of aerosols into the representative aerosol types and
their mineral and chemical compositions using in situ measurements and remote sensing
observations [9–12]. To characterize the various aerosol optical and physical properties,
aerosol optical depth (AOD) is an essential parameter representing the extinction of the
light by aerosols in an atmospheric column because AOD is determined using both phys-
ical and optical properties of aerosol compositions; thus, long-term AOD observations
represent inherent aerosol characteristics, including the seasonality and different sources
at a geophysical location [13]. Consequently, numerous studies have been conducted to
observe the climatological AOD through remote sensing techniques using satellite [14] and
ground-based measurements [13] as well as using both remote sensing observations [15].

Advantageously, satellite remote sensing can monitor the global coverage, including re-
gions in which ground-based observations are difficult. Recently, plenty of well-established
aerosol observations have been obtained from satellites. For example, the moderate resolu-
tion imaging spectroradiometer (MODIS) onboard the Aqua and Terra satellites provides
the AOD retrieved using the radiance from seven spectral channels between 470 and
2130 nm [16,17]. The ozone monitoring instrument (OMI) onboard the Aura satellite pro-
vides the retrieved AOD and vertical distribution as well as a single scattering albedo via
the OMI near-ultraviolet aerosol retrieval algorithm (OMAERUV) [18,19]. However, these
polar-orbiting satellites find it hard to capture the diurnal variations in AOD due to the
temporal resolution from 1 to 2 days and the global coverage.

Ground-based remote sensing instruments have higher temporal resolutions than
satellites, which advantageously enable the continuous aerosol changes in the atmosphere at
a certain location to be monitored. The aerosol robotic network (AERONET), an automatic
tracking sun- and sky-scanning radiometer, observes the AOD from sunlight in an visible
region and derives the physical and optical characteristics of the aerosol such as size
distribution, refractive indices, and single scattering albedo [13]. Furthermore, due to the
high accuracy and global network [20,21], AERONET was widely used as a representative
ground-based measurement for comparison with satellite measurements [22] to improve
the accuracy of the AOD retrieval algorithm [23] and to generate the climatological aerosol
model [13]. However, since the visible spectral region was used to obtain the aerosol data,
AERONET was only operated in the daytime and AOD information is limited during the
nighttime. Additionally, Zhang [24] showed that the radiative impacts of aerosols are not
negligible during nighttime and showed the asymmetric changes in radiative forcing from
the daytime using the Weather Research and Forecasting model coupled with chemistry
(WRF-Chem). Therefore, the continuous retrieval of AOD at nighttime using ground-based
instrument needs to be investigated.

Nighttime atmospheric information can be obtained from the infrared radiance spec-
trum. The atmospheric emitted radiance interferometer (AERI) [25,26], which is a Fourier
transform infrared (FTIR), is a commercially available, ground-based spectrometer. It mea-
sures the hyperspectral, downwelling radiation emitted in IR regions so that it can operate
in the daytime as well as the nighttime. AERI was used in a wide range of atmospheric re-
search, including for the verification of the infrared radiative transfer models [27], retrieval
of trace gases [28], long-term climate trend analyses [29], and the retrieval of thermody-
namic profiles [30,31]. Moreover, Turner [32] retrieved physical and optical properties for
the dust type above the Sahel via AERI observation using sonde and microwave radiometer
(MWR) data.

Herein, we investigate the possibility of AOD retrieval using hyperspectral infrared
radiance measured using AERI based on the optimal estimation method (OEM) and gen-
eralized the optical and physical properties of the aerosol model. Section 2 presents the
observation site and instrumental characteristics of AERI as well as the global atmosphere
watch precision-filter radiometer (GAW-PFR). Section 3 provides a detailed description of
the algorithm with the OEM and radiative transfer model. Section 4 evaluates the retrieved
thermodynamic profiles and AOD from the actual AERI observations in comparison with
those from the ERA-5 and GAW-PFR in addition to the sensitivity analysis of downwelling
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emitted radiance within the AERI spectral regions. A discussion and the conclusions are
presented in Sections 5 and 6, respectively.

2. Instrumentations

The Anmyeon observation site (AMY; 36.53◦N, 126.32◦E) on the western coast of the
Korean Peninsula is optimized to monitor the climate change and air pollution due to its ad-
vantageous geological location (Figure 1). Due to the prevailing westerlies, anthropogenic
and natural continental pollutants usually inflow from eastern China, where metropolis
and industries are located. Additionally, AMY is affected by a maritime aerosol such as
sea salt driven from West Sea. Thus, the Korean Meteorological Administration (KMA)
deployed the AERI to the Korea global atmosphere watch observatory (KGAWO) at AMY
as part of the global atmosphere watch (GAW) program to observe the vertical structures
of temperature and water vapor as well as the atmospheric concentrations of greenhouse
gases such as CH4, CO, and CO2 [33–35].
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Figure 1. The location of Anmyeondo station (AMY, 36.53◦N, 126.32◦E), South Korea (represented as
a red triangle), where Atmospheric Emitted Radiance Interferometer (AERI) was installed.

