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Abstract— Clouds and aerosols are fundamental regulators of
Earth’s radiation budget and climate system, influencing both
solar and terrestrial radiation through scattering, absorption, and
emission processes. Accurate characterization of their physical and
radiative properties from space requires a rigorous understanding
of particle single-scattering, gaseous absorption, and radiative
transfer in the atmosphere, as well as reliable inversion methods.
This review synthesizes the physical foundations and algorithmic
implementations of satellite-based passive optical remote sensing
of clouds and aerosols, spanning the ultraviolet to thermal infrared
spectral range. Beginning with electromagnetic scattering theory
and state-of-the-art methods for computing single-scattering by
nonspherical particles and computationally efficient methods for
accounting for atmospheric absorption, we discuss the radiative
transfer framework underpinning cloud and aerosol retrievals.
The connection between single-scattering and multiple-scattering
is rigorously formulated. We then summarize operational and
research-grade retrieval techniques, including cloud masking and
thermodynamic phase determination, CO: slicing for cloud-top
pressure, the Nakajima-King shortwave bi-spectral, and infrared
split-window approaches for cloud optical thickness and effective
particle size, inversion algorithms for determining aerosol
properties from multi-spectral and/or multi-angle radiometric and
polarimetric measurements, and active-passive sensing synergy.
Examples of the global cloud and aerosol climatologies are
illustrated using observations from the Moderate Resolution
Imaging Spectroradiometer (MODIS) and the Multi-angle
Imaging SpectroRadiometer (MISR). Furthermore, the unique
strengths of active remote sensing techniques based on spaceborne
lidar observations are briefly elaborated in the context of studying
ice clouds composed of randomly and horizontally oriented ice
crystals, which is a significant challenge for conventional passive
remote sensing techniques. By connecting physical theory to
practical retrievals, this review highlights both the maturity of
current methodologies and the remaining challenges in reducing
uncertainties in particle morphology, vertical structure,
absorption, and aerosol-cloud interactions. Furthermore, the
impact of artificial intelligence (AI) on atmospheric remote sensing
is briefly addressed.
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I. INTRODUCTION

Clouds and aerosols are two critical components of Earth’s
atmosphere, with both short-term and long-term effects on
weather variability and the climate system through their
microphysical and radiative effects. Clouds regulate the
planetary energy budget by modulating incoming solar
radiation and outgoing terrestrial infrared (IR) emission, while
aerosols affect radiation directly through scattering and
absorption and indirectly through their interactions with
clouds. The complex interplay between clouds and aerosols
shapes the radiative balance, hydrological cycle, and
atmospheric  dynamics, thus rendering the accurate
characterization and monitoring of their properties essential for
improved weather prediction and climate modeling.

Clouds are ubiquitous, covering on average 65-68% of
Earth's surface, though these values are sensitive to detection
thresholds, which range from 56% when only optically thick
clouds (optical thickness > 2) are considered, to as high as 73%
when subvisible cirrus clouds are included [1], [2]. Based on
their thermodynamic phase, clouds can be classified as water
clouds composed of liquid water droplets spanning a range of
sizes, ice clouds composed of complex ice crystals with various
morphologies and sizes, or mixed-phase clouds in which liquid
droplets and ice crystals coexist. Of this total, ice clouds account
for, depending on instrument sensitivity and the cloud optical
thickness threshold applied as criteria to cloud classification or
detection, approximately 30-40% globally [2], with
substantially higher fractions in the tropics, where ice cloud
coverage typically averages 60% and higher (e.g., the
maximum cirrus cloud amounts that occur over the western
pacific warm pool can be as large as 70%) in regions of
persistent deep convection [2], [3]. Differences in cloud
thermodynamic phase are radiatively significant because liquid
droplets and ice crystals have distinct optical properties, namely
the extinction efficiency, single-scattering albedo, and phase
function (or the phase matrix if the polarization state of the
radiation field is of concern, such as in polarimetric remote
sensing applications). Our knowledge of the microphysical and
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radiative properties of ice clouds is much more limited than that
of water clouds. Furthermore, it is even more challenging to
achieve a robust understanding of mixed-phase clouds from both
measurements and theoretical studies.

While exceptions occur, cloud thermodynamic phase generally
varies systematically with height: Low-level clouds forming in
warmer environments consist primarily of liquid water droplets,
while high-level clouds near the colder tropopause region are
composed mainly of ice crystals. Intermediate-level clouds can be
mixed phase, containing a mixture of supercooled liquid droplets
and ice particles. Cloud characteristics are closely tied to
atmospheric stability, temperature, and altitude. For example,
cirrus clouds are typically higher than 6 km, with their delicate,
wispy, and feathery appearance as demonstrated in the example
cirrus clouds in Fig. 1 (upper panel) observed over College
Station, Texas, USA, on February 12, 2026. The typical
horizontal dimension of a fair-weather cumulus cloud (cumulus
humilis) is approximately 1 km with vertical thickness less than
1 km. In stable conditions, clouds often form stratiform layers
that extend horizontally over large distances but remain
relatively shallow, typically less than 1 km thick. In unstable
conditions, deep convective systems can develop, extending
from near the surface to the upper troposphere, and coupling
lower- and upper-atmospheric processes. The International
Satellite Cloud Climatology Project (ISCCP) cloud
classification scheme developed by Rossow and Schiffer [4]
has been extensively used in satellite-based remote sensing,
cloud climatology studies, and climate modeling simulations
(e.g., [5]) to classify clouds in terms of their heights and optical
thicknesses in the visible spectrum. As illustrated in the lower
panel of Fig. 1, ISCCP classifies clouds with cloud-top
pressures higher than 680 hPa as low clouds, including cumulus,
stratocumulus, and stratus; clouds with cloud-top pressures
between 440-680 hPa as middle clouds, including altocumulus,
altostratus, and nimbostratus; and those with cloud-top
pressures lower than 440 hPa as high clouds, including cirrus,
cirrostratus, and cumulonimbus associated with deep
convection, mainly thunderstorms.

The modulation of both incoming solar radiation and
outgoing terrestrial thermal IR emission by clouds is critically
dependent on the cloud phase and microphysical properties.
Solar radiation spans ultraviolet through visible to near- and
mid-IR wavelengths (approximately 0.4—5 pm), while absorbed
energy is reemitted by the Earth—atmosphere system at longer
IR wavelengths (roughly 3-100 pum). Low-level liquid water
clouds generally have high albedos and efficiently reflect solar
radiation, producing a net cooling effect. High-level ice clouds,
particularly thin cirrus clouds, both reflect sunlight and absorb
outgoing longwave radiation emitted from the surface and lower
atmosphere. By trapping IR radiation, these ice clouds can
contribute to atmospheric warming. The net radiative forcing
effect of a specific cloud (whether warming or cooling
dominates) therefore depends on its altitude, thermodynamic
phase, optical thickness, single-scattering albedo, and scattering
phase function.

Monitoring these properties on a global scale relies heavily
on satellite observations. Polar-orbiting and geostationary

meteorological satellites provide continuous observations of
cloud macrophysical properties, such as cloud-top height and
thermodynamic phase, as well as microphysical and optical
characteristics, including cloud optical thickness and effective
particle size. These observations are essential for numerical
weather prediction, where near-real-time cloud information
improves forecasts of precipitation, temperature, and severe
weather. Over longer timescales, satellite-derived cloud
climatologies are used to evaluate and refine global climate
models. However, constructing consistent multi-decadal
datasets presents challenges, as sensor calibration must remain
stable despite instrument degradation, orbital changes over
time, and platform or instrument changes.
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Fig. 1. (Upper panel): an image of cirrus clouds, taken on the
campus of Texas A&M University in College Station, Texas,
USA, on February 12, 2026; (Lower panel) the ISCCP cloud
classification scheme based on cloud optical thickness and
cloud-top pressure [4].



Retrieving cloud properties from space requires interpreting
radiances measured in carefully selected spectral bands,
typically located within atmospheric “windows” to minimize
gaseous absorption effects. Visible and shortwave IR
measurements are converted to bi-directional reflection
functions, while thermal IR observations are expressed as
brightness temperatures (BTs). Radiative transfer models and
retrieval  algorithms then infer cloud-top pressure,
thermodynamic phase (ice, water, or mixed), optical thickness,
and effective particle size based on these measurements of
reflectance or BTs. While the optical properties of liquid water
clouds composed of spherical water droplets can often be well
quantified using the well-established Lorenz-Mie theory [6],
[7], ice clouds are more complex. Ice crystals occur in a wide
variety of nonspherical habits or shapes [8], [9], such as
columns, plates, aggregates, bullet rosettes, overall irregular
forms, and morphologies with small-scale irregularities or
surface roughness, leading to intricate scattering behavior and
greater uncertainty in their radiative representation [10].
Ongoing advances in light-scattering and radiative transfer
simulations, satellite retrieval techniques, multi-spectral and
multi-angular observations, radiometric and polarimetric
measurements, and field campaigns continue to improve the
characterization of both liquid and ice clouds and their
representations in weather and climate models.

As another important constituent of the atmosphere that is
critical to the terrestrial radiation budget and climate system,
atmospheric aerosols are airborne small particles that can be
classified in terms of three main size modes based on the particle
diameters: the Aitken mode (10 nm - 0.1 pm), the accumulation
or fine mode (0.1-2.5 pm), and the coarse mode (>2.5 pm). In
addition to their well-known impacts on air quality and public
health, aerosols influence radiative transfer directly through
scattering and absorption of solar and terrestrial thermal
radiation (the aerosol direct effect), and indirectly through
interactions with clouds (the aerosol indirect effect). For the
former, scattering acrosols such as sulfates and sea salt enhance
planetary reflectivity and exert a cooling effect, whereas
absorbing acrosols, such as black carbon, can warm the
atmosphere by altering vertical temperature profiles. For the
latter, acrosols may serve as cloud condensation nuclei and ice-
nucleating particles, modifying cloud droplet number
concentration, optical thickness, lifetime, and precipitation
efficiency [11], [12], [13]. For the semi-direct effect, absorbing
aerosols such as black carbon cause local heating of the
atmosphere. The magnitudes of these radiative effects depend
on particle loadings, absorption, composition, size distribution,
morphology, vertical distribution, and underlying surface
properties.

Aerosol optical behavior is spectrally dependent and
governed by key parameters including aerosol optical depth
(AOD), single-scattering albedo (SSA), and the asymmetry
parameter (g). Globally, visible AOD typically ranges from 0.1
to 0.15 but can exceed 5.0 during intense dust or smoke events.
SSA generally ranges from 0.8 to near 1.0 in visible
wavelengths, and the asymmetry parameter commonly falls
between 0.6 and 0.75. Aerosol populations are commonly

represented by combinations of lognormal size distributions,
with the scattering efficiency maximized when particle sizes
are comparable to the wavelength of the incident radiation.
Fine-mode particles efficiently scatter visible radiation, while
coarse-mode particles more strongly influence shortwave IR
wavelengths. These spectral characteristics provide critical
insight into aerosol size, composition, and loading that can be
exploited with carefully selected measurements.

Ground-based sunphotometers, e.g., those deployed by the
AErosol RObotic NETwork (AERONET) project [ 14], provide
the most direct measurement of column-integrated AOD with
spectral dependence characterized by the Angstrém exponent.
However, satellite-based aerosol remote sensing remains
challenging due to factors such as variability in underlying
surface reflectance, molecular scattering, gaseous absorption,
cloud contamination, and instrument limitations in spatial,
spectral, and temporal resolution. Retrieval algorithms must
therefore rely on simplifying assumptions and cloud-masking
techniques. Although advances in multi-angle, multispectral,
polarization-sensitive, and lidar observations have improved
aerosol characterization, accurately constraining aerosol
absorption, vertical distribution, and aerosol—cloud interactions
from spaceborne observations remains a central scientific
challenge.

Together, aerosols and clouds constitute a tightly coupled
system that regulates atmospheric radiation and climate.
Continued advances in observational capabilities, theoretical
understanding, and modeling approaches are essential to
reduce uncertainties and improve predictions of their combined
influence on weather and climate systems. In the literature, a
number of papers have been published on satellite-based
remote sensing of clouds and aerosols, such as [15], [16], [17],
[18], [19], [20], [21], [22], to list just a few.

The present review summarizes satellite-based remote
sensing of cloud and aerosol properties using visible through
IR wavelengths. Because the single-scattering, absorption, and
multiple-scattering (radiative transfer) processes are both
essential to the physical principles and implementations of
remote sensing techniques, Section 2 recapitulates the physical
fundamentals of light scattering and radiative transfer,
including a summary of state-of-the-art light-scattering
computational capabilities and computationally efficient
methods for accounting for absorption by atmospheric gases.
Sections 3 and 4 summarize the physical basis for cloud mask
and cloud thermodynamic phase determination. In particular,
the cloud mask and cloud phase algorithms developed by the
Moderate Resolution Imaging Spectroradiometer (MODIS)
science team are reviewed. Section 5 reviews the widely used
CO:z slicing method [23], originally developed to infer cloud-
top pressure. Section 6 reviews a bi-spectral method [24] based
on a visible and a near-IR channel, and the thermal split-
window method based on the BT in one thermal window
channel and the BT difference (BTD) in two thermal window
channels. Examples of cloud property retrievals based on
MODIS observations are presented. Section 7 reviews the well-
known dark target (DT) and the Deep-Blue (DB) aerosol
retrieval algorithms. Retrieval examples based on DT are also



shown. Section 8 reviews an aerosol property retrieval
algorithm based on collocated observations by an active sensor
(a spaceborne lidar) and a passive sensor (an imaging IR
radiometer, IIR). Section 9 summarizes aerosol property
retrievals based on observations by the Multi-angle Imaging
SpectroRadiometer (MISR). Section 10 summarizes a
polarimetric aerosol property retrieval method. Section 11
briefly discusses inferring the percentage of horizontally
oriented ice crystals in ice clouds from spaceborne lidar
observations, a task unachievable with passive remote sensing
techniques. Section 12 concludes this review.

II. PARTICLE SINGLE-SCATTERING, GASEOUS
ABSORPTION, AND RADIATIVE TRANSFER IN
THE ATMOSPHERE

Particles in the atmosphere, such as ice crystals in cirrus
clouds, liquid droplets in water clouds, or aerosols, can
substantially modify the radiation field in the atmosphere under
cloudy or aerosol-laden conditions. Knowledge of single-
particle scattering by particles, gaseous absorption, and
radiative transfer of electromagnetic radiation in the atmosphere
is essential for implementing remote sensing techniques. In this
section, we briefly elucidate the physical fundamentals of
particle single-scattering, gaseous absorption, and radiative
transfer processes in a plane-parallel atmosphere, i.e., one that
is horizontally homogeneous.

A. Scattering of Radiation by Individual Particles

To understand single-scattering by an individual particle, let
us consider the attenuation of light due to the presence of a
particle under illumination by a collimated beam (i.e., the light
beam propagates in only one direction). The physical quantity
that quantifies light attenuation is called the extinction cross
section, and it differs in value from the particle’s projected area.
The extinction process involves two distinct physical
mechanisms, namely scattering and absorption. In the following
discussions, we consider only elastic scattering, i.e., the
redistribution or partial redistribution of the incident
electromagnetic energy in all directions, with the scattered and
incident electromagnetic waves having the same frequency. The
absorption process converts electromagnetic energy into a
different energy form, particularly heat. The extinction,
scattering, and absorption cross sections, C, , Cs and C,, have
units of area and satisfy the following relation:

C, =Cs + C,. €))

In practical applications, we usually quantify the extinction,
scattering, and absorption processes in terms of dimensionless
efficiency factors Q,, Qs and Q,, which are the ratios of the
corresponding cross sections to the projected area A, of the
particle on a plane perpendicular to the incident direction:

e = Ce/Ap’ Qs = Cs/Ap: and Q, = a/Apa 2
where

Q. = Qs+ Q. 3)

Another quantity that specifies the scattering ability of a
particle is the SSA, defined as

d=2=%5=1_% (4)
Ce Qe Qe

To quantify the angular distribution of the scattered
electromagnetic energy and associated polarization state, let us
consider the incident-scattering geometric configuration in Fig.
2. The plane containing the incident and scattering directions is
referred to as the scattering plane, and the angle 8 between the
two directions is called the scattering angle.

Fig. 2. Schematic illustration of the incident-scattering
geometric configuration for light scattering by a general
nonspherical particle.

If the incident and scattered electric vectors are decomposed
into the components along the directions parallel and
perpendicular to the scattering plane illustrated in Fig. 2, they
are related in the following form:

[ lu]
E

i)

exp [ik(§-y)] y)
—ik&

Sz 83

Sy 511

(52)

S= (5b)

where £ is the distance between the particle and the observer.
Matrix S is referred to as the amplitude scattering matrix. In
(5a), we implicitly assume that the temporal dependence of a
harmonic electromagnetic wave is e~“t, where w is the
angular frequency. In (5b), we use a common notation for the
S matrix elements, which was originally introduced by [25].
For a particle with rotational symmetry around the incident
direction, the amplitude scattering matrix is a function of the
scattering angle 6. For a general nonspherical particle, the
amplitude scattering matrix depends on scattering angle 6 and
the rotation of the scattering plane around the incident direction
with respect to a specific reference plane, specified by the
azimuthal angle ¢ in Fig. 2. For a sphere, matrix § is diagonal,

e., S3andS, are zero, and the analytical solutions to
S; and S, are given by the famous Lorenz-Mie theory [6], [7]
that is a milestone in the history of classical physics. The
amplitude scattering matrix given in (5b) contains all
information about the scattering and absorption properties of
the scattering particle.

