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a b s t r a c t
Based on the multi-angle measurements at the top of the atmosphere including radiance and polarization in O2 A and B absorption bands simulated by forward model UNL-VRTM, the information content
and posterior uncertainties about the altitude of peak aerosol extinction (Hpeak ) and half-width (w) characterizing quasi-Gaussian aerosol vertical proﬁles are analyzed for different observation combinations.
Although the information content described as degree of freedom for signal (DFS) for Hpeak and w increases with the number of angles, this increase reaches a limit when more than around six angles are
used, regardless of surface type (ocean, vegetation or soil). Due to high surface reﬂectance of vegetation in O2 A band, the DFS of Hpeak from multi-angle measurements could be lower than 0.8, whereas
the DFS > 0.9 for soil and ocean. At a single angle, polarization measurement is more sensitive to Hpeak
than radiance when Hpeak is near the surface. Compared with single-angle radiance in O2 A band, adding
multi-angle radiances reduces retrieval uncertainty for Hpeak by 10–20%, larger than that from only adding
polarization at a single angle (< 10%), especially over vegetation. Over vegetated surface, the multi-angle
radiances in O2 A and B band have comparable information, whereas for single angle, O2 B band has
richer information than O2 A, especially for lower Hpeak . Multi-angle radiances and polarization in the O2
A band as well as radiances in O2 B band reduce the posterior uncertainty of w more than Hpeak , especially at large AOD, while the polarized measurements in O2 B band are more useful for Hpeak retrieval.
The most signiﬁcant impact of O2 B band radiances is to mitigate aerosol height retrieval uncertainties
due to uncertainties in the surface parameters, whereas polarized measurements reduce errors from all
error sources including measurements and forward model parameters.
© 2021 Elsevier Ltd. All rights reserved.

1. Introduction
Vertical distribution is an essential factor that determines how
aerosols inﬂuence Earth’s energy budget, the structure of atmospheric boundary layer, cloud physics, surface air quality, and atmospheric visibility. In particular, the height of aerosol layers
strongly inﬂuences the magnitude and even the sign of aerosol
radiative forcing in both the shortwave and longwave spectral regions [30,55]. The vertical distribution of the absorption by smoke
and dust aerosols affects air temperature proﬁles, so that the atmospheric stability in the boundary layer and free troposphere is inﬂuenced [43]. Moreover, given increasing attention to surface particular matter (PM) pollution, aerosol height information is impor-
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tant for accurately transforming columnar aerosol loading such as
aerosol optical depth (AOD, commonly measured by satellite remote sensing) into surface PM2.5 concentrations [39]. Furthermore,
plume heights are needed by chemistry transport models (CTM) to
distribute the emission of smoke and dust particles in the vertical (such as in the case of simulation of smoke aerosols from ﬁres)
[5,51]. Therefore, the estimation of aerosol layer height (ALH) is of
high interest and critical importance to both remote sensing and
atmospheric modelling research.
Satellite remote sensing enables measurements of aerosol
height information at global scale. Space-borne lidar, such as
Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) [44],
measures backscattering at each vertical layer using active remote
sensing, allowing detailed aerosol extinction coeﬃcient proﬁles to
be derived based on the backscatter ratio. However, this technique
suffers from limited spatial coverage due to its narrow swath. In
contrast, while not being able to provide aerosol vertical distribution information with the same level of accuracy or resolution as
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lidar, passive remote sensing techniques utilizing observations in
the ultraviolet (UV), visible/near-infrared (VNIR) and thermal infrared (TIR) bands can retrieve ALH with much more (and often
nearly globally) spatial coverage and higher temporal resolution,
as summarized in a review [48]. Top-of-the-atmosphere (TOA) radiance in the UV is sensitive to ALH for absorbing aerosols due to
the strong and well-characterized vertical proﬁle of Rayleigh scattering [38]. Differences in polarized scattering of light by aerosols
and gas molecules provides another avenue for retrieving ALH
by combining polarization in UV and near-UV blue bands [45].
Taking into account the sensitivity of polarized measurements to
aerosol microphysical properties [26,47], some algorithms have
been developed to retrieve ALH with particle size distribution
and refractive index simultaneously [13,19,45]. Spaceborne stereo
imaging, e.g., from the Multi-angle Imaging SpectroRadiometer
(MISR), enables the retrieval of both heights and motion vectors
of aerosols [29], but this technique is limited to distinct plumes
with spatial contrasts so that parallax can be derived from pattern
matching.
Satellite-based NIR measurements in oxygen (O2 ) absorption
bands provides another approach for passive retrieval of ALH, and
is not limited to absorbing aerosols or plumes. Due to scattering
of sunlight by aerosol particles, light travels through a longer atmospheric path length for lower layer of aerosols compared with
higher layer, causing more absorption by O2 molecules and resulting in less radiance exiting the TOA. Consequently, the ratio of
TOA reﬂectance between channels inside and outside O2 absorption band presents sensitivity to ALH. This approach has been used
to retrieve ALH over dark surfaces with the Medium Resolution
Imaging Spectrometer (MERIS), Polarization and Directionality of
the Earth’s Reﬂectances (POLDER) and Earth Polychromatic Imaging Camera (EPIC) [14,49]. The ALH sensitive O2 A band is also
involved in the carbon dioxide monitoring from space to correct
the interference from aerosol scattering simultaneously, such as for
OCO-2, GOSAT and TanSat [36,54,2]. Besides the commonly-used
O2 A band at 755–775 nm, observations in the O2 B band (685–
695 nm) offer the advantage in ALH retrieval over land due to
much lower surface reﬂectance compared to the O2 A band, particularly over vegetation [10,50]. Hyperspectral observations in O2 absorption bands, e.g., from SCanning Imaging Absorption SpectroMeter for Atmospheric CHartographY (SCIAMACHY), Global Ozone
Monitoring Experiment-2 (GOME-2), and TROPOspheric Monitoring
Instrument (TROPOMI) potentially provide additional details about
aerosol height [17,22,28,34].
The aim of this study is to analyze the information content
about ALH in the multi-angle measurements of backscattered polarization and radiance at the TOA, especially in the O2 A and
B absorption bands. Even though there has been instrument detecting polarization in O2 A band, such as the Thermal and Nearinfrared Sensor for Carbon Observation-Fourier Transform Spectrometer (TANSO-FTS) onboard the Greenhouse Gases Observing
Satellite (GOSAT), these measurements are only from single angle and their potential usage in ALH study was not fully explored
[52]. Our research is motivated by the lack of measurements in O2
bands from multiple angles, considering more information characterizing aerosol properties can be provided by multi-angle measurements. For example, the measurements in four visible and
near-infrared bands at nine discrete viewing geometries of MISR
are used to retrieve both AOD and aerosol types due to the sensitivity of multi-angle radiance observations to the aerosol scattering
phase functions, which are governed by particle size, shape and
composition [7,21]. Besides radiance, multi-angle polarization observations, such as from POLDER, also enhance the capability to
distinguish aerosol components [13,18,46]. Therefore, focusing on
ALH retrieval, the question arises: how might the combination of
radiance and polarization measurements in O2 bands from multi-