2.1. Atmospheric Emitted Radiance Interferometer

AERI was developed for the U.S. department of energy’s atmospheric radiation mea-
surement (ARM) program by the University of Wisconsin-Madison space science and engi-
neering center (SSEC). AERI measures the down-welling infrared radiance emitted from 550
to 3000 cm−1 (3.3–18.2 µm) with an unapodized spectral resolution of 0.5 cm−1 [25]. In ad-
dition to the atmospheric window (800–1250 cm−1), the AERI spectral range covers the vari-
ous absorption bands of gases in the atmosphere, including water vapor (H2O; 538–588 and
1250–1350 cm−1), carbon dioxide (CO2; 612–618, 624–660, 674–713, and 2223–2260 cm−1),
ozone (O3; 980–1080 cm−1), methane (CH4; 1150–1229 cm−1), and carbon monoxide (CO;
2000–2200 cm−1). Furthermore, the radiometric precision is accurately calibrated within 1%
of the ambient radiance (3σ) with two onboard blackbodies (one at ambient air temperature
and the other at 60 ◦C) [26], and the temporal resolution used in this study is approximately
10 min. Note that AERI is primarily operated automatedly and continuously over the
diurnal cycle for a period of months and years. However, the AERI deployed in AMY was
only observed on clear days and operated human-sources. Thus, the limited data, measured
continuously during the day in 2010, were used to evaluate our proposed algorithm.

2.2. Global Atmosphere Watch Precision-Filter Radiometer

The GAW-PFR is a ground-based global and regional network of sun-photometers
that was developed by the World Optical Depth Research and Calibration Center (WORCC)
to observe the AOD and was designed to be continuous and operational under diverse
weather conditions and long-term stable measurements. Additionally, GAW-PFR observes
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direct solar radiation at four independent wavelength channels (368, 412, 500, and 862 nm)
with a full width at half maximum (FWHM) of 5 nm. The expected measured uncertainty
of AOD in the four channels ranges from 0.004 at 862 nm to 0.01 at 368 nm [36].

The World Meteorological Organization (WMO, Genève, Switzerland) has operated
the GAW-PFR as the reference instrument for long-term AOD observations, and various
studies have compared the AOD observations from GAW-PFR and other networks, such
as AERONET [37], the National Oceanic and Atmospheric Administration/Earth Sys-
tem Research Laboratory’s (NOAA/ESRL) Surface Radiation Budget Observing Network
(SURFRAD) [38], and Sky Radiometer Network (SKYNET) [39]. The AOD observations
of GAW-PFR agree with those of AERONET for the 2005–2015 period, stating that the
percentage of traceable data is higher than 92% for all wavelengths [37]. Herein, we utilized
the GAW-PFR observations deployed with the AERI to evaluate our proposed AOD re-
trieval algorithm during the daytime. Note that the AERONET was also installed in AMY;
unfortunately, the data for the study period are missing.

3. Methodology

The retrieval algorithm used to obtain AOD from AERI observations, named the AOD
retrieval algorithm from AERI using the OEM (ARAOE), comprises two steps: (i) retrieve
the vertical structure of temperature and water-vapor mixing ratio, and (ii) retrieve AOD
based on the OEM using the radiative transfer model. Figure 2 illustrates the schematic
flow of the algorithm.
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Figure 2. Flowchart of the ARAOE for retrieving the vertical structure of temperature and water-
vapor mixing ratio, and AOD.

To retrieve thermodynamic profiles, the Tropospheric Optimal Estimation Retrieval
(TROPoe) algorithm [30,31] was employed; it is a modern physical retrieval algorithm
based on the OEM. TROPoe was designed to be relatively insensitive to the first-guess
values, with two physical constraints: the derived relative humidity must be less than
100%, and the potential temperature must monotonically increase with height [31]. Then,
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the radiative transfer model coupled with the aerosol model was iteratively employed to
estimate AOD based on OEM, wherein the error between the observed radiance from AERI
and the simulated radiance at the selected spectral regions was minimized.

3.1. Radiative Transfer Model

We used the LBLDIS radiative transfer model developed by [40], which combined
the spectral gas optical depths computed by Line-By-Line Radiative Transfer Model
(LBLRTM) [41,42] and aerosol effects from Discrete Ordinates Radiative Transfer (DIS-
ORT) [43,44]. Considering the contribution of the nearby absorption lines, LBLRTM
calculates the optical depth of each atmosphere layer at a certain wavenumber. The
monochromatic optical depth at a certain wavenumber for a vertical path (∆z) was given as

τv = ∆z× [∑i {∑j Sijf
(

v− v0
ij

)
}ni + σcont

v ncont] (1)

where Sij is the line intensity of the ith line of the jth atmospheric species, f
(

v− v0
ij

)
is the

line broadening located at v0
ij, ni is the number density of ith species, and σcont

v ncont is the
contribution of the continuum spectra. In LBLRTM, the optical properties of gases were
acquired from the high-resolution transmission molecular absorption database (HITRAN)
2012 [45], and MlawerTobinCloughKneizysDavies (MT_CKD) v3.2 was used to consider
the water-vapor continuum [46]. The spectral absorption line broadening was applied as
the Voight profile [47]. The vertical grids of the atmosphere were set to 55 layers from the
surface to 17 km, and the vertical resolution was exponentially decreased from 25 m at the
surface to 800 m at 3 km.

To obtain the physical and optical properties of aerosol, the aerosol information was
adopted from the database of Optical Properties of Aerosols and Clouds (OPAC), which
contains various aerosol types [9]. Herein, we used three aerosol types for the simulation
study—continental average (CA), maritime clean (MC), and urban (UR) aerosols—to
consider the geolocational characteristics of the AMY observation site. The composition and
physical characteristics of these aerosol types are presented in Table 1. The aerosol types we
used were composed of several single compositional particles. The water-soluble particles
(WASO) were usual soil particles with some organic material. The water-insoluble particles
(INSO) were the particles originating during gas-to-particle conversion and comprise
various kinds of sulfates, nitrates, etc. Soot (SOOT) denotes the absorbing black carbon. CA
and UR differ only in the number mixing ratio according to the degree of anthropogenic
influence and have the same aerosol composition. MC mainly comprises sea salt; thus, it
has larger-sized particles than the other aerosol types.