For a sphere or a collection of nonspherical particles under
the random orientation condition with an equal number of
mirror-image particles, the incident and scattered Stokes
parameters are related by the following relation:
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where P is called the scattering phase matrix. For a sphere, P
is given in the form of

Py Py 0 0
Py Py 0 0
P= .
0 0 P33 Py @
0 0 —P3y  Pas

The scattering phase matrix averaged over a collection of
nonspherical particles under the random orientation condition
with an equal number of mirror-image orientations, is given by

Py Py 0 0

Py Py 0 0
P = . 8
0 0 Pyz Py ®)
0 0 —P3y Py

From the comparison between (7) and (8), P,, = P, in the
case of a sphere, whereas P,, # P;; for general nonspherical
particles; therefore, P,,/P;; is a quantity that can be used to
indicate the nonsphericity of a scattering particle [26]. The
elements of the scattering phase matrix can be directly
calculated from the amplitude scattering elements. For example,
P; 1, also known as the phase function, can be given by

P = 25 (5,12 + 15,12 + 15512+ 15,12). )

The phase function given in Eq. (9) is dimensionless and
normalized in the form
~ Jy P11(6)sinfd = 1. (10)
To illustrate the angular variation of the phase function,
panels (a) and (b) of Fig. 3 show the phase function (P11) and -
P12/P11 (the degree of linear polarization of the scattered light,
when the incident light is unpolarized such as natural sunlight)
of a collection of water droplets specified in terms of the
Gamma particle size distribution [27], which is referred to as a
polydisperse medium. Panels (c¢) and (d) of Fig. 3 show the
phase function and -P12/P11 of an ice crystal under the random
orientation condition with an equal number of mirror-image
orientations. In the case of light scattering by an ensemble of
large water droplets, the scattering peaks corresponding to the
primary rainbow, secondary rainbow, and glory are clearly
shown in panel (a) of Fig. 3, whereas the 22° and 46° halo peaks
are indicated in panel (c) of Fig. 3. Light scattering by
nonspherical particles without symmetry in specific orientations
is an advanced topic and will not be discussed in this paper.
Briefly, the phase matrix may have 16 nonzero elements, and
the extinction matrix rather than a scalar extinction cross section
should be defined and used in radiative transfer simulations.
Panels (e) and (f) of Fig. 3 show the phase function and -P12/P11
in the Rayleigh scattering regime where the size of the scattering
particle is much smaller than the wavelength of the incident
light, which is symmetric about the 90° scattering angle and is
associated with strong linear polarization. Panels (g) and (h) of
Fig. 3 show the phase function and -P12/P11 of dust aerosols
represented in terms of a collection of randomly distorted

hexahedral particles defined in the TAMUdust2020 dust
optical property database [28]. The phase function of dust
aerosols is relatively smooth, and the associated linear
polarization is weak.

In many practical applications, it is computationally
inefficient to explicitly account for the detailed phase function.
Instead, the asymmetry factor, an integrated optical quantity, is
often used, which is defined in the form

g =3y Pr1(0)cosOsindde. (11)

The value of the asymmetry factor is between -1 and 1. In
particular, the usual case is g > 0 when more energy is
scattered into the forward angular hemisphere. g < 0 if more
energy is scattered into the backward angular hemisphere, and
this occurs when the scattering particle is embedded in an
absorbing medium [29], [30]. For Rayleigh scattering, the
asymmetry parameter is g = 0 because the scattering pattern is
symmetric for the forward and backward hemispheres in the
4m scattering angular space.

With the asymmetry parameter, an analytical phase function
referred to as the Henyey-Greenstein function P;;(8) can be
specified in the form

1-g°

P, (6) = (1+g2-2gcos6)3/2° (12)
The Henyey-Greenstein function can be a reasonable
surrogate for the realistic phase function in broadband flux
computations in some cases (e.g., in the two-stream radiative
transfer simulations, [31]), but it often leads to significant
errors in remote sensing applications, particularly in retrieval
algorithm implementations involving ice clouds and coarse-
mode dust aerosols.

Fig. 3. Panels (a) and (b): The phase function and -P12/P11 (the
degree of linear polarization of scattered light in the case of
unpolarized incident light) of an ensemble of water droplets;



Panels (c) and (d): hexagonal ice crystals under the random
orientation condition; Panels (e) and (f): Rayleigh scattering
(lower-left panels); Panels (g) and (h): dust aerosols (lower-
right panels). For water droplets, D, = 2r,, where 7, is the
effective particle radius defined by (14) for an ensemble of
polydisperse particles with various sizes specified in terms of
the Gamma distribution (13). For nonspherical dust aerosols, the
effective radius is defined based on Eq. (15) for an ensemble of
20 randomly distorted hexahedral particles, as explained in
detail in [28].

In addition to the size and shape of a scattering particle, its
scattering and absorption properties are highly sensitive to its
complex refractive index (m = m,. + im;). The imaginary part
of the refractive index largely determines the absorption of light
by the scattering particle. Figure 4 shows the refractive index of
ice at temperatures 160, 210, and 270K and the refractive index
of liquid water at temperatures 240, 270, and 300K [32], [33].
Although the present review focuses on the optical spectrum
from the visible to the thermal IR, it is worth noting that the
imaginary part of the refractive index of either ice or liquid
water is sensitive to temperature in the far-IR (FIR)-to-
microwave spectral regime. For water, the real part of the
refractive index also strongly depends on temperature in the
FIR-to-microwave spectral regime.

Fig. 4. The refractive indices of ice (left panels) at temperatures
160, 210, and 270K, and the refractive indices of liquid water
(right panels) at temperatures 240, 270, and 300K at
wavelengths from ultraviolet to microwave. Courtesy of Siheng
Wang, Texas A&M University.

For practical applications in remote sensing, the bulk optical
properties of particulate matter (e.g., a cloud or aerosol layer)
containing polydisperse particles with various sizes depicted by
the particle size distribution are needed. As an example, here we
consider the bulk optical properties of water droplets in a low
cloud. The particle size distribution can be specified in terms of
the Gamma distribution in the form [27],

N(r)dr = Nyr(=3ve)/veg=/Tevedy, (13)
where r is the particle radius and N, is a constant. N(r)dr
denotes the number concentration (number of particles per unit

volume) of the particles with radii between (r — dz—r) and (r +
%). In the above equation, v, is the effective variance and is

assumed to be 0.1 for water clouds, and 7;, is the effective radius

defined as the cross-section weighted average radius in the
form [27]:

f:;niix rer2N(r)dr f::rz‘;‘lx r3N(r)dr (13)
T, = = .
e [IMax 2N (r)dr [Imax 2y (rydr
Tmin Tmin

In the case of nonspherical particles (i.e., ice crystals in a cirrus
cloud), the above definition can be generalized in terms of the
ratio of total volume to total projected area [34], particularly in
the form:

3 f:;niix V(r)N()dr

r, =—mn
€ 4 f:m,ax Ap(MN(@)dr’
min

(15)

where 7 indicates half of the characteristic dimension of a
nonspherical particle, V is the volume of the particle, and 4, is
the projected area of the particle on a plane perpendicular to the
incident radiation, the same as the counterpart in (2). The bulk
optical properties, for example, the bulk phase function and
extinction coefficient, can be defined as

S Py (R Cs (N (r)dr

Py =(P; (1) = Tmfirrlmax CNmdr (16)
ke = [ C, NG, (17

where ( ) denotes the average over the scattering particle
population. The extinction coefficient k, has units of inverse
length, whereas the extinction cross-section has units of area.
For a cloud layer with geometrical thickness Az , the
dimensionless optical thickness (A1), a very important quantity
in radiative transfer simulation, is defined as

At =k, Az. (18)
It should be pointed out that 7, and At are two important
parameters in defining the microphysical properties of clouds.
For example, the ice water path (IWP) associated with a
vertically homogeneous ice cloud with a thickness of Az can be
expressed as

IWP = p;.. f V(r)N(r)dr - Az

3 3 [V(r)N(r)dr |4
= Pice [Z W] [g f Q.(MA,(r)N(r)dr|Az
o JA,(N(r)dr
JQe(MA,(r)N([)dr
= % PiceTeAT, (19a)
At = [ Q. (1A, ()N (r)dr Az, (19b)
=~ _ [ Qe(MAAp(r)N()dr
Qe =" Taonmar (199)

where p;.. is the mass density of ice, At specifies cloud
optical thickness, and Q. is the mean extinction efficiency,
averaged over the particle size distribution. In practice, Q, =~ 2
is a highly accurate approximation because ice crystals in ice
clouds are predominately much larger than the wavelength of
the incident radiation in the visible and thermal IR spectra. The
importance of knowing the effective particle radius is further
manifested by the use of this parameter in the cloud radiative
property parameterizations in climate models. Specifically, the
bulk mass extinction coefficient, single-scattering albedo, and
asymmetry factor can be parameterized in the form ([35], and
references cited therein):
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where IWC denotes ice water content, and the coefficients
a;,i=0-3,¢,i=0—4, and d;,i = 0—4 are empirical
coefficients determined by using the equations to fit the bulk
optical properties computed for a range of effective radii.

Many methods have been developed to compute the single-
scattering properties of an individual dielectric particle. Below
we briefly encapsulate the basic concepts of several extensively
used electromagnetic/light-scattering computational methods.

For light scattering by a dielectric particle, we can introduce
an effective or equivalent conductivity to account for the
absorption of light by the particle. In particular, the effective
conductivity is zero and positive for nonabsorbing and
absorbing particles, respectively. In this case, Maxwell’s
equations can be written as

VxHE D) = §@+4THUE(§' t),

o (23a)
VxE(@ 1) = -850 (23b)
V-E( 1) =0, (23¢c)
V-HE D=0, (23d)

where c is the speed of light in vacuum, and ¢ is the effective
conductivity. We assume the permeability to be 1 for a non-
ferromagnetic medium commonly encountered in atmospheric
scattering research. We present the above form of Maxwell’s
equations in the Gaussian system for convenience in numerical
computation. For example, cAt is the distance that an
electromagnetic wave propagates in a time interval of At in the
finite difference scheme used to solve the equations, as will be
detailed in the following discussion. If we assume the temporal
dependence of an electromagnetic wave to be time harmonic in
the form of e~i? (here w is the angular frequency) and the
complex index of refraction of the medium to be m = m,. + im;
(Note: The complex index of refraction is in the form m =
m, — im,, if the temporal dependence of a harmonic wave is
selected as e'®?), the frequency-domain form of (23a) is
VX H(§) = —i2£E(©), (24)
where £ = € + i4no/w is the effective complex permittivity.
Given that & = m? [26], we have
e =m2—m?, (25a)
(25b)

Physically, the permittivity can be a complex quantity due to
a complex electric susceptibility. The reader is referred to [36]
for a detailed explanation. With the permittivity and effective
conductivity specified in terms of the real and imaginary parts
of the refractive index based on (25a) and (25b), one can use the
finite-difference time-domain (FDTD) method to solve for the
optical properties of a scattering dielectric particle [37], [38],
[39]. Specifically, (23a) and (23b) can be discretized using the
leap-frog finite-difference scheme as

Fn+l( 7 — ,-nAtp cAt _nAt/2 on+1/2
Em1(§) = e BN (§) + e A2V X HMI/2(8),(26a)

ﬁn+1/2(a — ﬁn—l/z(g) + cAtV X E"(a, (26b)

o= L m.m
_27r Tt

4moAt

= 4mm,m;cAt/[A(m? —m?)], and A is
the wavelength of interest.

It is obvious that the above introduction of the effective
conductivity avoids using complex quantities in the FDTD
simulation when the scattering particle is absorptive. To
discretize (26a) and (26b), we can use the staggered grids
shown in Fig.5, which were originally proposed by [37]. For
practical light-scattering computations with the FDTD method,
it is necessary to truncate the near-field spatial domain
containing the particles by imposing an appropriate boundary
condition such as the perfectly matching layer (PML)
absorbing boundary condition [38], [40]. The near fields in the
time domain can be converted to the counterparts in the
frequency domain. Then, the near-field on the particle surface
or within the particle can be mapped to the far fields to compute
the optical properties of the particles. The technical details can
be found in [38].

where nAt =

Fig. 5. Locations of the components of the electric and
magnetic field vectors on a Cartesian cell, following a
staggered finite-difference scheme developed originally by
Yee [37].

Another widely used light-scattering computational method
is the discrete dipole approximation (DDA) pioneered by [41].
In this method, a scattering dielectric particle is approximated
as a collection of electric dipoles. Each of the dipoles responds
to the sum of the incident field and the induced field due to
other dipoles. The scattered field is the superposition of the
induced fields by all the dipoles. DDA-based computational
programs in the public domain have been developed [42], [43].
It should be pointed out that FDTD and DDA methods are
limited to small-to-moderate size parameters, particularly in
cases where the particle random orientation condition is
concerned, and substantial computational effort is needed. The
strengths of DDA and a variation or an improved form of
FDTD, namely the pseudo-spectral time-domain (PSTD)
method [44], are compared by [45].

Furthermore, with the choice of e ~i*?, the electromagnetic
wave equation in the frequency domain is given as

V2E(§) + CIRE©) =0, (27a)
V2H() + L (E) = 0. (27b)

[
For coordinate-conforming geometries, particularly spheres

and spheroids, the separation of variables method (SVM) can



be used to solve (27a) and (27b) subject to the electromagnetic
boundary conditions that the electric and magnetic fields are
continuous across the particle surface. The SVM in the case of
light scattering by a sphere, i.e., the Lorenz-Mie theory is a
classic, which can be found in many texts and is not summarized
here. [46] extended the SVM to spheroidal particles by
expanding the fields in the spheroidal coordinate system using
spherical harmonics. Unfortunately, their approach is not
computationally robust and is limited to very small size
parameters with moderate aspect ratios (Note: the aspect ratio is
defined as the ratio of the equatorial radius to the semi-length of
the axis of the rotational symmetry). Recently, [47], [48] further
improved the SVM implemented in the spheroidal coordinate
system by using the Wigner-d functions to stabilize the field
expansion, developing a numerically robust algorithm to
compute radial spheroidal functions, and using the Tikhonov
regularization to overcome numerical instability. The improved
SVM can be applied to size parameters as large as 1,000 for both
homogeneous and two-layer spheroids. Figure 6 illustrates the
domain of applicability of the improved SVM compared to the
applicability of the previous SVM method reported in [46], the
T-matrix method implemented with the extended boundary
condition [49], and the invariant imbedding T-matrix method
(IITM) [50], [51]. The applicability ranges of these methods
depend slightly on the refractive index. The computations in
Fig. 6 were performed with a refractive index of 1.53 +
i5 x 107*. The aspect ratio of a spheroid is defined as a/c,
where a and ¢ are the semi-equatorial axis and the rotationally
symmetric semi-axis lengths, respectively. a /c< 1 and a /c>
1 indicate a prolate and oblate spheroid, respectively. For very
elongated spheroids with large size parameters, we found that
the radial functions used in expanding the electromagnetic fields
caused numerical instability, as illustrated in Fig. 6. The
dimensionless size parameter in Fig. 6 is defined as ka for
oblate spheroids and ka for prolate spheroids, where k = 2 /4
with A as the wavelength of the incident light. It deserves an
endeavor in the future to stabilize the radial functions in
numerical computation.

SVM (Ding & Yang)
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Fig. 6. The applicability domain in the aspect ratio and size
parameter space of the original separation of variables method
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(SVM) [46], the T-matrix method based on the extended
boundary condition method [49], [ITM) [50], [51], and the
improved SVM [47], [48].

The improved SVM has been combined with the T-matrix
method (hereafter, the new method is referred to as SV-TM) to
improve computational efficiency [52]. As an example, Fig. 7
shows the phase matrix computed by SV-TM for a prolate
spheroid with a size parameter of k¢ = 2000 and an aspect ratio
of a/c=0.6 under the random orientation condition. Figure 7
also shows the result computed with an improved geometric
optics method (IGOM), a simplified version of the full
physical-geometric optics method (PGOM) [53] that will be
discussed in more detail. In IGOM, the phase interference of
scattered waves is locally accounted for in terms of the ray
spreading effect described in detail in [54]. The IGOM result
agrees well with the SV-TM counterpart; however, the SV-TM
phase function is larger than the IGOM counterpart in the 180°
backscattering direction, and this difference may have
implications for applications to lidar-based remote sensing.
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Fig. 7. The phase matrix of a prolate spheroid (kc = 2000 with
an aspect ratio of a/c=0.6) computed by the SVM-TM and an
improved geometric optics method (IGOM). Courtesy of
Siheng Wang, Texas A&M University.

Spherical geometry offers only one degree of freedom
(specifically, the particle size) but spheroidal geometry offers
two degrees of freedom (specifically, the particle size and the
aspect ratio— the ratio of the minor-axis length to the major-
axis length). As a first-order approximation, the spheroidal
model has been used to represent nonspherical particles in
light-scattering computations and significant success has been
achieved in various downstream remote sensing applications,
for example, inference of dust aerosol properties [55]. Figure 8
illustrates that the simulated phase function and the degree of
linear polarization of scattered light associated with
unpolarized incident light, -P12/P11, based on the spheroidal
model can match the experimental measurement of a feldspar
dust sample [56]. In the simulation, the aspect ratios of
spheroids range from 0.2 to 5 (Fig. 8c) with particle sizes,
specified in terms of equivalent-volume spherical radius, from
0.076 to 12.88 um (Fig. 8d). The selection of the particle size



and aspect ratio is to optimize the agreement between the
theoretical results and measurements, following the method in
[55]. The results in Fig. 8 demonstrate that the spheroidal shape
model can be used to approximately represent complex
nonspherical particles in light-scattering computations,
provided that the aspect ratios and sizes of the spheroids are
appropriately selected.
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Fig. 8. The comparison of the simulated and measured phase
functions. The spheroidal model is assumed to approximate the
nonspherical particle geometries of a collection of feldspar dust
particles. Courtesy of Siheng Wang, Texas A&M University.

At present, there is no single method that is applicable for
light scattering with size parameters ranging from the Rayleigh
scattering regime (when the particle size is much smaller than
the wavelength of the incident light) to the geometric optics
regime (when the particle size is much larger than the
wavelength of the incident light) for general nonspherical
particles. Fortunately, a synergistically unified method [53]
based on combining IITM [50], [51] and PGOM [54], [57], [58]
can be used to fill the gap in this regard. In particular, IITM is
used for small-to-moderate size parameters and PGOM is used
for moderate-to-large size parameters. At present, PGOM is
limited to particles with facets or aggregates composed of
convex elements. As a reasonable approximation, IGOM can be
used for particles with curved surfaces.

In IITM, a particle is discretized in terms of a number of thin
concentric inhomogeneous spherical shells, as shown in Fig. 9.
The index of refraction may vary in the angular direction in each
spherical layer defined in this form, i.e., the inhomogeneity of
concentric spherical layers allows the feasibility of accounting
for inhomogeneous particles in light-scattering computation. If
the T-matrix from layer 1 to n-1, T (,,_;), is known, then the T-
matrix from layer 1 to n, T'(§,,), can be obtained through various
volume-integration based matrix operations. In this manner, the
T-matrix of the entire particle can be iteratively computed in a
symbolic form of T(§,,_;) = T(&,,) through various volume-
integration-based matrix operators. After the T-matrix is
obtained, it is straightforward to compute the single-scattering
properties. For example, the extinction and scattering cross
sections for a scattering particle under the random orientation
condition can be computed as follows [51]:

27 L L L' |2 L2 L |? L2
Cs =20 Lyt ([T | + |T12 | + |T21 | + |T22 | )
(28)
21 L L,
C, = —pRe[Zz;nfx(Tn + Tzz)]‘ 29)

S

Fig. 9. Schematic illustration of the invariant-imbedding T-
matrix method for light scattering computation.