ple angles improve the ALH information? Speciﬁcally, several questions are posed in this paper:
(a) Compared with the single-angle measurement like from
EPIC and TROPOMI, to what degree is information content
about ALH improved by the multi-angle radiances in O2 A
band, such as those to be observed by the future MultiAngle Imager for Aerosols (MAIA) instrument [6,7]?
(b) Since adding polarization measurements in O2 absorption
band from single view angle has been proved to beneﬁt ALH
retrieval over bright surfaces [1,10,40], how much would
adding multi-angle polarization measurements in the O2 A
band improve the information content of ALH?
(c) Considering the advantages of lower surface reﬂectance in
O2 B band, how will the ALH information content change
when combing multi-angle radiance and polarization observations in the O2 B band with the A band? This question
is relevant to whether a similar multi-angle polarimeter like
SPEXone, part of the Plankton, Aerosol, Cloud, ocean Ecosystem (PACE) mission scheduled to launch in the 2022–2023
timeframe, but with higher spectral resolution of polarization observation to resolve O2 absorption is necessary to retrieve ALH.
(d) How do the results for (a)-(c) depend on the number of
view angles?
To address these questions, we conducted a comprehensive
theoretical analysis to quantify the ALH information provided by
multi-angle and polarimetric measurements in the O2 A and B
bands. Such analysis is based on MAIA synthetic data simulated
by the Uniﬁed Linearized Vector Radiative Transfer model (UNLVRTM, [40,50]) for various aerosol types and observation scenarios. Details about the theoretical basis and simulation assumptions
are stated in Sections 2 and 3, respectively. Section 4 compares
the quantitative information content of ALH parameters provided
by multi-angle polarimetric observations with different number of
viewing geometries and different surface and aerosol types. Each
role of multi-angle, polarized and O2 B band measurements in ALH
retrieval is quantiﬁed in Section 5, along with the impact of model
parameter uncertainties. Section 6 summarizes the conclusions and
suggests some useful sensor design considerations aimed at improving aerosol height remote sensing.
2. Methodology
Information content analysis is an effective method to provide
ﬁrst-order analysis of the capability of satellite or ground-based
measurements to retrieve the atmospheric variables of interest. It
has been demonstrated to be valuable for satellite sensor design
and retrieval algorithm development [3,10,15,16,47,20]. The advantage of this method is that the retrieval capability can be quantiﬁed without invoking the development of real retrieval algorithm;
rather, it provides a top-level physics-based guidance on algorithm
design. This approach is based on the optimal estimation theory
proposed by Rodgers [32], which is brieﬂy reviewed in Section 2.1,
while implementation of this approach in this study is introduced
in Section 2.2.
2.1. Optimal estimation theory
In optimal estimation theory, the relationship of the state vector
x consisting of n parameters to be retrieved and an observation
vector y containing m measurements is as follows:

y = F (x ) + ∈ .