Table 1. Aerosol microphysical properties and height information for the mixture aerosol types from
OPAC database.

Aerosol Type Components rmod rmin rmax σ Ni ni Z (km)

Continental Averaged
(CA)

WASO 0.0212 0.005 20.0 2.24 7000 0.458
8INSO 0.471 0.005 20.0 2.51 0.4 0.261 × 10−4

SOOT 0.0118 0.005 20.0 2.00 8300 0.542

Urban
(UR)

WASO 0.0212 0.005 20.0 2.24 28,000 0.177
8INSO 0.471 0.005 20.0 2.51 1.5 0.949 × 10−5

SOOT 0.0118 0.005 20.0 2.00 130,000 0.823

Maritime Clean
(MC)

WASO 0.0212 0.005 20.0 2.24 1500 0.987
1SSAM 0.209 0.005 20.0 2.03 20 0.132 × 10−7

SSCM 1.75 0.005 60.0 2.03 3.2 × 10−3 0.211 × 10−5

Note: WASO, INSO, SOOT, SSAM, and SSCM indicate the soluble, insoluble, soot, sea salt accumulated mode,
and sea salt coarse mode, respectively. rmod and σ are the parameters of lognormal size distribution, Ni is the total
particle number density per cubic centimeter, and ni is the number mixing ratio. H and Z are the thickness of the
aerosol layer and aerosol scale height, respectively.
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The vertical distribution of aerosol particles is determined exponentially as follows:

Nh = N0e−
h
Z (2)

where N0 is the number density of the aerosol components at sea level, h is the altitude
above a ground level, and Z is the scale height at 8 km (Z) for CA and UR and at 1 km for
MC in the OPAC database,. The aerosol particles typically exit below 2–4 km in East Asia
Region [48], so we assumed that the components of aerosol types were only loaded from
the surface to 2 km. The lognormal distribution [49] was applied for each compositional
aerosol as follows (shown in Figure 3):

dNi(r)
dr

=
Ni√

2πr logσi ln 10
exp

−1
2

 log
(

r
rmod N,i

)
logσi

2 (3)

where rmod N,i is the mode radius, σi is the width of the distribution, and Ni is the total
particle number density of the component i in particles per cubic centimeter. In the prospect
of scattering, the size parameter (χ = 2πr/λ) determines the scattering regimes between
Rayleigh and Mie. The Rayleigh scattering regime, where the size parameter is smaller
than 1 (χ� 1), is negligible in the thermal infrared, which is primarily sensitive to the
high particle size of the aerosols, as indicated by the 8.0 µm bar in Figure 3. Therefore, the
emission contribution of SOOT to the downwelling radiance is very small and the emission
contributions of INSO and sea salt aerosol are higher than the other compositional aerosols.
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Figure 3. Lognormal size distribution of compositional aerosols, INSO (red), WASO (green), SOOT
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(0.5, 1.0, 3.5, and 8.0 µm) are indicated as the black horizontal bars.

Since the AOD is determined by physical characteristics as well as refractive indices
(Figure S1) that vary by wavelength, it needs to match the wavelengths between two AOD
products: one is the observed value from GAW-PFR in the VIS regions and the other is the
estimated value from the retrieval algorithm using the AERI-observed radiance in the IR
regions. Two methods can be simply used to convert the spectral AOD value into a different
wavelength: (i) using the Angstrom exponent value, which is a parameter that describes
how the AOD typically depends on the wavelength [50], and (ii) calculating AOD using a
radiative transfer model with the physical and optical properties of aerosol [9]. Herein, we
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decided to calculate the AOD at 500 nm using LBLDIS and aerosol information retrieved
from our algorithm and compare it with the AOD observed from GAW-PFR. To acquire
the spectral AOD that corresponds to 500 nm, physical and optical information about the
aerosol is required. Among the physical properties of aerosol, the size distributions and
number mixing ratios of each aerosol type are not changed, but the number concentrations
are obtained from the retrieval algorithm using AERI-observed radiance with OEM. Finally,
a spectral AOD at 500 nm can be acquired by LBLDIS using the aerosol information from
algorithm and the optical and physical aerosol properties in the VIS regions from OPAC
database. Hereafter, AOD indicates spectral AOD at 500 nm in this study.

3.2. Optimal Estimation Method

To retrieve the thermodynamic profiles and AOD from the AERI-observed radiance,
OEM, based on the Levenberg–Marquardt equation, was applied. This OEM combines
the Gradient Descent and the Gauss–Newton methods to find the best solution. The state
vector (Xn+1), which is the vertical structure of temperature and the water-vapor mixing
ratio in TROPoe and AOD in ARAOE, can be calculated as follows:

Xn+1 = Xn +
[
(1 + γ)S−1

a + KT
nS−1

ε Kn

]−1[
KT

nS−1
ε (Y− F(Xn))− S−1

a (Xn − Xa)
]

(4)

where Xa and Sa denote the a priori known state vector and covariance matrix, respectively.
The atmospheric composition data known a priori were taken from the climatological
entire-year profile from the Whole Atmosphere Community Climate Model (WACCM)
version 4 at AMY, between 1980 and 2020 [51]. Climatological AOD values, which were 0.3
for both mean (Xa) and covariance value (Sa), were obtained from AERONET data at AMY
between 1999 and 2016.