In PGOM (Fig. 10), the wavefront of the incident wave is
discretized as a number of localized waves, each of which is
treated as a beam. The ray-tracing technique is then utilized to
compute the electric and magnetic fields on the particle surface.
The near field thus obtained is subsequently mapped to the far
field (in the zone far away from the particle, or the radiation
zone) based on an exact electromagnetic relation to compute
the optical properties of the particle:
N eikr K2 » . =,z ~ N
E(Dlegoo = S bx g (AXE(E) —Ex[Ax
H(§ e ¥ a2¢. (30)
PGOM overcomes the significant shortcomings of the
conventional geometric optics method (CGOM) for light-
scattering computation. For example, the artificial separation
of the diffraction and reflection-refraction contributions in
CGOM is not required in PGOM, resulting in a more physically
reasonable extinction efficiency. In addition, the singularity,
namely the delta-transmission [59], which is inherent in
CGOM in the case of a particle with parallel facets, is overcome
in PGOM. An improved near-to-far-field mapping approach
that applies PGOM to complex particle geometries, e.g.,
aggregates, based on a rectangular box enclosing the scattering
particle has been developed [60]. Furthermore, the near-to-far-
field mapping can be implemented using a volume-integral
electromagnetic relation [61] based on the near-field within the
scattering particle. In principle, the surface-integral and
volume-integral equation-based methods are equivalent;
differences arise in simulations for relatively small size
parameters because the near-field approximations used in these
two methods differ.
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Fig. 10. Schematic diagrams for the physical geometric optics
method (PGOM), illustrated with light scattering by a
rectangular particle. The wavefront of the incident wave is
discretized as many localized waves, which are treated as rays
based on the principles of geometric optics. The equivalent
surface E&M currents indicate the equivalent electric and
magnetic currents on the particle surface [54].

As an example, Fig. 11 shows the nonzero elements of the
phase matrix of a hexagonal ice crystal with size parameter
kL=200 and aspect ratio 2a/L=1 under the random orientation
condition. The PGOM and IITM results agree quite well even
in the backscattering directions, particularly in the case of the
phase function.

Fig. 11. Phase matrices computed by I[ITM and PGOM for a
hexagonal column under the random orientation condition.

The principles of geometric optics are more valid for large
than for small particles. Therefore, the accuracy of PGOM
increases with increasing particle size, as PGOM uses the ray-
tracing technique based on the principles of geometric optics to
compute the near-field. Although IITM is a theoretically exact
method except for very small errors in numerical
implementation, it requires more computational resources with
increasing particle size and becomes unfeasible for large
particles. Figure 12 shows the extinction efficiency computed
by the IITM and PGOM. At the size parameters near kL=~100,
the two results overlap. The smooth transition between the IITM
and PGOM leads to the concept of the synergistically unified
method. Specifically, we can use the IITM for kL<~100 and
PGOM for larger particles, as illustrated in the lowest portion of
Fig. 12. In this manner, the synergistically unified method
provides a practical approach to computing the optical
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properties across the entire size-parameter range. The
synergistically unified method has been successfully employed
to compute databases of the optical properties of nonspherical
dust particles [62] and two-layer oceanic particles [63].

Synergistically Unified Method
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=== PGOM (A = 0.65 um)
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Fig. 12. Comparison of the (a) extinction efficiencies and (b)
asymmetry factors computed by the IITM and PGOM; the
schematic shown at the bottom illustrates the synergistically
unified approach that combines IITM and PGOM for light-
scattering computations.

With advanced light-scattering computational capabilities, it
is feasible to develop optical property models for remote
sensing, e.g., by generating look-up tables (LUTs). As an
example, the upper panel of Fig. 13 shows the optical property
model used for the MODIS Collection 6 ice cloud property
product [16], in which ice crystals are assumed to be severely
roughened aggregates with sizes following the Gamma
distribution. The lower panel of Fig. 13 illustrates the ice cloud
model used for the Clouds and the Earth’s Radiant Energy
System (CERES) Edition-4 ice cloud property retrievals [17].

Most recently, an advanced ice crystal habit model, referred
to as the Passive-Active Remote Sensing Consistent (PARSC)
model [64], was developed based on a mixture of three habits,
namely an ensemble of irregular aggregates, hexagonal
aggregates, and irregular hexagonal columns, with their
percentages indicated by the green, red, and blue lines in Fig.
14a, respectively. Figure 14b shows the phase function for
three effective particle sizes based on this model. This model
ensures spectral consistency (Fig. 14c) between retrievals
based on solar spectral bands and thermal IR bands. The lidar
ratio and depolarization ratio calculated based on this model
are consistent with observations made by the Cloud-Aerosol
Lidar with Orthogonal Polarization (CALIOP) on board the
Cloud-Aerosol Lidar and IR Pathfinder Satellite Observations
(CALIPSO) platform [65], as illustrated by Fig. 14d, where the
arrow indicates the variations of the lidar and depolarization
ratio values calculated from the model as the effective radius
increases from 5 to 60 pm.
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cloud property products [16]; (b) the ice crystal habit/shape
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Comparison between the 532nm bulk phase functions based on
the ice cloud optical property model for three effective radii. c)
2D frequency plot of CALIOP-observed 532nm lidar and
depolarization ratios of 4,787,728 identified tropical ice cloud
cases over the ocean (30°S to 30°N) from Sept. 2006 to Dec.
2014. The line plots overlayed represent the lidar and
depolarization ratios calculated from the bulk optical properties
of the PARSC (red line) models using the equation. Courtesy
of James Coy, Texas A&M University.

B. Absorption by Atmospheric Gases

The absorption of gases in the atmosphere substantially
modulates the transfer of radiation in both solar and thermal IR
spectral regimes. The atmospheric absorption spectrum
comprises 10° or 10° lines of more than 20 gas species [66],
arising from transitions between molecular energy levels that
fall into four types: translational, electronic, vibrational, and
rotational energies; the latter three are quantized. The
spectroscopic parameters are provided by the Hlgh-resolution
TRansmission molecular AbsorptioN (HITRAN) molecular
spectroscopic database with the latest version given by
HITRAN 2024 [67].

An absorption line is not infinitesimally narrow; it is
broadened by the Doppler effect and the collisions between the
emitting molecule and other molecules. The Doppler line shape
is given by

folw =) = e |- (22)'] G

ap
where «p determines the width of Doppler broadening. In
particular, it can be shown that the half-width at half maximum
of the line shape is VIn2ap. The line broadening due to
collisions is specified by the Lorentz profile given by

—y) =i
filv—vy) = T (v—vg)2+aL?’

(32)

where «; determines the Lorentz profile width. In the
atmosphere, pressure broadening dominates in the lower
atmosphere, particularly in the troposphere and boundary layer
where gas densities are high, whereas Doppler broadening is
significant in the upper atmosphere where gas densities are low
and the speeds of molecule motion are large, particularly in the
stratosphere and above. At an altitude between 20-50 km, both
pressure broadening and Doppler broadening must be
considered [68]. In this case, the line shape is given by the Voigt
profile in the form

fr(v—vp) = f_oooo frW = vp) fy(v—v")dv'. (33)

It can be shown that the Voigt profile reduces to the Lorentz
profile or the Doppler profile when ap - 0 or a; — 0,
respectively. Figure 15 shows the Doppler, Lorentz, and Voigt
line shapes.
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Fig. 15. Illustration of three types of the absorption line shape.
The Doppler (dash-dot) and Lorentz (dashed) line shapes are
shown with half-widths of ap =6x10™* ¢cm™! and a; =
6 x 10™* ¢m™1, respectively. The Voigt line shape (solid line)
represents the combined effect of Doppler and Lorentz
broadening, using the same half-width values for both

components: @, = a, = 6 X 10™* cm™1,

Rigorous computation of gaseous absorption is the line-by-line
computation [69], [70] that requires the spectral resolution be
much smaller than the half widths of absorption lines. To
improve computational efficiency, the correlated-k distribution
(CKD) method [71] can be applied to a narrow band. To explain
CKD, let us first explain the k-distribution applied to a
homogeneous path length defined as

s ,
U= [ Papsds’, (34

where p,;,s indicates the mass density of the absorbing gas. The
spectrally averaged transmissivity I'(u) over spectral interval
Av can be expressed in the form

T(w) = ﬁfm} e kWugy = fk’;mi;" ek f(k)dk =

fol e kOuqgq, (35)

where k is mass absorption coefficient. k,,;, and k,,,, are
the minimum and maximum values of k  within Av,
respectively. f(k) is referred to as the normalized probability
distribution, indicating the fraction of Av, where the mass
absorption coefficient is between k — dk/2 and k + dk/2. G is
the cumulative probability function, defined as

G(k) = [\ F(k"dk'. (36)
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The absorption coefficient highly varies in the wavenumber
domain, while it is smooth in the G domain, as illustrated by
Fig. 16. Therefore, a few quadrature points may be sufficient to
compute the spectrally averaged transmissivity if the

computation is performed in the G domain.
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Fig. 16. The upper panel shows the mass absorption
coefficients (cm? g!) for CO2 between 3590 and 3790 cm™ at
an air temperature of 260.0 K and a pressure of 1.2 hPa. The
lower panel shows the cumulative Probability Function G
versus absorption coefficient (cm? g!). Courtesy of Jian Wei,
Texas A&M University.

CKD is an extension of the k-distribution to an
inhomogeneous path with the variations of the absorption
strength as a function of pressure and temperature. Specifically,
CKD assumes that the ordering of the strengths of absorption
lines at pressure P and temperature T is the same as that at
reference pressure P. and temperature T, , although this
assumption is not exactly true. Fu and Liou [72] established the
conditions for the validity of CKD.

When the CKD is applied to the computation of the
spectrally averaged transmissibility associated with an



instrument band, the spectral response function of the measuring
instrument should be included [73]. A practically feasible
approach has been developed by [74]. In particular, the spectral
fraction involved in computing f (k) should be weighted by the
normalized spectral response function of the instrument.

Hyperspectral spaceborne sensors, such as the Atmospheric
Infrared Sounder (AIRS) [75] and the Infrared Atmospheric
Sounding Interferometer (IASI) [76] make observations in
thousands of spectral channels, providing a wealth of
information on atmospheric composition, clouds, aerosols, and
surface properties. To fully exploit this hyperspectral data in
real-time applications, the principal component-based radiative
transfer model (PCRTM) [77], [78] has been developed to
significantly reduce the computational burden encountered by
the conventional line-by-line computation.
Specifically, PCRTM exploits the high degree of spectral
correlation inherent in the hyper-spectra. This method applies
Principal Component Analysis (PCA) via Singular Value
Decomposition (SVD) to compress thousands of spectral
channels into a small set of orthogonal Principal Components
(PCs). During an offline training process, an ensemble of
representative atmospheric radiance spectra is decomposed so
that typically the first 100 to 150 PCs capture more
than 99.9% of total spectral variance. The remaining
computational effort at runtime is simply to predict the PC
scores that are the linear coefficients involved in reconstructing
the full spectrum from the prestored PCs. Liu et al. [79]
extended the PCRTM framework to the solar spectrum by
including multiple scattering effects, the bidirectional
reflectance distribution function of the surface, and the wavy
sea-surface reflection. The interested reader is referred to [78],
[79] for the technical details of PCRTM and [80], [81] for the
optical property-based PCA approach.

C. Radiative Transfer in the Atmosphere

Knowing particle single-scattering properties is not sufficient
for inferring cloud and aerosol properties from remote sensing
measurements, and we must consider multiple scattering of a
collection of particles, i.e., the radiative transfer process
involving a cloud or aerosol layer, or the transfer of IR radiation
under non-scattering atmospheric conditions to infer cloud-top
pressures. The scalar radiative transfer equation, without
consideration of the polarization state of the radiation field, is
given by

0L (7, 1 ¢)
# at
=Lt e)

mﬂ' ZTE i 1 I I I 7 I
f Pt i, o) L(t,u, ") du'de
0

4 ),
—2Soae FoPiy (T 1 0, —Ho, 90) = (L= @By, (37)
where we use spherical coordinates (8,¢) and (6',¢") to
indicate the propagation directions of the scattered and incident
radiation beams, respectively. T is the optical thickness, u =
cosO, ' = cosf', @, is the spectral single-scattering albedo,
So,2 1s spectral solar irradiance on a plane perpendicular to the

incoming sunlight at TOA, and B, is the spectral Planck
function for the terrestrial thermal emission.
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In essentially all the textbooks on radiative transfer, the
linkage between single scattering and multiple scattering, i.e.,
the derivation of the second and third terms on the right-hand
side of (37) from the first Stokes parameter in (6), is not
explicitly explained. Furthermore, the same symbol (e.g., “I”
in [68]) is used for both the first Stokes parameter and radiance,
leading to potential confusion, particularly for those who have
newly entered the field of single scattering and radiative
transfer. To clarify the confusion, let us rewrite the governing
equation for the first Stokes parameter (Note: the extension of
the following derivation to the full Stokes vector is
straightforward) as follows:

Fps(27,60,9) =

Cas ? i 3 o AN
—AL( 1j)2 Pys(§1,7.60,0,0',9"F(§1,6', '),
4”|52—51|

where we add the subscript 4 to indicate the spectral

(38)

dependence of the relevant quantities. {; and &, denote the
positions of the scattering particle and the observer,
respectively. The above equation stems from Maxwell’s
equations and does not involve solid angle. In the Systém
International d’Unités (SI), F ; and F, ; are given by [82]

1 * *
Fas =5 [ae BrsaBisa + EasiEis): (392)

1 * *
Fpi =5 o (BranBion + ErinEiin): (39)

where ¢, and p, are the permittivity and permeability of
vacuum, respectively. The subscripts || and L indicate the
parallel and perpendicular components of the electric vector
with respect to the plane, to which the Stokes parameter is
defined in reference. The superscript * indicates complex
conjugate. In SI, F, ; and F, ; have units of Wm™?um™*, while
I, in Eq. (37) has units of Wm™2Sr~um™! , where
um™! denotes the spectral dependence. It should be pointed out
that F) ; decreases with increasing the distance between the
scattering particle and the observer, while radiance [, is an
invariant quantity in a non-absorbing homogeneous medium.
Let us consider a small volume AV = AAdL, where AA and
dL are perpendicular and along the scattering direction
pointing to the observer. Therefore, the solid angle subtended
by this volume element, as viewed from the observer, is given

by
A =—"2 (40)
|f 2=§ 1|
Furthermore, the number of particles within AV is given by
N = AV [ N(r)dr, (41
where N (r)dr specifies the particle size distribution given by
(13) or a different size distribution form.

We assume that the particles within AV are randomly
distributed and that the distances between them are much larger
than the wavelength of the incident light. As a result, the
particles are uncorrelated in space, and the phase interference
among the scattered electromagnetic waves originating from
different particles is nonconstructive, and the corresponding
Stokes parameters can be linearly summed. Therefore, from
(38) and (41), we obtain



NFA,S(’?E;B, 90)
_Bu(60.9) AV
g -4l
_F(&,0,0)dL  AA
e -al
X f C}L,S (fl' r)Pﬂ,s(glﬂr' 9: Q, 9’; (,0') N(T')d‘l"
. J G5 (&) N(r)dr
y [ Cs(&,7) N(ar
JN@ar
XfN(r)dr

Fai(216"0")ds

= 2 AP (8,0,0,0',¢')Cs (G N/AV,  (42)

where Fy4(£,0,0), Pis(€1,0,0,0",¢") and Cy4(¢;) are the
bulk Stokes parameter, phase function and the scattering cross
section averaged over the particle population within the volume
element AV, given by

2 f Cl.S(glf r)PLS(glr T 6: Q, 9,, (,0') N(T)dT

JFas(2r0.0 )N @ar

Frs(§2.0,0) = (Fas(§27.6,0)) = =1t ——, (43a)
P1s(51,6,0.6",¢") = (P1s(§0,7,6,9,6",¢"))
_ Jcas(Eur)Pas(§1m0.00" 0" IN(Iar
N [ Cas(N@)Ar ’ (43b)
= [Cus Z,rN(@mdr
Gual =L (430)

Equations (42), (43a), (43b), and (43c) logically define the bulk
Stokes parameter, phase function, and scattering cross section.
The bulk scattering coefficient k;  with units of m™ in SIis then
given by

kl,s(fl) = Cl,s(fl)N/AV. (44)
According to the definition of radiance [68], which is invariant
along a radiation beam in a nonabsorbing homogeneous
medium, the scattered radiance contributed by the volume
element is given by

As(£1,6,9) = AlLs(&,,0,0) = NF4(&,6,9)/ 0. (45)

Therefore, (42) can be rewritten as

R K, (&)dL )
A5 (51,0,9) = == Pi(61,6,0,0",9)Fi(61.0,¢)
= a0t p (,0,0,6,0)114(6,, 6,07, (46)
where we use the following relation
Fi(8,0,0") = 1,(£,0',¢")AQ". (47)

In (47), I ; (51, 9’,<p’) is the incident radiance observed at the
location of the volume element AV. AQ' is the solid angle
subtended by the volume element, as viewed from the source
point of the incident radiation along the direction (8’, ¢"). After
we consider the contributions of the incident radiation from all
directions, the scattered radiance due to the multiple scattering
effect is given by

dls(£1,0,9) =

Kas@ll o (T, (£,,0,0,0,9)10:(6,0,@)sin0'd0dg’. (48)
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If we include the extinction, multiple scattering, and
emission, the equation of radiative transfer is given by

A (§,6,9) ==k (£, 6,0) dL
f ”f Pos(£,6,9,6",0"),,:(£,6',¢")sing’d6’de’
o (E)ALB,[T(£)], (49)

where k;, and k;, are the extinction and absorption
coefTicients in units of m™!. On the right-hand side, the first term
represents the Beer-Bouguer-Lambert law for radiation
attenuation due to extinction, the second term denotes the
increase in radiance due to multiple scattering, and the third
term is the thermal emission contribution.

If we assume that the atmosphere is plane-parallel, i.e., the
spatial dependence of the physical quantities is only on height
z, (49) can be written as

kAs(f)dL

oL (t, 1, )
ot
= 1,{(’ @)

2T
- fPaS(M)u @), @")du'de’

—(1 w)BA [T(D]. (50)
where we use
u=cos@, and ' = cosf'. (51a)
dL =dz/u, (51b)
@ = kys/ky e, (51¢)
dr = -k, .dz, (51d)

The radiance in (50) is the total (direct plus diffuse) radiance,
given by

D total (T, 14, @)=I3 gisfuse (T, 1 @)

+Soe” M08 — (—u)1 6(9 — @), (52)
where §( ) denotes the Dirac delta function. Substituting (52)
into (50), we can obtain the equation of radiative transfer for
diffuse radiation, given by (37).

If the optical thickness of a cloud (e.g., a thin cirrus cloud)
or aerosol layer is small in the solar spectrum, single scattering
events dominate. In this case, the bidirectional reflection
function is given by

Ra(u, Lo, @ — @) = TL-(, ) /14oSo 2
* tnmg 11(/1, —HUo, @ — @) if AT K 1, (53)

where the geometric parameters p, and ¢, specify the
incoming solar radiation angles. The above result underscores
the importance of the phase function, as the inference of cloud
and aerosol properties relies on the observed bidirectional
reflection function. In (53), the effect of the surface reflection
is not included. Using the adding principle, it is straightforward
to show that the bidirectional reflection function, including the
effect of a cloud/aerosol layer and the contribution of the
surface reflection, is given by

Ry(u uo @ — %2 = Ry(i, 1o, @ — @) +

(t+e H)Rg(t+e~AT/H0)

1-RgR > (54

where t and R represent the diffuse transmissivity and

reflectivity of the cloud/aerosol layer, respectively, and R is
the surface reflectivity.