(1)

In this equation, F is a forward model (in this case, the UNLVRTM) describing the physical process relating the satellite observations and the atmospheric parameters (such as aerosol optical
2
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depth). ∈ represents the errors from the simulation of forward
model and satellite measurements. The sensitivity of the forward
model with respect to x is captured by the weighting functions (Jacobians matrix), which can be expressed as: K = ∂∂ xF . The prior uncertainty of the state vector can be described by the prior error covariance matrix Sa . Assuming the probability density function (pdf)
of the errors (∈) to follow Gaussian distributions, based on Bayes’
theorem the posterior pdf can be derived by updating the prior pdf
with a measurement pdf. Therefore, utilizing the observation error
covariance matrix S ∈ , the retrieval error covariance matrix can be
derived as:
−1
Sˆ −1 = KT S−1
∈ K + Sa .

at multiple viewing geometries. UNL-VRTM is based on the VLIDORT model for calculating the Stokes vector [I, Q, U, V]T , where I
represents radiance, Q and U describe the linear polarization components, and V describes the circular polarization. We consider an
observation vector comprising I and the degree of linear polarization (DOLP), where DOLP is deﬁned by:



DOLP =

The observation error covariance matrix is deﬁned as a sum of
two parts:

(3)

one of which is the error covariance matrix describing the uncertainties of satellite measurements (Sy ), such as the radiometric calibration error. Sm represents the forward model errors resulting
from model parameters (b) that are not retrieved but signiﬁcantly
affect the forward model simulation. Sm can be calculated by using
the error covariance matrix and Jacobian matrix for parameters in
b, denoted respectively as Sb and Kb in below:

Sm = KTb Sb Kb .

(4)

In addition to the posterior error covariance matrix, the averaging kernel matrix A is another variable to quantify the information
about retrieved parameters from observations, and is deﬁned as
the derivative of the retrieved state with respect to the true state
in Eq. (5):

A=

−1 T −1
∂ xˆ  T −1
= K S∈ K + S−1
K S∈ K.
a
∂x

(6)

The physics describing the impact of aerosol vertical distribution on the TOA radiance at the wavelength where oxygen (O2 ) has
absorption has become the subject of many studies; fewer papers,
such as [10,40,53], have explored the relationship between polarization in O2 absorption bands and aerosol height. Since Rayleigh
scattering often induces positive and strong DOLP while spherical aerosols may generate less positive or negative DOLP at different scattering angles. However, in the O2 absorption band aerosol
scattering at lower atmosphere can be suppressed by O2 absorption, the resulting DOLP at TOA is dominant by Rayleigh scattering. In other words, the light scattered by a lower aerosol layer
goes through more O2 absorption, so that Rayleigh scattering has
greater contribution on TOA DOLP. Therefore, DOLP in O2 absorption bands is also sensitive to ALH. Using subscript a to represent
value in an O2 absorption band, with superscript A or B representing the speciﬁc band, the measurement vector y at single viewing
angle is deﬁned as:

(2)

S∈ = Sm + Sy ,

Q2 + U2
.
I



T

y = Ia A , Ia B , DOLPa A , DOLPa B .

(7)

For retrievals using only radiance in the O2 A band, y consists
of one element (Ia A ). If polarization in O2 A band is added into
the measurement vector, y has two elements, and so on. Given
N multi-angle measurements, the total number of observations is
multiplied by the number of view angles:

(5)



∂ xˆ

The closer each diagonal element in matrix A (i.e., ∂ xi ) is to
i
1.0, the more the retrieved state is determined by the measurements instead of the a prior. Ideally, if the forward model fully
describes the physics of the real atmosphere without any approximation and retrieval is achieved after its convergence to the global
minimum of cost function, averaging kernel value of 1.0 suggests
the retrieved state fully reﬂect the true state. While in reality this
is never true, larger averaging kernel still indicates more information content from satellite measurements. Therefore, the trace
(sum of all diagonal elements) of averaging kernel matrix A is
called the degree of freedom for signal (DFS) and represents how
much information about the retrieved parameters we can obtain
from the satellite measurements. Correspondingly, each diagonal
element describes the information for each retrieved parameter.
Considering the averaging kernel describes the relative weight of
the information about the state vector from the satellite measurements compared to that from the a prior, the DFS value depends
on the a prior uncertainty assumption. In other words, if we deﬁne a large prior uncertainty, DFS from the same satellite observations will increase compared to small prior uncertainty, whereas
this does not mean the retrieval becomes more capable. Therefore,
in this study, we also investigate the posterior uncertainty compared to the prior uncertainty to quantify the ALH information provided by O2 band satellite measurements. The Jacobians of both retrieved and ancillary parameters (K and Kb ) are simulated by the
model, while the error covariance matrices are deﬁned empirically
(Section 3.2.2).

T

ym = yT1 , yT2 , yT3 , . . . , yTN .

(8)

In the information content analysis, no real retrieval process
needs to be conducted and radiative transfer simulations are used
as the measurement vector instead. In other words, the true state
for the measurement vector is already known and the Jacobians (K
and Kb ) are simulated on the true state. Thus, the a prior of the
state vector is not necessary in this analysis and the DFS and retrieval uncertainty only depend on the prior uncertainty as shown
in Eq. (2)-(5).
3. Instrument and simulation assumptions
The instrument to be studied is a hypothetical successor to
MAIA with additional multiple-angle capability to measure polarization in O2 A and B bands; here we refer this instrument as Multi-Angle Polarization Measurements with Oxygen band
(MAPMO). The characteristics of MAPMO and underlying assumptions of our simulations including aerosol properties, surface reﬂectance, and prior and observation error covariance matrices are
described in this section. Furthermore, to analyse the roles of
multi-angle and polarized measurements in ALH retrieval, the different scenarios combining different measurements are deﬁned as
well.
3.1. Instrument characteristics of MAIA and MAPMO
The MAIA instrument was selected by the NASA Earth Venture
Instrument program in early 2016 to study the adverse health effects of airborne PM [7]. To improve the capability of MISR for
monitoring aerosol particle properties, MAIA’s design incorporates
polarimetry in three of its 14 spectral bands, which extend from