The Jacobian matrix (Kn) was calculated using the first-order partial derivative of Y and
X with physical perturbation. Here, Y denotes the observed AERI radiance, while F(X) is
the simulated radiance by LBLDIS with the thermodynamic profile and aerosol information.
The error covariance of observation (Sε) was determined from the standard deviation of
the calibrated imaginary radiance spectrum as a function of wavelength [26]. Additionally,
γ is the Levenberg parameter (LP), which functions as the damping factor with the weight
differences between observation and the solution to the previous iteration step.

The optimized solution can be derived by minimizing the cost function (c), which is
determined as follows:

c = (Y− F(x))TS−1
ε (Y− F(X)) + (Xa − X)TS−1

a (Xa − X) (5)

A high LP value indicates that the prior information contributes significantly more
than the observations. For low LP value, the observation is more crucial than the prior
information. LP value varies at each iteration according to the following criteria:

R = (cn − cn+1)/(cn − cn+1, FC) (6)
R < 0.25, γn+1 = 10× γn

0.25 < R < 0.75, γn+1 = γn
0.75 < R, γn+1 = 0.5× γn

(7)

where R represents the ratio of two cost functions (one is calculated at the next iteration
using the optimal estimation approach, and the other is related to the linear evolution), as
cn+1,FC is calculated by assuming F(Xn + 1) = F(Xn) + KndXn + 1. When R is less than 0.25, the
present iteration is considered to be diverging, and thus, LP increases by a factor of 10 in
the next iteration step. LP is constantly maintained when R is within 0.25 and 0.75. When R
is greater than 0.75, LP is reduced by a half.
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The convergence is determined at each iteration according to the following equation.(
Xn − Xn+1

)T
S−1

(
Xn − Xn+1

)
� N (8)

where N is the dimensions of the state vector. Furthermore, S is a posterior error covariance
matrix that allows for the sensitivity of the forward model, and the uncertainties in both
the prior information and the observations to be propagated into the uncertainty of the
solution. It is determined as follows:

S =
(
γS−1

a + KT
nS−1

ε Kn

)−1(
γ2S−1

a + KT
nS−1

ε Kn

)(
γS−1

a + KT
nS−1

ε Kn

)−1
(9)

The convergence state is determined based on the difference in the state vectors between
the current and the previous iteration step through the change in state vector; it is substantially
smaller than the magnitude of error associated with the retrieval. Moreover, RMSn+1 >
γnRMSn and a number of maximum iterations are used as the convergence criteria.

4. Results
4.1. Sensitivity Test

The magnitude of down-welling emitted radiance in the thermal infrared spectral region
is significantly affected by the atmospheric state [52]. Therefore, we simulated the first sensi-
tivity test using LBLDIS to investigate the impacts of various atmospheric thermodynamic
profiles and aerosol in the spectral region of AERI. Three atmospheric profiles—U.S. Commit-
tee on Extension to the Standard Atmosphere 1976 (US76), Middle Latitude Summer (MLS),
and Middle Latitude Winter (MLW)—were considered, with the same aerosol condition
(1.0 of AOD for CA) and compared with the clear-sky condition (Figure 4).

The contribution of emitted radiance due to aerosol ranges widely from 700 to
1300 cm−1, including the atmospheric window, and is small, between 650 to 700 cm−1,
where the strong absorption bands of CO2 exist. Although identical properties were ap-
plied, the magnitude and shape of the effect on the radiance (represented as residual in
Figure 4b) differed as a function of the wavenumber as the different amounts of absorption
by other gases, especially water vapor and temperature with Stefan–Boltzmann’s law, affect
the emission, and the radiance arrived at the ground in the thermal–IR regions. Moreover,
the radiance can significantly change depending on the atmospheric humidity as the water-
vapor continuum is widely located in the IR regions. The radiance residuals are about
3–4 radiance units (RU; 1 mW/(m2 sr cm−1), which are approximately 20–30% of clear
sky radiances. Thus, the TROPoe was employed to acquire the accurate thermodynamic
profiles to reduce the uncertainty derived from the atmospheric states.

Figure 5 shows the effect of different aerosol types on radiation under the same
atmospheric conditions (US76 atmospheric profile). The AODs are all set to 1.0. MC,
representative of the marine region, which exhibits a different shape for the radiance
residual spectrum than CA and UR despite having the same atmospheric conditions
(Figure 5b). Compared with CA and UR, MC more significantly impacts the emitted
radiance at relatively short wavenumbers (700–900 cm−1) than at a longer wavenumber
(900–1200 cm−1). This is because the different aerosol type compositions afford different
refractive indices. Furthermore, the emission coefficients of the sea salt are larger than
those of the aerosol components (e.g., WASO, INSO, and SOOT) at short wavenumbers [9];
thus, MC emits more radiance at 700–900 cm−1. In contrast, the impact of CA and UR
is significant at long wavenumbers (900–1200 cm−1) because the emission coefficient of
INSO is larger than that of sea salt at long wavenumbers [9]. Additionally, the effects of
the CA and UR on the radiance are not discernable because they have the same aerosol
composition and only a slight difference in the number density. Therefore, we decided to
use only CA and MC to represent the general state of the turbid atmosphere.
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Figure 6 shows the impacts of various AODs under the same atmospheric conditions
and aerosol type. A US76 atmospheric profile was used, and various AODs, ranging from
0.3 to 1.0 of CA, were simulated. The downwelling emitted radiance increased with a
high AOD. The maximum impacts (approximately 4 RU) occurred at around 800 cm−1