In the terrestrial thermal IR regime, (37) can be significantly
simplified if the multiple scattering effect can be neglected. In
this case, the upward radiance at a nadir view can be given as

L,(0) = By (Ty)e™ + fTSB,l [T()]e™" dr’

0 ar[t(pP)
= By [e(P)] + [, BT 25 P e,
(535)
where I'(t') =e™™ is the transmissivity, and @)

alnpP
referred to as the weighting function. Figure 17 shows examples

of the weighting functions at seven wavelengths in the CO2 15-
pum absorption band, demonstrating the sensitivity of the TOA
IR radiances to atmospheric temperatures across various
atmospheric layers. Specifically, a spectral channel at the band
center is sensitive to the very top portion of the atmosphere,
while the radiance is more sensitive to the lower atmosphere as
the channel moves toward the band wing, as demonstrated by
the weighting functions in the right panel of Fig. 17. This
spectral dependence of weighting functions on height in the
atmosphere provides the physical basis for temperature
soundings [83], [84], [850].
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Fig. 17. Example illustrating (left) the outgoing radiance near
the 15 pm CO: band simulated by the Line-By-Line Radiative
Transfer Model (LBLRTM; Clough et al., 2005), with arrows
indicating the spectral positions sampled at 669, 681, 692, 697,
703, 714, and 750cm™; (middle) the corresponding
transmissivity; and (right) the associated weighting functions.
Courtesy of Jian Wei, Texas A&M University.
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The physical fundamentals reviewed above, including
particle single scattering, gaseous absorption, and multiple-
scattering radiative transfer, form the theoretical foundation for
the satellite remote sensing associated retrievals. In practice,
different retrieval techniques exploit different portions of the
electromagnetic spectrum. These techniques also utilize distinct
sensitivities to cloud and aerosol optical, microphysical, and
thermodynamic phase properties.

III. CLOUD MASK DETERMINATION

The previous section reviews the physical fundamentals of
light scattering by particles, gaseous absorption, and radiative
transfer processes in the atmosphere, which are essential for
implementing remote sensing techniques. However, in the
practical implementation of a retrieval algorithm to infer cloud
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and aerosol properties, the first step is to determine whether a
pixel of interest is covered by clouds, a procedure known as
cloud mask determination. It is worth noting that aerosol
property retrieval is usually not performed for cloudy scenes.

As cloud mask determination is a prerequisite step for many
downstream satellite retrievals and derived products, it must be
performed accurately and robustly while ensuring
computational efficiency for near-real-time processing under
constraints on CPU time and data volume. Cloud detection
from passive satellite radiances is often posed as a contrast
problem because clouds are typically brighter (higher
reflectance) and colder than the underlying surface, making
visible and IR-window threshold methods effective under
many conditions. However, this characterization can be
challenging in several common situations, particularly over
surface snow and ice, and for low-contrast cloud regimes such
as thin cirrus clouds, fog and nighttime low stratus clouds,
small-scale cumulus clouds, and mixed or partly cloudy
satellite pixels near cloud edges, where cloud—surface radiance
differences are weak or inherently ambiguous. Below, we
specifically discuss the cloud mask algorithm developed by the
MODIS cloud science team; however, many of the general
techniques described below are applicable to other satellite
cloud mask determination algorithms that use similar spectral
channels.

To address scenes with the aforementioned ambiguities, the
MODIS cloud mask uses a multispectral strategy enabled by its
36 channels and supplements spectral tests with spatial-
uniformity information to better distinguish cloudy from clear-
sky conditions. The overall approach integrates robust spectral
tests with established elements from earlier cloud-screening
methods, and its development is closely associated with
community efforts within the MODIS Science Teams [86]. The
cloud mask product indicates whether a given satellite view of
the surface is unobstructed by clouds or by optically thick
aerosol, and it is generated at 250 m and 1 km resolutions from
calibrated, geolocated radiances. The retrieval uses a defined
subset of MODIS bands spanning the visible-to-thermal IR
spectrum. Missing or degraded radiometric inputs can reduce
product quality, while invalid or missing geolocation prevents
the generation of a valid result.

The MODIS cloud mask algorithm builds on prior cloud-
detection systems developed for global cloud climatologies and
operational satellite processing. In the ISCCP approach,
narrowband visible (0.6 um) and IR-window (11 pm) radiances
are evaluated relative to clear-sky composite values, and a pixel
is identified as cloudy when the difference between the
observed and clear-sky radiances exceeds the uncertainty
associated with the clear-sky radiance estimates [87], [88],
[89], [90]. This logic is predicated on the separability of clear
and cloudy radiance regimes and is biased toward clear-sky
identification, which can lead to missed detections for clouds
with weak radiometric contrast. The Advanced Very High
Resolution Radiometer (AVHRR) schemes such as the
AVHRR Processing scheme Over cLoud Land and Ocean
(APOLLO) and the (Cloud Advanced Very High Resolution
Radiometer-x (CLAVR-x) extend this logic with explicit



multispectral thresholds and moving-window variability checks
to capture partial cloud and small-scale structure [91], [92], [93],
[94], [95], while Cloud and Surface Parameter Retrieval
(CASPR) adapts similar concepts for polar scenes using
radiative-transfer-based threshold selection and cloud-type-
specific screening [96], [97]. Complementary methods for high-
cloud detection use the CO: slicing technique in the CO2 15-pm
absorption band to infer cloud level and effective cloud amount,
thereby improving sensitivity to transmissive high clouds
relative to opaque clouds and clear sky. This technique is
described in more detail in Section 5. Related methods are used
in sounder-based cloud screening with instruments such as the
High resolution Infrared Radiation Sounder (HIRS), the
Advanced Television and infrared observation satellite
Operational Vertical Sounder (ATOVS), and in the
Geostationary Operational Environmental Satellite (GOES)
sounder algorithms that integrate multispectral radiances with
contextual tests based on neighboring pixels [23], [98], [99],
[100], [101]. MODIS generalizes this heritage by combining
broader spectral coverage with higher spatial sampling
(including 250 m and 500 m visible/NIR measurements and 1
km elsewhere), enabling a multi-test, multi-scale mask intended
to improve discrimination in known low-contrast and
heterogeneous conditions.

A. Algorithm Description for Cloud Mask Determination

The cloud mask algorithm employs a staged decision
framework that adapts to scene type and illumination. It applies
a set of spectral and spatial-variability tests appropriate to the
prevailing surface and viewing geometry, converts the outcome
of each test into a clear-sky confidence metric, and combines
these metrics to produce an initial cloud-mask estimate. When
the initial estimate indicates ambiguity or possible cloud
contamination, additional clear-sky restoration tests are applied
to recover likely cloud-free pixels. An example of the final
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product, reported as one of four confidence classes, ranging
from “confident clear” to “confident cloudy”, is presented in
Fig. 18b alongside an RGB true-color image (Fig. 18a) from
MODIS/Aqua acquired on 3 December 2025 at 18:45 UTC.

Thresholds for the spectral and spatial-variability tests are
derived from multiple sources, including heritage cloud-
detection methods, expert interpretation of imagery, and
statistics from collocated CALIOP cloud labels matched to
MODIS radiances, supplemented by systematically selected
and quality-controlled MODIS samples. To reduce sensitivity
to any single threshold and to avoid unstable binary decisions,
the algorithm explicitly represents uncertainty by assigning
intermediate confidence values to observations near decision
boundaries, which are then combined to produce the
categorical cloud mask.

B. Cloud mask detection based on visible and near-IR
observations

Visible and near-IR cloud screening exploits the generally
higher shortwave reflectance of clouds relative to water and
many land surfaces, while explicitly accounting for variability
driven by surface properties and viewing geometry. In MODIS-
type cloud masks, a single channel reflectance criterion is
applied, with the selected band conditioned on surface type.
Vegetated land and coastal scenes use 0.65 pm reflectance
(Ross), arid regions use 0.413 pm (Ro413) reflectance as
discussed by [102], and water scenes use 0.86 pm reflectance
(Ross). Figures 19a and 19b show Ro.6s and Ross, respectively,
for an example scene. Both fields capture the spatial
distribution of clouds, with Roses providing a clearer contrast
between surface and cloud over land, and Ross providing a
better contrast over the ocean. To reduce false cloud
identification associated with spatially varying surface albedo
and bidirectional reflectance effects, land thresholds are
formulated as dynamic functions of the background
Normalized Difference Vegetation Index (NDVI) and

confident clear

probably clear

probably cloudy

confident cloudy

no'w S5'w s0°w 70°W 55°wW S0°wW

Fig. 18. Example MODIS/Aqua scene acquired on 3 December 2025 at 18:45 UTC, showing true-color imagery and the
corresponding cloud-mask classification. (a) RGB true-color composite with bands 1, 4, and 3 mapped to red, green, and blue,

respectively. (b) Cloud-mask output for the same swath, displayed as four confidence classes: confident clear, probably clear,
probably cloudy, and confident cloudy.




scattering angle [103]. NDVI climatologies are obtained from
snow-free multiyear products such as [104]. Thresholds are
derived empirically by constructing cumulative distributions for
clear and cloudy samples within bins of NDVI and scattering
angle, identifying confident-clear and confident-cloudy cutoff
values from separation in the distribution tails, and fitting the
resulting thresholds as functions of scattering angle to enable
pixel-level, view-dependent classification. Over the ocean, the
same reflectance-based approach is further modified under the
sun-glint conditions by allowing thresholds to vary
systematically with glint angle, thereby reducing the likelihood
that pixels with specular reflection is misclassified as cloudy.

A complementary spectral-shape test uses the reflectance
ratio Rogs/Ross. Because cloud reflectance is nearly spectrally
neutral between 0.65 and 0.86 pm, the ratio is typically close to
unity over clouds, whereas clouds over the open ocean generally
yield substantially smaller values, consistent with AVHRR-
based experience and thresholds reported by [91], [105]. In the
MODIS/Aqua example (Fig. 19c), Ross/Ross reproduces the
spatial pattern of the cloud field, with values near one indicating
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cloud coverage. Over the ocean, MODIS applies a set of
thresholds spanning confident clear to confident cloudy and
accounts for altered ratio behavior under sunglint conditions.
The algorithm also recognizes that arid and semi-arid land
surfaces can exhibit a wide range of clear-sky ratios that
overlap values commonly associated with clouds. For these
challenging dryland regimes, a modified ratio formulation
based on the Global Environment Monitoring Index (GEMI;
[106]) is adopted, using NDVI dependent thresholds and an
explicit upper limit beyond which the ratio-based criterion is
not applied.

Thin cirrus is assessed using the strong water vapor
absorption band near 1.38 pm. When column water vapor is
sufficient, surface contributions are strongly attenuated,
causing upper tropospheric ice clouds to appear bright against
a suppressed background [107]. Figure 19d illustrates
MODIS/Aqua reflectance at 1.38 pum, which effectively
highlights high ice clouds through enhanced reflectance, while
other cloud types and clear sky scenes remain comparatively
dark. Practical limitations noted by [108] motivate disabling
this criterion in very dry atmospheres, over high terrain, and
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Fig. 19. Visible and near-IR reflectance fields for the MODIS/Aqua scene acquired on 3 December 2025 at 18:45 UTC. (a)
Reflectance at 0.65 pm (Ross). (b) Reflectance at 0.86 pm (Ross). (c) Reflectance ratio (Ross/Ross). (d) Reflectance at 1.38 pm




over Antarctica and Greenland. The algorithm further
differentiates general cirrus detection from a thin cirrus
indicator by applying separate threshold ranges.

C. Cloud Mask Detection based on IR Brightness
Temperature Thresholds and Their Differences

The IR cloud masking method is based on BT and BTD. Note
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that BT corresponding to measured spectral radiance /; is given
by B; *(1;), where B; ! indicates the inverse Planck’s function.
The BTD for two channels is given by the difference between
BT (4,) and BT (4,). In particular, this method treats clouds as
perturbations to clear-sky thermal radiance and exploits how
absorption and emission within and above cloud layers modify
BTs in adjacent spectral windows. This physical basis supports
a compact set of window channel thresholds and BTD
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Fig. 20. IR brightness temperature fields and window channel contrasts for the MODIS/Aqua scene acquired on 3 December
2025 at 18:45 UTC. (a) BT at 11 pm (BT11). (b) BTD between 11 pm and 12 pm (BT11 — BT12). (¢) BTD between 8.6 pm
and 11 pm (BTss6 - BT1). (d) Sea surface temperature consistency residual (SST — BT11). (¢) BTD between 11 pm and




diagnostics that are sensitive to cloud optical depth, particle
size, and atmospheric moisture. In MODIS schemes, an initial
cold-cloud screen applies an A =11 pm brightness temperature
threshold over the ocean (Fig. 20a). Over land, the same channel
is used more conservatively and may also contribute to clear-
sky restoration when surface-type constraints indicate that a
warm BT is inconsistent with a cloud. The split-window BT -
BTi> (Fig. 20b) is subsequently used to identify semi-
transparent cirrus clouds, since differential absorption in the
window bands enhances the contrast for thin ice clouds,
consistent with AVHRR and geostationary applications [91],
[109] and later refinements under the polar conditions [96].
Additional window contrasts such as BTs.c — BT11 (Fig. 20c) are
effective over liquid water surfaces as land surface emittance at
8.6 um is too variable, with confidence thresholds set to 0.0 K,
—0.5K, and —1.0 K. To limit false cloud identification driven by
water vapor absorption, surface temperature consistency
constraints compare BT11 with an estimated bulk sea surface
temperature (SST) over the ocean derived from window channel
structure, viewing geometry, and the Global Data Assimilation
System (GDAS) initial guess [110]. The cloud condition is
indicated when the SST — BT residual (Fig. 20d) exceeds 3.0
K, 2.5 K, and 2.0 K. Nighttime land analogs use GDAS surface
temperature differences with empirically tuned thresholds that
incorporate BT11-BT12 and view angle. The shortwave-to-
longwave window contrast BT11-BT3. (Fig. 20e) targets low
cloud and fractional cloud cover because 3.9 um radiance is
more sensitive to the warmer component of a mixed scene. This
yields large negative differences for broken clouds at night and
strongly negative differences during daytime due to reflected
solar radiation. Over deserts, a two-sided acceptance range is
required to accommodate highly variable surface emissivity,
and a separate stratus indicator is tracked over nighttime ocean.

In addition, several brightness temperature difference
thresholds provide complementary information for nighttime
cloud detection. Screening for high and optically thin clouds is
supported by BT3.9 - BT12, which is comparatively insensitive to
water vapor and effective for distinguishing thin cirrus from
clear conditions [111]. Distinct threshold regimes are applied
for non-polar land, snow-covered surfaces, and polar night,
where extremely cold and dry atmospheres constrain the usable
dynamic range. A further nighttime diagnostic over land uses
BT73 - BT, leveraging the mid tropospheric sensitivity of the
7.3 um water vapor absorption band relative to the surface-
dominated 11 pum window. Thresholds are tuned for both
midlatitude conditions and polar night inversion environments,
where the thresholds vary with BT11 and cloud tends to reduce
the magnitude of the clear sky contrast, consistent with the
inversion focused analysis of [112].

IV. CLOUD THERMODYNAMIC PHASE

The physical basis of cloud mask determination is reviewed
in the previous section. To infer the cloud properties of a cloudy
scene in satellite observations, the next step is to determine
whether the cloud is water, ice, or mixed-phase. Notably, cloud
phase inference has standalone value, as cloud thermodynamic
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phase strongly modulates cloud radiative effects and, by
extension, climate feedbacks, because ice and liquid clouds
differ in their optical properties, microphysical evolution, and
the vertical distribution of absorbed and emitted energy. Early
large-scale estimates of cloud variability and outgoing
longwave radiation relied primarily on thermal IR window
radiances from polar orbiting and geostationary satellites [113],
[114]. However, single channel approaches often
underestimate semitransparent cloud, which motivated the
adoption of multispectral strategies that better capture cirrus
clouds in climatological applications [115], [116].
Multispectral imagers consequently enable joint statistics of
semitransparent cloud occurrence and phase at kilometer scale
resolution, and long-term analyses indicate that cirrus and other
transmissive high clouds comprise a substantial fraction of
global high cloud observations.

Within  satellite  cloud retrieval systems, cloud
thermodynamic phase is both a geophysical product and a key
constraint that determines the appropriate microphysical and
radiative transfer assumptions for subsequent optical and
microphysical property retrievals. Operational algorithms
explicitly propagate the cloud thermodynamic phase field into
downstream  steps, so cloud therdynamic phase
misclassification can translate directly into biases in derived
quantities. This dependence is well established for passive
imager retrievals of optical thickness and effective particle size,
which typically require phase information to ensure physically
consistent solutions. Sensitivity to phase is further amplified by
the widespread use of single-layer radiative transfer
representations, since multilayer scenes and vertical phase
overlap can introduce systematic artifacts. Examples include
effective radius biases when an optically thin cirrus cloud
overlies a liquid cloud and anomalous droplet size estimates
when an ice cloud is mischaracterized as a liquid one. These
considerations motivate explicit identification and flagging of
multilayer conditions and phase-inconsistent scenes to protect
climatological statistics and derived microphysics.

Methodologically, contemporary phase detection builds on
split window and multispectral thermal IR approaches
developed to characterize semitransparent cirrus clouds and to
support long climate records from sensors with more limited
channels such as AVHRR. In this context, split-window
frameworks have been developed to improve cloud
temperature and emissivity climatologies and to produce
multidecadal datasets suitable for variability studies. A major
step in strengthening operational cloud thermodynamic phase
products has been systematically evaluated and constrained
using independent active sensor references, particularly
observations by CALIOP on CALIPSO, together with
continued refinement of sensor characterization and
intercomparisons. In MODIS Collection 6 refinements,
comparisons with CALIOP phase products indicate improved
identification of ice clouds, with fewer optically thin ice clouds
misclassified as liquid clouds. Complementary quality controls
also enforce physical consistency across retrieval components,
allowing cloud thermodynamic phase -classifications that
conflict with robust high-cloud indicators from cloud-top



retrievals to be corrected and transparently flagged for
researchers. Below, we summarize the physical basis of IR
cloud phase determination.

IR-based cloud thermodynamic phase retrievals are designed
to operate independently of solar illumination by exploiting
phase-dependent spectral structure in thermal emission. The
MODIS approach originated as a trispectral method using the
8.6, 11, and 12-pm bands and was later simplified to a bispectral
technique using the 8.6 and 11-pym bands, with cloud
thermodynamic phase inferred from the combined behavior of
the 11-pm brightness temperature and the brightness
temperature difference. Conceptually, the 11-um band provides
a robust constraint on cloud-top thermal state and optical
thickness in the window region, while BTss -BT11 captures
phase-sensitive reshaping of the spectrum across nearby
window bands. The observed radiances, and therefore the BTD
signatures, depend on gaseous absorption (especially water
vapor), cloud scattering and absorption governed by particle
size distributions, and for ice clouds by ice crystal habit/shape,
partial transmission of surface emissivity through optically thin
clouds, and cloud height.