2.2. Radiative transfer simulation
Satellite observations and corresponding weighting functions
with respect to retrieved parameters are simulated by UNL-VRTM
3
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analysis and ﬁgures are only for one ﬁxed solar geometry (40° SZA
and 146.6° SAZ).
3.2. Simulation assumptions
In addition to the sensor conﬁguration, the atmospheric proﬁle, aerosol properties and surface reﬂectance are also needed as
input to UNL-VRTM to simulate TOA reﬂectance and polarization.
The atmospheric temperature, pressure and trace gas vertical proﬁles are assumed to follow the mid-latitude summer atmospheric
proﬁles from Optical Properties of the Atmosphere, Third Edition,
AFCRL-72-0497. To increase vertical resolution, the 49-layer standard atmospheric proﬁle is mapped to the GEOS-5 vertical grids
with 47 hybrid pressure-sigma layers [56]. Given this study focusing on the simulation in O2 absorption bands, UNL-VRTM implements the cross section and spectroscopic line parameters of absorbing gases including H2 O, O3 and O2 from the high-resolution
transmission molecular absorption database (HITRAN) [33]. Meanwhile, the continuum absorption for water vapor are calculated using the MT_CKD model developed by Mlawer, D.C. Tobin and S.A.
Clough [27]. The details about each module in UNL-VRTM can be
found in [40,50]. Two types of aerosol model and surface model
are described in Section 3.2.1. Furthermore, when applying the
simulations into the ALH information content analysis, the prior error and observation error covariance matrices are assumed as described in Section 3.2.2.

Fig. 1. Assumed square-shaped spectral ﬁlter functions for a) MAIA O2 A and b)
MAPMO O2 B absorption band. The O2 and H2 O transmission lines are shown in
both a) and b). The left square bandpass in each panel shows the assumed spectral
ﬁlter for the O2 continuum band and the right one is for the O2 absorption band.

the UV (365 nm) to the shortwave infrared (2125 nm) bands. The
nadir footprint is approximately 200 m. MAIA’s 14 bands include
radiance measurements in and out of the O2 A band (Fig. 1a), centered at 762.5 nm and 749 nm, with full-width at half-maximum
(FWHM) of 6 and 18 nm, respectively. In this study, we approximate the spectral ﬁlter function for these bands with a square-box
shape. Even though the square shape assumption is simple and not
realistic, we found that assuming a Gaussian shape response function (closer to real instrument) results in close convolved TOA observation and Jacobians with negligible difference (see Appendix).
Thus, square spectral response function assumption will not affect
our information content estimation. MAIA will also make highly
accurate polarimetric measurements with ± 0.005 DOLP uncertainty at 442, 645, and 1040 nm. The MAPMO concept adds polarimetric observations in O2 A band, with similar DOLP accuracy as in
the MAIA polarimetric bands. Moreover, for MAPMO, the radiance
and polarized measurements centered at 680 nm and 688 nm (O2
B) with FWHM of 10 and 1 nm (Fig. 1b) are observed as well. We
simulate the TOA spectrum with high spectral resolution, 0.02 nm
in O2 absorption band and 1.0 nm in the wing band, and then convolve them using the assumed MAIA and MAPMO square-box spectral response functions.
Instead of containing multiple cameras that point at discrete
along-track viewing angles (as in MISR), MAIA uses “step-andstare” mode to view targets from different geometries by pointing its single camera to any along-track and cross-track position
within a bidirectional ﬁeld of regard [7]. For this study, we assume
total nine angles following typical MISR viewing geometries in the
simulations, although MAIA is planned to observe 5 angles which
varies with different scenes. As illustrated in Fig. 2a, the nine viewing zenith angles of 0º, ±26.1º, ±45.6º, ±60.0º, and ±70.3º are
simulated, four of which point to the forward direction (entitled
Af, Bf, Cf, and Df and denoted with positive sign of zenith angle),
one points towards the nadir (An), and four point to the afterward
direction (Aa, Ba, Ca, and Da). The corresponding viewing azimuth
angles of forward and aftward angles are assumed to keep multiple angles along the satellite track. The three solar geometries with
different solar zenith angles (SZA) and azimuth angles (SAZ) (25°
SZA and 123.2° SAZ, 40° SZA and 146.6° SAZ, 60.7° SZA and 163.8°
SAZ) are also presented in Fig. 2a and the impact of solar geometry on ALH information will be analysed in Fig. 5. Thereafter, the