when AOD was 1.0, which is equivalent to about 30% of the radiance of an aerosol-free
atmosphere. When compared with the noise level of AERI, which is assumed to be 1%
of radiance, the radiance emitted from aerosol is not negligible even when AOD is 0.1,
except for the CO2 absorption bands. From those simulation studies, the fitting windows
to estimate AOD were determined in the ARAOE algorithm (Table 2).
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Lastly, we tested the change in the degree of freedom for the signal (DFS) for AOD in
the retrieval algorithm depending on humidity, which affects the IR regions, including the
fitting windows used in this study. The DFS, which represents the number of independent
pieces of information from the observation used in the solution, can be computed as the
traces of the averaging kernel matrix (A):

A =
(
γS−1

a + KT
nS−1

ε Kn

)−1
KT

nS−1
ε Kn. (10)

The atmosphere profiles for simulation were randomly selected to consider the various
humidity conditions from ERA-5 data in 2010 at AMY. The precipitable water vapor (PWV)
was used to represent the atmospheric humidity as follows:

PWV =
∫ ∞

0

rz

g
dp (11)
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where rz is the water-vapor mixing ratio, g is the gravitational acceleration, and p is the
pressure level. The AODs were set to 0.1 (low), 0.5 (medium), and 1.0 (high) to represent
the different atmospheric turbidities for the CA and MC types.

Table 2. Spectral region used in the retrieval of temperature, water-vapor mixing ratio, and AOD.

State Vector Starting Wavenumber (cm−1) Ending Wavenumber (cm−1)

Temperature
612.0 618.0
624.0 660.0
674.0 713.0

Water-vapor mixing ratio 538.0 588.0

AOD

770.9 774.8
785.9 790.7
809.0 812.9
815.3 824.4
828.3 834.6
842.8 848.1
860.1 864.0
872.2 877.5
891.9 895.8
898.2 905.4
926.6 939.7
959.9 964.3

Figure 7a–c show the bias errors, which are the differences between retrieved AOD
and assumed AOD. The bias errors were very small when PWV is smaller than 2.5 cm and
increased with a high PWV. MC had a smaller error and was less sensitive to the amount of
the PWV than CA because the signal emitted from the MC aerosol type is stronger than the
CA aerosol type in Figure 5. The bias error of MC is less than 5%, even though the PWV is
more than 6 cm. When AOD is 0.1 (low), the bias error and retrieval uncertainty are larger
than the AODs, at 0.5 (medium) and 1.0 (high). This is because the signal from aerosol is
weak when AOD is a low. Additionally, the retrieved AOD typically has a positive bias
when AOD is 0.1 and a negative bias when AOD is 0.5 and 1.0. This is because of the a
prior value we used for AOD as 0.3.

The DFS sensitivity as a function of the PWV (Figure 7d–f) show similar characteristics
to bias error. Over 2.5 cm of PWV, the DFSs of CA and MC start to decrease. The DFS for
AOD at 0.1 is generally lower and has an inconsistent habit, depending on PWV, compared
with the DFS for AOD at 0.5 and 1.0. This is also because the signal of the radiance emitted
from the aerosol is weak at a low AOD. Additionally, the DFS for CA is more sensitive to
the PWV than that of MC and decreases over 5 cm of PWV. When the PWV is 6 cm, the
DFS for CA decreased by 20–30%, whereas MC only slightly decreased. As the radiance
emitted from the MC type is greater than that of CA, as shown in Figure 5, MC inherently
requires more signals to obtain the information needed for retrieval. Nevertheless, CA has
still information, even in a highly humid atmosphere (DFS > 0.8).

4.2. Verification of AOD Retreival Algorithm: Case Study

The retrieval performance of ARAOE was evaluated using the AERI-observed radiance
at the AMY observation site. As mentioned in Section 2, the available temporal data
for AERI at AMY were limited and sparse; thus, we selected a specific period that had
continuous data for the entire day: 21 October 2010.

Figure 8 shows the retrieved time series of temperature and the water-vapor mixing
ratio profiles obtained using the TROPoe. The figure reproduces the diurnal variation in the
temperature, wherein the temperature around the surface increases in the afternoon due to
the solar heating and decreases at nighttime due to the radiation cooling. The mean PWV was
1.64 cm in this case study, so the uncertainty derived from a high PWV value was negligible.
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Figure 7. (a–c) The difference between the retrieved and assumed AOD and (d–f) DFS as a function
of the PWV. These estimated results were acquired from the simulated radiance using the thermo-
dynamic profiles from ERA-5 data, and AOD was assumed to be 0.1 (circle), 0.5 (square), and 1.0
(diamond) for the CA and MC types.

To verify the thermodynamic profiles retrieved from the AERI observations, the modi-
fied Taylor diagram [53] was employed; this is a statistical technique used to demonstrate
the retrieval efficiency and similarity between two datasets. ERA-5 data were used for
comparison. The Pearson correlation coefficient (R) and standard deviation ratio (SDR)
between the retrieved variables and ERA-5 data are defined as

R =
1
N ∑4km

z=0 [m(z)−m][a(z)− a]
σmσa

(12)

SDR = σa/σm (13)

where N denotes the number of profiles, m(z) represents the ERA-5 profile, and a(z) is the
retrieved thermo-dynamic profile. The mean values (m and a) and standard deviation (σm
and σa) were calculated over the altitude between 0 and 4 km. For example, R = 1 and
SDR = 1 is in an ideal place between the two datasets.