Figure 21a presents an example cloud thermodynamic phase
product from MODIS Aqua acquired on 3 December 2025 at
18:45 UTC. The physical basis for phase sensitivity in the 8—13
pm region is the complex refractive index of liquid water and
ice. The measured refractive indices show that m; for ice and
water are similar between roughly 8.5 and 10 pm but diverge
between 10 and 13 pm as illustrated in Fig. 21b. As a result, two
clouds with comparable cloud-top temperature, altitude, and
particle size distributions can yield similar radiances near 8.5
pm while producing different radiances at the longer window
wavelengths because absorption and effective emissivity differ
by phase. This wavelength-dependent absorption contrast is the
physical foundation for using thermal window BTDs, such as
BTss -BT11, to infer cloud thermodynamic phase. Cloud
thermodynamic phase discrimination based on IR differences
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remains conditional. Optically thin clouds, substantial surface
contributions, and strong variability in atmospheric absorption
can yield similar brightness temperature differences for
multiple combinations of phase, particle size, and cloud
transmissivity, which limits separability using IR information
alone.

Operational experience with the MODIS Collection 5 IR
phase product highlighted two systematic limitations that
follow directly from these physics. First, optically thin cirrus
can be misclassified because the surface and lower-
tropospheric radiance contributions reduce the phase-specific
spectral contrast. Second, discrimination of supercooled water
and mixed-phase conditions is intrinsically difficult with IR-
only radiances because mixtures, vertical phase layering, and
small liquid droplets can yield ambiguous BTD signatures that
overlap those of ice and water endmembers. These limitations
motivated a simplification of reported categories in MODIS
Collection 6 to ice, water, and uncertain, explicitly merging the
earlier mixed-phase and undetermined outcomes because the
IR-only signal provides limited skill in separating them
reliably.

MODIS Collection 6 also strengthened the physical
treatment of thin cirrus clouds in the 1 km product by shifting
from raw BTD thresholds toward cloud emissivity ratios. The
key idea is to reduce surface influence by explicitly referencing
clear-sky radiance, either from radiative transfer modeling or
nearby cloud-cleared pixels, and then forming band-to-band
emissivity relationships summarized by the B parameter of
[117]. This approach is described in the context of cirrus-
focused improvements by [118], [119], [120], and it primarily
improves identification of optically thin high clouds as ice
clouds rather than enhancing water-cloud discrimination. A
practical complication is that the cloud thermodynamic phase
algorithm is executed independently of the cloud-top height
retrieval, and cloud height is therefore unavailable when
emissivity is estimated. The adopted solution uses a
tropopause-temperature reference to keep inferred emissivities
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Fig. 21. Cloud phase characterization for the MODIS/Aqua scene acquired on 3 December 2025 at 18:45 UTC. (a) Cloud
phase classification from the IR phase product, shown as four categories: clear, water, ice, and uncertain. (b)
Representative spectral dependence of the real part (72) and imaginary part (72:) of the refractive index for liquid water
and ice across the thermal IR; shaded bands indicate the MODIS thermal IR channels used for cloud phase identification.
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physically bounded and leverages the finding that emissivity
variations with cloud height are relatively small for cirrus in the
upper troposphere when using window bands. Absorption-band
information is additionally incorporated to provide height
context and to distinguish low-level clouds from optically thin,
high-altitude ice clouds. The 7.3 pm band is selected for its mid-
tropospheric sensitivity and its reduced susceptibility to artifacts
observed in some 15 um channels, which helps preserve the
relative spectral signatures required for phase discrimination
even when the tropopause reference introduces bias in absolute
emissivity estimates for low clouds.

V. CO: SLICING METHOD FOR CLOUD-TOP HEIGHT

Cloud-top height is an important cloud property, which is
essential for implementing cloud property retrieval techniques
based on IR bands. Smith et al. [85] pioneered the CO:z slicing
method to infer cloud-top pressure using two spectral bands in
the CO2 15-pm absorption spectrum. Here we recapture the
main physical principles of this method. In the CO2 15-um
absorption spectrum, the multiple-scattering effect of clouds is
relatively unimportant and can be neglected, allowing the
assumption of non-reflecting cloud layers. In reference to Fig.
22, the TOA nadir-viewed radiance at wavenumber v under the
cloudy condition can be approximated by

I8 = & B, (T, (P, 0) + (1 = £,)[B,(T)L, (B, P.)

R OL(PR)
+ BIrer=gEe

+ [, BIT()] 2D dinp, (56)

where B indicates Planck’s functlon and g, is the cloud
emissivity. In Eq. (56), the surface emissivity is implicitly
assumed to be unity. (1-g,) represents the transmissivity of the
cloud layer. I, (P, P,) is the atmospheric transmissivity from
pressure level Pi at altitude z1 to pressure level P> at altitude z2
(zy > z; and P; > P,) given by

dinP]L,(P,, 0)

[, (Py, P;)=exp (_ fzzlz kcoz,mpozdz)

= exp (= J; kco,madP/g),  (57)

where k¢o,  is the CO2 mass absorption coefficient, po, is the
COz2 mass density, g is the mixing ratio of COz, and g is the
acceleration of gravity. On the right-hand side of (56), the first
term represents the transmission of cloud emission to TOA, the
second term represents the transmission of the surface emission
and the emission of the atmospheric portion below the cloud
through the cloud layer and then further to TOA, and the third
term represents the contribution by the emission of the
atmospheric portion above the cloud layer. In this sense, the CO2
slicing method divides a cloudy atmosphere into three portions:
the atmosphere below the cloud, the cloud layer, and the
atmosphere above the cloud.

Noticing that I;,(P,0) = I,,(P,P.)
sky radiance is given by
[ BT 522 P

radiance in Eq. (56) as follows

I,(P,0) and the clear-
15” = B, (T, (P, 0) +
we can simplify the cloudy-sky
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I\fld = ngv(Tc)R/(Pc' 0)+(@1- v)Iﬁlr
0 aFv(P, )
+e, J, By[T(®)] 9 dinp.

(58)

It should be pointed out that IS is incorrectly expressed in
some studies reported in the literature as

I\fld =¢,B,(T.)+ (1 — v)Islr‘ (59)

Fig. 22. The atmospheric configuration for the CO: slicing
method.

The above expression may be a good approximation for high
clouds but may introduce substantial retrieval biases for low
clouds. For a partially cloudy pixel with cloud amount N, the
corresponding radiance is given by

I, = NIg“ + (1 — N)IgT
= (1 - Ne&)IS" + Ne,B,(T)I,(P., 0)

0 ar,(p,0)
+Ne, [, B,(P)—%—=dinP,

(60)

where Ng, is referred to as the effective cloud amount.
Furthermore, it is straightforward to prove the following
relation:

I, — Iglr = _Nevlslr + Ne, B, (T)I, (P, 0)

° oL, (P,0)
+ Ne, f B,(P)———dInP
Pc

alnpP
= Ng,B,(T)I, (P, 0) + N¢&,[-B, (T, (P, 0)
Pc 6FV(P,0)
- fPs B,(P) po].

Moreover, we have

(61)

P ar,(pP,0)
fps B,(P) dP = B, (PO, (P, 0) — B,(P)L, (R, 0) —
Pc 9By[T(P)]
From (61) and (62), we obtain
I, — 57 = Ne,, [, I, (P, 0) 24" dinp,
(63)

Unlike the absorption of atmospheric gases, cloud optical
properties vary relatively slowly with wavenumber. Therefore,
it is a reasonable approximation to assume the cloud emissivity
values at two bands within the CO2 15-um spectrum at
wavenumber v; and v, to be the same, that is, &,, = €,,. From
(63), we have



P 9By, [T(P)]
Ivl_lsir _ fPSCFvl(P,O)allelnP
I, —ICr = P 0By, [T(P)] . (64)
V2Tl fPS Ty, (P.O—54 5 —dinP

The above equation provides the basis for inferring P,. Table 1
lists three examples of the CO: slicing-based retrievals
compared with radiosonde- and lidar-derived values [23].

TABLE I
THREE EXAMPLES OF THE COz SLICING METHOD RETRIEVALS OF
CLOUD-TOP PRESSURE. THE CORRESPONDING RADIOSONDE AND
LIDAR INDICATED CLOUD-TOP PRESSURE ALTITUDES ARE ALSO
LISTED. DATA TAKEN FROM [23].

Radiosonde Lidar Pressure | CO>  slicing
Pressure (hPa) (hPa) pressure (hPa)
830 830 800
850 830 850
550 550 550

VL CLOUD OPTICAL THICKNESS AND
EFFECTIVE PARTICLE SIZE

In Section II, we elaborated on the importance of cloud
optical thickness and effective particle size, particularly
manifested by Egs. (19)-(22). In this section, we review two
widely used algorithms for inferring these two cloud properties
using solar bands and thermal IR bands, respectively.

A. Physical basis of retrieval algorithms

The fundamental principle for retrieving cloud optical
thickness and effective particle size is to match observed cloud
reflectances to forward radiative transfer simulations, iteratively
adjusting parameters until convergence between the observed
and simulated radiances is achieved [16], [17]. To ensure
computational efficiency, this approach typically uses
precomputed LUTs for ice and liquid water clouds, which
account for various solar/viewing geometries, cloud heights
critical to IR cloud property remote sensing techniques, and
atmospheric profiles. The optimal estimation method [121] is
commonly used to enhance computational efficiency when
comparing observations and simulations (e.g., [122], [123]). In
particular, the following optimal estimation algorithm is applied
in the inversion part of the retrieval algorithms, which can
obtain an optimal solution by minimizing the cost function:

J() = (x —x,)"Sg (x — x0) +
[y = F(x, D)I"Sy [y — F (x, b)], (65)
where x, y, and b are the state vector, the measurement vector,
and the model parameter vector, respectively. x, represents the
a priori value of the corresponding state vector. F(x, b) is the
simulated measurement calculated from the optical property
model using the forward models. S, and S, are the error
covariance matrices for a priori values and measurements. The
underlying radiative transfer computations require a defined set
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of cloud single-scattering properties, namely the phase
function, single-scattering albedo, and extinction efficiency.
Although radiometric observations, such as those from
MODIS, do not measure the polarization state of the radiation
field, using a scalar radiative transfer model that neglects the
vector properties of the radiation field to compute the lookup
tables may incur noticeable errors in remote sensing
applications based on radiometric observations [124].

To determine optical thickness and effective particle size,
operational remote sensing relies on either IR-based thermal
emission or visible-shortwave IR (VIS-SWIR) solar reflection.
A landmark example is the [24] bi-spectral technique, which
was originally developed to use reflected sunlight to retrieve
these properties for liquid water clouds. This technique has
been extended to infer ice-cloud microphysical and radiative
properties. To illustrate the physical basis of the bi-spectral
method, Fig. 23 shows the simulations of the spherical albedo
for various effective particle sizes with the same optical
thickness (7 = 17 at wavelength 4 = 0.75 ym ), where the
spherical albedo is defined as [68]:

r =27 o o R tto, @ — 90) iitodudisgd(p — po),  (66)
where R(U, 1o, ¢ — @) is the bi-directional reflection function
defined in Eq. (53) for a general optical thickness. Figure 23
shows that, for a spectral channel centered at a wavelength
shorter than 1 um, the cloud spherical albedo is essentially
independent of the effective particle size. However, channels
centered in the near-IR regime, e.g., at 1.64 um and 2.13 pm,
are sensitive to the effective particle size. This spectral feature
provides the physical basis for simultaneously retrieving the
optical thickness and effective particle size by using a pair of
visible and near-IR channels.
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Wavelength (um)
Fig. 23. Cloud spherical albedo as a function of wavelength for
selected values of the effective radius of ice crystals. The
single-scattering properties based on the MODIS Collection 6
ice cloud optical model illustrated in the upper panel of Fig. 13
are used for the radiative transfer simulation.

Using known single-scattering properties, radiative transfer
calculations can be performed across various cloud optical
thicknesses and effective particle sizes for different solar and
viewing geometries. Well-established methods, such as the
discrete ordinate or adding-doubling method, can then be
applied to compute the bidirectional reflection functions of
these clouds. Figure 24 illustrates the relationship between the
reflectances in the 0.64-um and 2.24-um channels, two spectral



channels provided by the advanced baseline imager (ABI) [125]
aboard Geostationary Operational Environmental Satellites
such as GOES-17, for cirrus clouds across various optical
thicknesses and effective particle sizes for a specific geometry.
Similar to the case of Fig. 23, the single-scattering properties
based on the MODIS Collection-6 ice crystal habit model are
used for the computations associated with Figs. 24 and 25, and
the optical thickness values shown are referenced to a
wavelength of 0.55 um. As clouds become opaquer, the curves
for optical thickness and particle size become "quasi-
orthogonal." This near-orthogonal behavior allows the two-
channel (bispectral) technique to independently retrieve both
cloud optical thickness (primarily 0.64 pm sensitivity) and
effective particle size (sensitive to both, particularly 2.24 pm).
For example, if the X' symbol in the left panel of Fig. 24
indicates a pair of observed reflectances, one can derive an
optical thickness of ~20 and an effective size of ~12.5 pm. In
practice, these retrievals utilize various VIS/NIR/SWIR/MWIR
combinations; for instance, MODIS uses 0.86 um over oceans,
0.64 um over land, and 1.24 pm over surface snow/ice for
optical thickness, combined with 1.64, 2.24, or 3.7 um channels
for the effective particle size. It is worth noting that the effective
sizes inferred using the 1.64-pm and 3.7-pm channels may be
different, as a cloud may be vertically inhomogeneous in its
microphysical properties and the two channels are sensitive to
different portions of the cloud.
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Fig. 24. The theoretical relationship between the reflection
function at 0.64 and 2.24 pm for various values of cloud optical
thickness (7) and effective particle radius (7;) for (a) liquid and
(b) ice clouds. The values of the solar zenith angle (SZA),

viewing zenith angle (VZA), and the relative azimuthal angle
(RAA) are specified.

As an alternative or complement to VIS-SWIR bi-spectral
techniques, a technique commonly referred to as the split-
window technique uses IR channels within the window region
(8—12 um) to retrieve cloud properties [126], taking advantage
of the spectral peak in terrestrial thermal emission. This IR
technique offers the benefit of consistent, simplified, day-and-
night data reduction, while avoiding the sun glint often present
in shortwave reflectance data. They also provide clearer data
interpretation over reflective surfaces. These retrievals rely on
the sensitivity of BT and cloud emissivity, representing
graybody/blackbody emission, to cloud particle size and optical
thickness, as illustrated by Fig. 25. By comparing the measured
BTD to theoretical models, simultaneous retrievals of cloud
microphysics can be obtained, similar to VIS-SWIR techniques.
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However, the IR technique is more sensitive to atmospheric
profiles (specifically temperature and absorbing gases), cloud
height, and the surface emissivity, and is limited to optically
thinner clouds, as emission becomes indistinguishable from a
blackbody for optical thicknesses greater than 10—-12. The
split-window technique has been employed to develop
operational cloud property products [127] based on
observations made by the IIR aboard the CALIPSO platform
[65].
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Fig. 25. The variation of the BTD between the 10.3- and 12.3-
um channels as a function of the BT in the 10.3-um channel,
computed for ranges of cloud optical thicknesses and effective
particle sizes for (a) liquid and (b) ice clouds.

B. Examples of operational cloud retrieval products based
on MODIS observations

Figures 26-28 show a twenty-one year (2003-2023) global
climatology of cloud macrophysical and optical properties
from the Terra (morning orbit) and Aqua (afternoon orbit)
MODIS Collection 6.1 cloud product datasets. Mean daytime
cloud fraction and cloud-top pressure, the latter derived from
either the 11 um IR window or the CO:z slicing technique, are
shown in Fig. 26. Global oceans, particularly the stratocumulus
regions off the west coasts of North America, South America,
southwest Africa, and Australia, along with the Southern
Ocean, are notably cloudier during the morning (Terra) than the
afternoon (Aqua), owing to burn off of shallow boundary layer
clouds that form at night. The reverse is true over land, where
daytime surface heating induces afternoon convection and
cloud formation. In both morning and afternoon, clouds over
land have higher altitude cloud tops, i.e., lower cloud-top
pressures, again the result of enhanced convective activity from
daytime surface heating; the notable exception is the
intertropical convergence zone (ITCZ) and western equatorial
Pacific Ocean, where convection is frequent due to low-level
Hadley Cell convergence.

Figure 27 shows the global frequency distribution of cloud
optical property retrieval fraction separated by thermodynamic
phase. Specifically, retrieval fraction is defined as the fraction
of all pixels identified as having overcast (fully cloudy field of
view, FOV) liquid (top row) or ice (bottom row) clouds that
also have successful cloud optical property retrievals. As such,
the sum of the liquid and ice cloud retrieval fractions for a given
grid box never exceeds the grid box cloud fraction and typically
is smaller, given retrieval failures [reflectance observations
lying outside the cloud optical thickness cloud effective radius
solution space] and/or classification of “cloudy” pixels as being
only partly cloud-filled. Nevertheless, these retrieval fractions
illustrate the dominant patterns of global cloud phase. Liquid
clouds dominate global oceans, and the marine boundary-layer



stratocumulus regions are clearly observable, as is the vast
cloudiness of the Southern Ocean. Conversely, ice clouds
dominate the ITCZ and other deep convective zones, including
the western equatorial Pacific and the Amazon and Congo
basins. Moreover, the liquid cloud fractions evidently decrease
during the afternoon (Aqua) compared with the morning (Terra)
due to cloud burn-off, and ice cloud fractions over land surfaces
and other convective regions increase due to afternoon heating-
driven convection, as noted above in the cloud fractions (Fig.
27).