3.2.1. Aerosol and surface model
Similar to [38], two typical aerosol models representing
biomass burning (BB) and urban-industrial (UI) are used in our
simulations to test the impact of different single-scattering properties of aerosol particles on ALH information. The microphysical
parameters including effective radius (reff ) and variance (veff ) for a
lognormal particle size distribution, as well as the refractive index
for BB and UI aerosols are summarized in Table 1. Here, we assume
the refractive index for each aerosol type keeps constant from O2
B to A band. These parameters follow previous studies about climatology of AERONET inversion products during multiple years for
typical aerosol types at selected sites [12]. After inputting these
microphysical properties, a linearized Mie code is used to simulate the single-scattering properties of aerosols containing extinction coeﬃcient, single scattering albedo (SSA) and 4 × 4 scattering
phase matrix P:

⎡

P11
⎢P
P = ⎣ 21
0
0

P12
P22
0
0

0
0
P33
P43

⎤

0
0 ⎥
,
P34 ⎦
P44

(9)

where P12 = P21 , P34 = −P43 . Here, P11 represents the normalized phase function describing the scalar component of particle
scattering, while − P12 /P11 is the polarized scattering corresponding to DOLP. The SSA for these two aerosol types are also shown
in Table 1, indicating the stronger absorption BB compared to
UI. As shown in Figs. 2b and 2c, the wavelength dependent P11
and − P12 /P11 of different aerosol types have different variation
with scattering angle, resulting in distinct scattering characteristics
inﬂuencing TOA observations by satellites. The assumed multiple
viewing geometries are also highlighted in Fig. 2b and 2c, indicating different sensitivities of TOA radiance and DOLP with respect to
ALH. For example, following the physical principle we mentioned
in Section 2.2, for scattering angles close to 180°, such as viewing geometry Aa and Ba, the aerosol DOLP (− P12 /P11 ) is negative
for UI but positive for BB at 688 nm (Fig. 2c), which will lead to
lower (higher) DOLP for stronger UI (BB) scattering when the O2
absorption is less due to higher aerosol layer. Therefore, combining
4

X. Chen, X. Xu, J. Wang et al.

Journal of Quantitative Spectroscopy & Radiative Transfer 270 (2021) 107679

Fig. 2. a) Angular sampling assuming MISR viewing geometries in polar coordinates. The radius and polar angle represent viewing zenith angle from 0° to 80° and viewing
azimuth angle from 0° to 360°, respectively. Here, 0° viewing azimuth angle is deﬁned as the north direction. The same color dots indicate identical viewing zenith angle
but the solid dots are for forward angles relative to the nadir direction (shown as An) while circles represent aftward directions. The viewing zenith angle increases from
Af (or Aa) to Df (or Da). The grey dots represent three solar geometries as described in the main text. The scattering angles in panel (b) and (c) corresponding to sampled
nine viewing angles are calculated from a ﬁxed solar geometry with 40° SZA and 146.6° SAZ. b) The phase function (P11 ) and c) DOLP of phase matrix (-P12 /P11 ) vary with
scattering angle at O2 A (solid lines) and B bands (dotted lines) for two aerosol types BB (blue lines) and UI (black lines). The modeled aerosol microphysical parameters
are shown in Table 1. The scattering angles of sampled multiple viewing geometries in b) and c) are highlighted by the same symbols as in a). The thin pink dash line in c)
indicates zero DOLP.
Table 1
Microphysical and optical properties of aerosols adopted in the simulations.
Type

reff (μm)

veff

Refractive index

SSA∗

Reference

Biomass burning
Urban industrial

0.13
0.21

0.17
0.16

1.52–0.021i
1.41–0.003i

0.87/0.85
0.98/0.98

[12,31]
[12]

∗
: The left values to the symbol “/” are for 680 nm and the right are for 749 nm, corresponding to O2 B and A band, respectively. The UI SSA has little distinction between
O2 B and A band.

satellite measurements at various viewing geometries could provide more information about ALH due to their different sensitivities to ALH.
In the simulation, we assume the aerosol extinction vertical
proﬁle to follow quasi-Gaussian function given by two parameters:



τ (z ) = c 

exp −σ z − H peak



rather than retrieving aerosol concentration and absorption at each
level, we only include Hpeak and w in the state vector of our retrieval, and other aerosol related parameters (AOD and SSA) are
prescribed as model parameters. As a consequence, our state vector only consists of Hpeak and w.
ALH information in the O2 absorption bands are critically affected by the reﬂectance of underlying surface [50]. It is thus important to consider a realistic representation for surface reﬂectance
and polarization. Many studies (e.g., [24,25,57,58,59]) suggested
that the polarized component of surface reﬂectance is quantitatively small but rather import. In this study, we use the bidirectional polarization distribution function (BPDF) together with a
bidirectional reﬂectance distribution function (BRDF) model. Following [31], the 4 × 4 surface reﬂectance matrix R(λ, ϑv ,ϑ0 ,φ ) at
wavelength λ, solar zenith angle ϑ0 , viewing zenith angle ϑv and
relative azimuth angle φ is expressed as:



1 + exp −σ z − H peak

2 ,

(10)

one of which is the peak height (Hpeak ) where the aerosol extinction is the largest and the other σ is related to the width (w) at
the half maximum of aerosol extinction. σ and w are easily transformed to each other:



σ=

ln 3 +
w

√ 
8

.