Figure 9 shows the results of the modified Taylor diagram generated from each
thermodynamic profile in Figure 6. The points on the diagram cluster are mainly distributed
around R = 0.95 and SDR = 1.1 for temperature and around R = 0.92 and SDR = 0.9 for the
water-vapor mixing ratio. These results are similar to those of a previous study [31] and
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demonstrate that the retrieved thermodynamic profiles agree well with the ERA-5 profiles
(R > 0.92 and 0.9 < STD < 1.1).
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Finally, the AOD retrieved from the AERI observations with assumption of two aerosol
types (CA and MC) was compared with the GAW-PFR observations as a function of time
(Figure 10). The GAW-PFR data exist only for the daytime, from 00 to 08 UTC (09 to 16 local
time), as they observes the shortwave radiance incoming from the sun. Here, the observed
AOD from GAW-PFR ranged from 0.4 at 00 UTC to 1.2 at 07 UTC. This demonstrates
that the high temporal resolution beneficially captures the evolution of pollutions in the
atmosphere. As mentioned in a previous sensitivity test, due to the emissivity difference
between MC and CA in the spectral bands used in the ARAOE algorithm, the AOD derived
for MC was, overall, slightly lower than those derived for CA.

Remote Sens. 2022, 14, x FOR PEER REVIEW 15 of 22 
 

 

  
(a) (b) 

Figure 9. Modified Taylor diagrams showing the correlation coefficient and SDR between the ERA-

5 data and retrieved profiles of (a) temperature and (b) water-vapor mixing ratio on 21 October 2010 

at the AMY. 

Finally, the AOD retrieved from the AERI observations with assumption of two aer-

osol types (CA and MC) was compared with the GAW-PFR observations as a function of 

time (Figure 10). The GAW-PFR data exist only for the daytime, from 00 to 08 UTC (09 to 

16 local time), as they observes the shortwave radiance incoming from the sun. Here, the 

observed AOD from GAW-PFR ranged from 0.4 at 00 UTC to 1.2 at 07 UTC. This demon-

strates that the high temporal resolution beneficially captures the evolution of pollutions 

in the atmosphere. As mentioned in a previous sensitivity test, due to the emissivity dif-

ference between MC and CA in the spectral bands used in the ARAOE algorithm, the 

AOD derived for MC was, overall, slightly lower than those derived for CA. 

 

Figure 10. The time series of the retrieved AOD assuming different aerosol types, CA (red triangle) 

and MC (blue square), and that observed (black, diamond) using GAW-PFR. 

Additionally, the pollution events were higher than the climatological value of mean 

(0.3) and standard deviation (0.3) obtained from AERONET at AMY. The AODs retrieved 

from the AERI observations are likely to have been quantitatively underestimated com-

pared to the AOD observed during the daytime. However, their diurnal evolutions, such 

as the growth trend over time, are similar. MC-type AODs were lower than CA-type 
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and MC (blue square), and that observed (black, diamond) using GAW-PFR.

Additionally, the pollution events were higher than the climatological value of mean
(0.3) and standard deviation (0.3) obtained from AERONET at AMY. The AODs retrieved
from the AERI observations are likely to have been quantitatively underestimated compared
to the AOD observed during the daytime. However, their diurnal evolutions, such as the
growth trend over time, are similar. MC-type AODs were lower than CA-type AODs
because the emissivity of the MC in the spectral bands used in the algorithm is greater
than that of the CA. In addition, this retrieval characteristic was clearly revealed in the
sensitivity test according to the aerosol type, and while CA and UR had similar results
regardless of the variation in AOD, the retrieval error of AOD for the MC-type increased as
AOD increased (Figure S2 and Table S1). The slight AOD difference between 03 and 04 UTC
may be because of the contamination of some signals by transparent cirrus or fragment
clouds, or thin mist/haze. In addition, the cause of this discrepancy could be inherently
affected by the sensitivity of AERI. GAW-PFR is sensitive to both fine and coarse particles,
and AERI radiance is primarily affected by the larger particles in the size distribution.
Therefore, when very fine aerosol particles are present in the atmosphere, AERI’s radiance
responds less sensitively to fine mode AOD; then, the AOD derived by ARAOE can be
underestimated compared with that from the GAW-PFR. Moreover, several steep increases
in the AOD events were observed during the nighttime, while the AODs were maintained
in the 0.2–0.5 range.

Figure 11 shows an example of the downwelling radiance spectrum of AERI obser-
vations and the radiance spectrum simulated by LBLDIS for a clear sky and aerosol case
at 04:53 UTC on 21 October 2010. The simulated radiance for clear sky (driven using
thermodynamic profiles from the TROPoe) was lower than the radiance observed in the
spectral regions for aerosol retrieval. These differences in the radiance spectrum are related
to the impacts of aerosol types. Furthermore, the simulated radiance from ARAOE matched
the observation at 800–1200 cm−1 and the retrieved AOD of 0.9 matched the AOD of 0.91
from the GAW-PFR.
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simulated radiance without aerosol information (blue).