Figures 28 and 27 show the mean cloud optical thickness and
cloud effective radius, respectively, for liquid (top rows) and ice
(bottom rows) clouds. These statistics are derived from cloud
optical thickness/cloud effective radius retrievals that use the
VIS-SWIR bi-spectral channel pair (with the 2.13-um channel
as the SWIR channel) that is the standard MODIS retrieval. For
liquid clouds, cloud optical thicknesses are larger over land and,
like the liquid retrieval fractions in Fig. 27, decrease during the
afternoon. For ice clouds, cloud optical thickness, particularly
over land, increases during the afternoon due to enhanced
convection. The marine stratocumulus regions are clearly
observable in the liquid cloud effective radius statistics as the
regions of smaller cloud effective radii off the southwest coasts
of North America, South America, and Africa.

a) Mean Daytime Cloud Fraction
Terra MODIS, 2003-2023

b) Aqua MODIS, 2003-2023

et et g =t

D=0 WHEDIPD

SNENRSNOED
Dimensionless

¢) Mean Daytime Cloud-Top Pressure
Terra MODIS, 2003-2023

d) Aqua MODIS, 2003-2023

el e 200

Fig. 26. Multi-year mean daytime cloud fraction (top row) and
cloud-top pressure (bottom row) from Terra (left column) and
Aqua (right column) MODIS derived from the 21-year (2003-
2023) Collection 6.1 cloud product data record. For MODIS,
cloud-top pressure is derived from a combination of the 11um
IR window channel approach for low or thick clouds and the
CO: slicing approach for high thin clouds.
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Fig. 27. Upper row: Multi-year mean retrieval fraction for liquid
clouds derived from the 21-year (2003-2023) observational
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record of Terra (a) and Aqua (b) MODIS. Lower row: Similar
to the upper row but for ice clouds from Terra (c) and Aqua (d)
MODIS. Statistics are derived from the Collection 6.1 cloud
products, with retrieval fraction defined as the fraction of all
observations for which an overcast cloud scene is observed,
and cloud optical/microphysical properties are successfully
retrieved.

a) Mean Liquid Cloud Optical Thickness b) Aqua MODIS, 2003-2023
Terra MODIS, 2003-2023

¢) Mean Ice Cloud Optical Thickness
Terra MODIS, 2003-2023

Fig. 28. Upper row: Multi-year mean liquid cloud optical
thickness derived from the twenty-one year observational
record (2003-2023) of Terra (left column) and Aqua (right
column) MODIS. Lower row: Similar to the upper row but for
ice clouds. All panels are derived from the Collection 6.1 Terra
and Aqua MODIS cloud products using retrievals from the
VIS-SWIR bi-spectral retrieval algorithm (with 2.13 pm as the
SWIR channel).

d) Aqua MODIS, 2003-2023
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Fig. 29. Upper row: Similar to the upper row of Fig. 28, but for
liquid cloud effective radius. Lower row: Similar to the lower
row of Fig. 28, but for ice cloud effective radius. As in Fig. 28,
these multi-year means are derived from the Collection 6.1
Terra and Aqua MODIS cloud products using retrievals from
the VIS-SWIR bi-spectral retrieval algorithm (with 2.13 um as
the SWIR channel).

VII. AEROSOL PROPERTY RETRIEVALS BASED ON
OBSERVATIONS MADE BY PASSIVE SENSORS

Solar radiation observed by satellite sensors is governed by
scattering and absorption by gas molecules, aerosols, and
clouds. Aerosols contribute to path reflectance, atmospheric
transmittance, and spherical albedo, while molecular scattering
and gaseous absorption further modify the observed radiance.
Cloud effects, including direct contamination of aerosol remote



sensing and adjacency effects such as bright cloud edges and
shadows, also need to be considered. The surface reflectance
contributes via the multiple scattering of the transmission and
albedo functions. For example, clouds can completely obscure
aerosols beneath them, and highly reflective surfaces can
dominate the top-of-atmosphere signal, reducing observational
sensitivity to aerosol scattering. As a result, not all observing
conditions are suitable for aerosol retrievals from passive
imagery, and aerosols are only retrieved in situations where
when contributions from other constituents and the surface can
be neglected or sufficiently characterized. Consequently, to
extract aerosol properties from satellite measurements, retrieval
algorithms adopt a set of simplifying assumptions to mitigate
these limitations. Because aerosol signatures vary with
wavelength and viewing geometry, specific spectral bands and
angles are preferentially sensitive to particular aerosol types,
while surface reflectance also exhibits scene-dependent spectral
and angular variability across land-cover classes (e.g.,
vegetation, deserts, and ocean). MODIS therefore employs
multiple aerosol retrieval algorithms, each optimized for
different surface—atmosphere regimes. Below, we present a
concise overview of the theoretical framework underlying
passive aerosol remote sensing, particularly the aerosol property
retrieval algorithms developed by the MODIS aerosol science
team, while referring readers to complementary literature for
additional context and depth.

A. Physical Basis for Aerosol Property Retrievals

A ground-based sunphotometer directly measures the total
extinction of solar radiation along the atmospheric column,
yielding a direct estimate of aerosol optical depth (AOD)
because the detected light has not interacted with the surface. In
contrast, MODIS and other passive remote sensing imagers
measure solar radiance that has been scattered or reflected
within the coupled Earth—atmosphere system, including
contributions from the underlying surface. Consequently,
aerosol retrieval from passive sensors requires isolating the
atmospheric signal from surface reflectance through a set of
physically based assumptions and algorithmic approximations.
Certain scenes—such as those contaminated by clouds,
influenced by sunglint over oceans, covered by snow or ice, or
located within gaps between orbital swaths—preclude reliable
retrieval. As a result, at MODIS spatial resolution, only a subset
of pixels is suitable for aerosol retrieval. Over large portions of
North America and adjacent ocean regions, this fraction has
been estimated at approximately 34-43% of total pixels.

In the standard algorithms described below, cloudy scenes are
screened a priori (e.g., using a cloud mask), and aerosol
retrievals are not performed for pixels flagged as cloudy.
Accurate characterization of surface reflectance is essential for
isolating the atmospheric contribution to the TOA signal.
Surface reflectance is prescribed or estimated using long-term
climatologies, parameterizations, or temporal consistency
within an inversion framework that may jointly retrieve aerosol
and surface properties. The primary retrieval objective is the
column-integrated aerosol loading, which requires assumptions
regarding aerosol optical properties. The algorithms employ
precomputed LUTs, such as those built from the scattering
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calculations described in Section 2, that relate TOA reflectance
to aerosol amount for specified aerosol models at each
wavelength across a range of viewing and solar geometries.
The retrieval compares measured TOA reflectance with LUT
entries for the appropriate geometry and assumed surface and
aerosol properties to determine the aerosol amount that best
reproduces the observation. The resulting solution provides an
estimate of the spectral AOD consistent with the measured
reflectance.

B. Aerosol Retrieval Algorithms Developed by the MODIS
Aerosol Science Teams

There are two standard MODIS aerosol retrieval algorithms
associated with the Atmosphere discipline [128]. The at-
launch algorithm [129], [130] is now commonly known as
Dark Target or DT [131], [132]. This was followed by the
Deep Blue (DB) algorithm [21], [133], [134]. Note there is also
the Multi-Angle Implementation of Aerosol Correction
(MAIAC) [135] under the ‘Land’ discipline [136], and
retrievals of aerosol properties within the ‘Ocean’ discipline.
Each team has its own website with examples [136], [137],
[138].

DT and DB are similar in that both retrieve aerosol
properties along-orbit, granule by granule, but differ, however,
in how they disentangle surface and atmospheric contributions
to the observed signal and in how they attribute the remaining
atmospheric signature specifically to aerosols rather than to
other constituents. These methodological differences lead to
distinct choices in scene selection, the spectral bands used for
the retrieval, and the decision logic applied to determine
whether a retrieval is successful and of sufficient confidence.
Such differences are evident in the DT and DB (Fig. 30b-c)
retrieval examples shown for the scene in Fig. 30a.

The Dark Target (DT) algorithm retrieves aerosol properties
over surfaces that are radiometrically “dark,” including
vegetated and dark-soil regions over land and the open ocean.
The DT method was conceived by [129], [130]. The physical
principles of this method are that the aerosol signals observed
by a spaceborne sensor are strongest over the surface with low
reflectance, i.e., dark targets. Furthermore, the aerosol effect on
spaceborne measurements of the atmosphere-surface reflection
is proportional to A7 or even 172 [139]. As a result, the
measured reflectance at a shortwave near-IR (SWNIR) channel
(e.g., at 2.12 pum) is essentially contributed by the surface
reflection. It is also found that the surface reflection is not
independent across the solar spectrum. Therefore, it is feasible
to estimate surface reflectance in blue (0.47 pm) and red (0.66
um) channels using empirical relations. Then, aerosol
properties can be inferred by matching measured and
theoretical bidirectional reflection functions (39) by selecting
an appropriate dynamical aerosol model describing the aerosol
size distribution, index of refraction, single-scattering albedo,
and phase function. In its current algorithm, DT generates an
AOD product at three wavelengths over land [130] and seven
wavelengths over ocean [129], with a combined AOD reported
at 0.55 um [140], [141]. The retrieval begins by aggregating
native-resolution pixels into NxN blocks and applying a series
of screening steps to remove clouds, snow/ice, ocean sunglint,
and land surfaces exhibiting high reflectance in the visible and



SWIR bands [142]. Some of this information is provided by the
upstream cloud mask (see example in Fig. 28d), while some is
computed internally during the aerosol retrieval. By avoiding
brighter surfaces, the algorithm reduces sensitivity to
uncertainties in assumed surface reflectance. After filtering
undesirable pixels, the remaining pixels within each NxN block
are aggregated to form a mean multispectral reflectance vector
that serves as input to the retrieval. An internal land/sea flag then
routes the procedure to the appropriate land or ocean pathway.
Over land, the algorithm applies a Surface Reflectance
Parameterization (SRP) that relates visible-band surface
reflectance to SWIR reflectance [141], [143] and selects aerosol
optical property models according to geographic region and
season [20], [141]. Over ocean, surface reflectance is
parameterized primarily as a function of wind speed, and the
retrieval proceeds by selecting among aerosol models. It is
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assumed that the total aerosol is comprised of two aerosol
models, one deemed as “fine” (dominated by small particles)
and one deemed as “coarse” (dominated by coarse particles)
[129], [140]. In addition, we assume that we know enough
about that model’s aerosol optical properties, molecular
scattering, and surface interactions so we can calculate path
reflectance and surface-atmosphere interactions. Therefore, we
can approximate the total bi-directional reflection function as
the sum of the contributions from the two aerosol models,
balanced by the fine-mode weighting (FMW or 1):

Ry ttor @ — 90) = 1R] (1 1o, @ — 9) +

(1 =R, 1o, @ — 9o), (67)
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Fig. 30. Tlustration of MODIS Aqua image of a smoke case near California coast on October 3, 2020. (a) MODIS RGB
image. Retrievals of AOD at 0.55 mm over land and ocean from (b) DT and (c) DB algorithms, (d) cloud fraction from the DT
algorithm, (e) Over-ocean AOD fine mode fraction at 0.55 mm from the DT algorithm, and (f) SSA over land at 0.47 mm from
the DB algorithm. DT and DB retrievals are derived at non-gridded 10 km? (nadir) and are created from Aqua data. The tiny
circles represent the AOD values reported at AERONET sites at the time of overpass. These AERONET sites include (with
latitude/longitude): Fresno 2 (36.79°N, 119.77°W), NASA Ames (37.42°N, 122.06°W) and NEON_SJER (37.11°N,
119.73°W). Grey areas represent “fill values” meaning that there is no value derived for that variable.




where the fand c¢ indicate fine and coarse_aerosol models. 7 is
independent of wavelength, and this parameter enables
discrimination between coarse-mode aerosols, such as mineral
dust, and aerosols dominated by smaller particles, such as
smoke or urban/industrial pollution [144], [145].

Figure 30 shows an example of DT and DB aerosol property
retrievals. Although the model selection and fitting procedures
differ between dark targets over-land and over-ocean, both
produce an estimate of the FMW, defined as the fraction of the
total AOD at 0.55 pm attributable to the fine mode. An example
of the fine mode fraction retrieval over dark surfaces is shown
in Fig. 30e.

It is a significant challenge to infer aerosol properties over a
bright surface. To address this challenge, Hsu et al. [133]
developed a novel method, referred to as the Deep-blue
algorithm, to retrieve aerosol properties over, e.g., arid,
semiarid, and urban areas. The underlying principle is that the
surface is usually bright in the red or near-IR channels for the
above surface conditions, but much darker in blue spectrum
(A < 0.5 pm). Based on the minimum reflectivity technique, an
empirical surface reflectance database has been developed on a
global scale [133], allowing simultaneous retrievals of AOD and
aerosol type. However, it should be pointed out that the
implementation of DB is quite involved, and the reader is
referred to [133], [146], for technical details.

As sunphotometers are the most direct method for observing
column-integrated aerosol properties, data from the ground-
based AERONET [147], [148] have repeatedly been used to
validate MODIS aerosol products [15], [21], [130],[131],[135],
[149], [150], [151], [152] as demonstrated in Fig. 30. Coastal
and island-based AERONET sites as well as the ship-borne
Marine Aerosol Network [153] are used to evaluate over-ocean
retrievals. Validation is performed site-by-site, on local,
regional and/or global scales, and/or on case-by-case, or any
temporal scales. Both DT and DB products have been globally
validated, indicating that approximately 2/3 (or 1 standard
deviation) of all satellite/sunphotometer collocations (for AOD
at 0.55 mm) match within an error envelope (EE) of
approximately +(0.05 + 15%) over land and +(0.03 + 10%) over
ocean. Generally, the ocean surface is easier to constrain,
leading to lower uncertainty. However, both DT and DB teams
are clear that these numbers represent global statistics, and
actual retrieval performance varies by location and season.
Validation efforts have been applied for characterizing AOD at
other wavelengths, as well as for aerosol Angstrom exponent
that is a parameter describing AOD spectral dependence, FMW,
and SSA (if available as a product). In addition to validation of
the retrieved products, AERONET inversion data are also used
to confirm assumptions of aerosol particle properties. Each
MODIS aerosol team web page can direct users to published and
unpublished validation resources [136], [137], [138].

C. Examples of Operational Aerosol Retrieval Products
based on MODIS Observations

Orbit-level DT and DB retrievals are routinely aggregated
onto a 1° x 1° grid [154], [155] and are provided as daily and
monthly aggregations including summary statistics such as the
mean, standard deviation, minimum, maximum, and pixel count

27

for each grid cell and time period. These standard products can
be further aggregated to seasonal, annual, or climatological
scales.

Figs. 31 and 32 present seasonal mean AOD and FMW at
0.55 pm, respectively, composited from the combined MODIS
DT/DB aerosol aggregated products from Aqua over 2003—
2022. The aerosol FMW is computed over both land and
ocean, but is shown over ocean, where it is generally more
quantitatively interpretable. High FMW indicates aerosol
populations dominated by small particles typical of smoke and
anthropogenic pollution, whereas low FMW is characteristic of
coarse-mode plumes dominated by dust and sea salt. These
seasonal composites illustrate the large-scale variability of the
global aerosol system. During December—January—February
(DJF), enhanced pollution is evident over East Asia and
northern India, along with localized dust influences from the
African Sahel. In March—April-May (MAM), dust transport
intensifies from the major desert regions and biomass burning
emerges over Southeast Asia. By June—July—August (JJA),
wildfire smoke from boreal Asia and biomass burning over
equatorial Africa coincide with active dust sources, exporting
aerosol from continental regions over adjacent ocean basins. In

Dark Target seasonal mean derived FMW at 0.55 um
Aqua - MODIS

Fig. 31. 1° x 1° seasonal map of AOD at 0.55 pm, calculated
from the L3 monthly gridded Aqua products: 2003-2022.

Dark Target / Deep Blue seasonal mean AOD at 0.55 um
Aqua - MODIS

Fig. 32.

1° x 1° seasonal map of FMW at 0.55 pm,

calculated from the L3 monthly gridded Aqua products:




September—October—November (SON), dust activity weakens,
and biomass burning in the Amazon and southern Africa
becomes the dominant source, while pollution begins to increase
again over East Asia and India.

VIII. PHYSICALLY CONSISTENT RETRIEVAL OF

DUST AEROSOL PROPERTIES BASED ON
SYNERGISTIC OBSERVATIONS FROM ACTIVE-
PASSIVE SENSORS

CALIPSO, launched on April 28, 2006, is part of the A-Train
satellite constellation, dedicated to studying the optical and
microphysical properties of clouds and aerosols, and their
impact on the earth’s radiative budget. CALIPSO carries both
CALIOP, which measures the parallel and perpendicular
components of the 532 nm backscattered signal, and IIR, which
observes BTs in atmospheric window channels; together, these
complementary measurements provide a unique and
unprecedented capability for investigating dust aerosol
properties.

A novel physics-based retrieval system has been developed
for retrieving dust aerosol properties based on synergistical
observations from CALIOP and IIR. Dust bulk optical
properties are derived from the TAMUdust2020 database [28]
and include regionally varying refractive indices constrained by
observational mineralogical composition datasets (e.g., [156],
[157], [158], [159]). These properties are used to solve the
radiative transfer equation in the forward models for CALIOP
and ITR, enabling a physically consistent representation of dust—
radiation interactions. For the CALIOP lidar component, a
Monte Carlo radiative transfer model (MCRTM; [160]) is
employed to simulate 532-nm backscatter and depolarization
signals based on the computed dust optical properties. Although
the MCRTM-simulated backscatter and depolarization signals
explicitly account for in-layer attenuation within the plume, the
effect is minimal and can be considered negligible due to the
thinness of each dust layer. To improve computational
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simulations, spanning combinations of dust aerosol optical
thickness (DAOT) and dust aerosol effective radius (DAER)
and their corresponding backscatter coefficient (BSC) and
particulate depolarization ratio (PDPR) at 532 nm. Figure 33a
illustrates the CALIOP retrieval strategy based on this LUT for
both a global-mean mineralogical composition and an Eastern
Asia sample, highlighting the sensitivity of DAOT and DAER
to BSC and PDPR and the influence of mineralogical
variability. Because CALIOP provides vertically resolved
profiles of BSC and PDPR, the BSC—PDPR method can be
applied to retrieve the vertical distributions of DAOT and
DAER. As shown in Fig. 33a, BSC remains sensitive across a
wide range of DAOT, whereas PDPR primarily constrains
DAER, especially for DAER < 2 pm. This sensitivity
diminishes for larger particles (DAER > 2 pm), limiting
PDPR’s ability to constrain coarse-mode dust. The noticeable
offset and skew between the global-mean and Eastern Asia
LUTs, most pronounced at large DAOT or DAER, further
demonstrate the strong dependence of CALIOP-based
retrievals on regional dust mineralogy.