(11)

To simplify, in the analysis of this paper, we use w instead of σ
as the retrieved parameters together with Hpeak . As in the EPIC ALH
retrieval algorithm [50], the AOD is ﬁrst ﬁtted from measurements
in atmospheric window channels and then applied in spectral ﬁtting of O2 absorption band observation to retrieve ALH. Therefore,

R(λ, ϑv , ϑ0 , ϕ ) = Rdi f f + Rspec ,

(12)

where the matrix for diffuse unpolarized reﬂectance Rdiff is related
to three-kernel Ross-Li BRDF model (RI (λ,ϑv ,ϑ0 ,φ )) used by MODIS
5
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Table 2
The parameters of three-kernel BRDF model and BPDF model for vegetation and soil surface at O2 A and B bands.
Surface type

k1 a

k2 a

k3 a

αa

υa

vegetation
soil

0.6637/0.0749b
0.1665/0.1451

0.4566/0.0515
0.0911/0.0794

0.0577/0.0065
0.0263/0.0229

6.57
6.9

0.62
0.03

a
Here k1 , k2 and k3 correspond to the amplitude factors as expressed in Eq. (13) in the main text, while α represents the factor for BPDF kernel and υ is the NDVI
parameter in Eq.(14).
b
The left values separated by symbol “/” are for 763 band and the right values are for 688 band.

Table 3
Simulated measurements applied in each scenario. Here, all scenarios include multi-angle measurements.
Scenarios
A-I (MAIA)
A-IP
B-I
B-IP
AB-I
AB-IP (MAPMO)

[37,42]:

⎛

1

Rdi f f

0
0
0
0

⎜0
= RI (λ, ϑv , ϑ0 , ϕ )⎝
0
0

0
0
0
0

O2 A Radiance
√
√

O2 A Polarization

O2 B Radiance

O2 B Polarization

×
√

×
×
√
√

×
×
×
√

×
×
√
√
√
√

×
×
×
√

tive index. In our simulation, the wind speed is assumed to be 5
m/s and the refractive index is 1.334.
Based on the models described above, the R11 and R21 in surface reﬂectance matrix R representing the total reﬂectance and polarized reﬂectance, respectively, are simulated and shown in Fig. 3
for two land surfaces and ocean. It is clear that for the vegetated
surface, the difference of surface reﬂectance at different viewing
geometries could reach 0.2 to 0.3 in the O2 A band but only 0.03 to
0.04 in O2 B band due to its intrinsically lower reﬂectance (Fig. 3a
and 3b), resulting in less inﬂuence of surface reﬂectance on the
sensitivity to ALH at different angles. However, for the soil surface,
there is little difference between the impact on ALH sensitivity in
the two bands due to their similar surface reﬂectance (Fig. 3d and
3e). The soil has stronger negative or positive surface polarization
than vegetation, which results in a greater contribution to the TOA
DOLP. The ocean surface only shows strong total and polarized surface reﬂectance at small sunglint angles, while at other angles they
are small and change little (Fig. 3g-3i). Generally, to compare the
impact of different surface types on the measurement sensitivity to
ALH, we perform the simulation over three surface types: ocean,
soil and vegetation, with the surface polarization taken into consideration.

⎞

0
0⎟
0⎠
0

= [k1 (λ ) + k2 (λ ) fgeom (ϑv , ϑ0 , ϕ ) + k3 (λ ) fvol (ϑv , ϑ0 , ϕ )]

⎛

1
⎜0
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0
0

0
0
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0
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0
0
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0
0⎟
.
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0
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Here, fgeom (ϑv ,ϑ0 ,φ ) and fvol (ϑv ,ϑ0 ,φ ) are two semi-empirical kernels representing volumetric and geometric-optical surface scattering of Ross-Li three-kernel model, respectively, which only depend on geometries rather than wavelength [41], while the ﬁrst
term represents isotropic surface reﬂection. Correspondingly, k1 (λ),
k2 (λ) and k3 (λ) are the linear combination coeﬃcients for these
kernels and depend on wavelength. The specular reﬂectance matrix
(Rspec ) in Eq.(12) consists of empirical BPDF coeﬃcient RP (ϑv ,ϑ0 ,φ )
and 4 × 4 Fresnel matrix F(m, θ r ):

Rspec = RP (ϑv , ϑ0 , ϕ )F (m, θr )
=

α exp(− tan (θr ) ) exp (−υ )
F (m, θr ).
4(cos (ϑv ) + cos (ϑ0 ) )

×
√

(14)

3.2.2. Error covariance matrix
In addition to the calculation of analytical weighting functions
of aerosol parameters from our linearized UNL-VRTM model, the
assumptions about the prior error covariance matrix and the observation error covariance matrix (Sa and S ∈ ) are also necessary
to analyze the averaging kernel matrix and posterior uncertainty of
ALH, as described in Section 2.1. In the retrieval, the two parameters of ALH in the state vector are treated as independent, thus the
prior error covariance matrix is deﬁned as a 2 × 2 diagonal matrix,
whose diagonal elements are the square of the uncertainty (σ 2 ) of
corresponding retrieved parameters. In our analysis, both the prior
uncertainties of Hpeak and w are assumed to be 100%, which means
the prior error covariance matrix is an identity matrix.
As one part of the observation uncertainty, the uncertainties of
satellite measurements (Sy ) involve the systematic error and random error during the instrument observation process. After onboard and vicarious calibration, the uncertainties of radiance and
polarized measurements are assumed to 5% and 0.005, respectively
[11]. If we ignore the correlation between different channels (O2 A
and B band) and between radiance and polarized measurements,
the Sy of single-angle viewing is also deﬁned as a diagonal matrix.
However, for retrieval from multi-angle measurements, the correlation between measurement uncertainties of different viewing ge-