Figure 12 shows the variations in AOD and root mean square error (RMSE) between
the observed and simulated radiance at each iteration step until the algorithm reached
the optimized solution at 04:53 UTC on 21 October 2010. At each iteration step, the AOD
convergence process was clearly revealed. The AOD increased from 0.3 in the first iteration
to 0.9, which is a convergent state that in good agreement with the AOD of 0.91 from GAW-
PFR. Simultaneously, the RMSE of radiance decreased from 3.4 to 2.2 RU with each iteration
step. These results show the good performance of the retrieval algorithm and suggest the
possibility of AOD retrieval using infrared radiance with a well-defined thermodynamic
profile and an aerosol model.
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5. Discussion

ARAOE employs broad infrared spectral bands that are sensitive to aerosols used to
derive the AOD from the hyperspectral downwelling radiance that was emitted, measured
from AERI, based on OEM. Therefore, ARAOE is sensitive to the magnitude of the radiance
spectrum simulated by the RTM, considering the atmospheric vertical structures (temper-
ature and water-vapor mixing ratio), chemical profiles, and aerosol effects as well as the
observation quality in AERI due to the characteristics of the infrared spectral region.

Herein, a comparison with the ERA-5 and GAW-PFR data shows that the ARAOE cou-
pled with the TROPoe accurately estimated the atmospheric profiles and AOD, respectively.
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However, the AOD obtained using ARAOE was somewhat underestimated compared
with that obtained using GAW-PFR in states of relatively high AOD (over 0.5). This could
be due to the uncertainty derived from the small aerosol particles, showing that AERI is
insensitive, but GAW-PFR is able to detect this.

In ARAOE, the aerosol effect was simulated for several types of aerosol mixture and
fixed vertical distributions from the OPAC database. However, the optical and physical
properties of aerosols are different under the actual atmospheric conditions. For example,
the physical and optical properties of Asian dust are very different compared with the
general aerosol types, especially as Asian dust is largely composed of large-size particles;
thus, it will be beneficial to retrieve AOD during the Asian dust event with the ARAOE
algorithm. Moreover, many lidar-based aerosol studies [54–56] show that the vertical
distribution shapes assumed in OPAC can be different. Turner [56] showed that the aerosol
scale height at the Southern Great Plains is much lower (2 km) than the OPAC scale height
used in this study (8 km).

Additionally, it will be useful to look at whether the type of aerosol from the OPAC
database can be distinguished in the previous stage using certain wavelength bands (espe-
cially adding a 1100–1150 cm−1 region where the refractive indices vary dramatically ac-
cording to the aerosol type, as shown in Figure S1), in which the residual from the radiance
spectrum is significantly different from the clear sky state, as shown in Figure 4. Moreover,
the aerosol type was further subdivided, and if the vertical information (e.g., extinction
coefficient and depolarization ratio) using the multi-wavelength Raman lidar [56,57], which
simultaneously measures this along with AERI, is simultaneously employed, then the AOD
retrieval error can be reduced.

The presence of the fractional clouds or cirrus in the clean atmosphere can overestimate
the AOD in regions with clear skies or less turbid aerosol conditions because the emitted
radiance in these regions may be mistakenly recognized as the effect of aerosol. Therefore,
the cloud process should include additional correction or filtering to minimize the cloud
effect. If the sky cover identified from the hemispheric sky images measured by the total sky
imager (TSI), or the cloud fraction or cloud type information derived from a high-resolution
satellite are utilized, the contaminated signals caused by cirrus or fractional clouds could be
distinguished using an appropriate threshold value (e.g., cloud cover < 0.3). Furthermore,
if an algorithm that calculates cloud information from AERI, such as the mixed-phase cloud
property retrieval algorithm (MIXCRA [58]), is used for cases classified as optically thin
clouds, it can be utilized to acquire a cloud’s microphysical information.

In the present study, the daytime AOD, retrieved by ARAOE from AERI, was evaluated
with that of GAW-PFR, and in the future, the nighttime AOD can be directly/indirectly
evaluated with the aerosol information derived from the ground-based aerosol lidar or
the Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP), which are onboard the
Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO).

Furthermore, in future studies, we will variably consider the chemical composition of
the atmosphere, such as CO2, for which the transmittance is widely distributed in the AERI
spectral region, using the chemical transport model or satellite observation instead of the
fixed concentration from the current atmospheric models (US76, MLS, and MLW).

6. Summary and Conclusions

In this study, we investigated the possibility of AOD retrieval based on OEM using the
AERI observations at the AMY observation site. Through the sensitivity tests, we showed
that the effects of the downwelling radiance that was emitted depend on the different
atmospheric thermodynamic profiles as well as on the physical and optical properties of
aerosol. Therefore, ARAOE was coupled with the TROPoe to obtain an accurate vertical
temperature structure and water-vapor information and with LBLDIS to simulate the radi-
ance using a generalized aerosol model. The optical and physical properties of aerosol were
adopted from the OPAC database, and a mixed CA and MC aerosol type was considered.
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The atmospheric profiles retrieved from the TROPoe and the AOD retrieved from
ARAOE were compared with the ERA-5 reanalysis data and GAW-PFR observations,
respectively. The thermodynamic profiles agreed with those from the ERA-5 data through
the modified Taylor diagram. The retrieved AODs displayed the same growth trend,
although this tends to be slightly underestimated compared with that of GAW-PFR. A
possible reason for this underestimation is that the AOD retrieved with ground-based
remote sensing in the IR region comprised numerous uncertainties from thermodynamic
profiles, radiative transfer model, absorption model, trace gases, and the aerosol’s assumed
optical and physical characteristics as well as the inherent AERI instrument [59]. However,
the results showed that the retrievals accurately captured the observation trend and that
the radiance simulated with the aerosol model exhibited better performance when obtained
with the AERI-observed radiance compared with the radiance simulated without aerosol
information. Thus, these results show the possibility of retrieving AOD using infrared
radiance using accurate thermodynamic profiles and an aerosol model.