In the thermal IR retrieval system for IIR, the forward model
uses a single-layer radiative transfer scheme based on the two-
stream approximation (TSARTM; [161], [162]). The TIR
forward model simulates band-average BT and forms two split-
window BTD, BTDsss. 12.05pm and BTD1o6. 12.05pm, Which are
used for retrieval following the established TIR sensitivity to
both DAOT and DAER [163] and for the identification and
retrievals of dust storms [164]. Figure 33b presents split-
window diagrams for the global-mean and Eastern Asia dust
samples for a dust-layer top temperature (DTT) of 285 K,
assuming an off-nadir viewing angle of 3 degrees, sea surface
temperature (SST) of 297 K, total precipitable water of 8 mm,
and a constant surface emissivity of 0.99 in each IIR band. The
two samples exhibit substantially different split-window
behavior, indicating that dust mineralogical composition can
exert a stronger influence on TIR-based retrievals than on
CALIOP lidar-based retrievals. As DTT increases, the
sensitivity to small DAER (DAER < 1 um) decreases and the
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Fig. 33. Dust aerosol retrieval strategy based on (a) CALIOP measurements of the backscatter coefficient and particulate
depolarization ratio and (b) IIR BT observations. Curves are shown for the global average sample (black) and Eastern Asia
sample (red).




larger DAER, as reported by [165], because the thermal contrast
between the surface and the dust layer becomes weak. Under
these conditions, the DAOT-DAER relationship becomes
strongly non-orthogonal and can be non-monotonic, which
reduces retrievability and may lead to retrieval failures as well
as increased uncertainties and systematic biases. For larger
particles (DAER > 1 pum), the DAOT-DAER relationship
becomes more orthogonal, with BTDs 5. 12.05um being relatively
more sensitive to DAOT and BTD10.6- 12.05um 1S more sensitive to
DAER. This complementary sensitivity enables simultaneous
retrieval of DAOT and DAER, and the systematic shift of the
split-window diagram with DTT provides an additional
constraint.

The limitations of lidar-based and TIR retrieval methods have
motivated the development of data-fusion approaches that
combine high-spatial-resolution observations from active and
passive sensors to improve dust aerosol property retrievals
[165],[166],[167], [168], [169]. In [165], the active and passive
retrievals are combined by using the integrated DAOT and DTT
derived from the lidar-based method as a priori information in
the TIR retrieval. The DTT from CALIOP is obtained by
identifying the highest dust layer from the CALIOP Level 2
profile atmospheric volume description product, which specifies
cloud and aerosol type for each layer, and then interpolating
layer height with temperature profiles from MERRA-2
reanalysis. Because the lidar-based method has limited
sensitivity to large dust aerosol effective radius (DAER), the
lidar-derived DAER is not directly used as an a priori constraint
in the TIR retrieval and instead serves only as a climatological
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reference. The lidar-based and TIR retrieval algorithms adopt
consistent physical assumptions, which improves the
robustness of the retrieval framework and helps ensure physical
consistency between the two methods. This methodology can
be extended to upcoming satellite missions such as
EarthCARE, as well as to ground-based observations and
broader multi-angle, multi-sensor synergistic analyses, thereby
increasing its applicability to future observing systems. Figure
34 presents the retrieved global oceanic dust properties,
including DAOT, DAER, DTT, and dust plume top pressure
(DTP), obtained from the synergistic use of CALIOP and IIR
observations, showing the spatial distribution and variability of
retrieved dust optical and microphysical properties and dust-
layer thermodynamic structure over ocean.

IX. MULTI-ANGLE AEROSOL REMOTE SENSING
WITH MISR

Single-view, multispectral radiometric retrievals, such as
those implemented for MODIS, have demonstrated substantial
capability in constraining aerosol optical depth and related bulk
properties by exploiting spectral contrast and empirical surface
reflectance relationships. However, when observations are
acquired from a single dominant viewing direction, the angular
dependence of scattered radiance is only partially sampled.
Multi-angle measurements provide an additional constraint by
directly characterizing the directional dependence of
reflectance. This capability enhances sensitivity to aerosol
phase function, particle nonsphericity, and surface
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bidirectional reflection function. In this sense, multi-angle
observations complement multispectral radiometry.

The Multi-angle Imaging SpectroRadiometer (MISR; [170]),
aboard Terra, measures top-of-atmosphere reflectance at
multiple viewing angles, providing significant constraints for
aerosol remote sensing [171], [172]. This multi-angle view
capability is achieved using nine pushbroom cameras that
observe the Earth at nadir and at off-nadir angles of +26.1°,
+45.6°, £60.0°, and +70.5°. Radiometric measurements are
made in four spectral bands centered at 446, 558, 672, and 866
nm. Within an approximately 7-minute time interval, the
cameras observe a 380 km-wide overlapped swath from the nine
angles. The multi-angle measurements allow a sampling of
TOA reflectance across a wide scattering-angle range within a
single overpass. Capitalizing on this capability, the aerosol
phase function can be better constrained, and the degeneracy
between aerosol scattering and surface BRF is reduced. This
provides valuable information to decouple surface reflection
from aerosol scattering, discriminate dust from spherical fine-
mode particles, and estimate aerosol abundance. The retrieval
operationally outputs the best AOD and mixture(s) that fit the
measurement. Key references for MISR instrument and aerosol
retrieval algorithm have been documented in [170], [171],
[173], [174], [175], [176].

A. Retrieval Algorithm

The MISR aerosol retrieval algorithm is based on a lookup-
table (LUT) search approach. The observed multi-angle
reflectances are compared against a precomputed database of
simulated radiances across MISR’s spectral bands for a total 74
candidate aerosol mixtures [22], [174]. The calculation assumes
a plane-parallel atmosphere for running radiative transfer
simulation. For every aerosol mixture, the LUT has the
dimension of AOD and observing geometry, including solar
zenith angle, view zenith angle, and scattering angle. The 74
mixtures are formed by combining up to three components with
discrete mixing fractions [22]. Each component is characterized
by a lognormal size distribution, prescribed complex refractive
indices, and spherical or nonspherical shape. Common
components include nonabsorbing or absorbing particles, small
or medium/large sized particles, and spherical and nonspherical
(dust) particles. This discretization transforms a continuous
aerosol retrieval into a highly efficient search of the best
solution(s) among the prescribed candidate mixtures. Overall,
about 70% to 75% of MISR AOD retrievals fall within 0.05 or
20%xA0D of the coincident AERONET validation data, and
about 50% to 55% are within 0.03 or 10%xA0D of AERONET,
except at sites where dust or mixed dust-smoke conditions are
prevalent [174]. The current version of MISR Level-2 aerosol
product is reported on a 4.4 km spatial grid, or “region”. Each
region is composed of 4x4 subregions (hereafter referred to as
“pixels”), each covering an area of 1.1 km. The Level-2 aerosol
retrieval uses three types of cloud masks: the radiometric
camera-by-camera cloud mask (RCCM, [177], [178]), the
stereoscopically derived cloud mask (SDCM, [148]), and the
angular signature cloud mask (ASCM, [179]). These masks are
reported at the 1.1 km spatial resolution. In addition, angle-to-
angle smoothness and angle-to-angle correlation are evaluated
to further screen the pixels that may be cloud contaminated
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[173]. In addition to excluding the pixels contaminated by
clouds or, over water, affected by sun glint, no aerosol
retrievals are attempted over land when the surface topography
is complex.

MISR’s aerosol retrieval over land capitalizes on the spatial
contrast in the region composed of 4x4 pixels. The darkest
pixel is picked from such a region for fitting, and the maximum
AOD is determined as the upper bound AOD for each aerosol
mixture. Mixture-dependent AODs that are incompatible with
the observed data are eliminated. For each combination of
AOD and aerosol mixture, the LUT-derived path radiances are
subtracted from the measurements. If a combination of aerosol
model and AOD is correct, the residual corresponds to the
surface Hemispherical-Directional — Reflectance Factors
(HDRFs), which should further satisfy the spectral invariance
constraint in terms of the angular shape of the surface HDRFs.
AOD-mixture combinations are rejected if they violate the
spectral invariance constraint beyond a specified threshold
metric. This process eliminates poorly fitting mixtures and
narrows the range of acceptable optical depths in the remaining
mixtures. Moreover, MISR’s aerosol retrieval over land is
characterized by the application of a “HetSurf” algorithm
[173]. Empirical orthogonal functions (EOFs) are calculated
from the reflectance differences between the TOA signals of
the pixel of smallest mean of cos™gview-weighted reflectance
over the cameras in red band and those of other pixels in the
4x4-pixel region. This procedure enables an empirical
decoupling of atmospheric path radiance from surface-leaving
radiance. The surface reflectance is then reconstructed from the
leading EOFs, and its deviation from the model-corrected
surface reflectance is evaluated. The model-corrected surface
reflectance is obtained by subtracting the modeled path
radiance from the measured signals for each combination of
AOD and aerosol mixture. Using a chi-square error metric to
quantify the deviation, an AOD-aerosol mixture combination
is rejected if the corresponding chi-square value exceeds a
prescribed threshold.

The final reported AOD is typically derived from the
ensemble of acceptable mixtures that survive all of the above
screening criteria, rather than from a single best-fit solution,
thereby reducing sensitivity to discrete LUT spacing and
measurement noise. One strength of MISR’s aerosol retrieval
algorithm lies in its treatment of surface reflectance. Instead of
assuming a constant surface albedo, MISR exploits the
constraint that the angular shape of surface HDRFs does not
vary significantly across its visible-to-near-IR spectral bands
[172], [180]. Combined with the “HetSurf” algorithm, this
approach reduces ambiguity between surface BRDF and
atmospheric scattering contributions and retrieves reliable
AOD over bright land, and sensitivity to particle shape.

For aerosol retrieval over dark water, however, there is no
need to perform “HetSurf” algorithm through EOF analysis, as
large water bodies (e.g., the open ocean) typically exhibit
uniform contrast. Using the pair of red (672 nm) and near-IR
(866 nm) bands to retrieve aerosols, the water-leaving
reflectance is negligible and the spectral invariance constraint
on the depolarizing surface reflection is turned off. In this case,
the top-of-atmosphere (TOA) reflectance at non-glint viewing
angles is fitted directly. To calculate radiative transfer in a



coupled ocean-atmosphere system, wind-driven ocean surface
roughness must be accounted for. This is achieved using the
Cox-Munk model [181], which represents surface roughness
with a Gaussian distribution of facet slopes whose variance
depends on the near-surface wind speed. In addition, an
empirical parameterization of wave shadowing effects [182] is
included to model the bidirectional reflectance factor. The
modeled radiances for all combinations of aerosol mixtures and
AODs are compared with the actual measurements. Using
several types of goodness-of-fit metrics, the successful aerosol
mixture(s) and associated AOD(s) are identified [171].

B. Examples of Aerosol Retrieval Products based on MISR
Observations

Figure 35 demonstrates an example of MISR seasonal
climatology of AOD for Year 2021. The spatial patterns exhibit
pronounced seasonal variability consistent with known aerosol
source regions and transport regimes. Elevated AOD is
observed over North Africa and the Middle East during boreal
summer, associated with intensified Saharan dust emissions and
westward trans-Atlantic transport. In boreal fall, enhanced AOD
appears over southern Africa and South America, reflecting
biomass burning activity. Wintertime maxima shift toward
equatorial Africa and South Asia, where anthropogenic
emissions and seasonal burning contribute to increased column
loading. Overall, the seasonal migration of high-AOD regions
follows the climatological displacement of major dust and
biomass-burning sources.

Fig. 35. Seasonal mean global distribution of MISR-retrieved
AQOD at 555 nm for 2021. Panels show the results for the
northern hemisphere spring, summer, fall, and winter,
respectively. Courtesy of Wenzhi Zhang, University of
Oklahoma.

Although multi-angular observations provide strong
constraints on aerosol microphysical properties, some
limitations remain. For example, multi-angle radiometric
measurements in 446, 558, 672, and 866 nm bands do not ensure
sufficient sensitivity to aerosol absorption, particularly for
mixtures containing black and brown carbon. Indeed, enhanced
sensitivity to aerosol absorption can be achieved through
ultraviolet observations, which increase Rayleigh scattering
contrast, while polarimetric measurements add independent
constraints on particle size, shape, and complex refractive index,
thereby increasing retrieval information content. These
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capabilities are provided by some advanced multi-angle
Spectro-polarimetric instruments, such as the Multi-Angle
Imager for Aerosols (MAIA; [183]), which extends spectral
coverage into the ultraviolet and incorporates polarization
measurements. By integrating multi-angle, ultraviolet, and
polarimetric observations, the information content is
substantially enhanced, enabling retrieval over a more
continuous parameter space. This also represents a significant
advancement over MISR’s LUT-based aerosol retrieval, in
which aerosol properties are represented by a finite set of
predefined mixtures whose physical characteristics, including
components, size distribution, and refractive index, are
prescribed based on climatology [184].

X. POLARIMETRIC REMOTE SENSING OF
AEROSOL PROPERTIES

The previous sections focus primarily on remote sensing
techniques for inferring cloud and aerosol properties based on
radiometric observations of electromagnetic radiation.
However, an electromagnetic wave is a vector wave, and the
direction of the electric vector determines its polarization. Four
Stokes parameters, I, O, U, and V can be used to specify the
polarization state of a radiation field [185]. It is worth noting
that two radiation beams are indistinguishable by an optical
instrument if they have the same Stokes parameters [186].
Polarimetric observations of clouds and aerosols provide much
more information about these atmospheric constituents
compared to radiometric observations (i.e., observations
associated with the first Stokes parameter, or radiance). In this
section, we demonstrate the strengths of polarimetric remote
sensing techniques in the case of aerosol property retrievals.

Solar radiation incident at the top of the atmosphere is
unpolarized. After interacting with atmospheric molecules,
aerosols, and clouds, the scattered radiation becomes partially
polarized. Multi-angle polarimetry exploits both the angular
and polarization dependence of light scattering to retrieve
aerosol optical and physical properties that are difficult to
constrain with intensity-only measurements. Polarimetric
measurements of the Stokes vector components /, O, and U
provide additional constraints on particle size, shape, and
complex refractive index, improving the retrieval accuracy of
aerosol physical properties, especially those related to aerosol
composition and absorption. Combined with extended spectral
coverage from ultraviolet to shortwave, this approach can
further increase sensitivity to absorbing aerosols and coarse-
mode particles.

A. Optimization-Based Inversion for Polarimetric Aerosol
Retrieval

State-of-art polarimeters as well as the deployed algorithms
are reviewed in [187]. Building upon the success of AirHARP
[188] and the airborne SPEX spectropolarimeter [189],
NASA’s Plankton, Aerosol, Cloud, ocean Ecosystem mission
(PACE; [190]) deploys two polarimeters: the Hyper-Angular
Rainbow Polarimeter-2 (HARP2; [191]) and the Spectro-
Polarimeter for Planetary Exploration (SPEXone; [192]), to
complement the hyperspectral measurements from the Ocean



Color Instrument (OCT; [193]). HARP2 provides wide-swath,
hyper-angular measurements, whereas SPEXone delivers high-
accuracy hyperspectral polarimetric observations. The synergy
between SPEXone and HARP2 increases the information
content for aerosol characterization and reduces uncertainties in
atmospheric correction for water-leaving reflectance, thereby
improving the accuracy of derived ocean color products.

Numerical experiments and real data analyses have been
performed to assess the quantitative benefits of multi-angle
spectro-polarimetry. For example, Xu et al. [194] conducted
aerosol retrievals using multiple field campaign datasets
acquired by NASA Jet Propulsion Laboratory’s Airborne
Multiangle SpectroPolarimetric Imager (AirMSPI; [195]).
Comparisons of AOD and SSA with AERONET reference data
show that retrieval accuracy improves as the number of viewing
angles increases. As demonstrated in Fig. 36, substantial gains
in AOD and SSA accuracy are achieved when increasing the
number of angles from two to five. However, smaller
improvements are obtained when more than five viewing angles
are used. Moreover, excluding polarimetric measurements
results in a significant loss of AOD and SSA retrieval accuracy.
Such a magnitude of improvement has also been observed
earlier in [196], [197] through theoretical studies and analyses
of polarimetric data acquired by NASA Goddard Institute for
Space Studies (GISS)’s Research Scanning Polarimeter [198],
respectively.
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Optimization-based approaches are widely used to exploit the
information content of multi-angle spectro-polarimetric
observations for aerosol property retrieval. These methods
formulate the problem as a nonlinear inverse problem
constrained by observations:

yi =i +¢, (68)
where y; includes ™ measured multi-angle signal such as
radiance (L), linear polarimetric components g=Q/L, u=U/L, x
is the retrieval state vector that typically includes a set of
geophysical quantities to which the polarimetric measurements
have sensitivity, and ¢; is the measurement error. To fit
observation, the vector radiative transfer forward equation
needs to be solved to obtain fi(x). As a sensitive set of

h
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parameters, x typically includes aerosol properties such as
aerosol concentrations, size distribution, shape, complex
refractive index, aerosol layer height and width of distribution,
and a set of parameters that govern the surface bidirectional
reflectance factors. However, traditional optimization
approaches face many confounding issues. Among the main
challenges to overcome are non-uniqueness of the solutions.
Although multi-angle polarimetry carries more information
about aerosol properties than does the radiometry and explores
the solution in continuous parameter space, it still cannot
guarantee a globally optimized solution to be found.
Insufficient information in the observations leads to non-
uniqueness of the solutions. To stabilize the inversion process,
optimization is often informed by extra constraints to
supplement the observations. Exploration of these constraints
is a primary task in designing reliable inversion. A particularly
effective type of constraint applied to remote sensing inversion
is the so-called smoothness condition (see [199], [200], [201],
[202], [203]), which takes advantage of the general observation
that some targeted geophysical quantities vary smoothly in one
or more dimensions. For aerosols, their loading and their
properties such as size distribution and refractive index tend to
vary more smoothly in the horizontal dimension compared to
the underlying surface. Moreover, the surface reflectance tends
to vary smoothly in the temporal dimension. Imposition of
these smoothness constraints leads to the “multi-pixel”
inversion approach [204].

To impose a priori constraints, optimization-based inversion
algorithms have been advanced for polarimetric aerosol
retrieval. For the n™ type of constraint, the retrieval state vector
X must satisfy

frn=F a(x) + Af3,1<n <N, (69)
where f,* denotes the n™ type of constraint (observational or
physical) expressed as a function of the state vector x, and Af,,"
denotes the associated error term. Assuming the imposed
constraints to be statistically independent, their joint
covariance matrix is diagonal, and f=[fi"; £"; ...; fv'].
Including all N types of constraints in a retrieval leads to a
quadratic form of the objective cost function to be minimized
[205], namely:

Piol(X)=Xn=1 Yn P (X), (70)
where the Lagrange factor y» weights the contribution of n™
type of constraint through ¥ ,=[f.(x) — £,"]"Cs'[fu(x) — £."],
where C, is the covariance matrix.

Minimization of ¥,/ (x) in Eq. (55) implies that its gradient
with respect to the solution X approaches zero, namely,
letotal(x) = Zﬁ:l Yn len (X) =0, (71)
which can be ensured by enforcing the gradient of all
components approaches zero:

VX)) = KEW;I(fn(X) -fn) =0,
where K,, is the Jacobian matrix.