As shown in [24], θ r is the angle of the specular reﬂection related to viewing geometry, υ is the Normalized Difference Vegetation Index (NDVI) related parameter and α is free parameter. The
ﬁxed refractive index m is equal to 1.5 for the land surface. By using both radiance and polarization data from the airborne Research
Scanning Polarimeter (RSP) during the Aerosol Lidar Validation Experiment (ALIVE) measurement campaign performed in Oklahoma
(USA, Southern Great Plains) in September of 2005 [25], the parameters k1 (λ), k2 (λ) and k3 (λ) in the BRDF model are ﬁtted at
three observed channels for both soil and vegetation surface, as in
Table 2 of [24]. To apply the parameters to the O2 absorption band,
we interpolated them into O2 A and B bands based on the spectral
Lambertian albedo from the Advanced Spaceborne Thermal Emission Reﬂection Radiometer (ASTER) surface library. On the contrary,
the BPDF model is wavelength independent, and α was only ﬁtted
for different NDVI parameters of soil and vegetation land from RSP
data (Table 3 in [24]). Table 2 presents all the land surface BRDF
and BPDF parameters used in our simulation.
Furthermore, to simulate the polarization of the ocean surface,
a vector kernel GISS-CoxMunk based on the description in [26] is
used, with two parameters related to wind speed and water refrac6
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Fig. 3. Polar plots of R11 (BRDF) and R21 (BPDF) in surface reﬂectance matrix R as expressed in Eq. (12) for vegetation (a-c), soil (d-f) and ocean (g-i) in O2 A and B band.
In each panel, the polar radius represents the viewing zenith angle (VZA) from 0° to 75° and the polar angle indicates the relative azimuth angle from 0° to 360°. The solar
zenith angle (SZA) is ﬁxed at 40° for all cases. The nine viewing angles are sampled in each panel using the same symbols as Fig. 2a. a), d) and g) are R11 in O2 A band
while b), d) and h) are R11 in O2 B band. c), f) and i) show R21 for three surface types.

ometries should be taken into consideration due to the “step-tostare” observation mode for single camera on MAIA. As an example, based on the assumption that the correlation decreases from
the closest to the farthest pair of angles, the correlation coeﬃcients
between the angle Da and other angles are deﬁned from 1.0 to 0.0
for angle Da to angle Df with an equal reduction of 1/8. Moreover, the observation accuracy of MAIA DOLP is decided by a polarization modulation technique enabled by a pair of photoelastic
modulators and a pair of achromatic quarter-wave plates [8,9] and
independent of light intensity detection. Hence, the radiance and
DOLP measurement uncertainties at the same viewing geometries
or in O2 A and B band are still assumed independent. As a consequence, the correlation coeﬃcient matrix (C) is deﬁned as shown
in Fig. A1 (Appendix), so Sy = C × Sy0 , where Sy0 is an error covariance matrix whose the ith row jth column element is the product
of uncertainty of the ith and jth measurement (ε i × ε j ).
Because only two ALH parameters are involved in the state vector, other aerosol and surface parameters (such as AOD, SSA, and
surface BRDF/BPDF parameters) in the forward model needs to
be prescribed. In the case of MAIA, those parameters can be obtained from the MAIA aerosol and surface products. However, it
is inevitable that uncertainties from those parameters may inﬂu-

ence the forward simulation of observation and subsequently affect the ALH retrieval. Therefore, our observation error covariance
matrix takes into account the modelling uncertainty as incurred
from the uncertainties of those prescribed parameters. Based on
around 15% expected uncertainty of AOD retrieval over land from
MODIS [23], the uncertainty of AOD is assumed as 10% in all cases,
while the impact of different AOD uncertainties on ALH retrieval
uncertainty is assessed in the last part of Section 5. Similarly, the
uncertainties of SSA and the linear combination coeﬃcients of surface BRDF/BPDF kernels are assumed 3% and 10% in the analysis,
respectively. Here, only the uncertainties of semi-empirical coefﬁcients of three BRDF kernels and α in BPDF kernel, rather than
other parameters in surface model are taken into consideration,
whose Jacobians could be derived from UNL-VRTM. Combining the
diagonal error covariance matrix of b (Sb ) with the Jacobians of
these parameters (Kb ), the forward model parameter error covariance matrix (Sm ) can be derived from Eq. (4).
3.3. Experiment scenarios
Based on the instrument characteristics and simulation assumptions we mentioned above, the radiances and DOLP in both O2 A
7
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Table 4
DFS of Hpeak and w from MAIA and MAPMO measurements at all nine angles over
ocean, soil and vegetation surface when AOD is 1.5 at 749 nm for a proﬁle with
3 km Hpeak and 1 km width.