Herein, limited AERI samples were used to investigate the possibility of AOD retrieval
in the infrared region due to the limitations of continuous AERI operation at AMY. However,
AERI is operated worldwide in various climate and aerosol conditions by the ARM. There-
fore, possible future work includes examining the AOD retrieved using AERI-observed
radiance at worldwide observation sites with long-period data. Numerous observations
should allow for an in-depth comparison between the retrieved and observed AOD and for
the study of aerosol characteristics under different aerosol conditions.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs14020407/s1, Figure S1: Refractive indices (parts of real and
imaginary) of each aerosol type, insoluble (INSO), soot (SOOT), water soluble (WASO), sea salt
accumulated mode (SSAM), sea salt coarse mode (SSCM), respectively. The values for WASO
represent 50% of relative humidity. The gray shaded regions are the fitting window for AOD retrieval
in ARAOE (Table 2 in main text); Figure S2: Sensitivity test of ARAOE using synthetic data according
to the aerosol types of CA, UR, and MC, respectively. The synthetic radiance spectrum within
AERI spectral range consisted of US76 atmospheric data with various AODs of 0.1, 0.5, 1.0, and
1.5 for (a) CA and (b) MC aerosol types.; Table S1: Results of retrieved AOD for different aerosol
type assumption.

Author Contributions: Conceptualization, H.C.; methodology, H.C. and J.S.; software, J.S. and H.C.;
validation, J.S.; formal analysis, H.C. and J.S.; investigation, J.S., H.C. and Y.O.; writing—original
draft preparation, J.S. and H.C.; writing—review and editing, H.C., J.S. and Y.O.; visualization, J.S.
and H.C.; supervision, H.C.; project administration, H.C.; funding acquisition, H.C. and Y.O. All
authors have read and agreed to the published version of the manuscript.

Funding: This research was supported by the Basic Science Research Program through the Na-
tional Research Foundation of Korea (NRF) funded by the Korean government (MOE) (no. NRF-
2021R1I1A1A01045062) and the Korea Meteorological Administration Research and Development
Program “Development of Monitoring and Analysis Techniques for Atmospheric Composition in
Korea” under grant (KMA2018-00522).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data that support the findings of this study are available from the
corresponding author upon reasonable request.

Acknowledgments: We express special thanks to Young-Suk Oh of the National Institute of Meteoro-
logical Sciences (NIMS), Korea Meteorological Administration (KMA) for providing the AERI data.
The authors express their gratitude to the reviewers for their valuable comments and suggestions for
improving this manuscript.

Conflicts of Interest: The authors declare no conflict of interest.

https://www.mdpi.com/article/10.3390/rs14020407/s1
https://www.mdpi.com/article/10.3390/rs14020407/s1


Remote Sens. 2022, 14, 407 18 of 21

Abbreviations

AERI Atmospheric Emitted Radiance Interferometer
AOD Aerosol Optical Depth
ARAOE Aerosol Optical Depth Retrieval Algorithm from AERI using the

Optical Estimation Method
ARM Atmospheric Radiation Measurement
AMY AnMYeon
CA Continental Average
CALIOP Cloud-Aerosol Lidar with Orthogonal Polarization
CALIPSO Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation
DISORT Discrete Ordinates Radiative Transfer
DFS Degrees of Freedom for the Signal
ECMWF European Centre for Medium-Range Weather Forecasts
ERA-5 ECMWF Reanalysis version 5
ESRL Earth System Research Laboratory
FWHM Full Width at Half Maximum
FTIR Fourier Transfer Infrared
GAW-PFR Global Atmosphere Watch Precision-Filter Radiometer
HITRAN HIgh-Resolution Transmission molecular absorption database
INSO Water-Insoluble
KGAWO Korea Global Atmosphere Watch Observatory
KMA Korean Meteorological Administration
LBLRTM Line-By-Line Radiative Transfer Model
LP Levenberg Parameter
MC Maritime Clean
MLS Middle Latitude Summer
MLW Middle Latitude Winter
MODIS Moderate-Resolution Imaging Spectroradiometer
MT_CKD MlawerTobinCloughKneizysDavies
MWR Microwave Radiometer
NOAA National Oceanic and Atmospheric Administration
OEM Optimal Estimation Method
OMAERUV OMI Near-Ultraviolet Aerosol Retrieval Algorithm
OMI Ozone Monitoring Instrument
OPAC Optical Properties of Aerosols and Clouds
PWV Precipitable Water Vapor
RMSE Root Mean Square Error
RU Radiance Units
SKYNET Sky Radiometer Network
SSEC Space Science and Engineering Center
SURFRAD Surface Radiation Budget Observing Network
TROPoe Tropospheric Optimal Estimation Retrieval Algorithm
UR Urban
US76 U.S. Committee on Extension to the Standard Atmosphere 1976
WACCM Whole Atmosphere Community Climate Model
WASO Water-Soluble
WFR-Chem Weather Research and Forecasting Model Coupled with Chemistry
WMO World Meteorological Organization
WORCC World Optical Depth Research and Calibration Center
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