(72)

To solve the above equation iteratively, we replace X by x —
Ax and substitute

fn(x—AX) = fr(x) — KpAx (73)



into the above equation. This results in
VY, (x — Ax) = KR W (f, (X)) — K Ax — ) = 0 (74)
or equivalently,

(Ka Wy ' K)Ax = KWy ' (f () — fr) = V.(x). (75)
The Jacobian matrix K,, in (72)-(75) consists of the derivative
of the [-th observational or a priori data with respect to the i-th
unknown:

— afn,l
Kn,(l,i) - ax; s

(76)

Accounting for all types of constraints, the following linear
system of equations can be established to solve for the increment
of a state vector Dx during an iterative step of optimization:

[En=1(Ka Wy 'Kp)]Ax = Xn_ KpWy ' (F (%) — f). (77)

B. Example of Aerosol Retrieval based on Polarimetric
Observations

Figure 37 presents a representative example of aerosol
retrieval using the optimization approach described above,
applied to POLDER/PARASOL observations acquired on
February 4, 2013. POLDER/PARASOL measures the angular
distribution of radiances and linear polarization in three bands
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centered at 490, 670, and 865 nm, and radiances only in another
three bands centered at 443, 565, and 1.020 nm. The number of
viewing angles ranges from 14 to 16, depending on the
geographic location of the observation. The spatial resolution
is 5.3 x 6.2 km at nadir. Figures 37a and 37b show
representative radiance and degree-of-linear-polarization
images, respectively, over the Southern California region. The
retrieved AOD map is demonstrated in Fig. 37c. Comparisons
of the retrieved spectral AOD, SSA, and size distribution with
the reference data provided by the AERONET DRAGON site
at Porterville are made in Figs. 37d-37f, respectively. The
comparison indicates good agreement in AOD. The differences
in retrieved SSA are within 0.02-0.03, which lies within the
reported AERONET uncertainty [206]. For the size distribution,
the two modes are generally comparable. However, a
noticeable discrepancy in the concentration of coarse-mode
aerosols is observed, due to the lower measurement sensitivity
to coarse-mode particles compared to fine-mode aerosols.
When converted to number-weighted size distributions, the
number concentration of coarse-mode particles is significantly
smaller, which reflects the limited sensitivity of polarimetric
observations to this mode.

While polarimetry enhances sensitivity to aerosol
microphysical and surface reflection properties, such
sensitivity does not necessarily translate into independent
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Fig. 37. Radiometric (a) and degree of linear polarization (DOLP, b) images of Southern California region made by
POLDER/PARASOL on Feb 04 of 2013. The two images are from spectral combination of three bands centered at (490,
565, 670) nm and (490, 670, 865) nm, respectively. The retrieved AOD map is displayed in (c). In (d-f), comparisons of
the retrieved AOD, SSA, and volumetric size distribution are made to the reference data reported by the AERONET
DRAGON site at Porterville, whose location is marked by the red dot in a) and b). The retrieval uses the optimization-based
aerosol retrieval algorithm developed by Xu et al. [194]. Courtesy of Benting Chen, University of Oklahoma.
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parameter retrievability. Strong correlations among state vector
elements can lead to limited effective degrees of freedom for the
signal, as revealed by information content analysis. In practice,
simplifications are often made to improve the robustness and
accuracy of some key retrieval parameters, such as AOD and
SSA. For example, the current version of the GRASP algorithm
provides an option of component-based aerosol retrieval [207],
[208]. In this framework, five main aerosol types are predefined,
each with known size distributions and refractive indices [209].
The optimization procedure then determines their relative
fractions. This approach allows multiple aerosol types to be
retrieved simultaneously, reduces the dimensionality of the
retrieval problem, and improves the accuracy of AOD
estimation. Xu et al. [210] capitalized on the spatial and
temporal correlations of aerosol properties to constrain the
inversion and developed a correlation-based aerosol retrieval
approach. Instead of directly retrieving aerosol microphysical
properties, the correlation-based method determines the weights
and elements of a small number of principal components that
capture the dominant spatial-temporal variability of aerosol
properties over a targeted area, thereby reducing the retrieval
parameter space and improving the algorithm stability.
Preliminary applications of this approach to ground-based
AERONET observations [211], AirMSPI observations [210],
and POLDER observations [212] demonstrate reasonable
accuracy. Figure 38 compares AOD retrieved using the GRASP
component-based configuration and the correlation-based
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inversion against collocated AERONET observations. Both
approaches show consistent positive correlations across all
wavelengths, indicating overall robustness of the retrieval
framework. The component-based configuration generally
achieves higher correlation coefficients at shorter wavelengths
(440 and 670 nm), whereas the correlation-based approach
exhibits comparable dispersion and similar error magnitudes
across the spectrum. In both methods, slopes below unity
indicate a systematic underestimation at higher AOD levels.
Due to the nonlinear nature of polarimetric aerosol
inversion, the state vector must be iteratively adjusted during
the optimization process. In the early development stage of
optimization-based inversion algorithms, the retrieval process
is computationally expensive because vector radiative transfer
calculations must be repeated multiple times to match the
measurements. Moreover, the Jacobian matrix is required to
determine the updated direction and step size of the search,
which further increases the computational burden. To
accelerate the retrieval, machine-learning-based RT (NN-RT)
models have been developed to approximate the physical RT
model for calculating the Stokes vector components. Without
essential loss of retrieval accuracy, NN-RT models have been
proven to enhance retrieval efficiency by several orders of
magnitude [213]. In this approach, a dataset that contains many
training samples that combines aerosol and surface parameters
and Sun/view geometry are generated using any traditional RT
model. Once trained, Stokes parameters of TOA-leaving light
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Fig. 38. Comparison of AOD retrieved using the GRASP component-based configuration (left four panels) and the
correlation-based inversion (right four panels) against collocated AERONET data at the sites along the west coast of the
United States (2008—2011). Results are shown for 440, 670, 870, and 1020 nm. The solid lines indicate linear regression fits,
and statistical metrics including slope, coefficient of determination (R?), mean absolute difference (MAD), standard
deviation of the differences (STD) between retrieval and AERONET, and root mean square error (RMSE) are reported in
each panel. Courtesy of Joe Huang, University of Oklahoma.




and the Jacobian matrix are obtained analytically from the
trained RT model coefficients. Using the same approach, light
scattering calculations are trained using random combinations
of aerosol properties to calculate single scattering properties,
including AOD, SSA and phase matrix.

C. Current Challenges and Outlook

Over the past few decades, aerosol retrieval algorithms for
multi-angle radiometry and polarimetry have advanced
significantly. Nevertheless, several fundamental challenges
persist. For example, the RT simulations underlying most
operational aerosol retrieval algorithms make the plane-parallel
atmosphere assumption and adopt simplified particle
geometries (e.g., spheres or spheroids). While these
approximations enable computational efficiency and global-
scale application, they inherently limit the ability to represent
the full three-dimensional (3D) variability of aerosol fields and
the complexity of particle morphology encountered in realistic
atmospheric  conditions. In many situations, aerosol
distributions are often highly heterogeneous in space and time.
For example, smoke plumes from wildfires, volcanic emissions,
and urban outflows exhibit strong horizontal gradients, vertical
layering, and complex interactions with boundary-layer
dynamics. Under such conditions, the assumption of horizontal
homogeneity in plane-parallel RT calculation can introduce
biases in both aerosol abundance and microphysical retrievals.
Simplified particle shape representations are often inadequate
for describing aggregated soot particles, fractal-like smoke
aerosols, or irregular dust mixtures, leading to uncertainties in
absorption, phase function, and polarization signatures.

To accurately resolve aerosol 3D structure and microphysical
complexity, enhanced observational and modeling strategies are
required. First, synergistic use of complementary measurements
is essential. For example, the integration of multi-angle
polarimetry with hyperspectral observations increases
sensitivity to aerosol absorption, composition, and its vertical
profile. Coupling spaceborne sensors with lidar and sun-
photometer measurements provides further vertical constraints
that are otherwise insufficiently determined from passive
measurements alone. Second, the incorporation of physically
consistent a priori information, such as aerosol transport model
outputs, chemical transport simulations, and climatological
constraints, can help stabilize inversions and reduce solution
non-uniqueness. Third, advances in RT modeling are necessary,
including the development of efficient 3D vector radiative
transfer solvers capable of accounting for spatial inhomogeneity
effects. Improved representation of particle morphology is
another critical frontier. For example, for the combustion-
derived aerosols, particularly wildfire smoke, fractal aggregate
models may better capture scattering and polarization behavior
than conventional spheroidal approximations. Incorporating
such physically realistic scattering models into inversion
frameworks will enhance retrieval fidelity for absorbing
aerosols. These advancements are also particularly important
for emerging research topics such as aerosol-cloud joint
retrieval, constituting a critical step towards quantitative
investigation of aerosol-cloud interactions. In smoke-plume
environments or partially cloudy scenes, aerosol and cloud
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microphysics are strongly coupled, and independent retrieval
assumptions may break down. Joint inversion frameworks that
simultaneously retrieve aerosol and cloud properties using
multi-sensor observations and advanced RT models represent
a promising pathway forward.

In our opinion, future progress in aerosol remote sensing will
likely focus on the convergence of enhanced measurement
diversity (polarimetric, hyperspectral, multi-platform, active-
passive integration), physically informed a priori constraints,
advanced 3D radiative transfer modeling, and improved
particle scattering physics. Such developments will move the
field beyond column-averaged characterization toward more
physically consistent reconstruction of aerosol spatial structure
and its interaction with clouds and radiation in three-
dimensional space.

XI. ACTIVE REMOTE SENSING

In the above discussions, we primarily focus on reviewing
several passive remote sensing techniques for inferring cloud
and aerosol properties. Active remote sensing techniques based
on spaceborne lidar observations offer unique capabilities that
are not readily achievable with passive observations. To
demonstrate the strengths of active remote sensing techniques,
Fig. 39 shows the correlation between the layer-integrated
attenuated backscatter ( y' ) and the layer-integrated
depolarization ratio (8) observed by CALIOP lidar during
August 2006. The left panel of Fig. 39 shows the schematic
correlation of these two parameters, whereas the right panel
shows the data. y' and & are defined as [214]:

cloud top
5= fcloud base Br1(2) dz

— cloud top >
fcloud base 8/1(2) dz

(78)
BrL(2)

~ Jcloud _base cos 8o

fcloud,top

cloud_to
T= P dz +

nadir
By (2) dz,

cloud_base cos 6 o

(79)

nadir

where f',(z) and B’} (2) indicate the variations of the parallel
and perpendicular components of attenuated backscatter versus
altitude. G,¢r_naqir indicates the title angle of the lidar laser
beam from the nadir. The CALIOP laser beam was pointed
with an angle of 0.3° from the nadir before November 2007 but
was subsequently tilted at 3° from the nadir to avoid strong
backscattering signals associated with horizontally oriented ice
crystals [215].

For water clouds, the single-scattering of individual droplets
is given by the Lorenz-Mie theory, and the depolarization ratio
is zero in the backscattering direction. However, multiple
scattering by droplets leads to nonzero backscattering
depolarization, and the signal strength increases with water
cloud optical thickness. The correlation between the layer-
integrated attenuated backscatter (y') and layer-integrated
depolarization ratio (§) is quite different for water and ice
clouds, as shown in Fig. 39. This feature allows robust
distinction of cloud thermodynamic phases, and an effective
algorithm has been developed [215].



Horizontally oriented pristine ice crystals (primarily plates
and columns) lead to small backscattering depolarization ratio
but strong backscatter signals, whereas the opposite scenario is
observed for randomly oriented ice crystals. Based on this
feature of the &- y' correlation, it was estimated [216] that
horizontally oriented ice crystals exist in approximately 88%,
84% and 29% of optically thick (optical thickness > 3) ice and
mixed-phase clouds with temperatures higher than -30°C,
between -30°C and -45°C, and below -45°C, respectively.
Furthermore, it was estimated [214] that 0-6%, 0-3%, and 0-
0.5% of ice crystals are quasi-horizontally oriented plates in war
optically thick mixed-phase clouds, warm (T>-35°C) ice clouds,
and cold (T<-35°C) ice clouds, respectively. These findings
were unlikely to be achieved using passive remote sensing
observations.

Fig. 39. Correlation between the layer-integrated attenuated
backscatter (y') and layer-integrated depolarization ratio (8)
observed by CALIOP lidar during August 2006 when the lidar
laser beam was tilted off the nadir.

XII. CONCLUSIONS

Satellite optical remote sensing of clouds and aerosols is
fundamentally rooted in electromagnetic scattering theory.
While light scattering by homogeneous spheres is accurately
described by Lorenz-Mie theory, the Earth’s atmosphere
contains complex, nonspherical, and inhomogeneous particles,
such as ice crystals, mineral dust, and internally mixed aerosols.
We have reviewed significant advances in numerical
computation of electromagnetic scattering for calculating the
scattering of nonspherical and inhomogeneous particles across
a broad size-parameter spectrum, including FDTD/PSTD,
DDA, T-matrix, separation-of-variables methods, invariant-
imbedding techniques, and physical-geometric  optics
approaches. Nevertheless, no single computational method
spans the full range from the Rayleigh-to-geometric-optics
regime with uniform efficiency and accuracy. In practice,
current remote sensing frameworks rely on hybrid strategies that
combine rigorous solutions for small-to-moderate size
parameters with geometric-optics approximations for large
particles. Developing computationally efficient methods that
accurately capture diffraction, interference, and surface-wave
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effects in the intermediate-size-parameter regime across the
entire scattering angular range remains a central challenge in
electromagnetic scattering theory.

Single-particle scattering properties form the foundation of
radiative transfer modeling, which further couples the
treatment of scattering, absorption, and thermal emission, and
accounts for interactions among molecules, aerosols, cloud
particles, and underlying surface. Cloud and aerosol remote
sensing is therefore not merely an inversion problem, but a
multi-scale physical synthesis that links particle morphology,
bulk microphysical properties, scattering properties, and
radiative transfer. Operational cloud retrievals based on visible
and shortwave IR bi-spectral techniques, such as the Nakajima-
King approach implemented in operational algorithms for
instruments like MODIS and ABI, exploit differential
absorption to infer cloud optical thickness and effective particle
size under daylight conditions. The IR split-window and
emissivity-ratio techniques complement these methods by
enabling day-night retrievals and enhancing sensitivity to
optically thin cirrus. However, systematic discrepancies
between solar-band and IR-based retrievals, particularly for ice
clouds, highlight the sensitivity of inferred properties to
assumed particle habit, surface roughness, and vertical
inhomogeneity. These differences underscore the need for
spectrally consistent ice optical models applicable across both
solar and thermal regimes.

On the other hand, aerosol retrieval algorithms developed for
MODIS and MISR have established a methodological
benchmark for passive multispectral remote sensing. They
have enabled long-term monitoring of aerosol loading,
transport, and radiative impacts. The transfer, adaptation, and
advancement of these algorithms to subsequent platforms
demonstrate their enduring legacy. Similarly, active-passive
synergy from CALIPSO has expanded constraints on aerosol
physical and vertical properties. These developments illustrate
how advances in physical modeling translate into robust
operational aerosol and cloud products and multi-decadal
climate data records.

Despite substantial progress, several scientific and
methodological challenges remain. For example, many
retrieval systems rely on plane-parallel or single-layer
assumptions that are insufficient for mixed-phase or three-
dimensional cloud and aerosol plume structures. In addition,
uncertainties in particle morphology, internal mixing state, and
vertical distribution continue to limit accurate characterization
of aerosol absorption and scattering effects, as well as ice cloud
radiative effects. In addition, inconsistencies among retrieval
algorithms and across spectral regimes or platforms indicate
the need for unified particle models that are simultaneously
consistent with polarimetric, radiometric, active, and thermal
observations.

Future advances will likely emerge from integrated
observational and modeling architectures. Polarimetric
measurements provide enhanced sensitivity to particle shape
and refractive index. Multi-angle and hyperspectral
observations offer improved separation of surface and
atmospheric contributions, as well as of spherical and non-
spherical particles, and provide improved information about
atmospheric composition and distribution height. Synergistic



use of passive imagers with active lidar and radar instruments
can better constrain vertical layering and three-dimensional
structure. At the theoretical level, continued development of
spectrally consistent single-scattering databases and more
computationally efficient semi-classical electromagnetic
solvers will strengthen the physical foundation of retrieval
algorithms. Ultimately, the goal is a unified, physically
consistent framework linking electromagnetic scattering,
radiative transfer, satellite inversion methodologies, and climate
applications.

By connecting fundamental scattering physics with
operational satellite retrieval systems and long-term climate
data records, optical remote sensing of clouds and aerosols
exemplifies the interplay between theoretical rigor and practical
implementation. Continued progress will depend on sustained
collaboration across electromagnetic scattering, radiative
transfer, inversion algorithm development, instrument design,
and Earth science measurement users. Achieving a unified and
spectrally consistent representation of atmospheric particles,
applicable across sensors, platforms, and modeling
communities, remains a central objective for advancing
quantitative understanding of the Earth’s radiation balance and
its response to natural variability and anthropogenic change.

The present review primarily focuses on classical, well-
established remote sensing theories and techniques grounded in
rigorous physical principles. However, we are now entering an
era in which artificial intelligence (Al) is increasingly enabling
advances in atmospheric remote sensing. For example,
traditional retrieval algorithms typically rely on iterative
inversion, repeatedly calling computationally expensive light-
scattering and radiative-transfer models. Alternatively, they
compare observations with pre-computed look-up tables to
retrieve cloud and aerosol properties from passive or active
observations. While these approaches are physically transparent
and well validated, they can be computationally intensive. It is
also difficult to apply them to the rapidly increasing volume of
satellite data arising from high-resolution spectral, spatial, and
temporal observations. Al-based methods, particularly those
based on machine learning and deep learning, are beginning to
reshape the retrieval paradigm by enabling fast, data-driven
inference and efficient processing of large datasets. These
approaches have demonstrated strong potential to accelerate
forward modeling and to directly retrieve geophysical
parameters from observations. Moreover, Al provides new
opportunities for synergizing the use of multi-sensor data (e.g.,
passive and active measurements; satellite-based and in-situ
measurements). It also enables the capture of complex nonlinear
relationships that are difficult to represent in traditional
frameworks.

Despite these promising advances, several fundamental
challenges remain. For example, many Al models lack physical
transparency and have limited physical interpretability,
reducing user confidence in operational applications. In many
situations, their performance is sensitive to the configuration
parameters used in the training process. It often degrades when
applied outside the training domain (e.g., under conditions not
fully represented in the training datasets). Furthermore, Al-
based approaches depend on the quality and representativeness
of synthetic or observational training data. Biases in the training
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datasets can propagate into remote sensing inversion. Ensuring
physical consistency with remote sensing theory remains an
active area of research. Looking forward, physics-based remote
sensing theory and modeling remain the foundation, while Al
acts as an enabler and accelerator. Their synergy will shape the
next generation of remote sensing methodologies. A promising
direction, for example, is the integration of physics-based
modeling and Al. This includes hybrid approaches such as
physics-informed neural networks and machine-learning-
assisted inversion frameworks. These methods can combine the
interpretability and robustness of traditional radiative transfer-
based retrievals with the efficiency and flexibility of Al. The
reader is referred to Boukabara etal. [217] and Yuan etal. [218]
for further discussion of the opportunities and challenges
associated with the applications of Al in atmospheric and
environmental remote sensing.
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