and B bands at nine angles are simulated by UNL-VRTM. To compare the role of multi-angle or polarized measurements in each
band on ALH retrieval, six scenarios including multi-angle measurements are deﬁned in this study as shown in Table 3. The scenario A-I (or B-I) only includes radiance in O2 A band (or O2 B
band), while A-IP (or B-IP) indicates both radiance and DOLP measurements in O2 A band (or O2 B band). Similarly, the scenario ABI includes radiances in O2 A and B band, and all measurements in
two absorption bands are involved in scenario AB-IP. Hence, the
scenario A-I and AB-IP represent the possible observations from
MAIA and MAPMO, respectively. For each scenario, the DFS and
posterior uncertainty of ALH are calculated when the number of
viewing angles increases from one to nine.
In the following analysis, we ﬁrst analyze the information contained in total measurements of MAIA and MAPMO, i.e. scenario
A-I and AB-IP, in section 4. Next, the effect of each type of measurements, e.g. multi-angle, DOLP or O2 B measurements, is extracted by comparing the ALH posterior uncertainties for different
scenarios in section 5. For instance, the impact of polarized measurements in O2 A band could be summarized by comparing the
retrieval uncertainty between scenario A-I and A-IP. Similarly, the
impact of radiance measurements in O2 B band could be derived
from the difference between scenario A-I and AB-I.

Surface and aerosol type

Hpeak

w

ocean

Biomass burning (BB)
Urban industrial (UI)
Biomass burning (BB)
Urban industrial (UI)
Biomass burning (BB)
Urban industrial (UI)

0.92/0.97a
0.91/0.96
0.88/0.94
0.84/0.92
0.92/0.96
0.91/0.95

vegetation
soil

0.53/0.82
0.34/0.72
0.29/0.72
0.15/0.55
0.50/0.82
0.32/0.70

a
: The left values separated by symbol “/” are for MAIA and the right values are
for MAPMO measurements.

the lowest over vegetation. Due to additional DOLP in O2 A band
and all measurements in O2 B band, MAPMO contains 0.04–0.07
more DFS than MAIA. Moreover, the difference of both radiance
and DOLP sensitivities between two aerosol types varies signiﬁcantly when AOD and viewing geometries change (Fig. 4b and 4f),
causing inconsistent DFS differences between BB and UI. For example, at large AOD (AOD = 1.5), BB has 0.01–0.02 larger DFS than
UI from MAIA and MAPMO measurements no matter the surface
type (Table 4). Generally, the surface reﬂectance has more impact
on the information content of Hpeak from MAPMO and MAIA measurements than aerosol optical properties, leading to the lowest information content over vegetation.
Compared with Hpeak , less information about w is obtained
from MAIA (or MAPMO) based on its lower DFS (0.1–0.4 for MAIA
and 0.5–0.8 for MAPMO) (Table 4), resulting from less sensitivity of
radiance to w (Fig. 4d). In contrast, the sensitivity of DOLP to w is
larger than that of Hpeak (Fig. 4h) at several speciﬁc viewing angles,
resulting in the more information of w contained in MAPMO than
MAIA. In fact, similar to Hpeak , observations over vegetation contain
the lowest information of w with lower 0.15 to 0.25 (0.1 to 0.2) DFS
than ocean and soil for MAIA (MAPMO). Between the two aerosol
types, the w DFS of BB is larger than that of UI, whose difference
could reach 0.2 over vegetation, indicating a better performance
of MAPMO and MAIA observations in ALH retrievals for absorbing
aerosols. In general, different surface reﬂectance and aerosol optical properties have a greater inﬂuence on w information than Hpeak
for MAIA and MAPMO measurements.
Besides BB and UI we discussed above, the mineral dust is also
an important type of aerosols with less absorbing than BB but
more scattering. The simulation in O2 A and/or B band for dust
particles has been conducted in our previous studies [10,40], as
well as the ALH information, which were not discussed in detail
here. Generally, it has been found that the less absorbing dust particles would improve the multiple scattering in the atmosphere,
which is suppressed by highly absorbing aerosols (such as BB). As
a result, the DOLP in O2 absorption band is more sensitive to moderately absorbing dust particles, indicating larger information [10].
Furthermore, sometimes dust particles present non-spherical and
the impact of dust particle shape on the DOLP in O2 absorption
band has been analyzed in [40]. The DOLP at TOA depends more
on positive Rayleigh scattering DOLP if more O2 absorption happens due to lower aerosol altitude (and less on aerosol scattering).
Compared with spheres, the DOLP of spheroids is smaller, especially close to backscattering, revealing less sensitivity of TOA DOLP
to Hpeak . Moreover, while these differences of DFS exist between
various type of aerosols because of their different single scattering optical properties, the dependence of DFS on surface types and
the impact of multi-angle and/or polarized measurements generally appear similar. While we have tackled the impact of dust particle shape to some degree in previous study, dealing with dust
non-sphericity shape deserves more future work.

4. Information from MAIA and MAPMO observations
Firstly, to quantify the ALH information, not only the TOA radiance and DOLP, but also their Jacobians with respect to ALH parameters are simulated from UNL-VRTM, expressed as ∂ H∂ Ia and
peak

∂ DOLPa in Fig. 4. The Jacobian represents the sensitivity of each
∂ H peak

measurement (Ia or DOLPa ) to each retrieved parameter. After applying these simulations for MAIA and MAPMO in Eq. (5), the averaging kernel matrix A for two retrieved parameters Hpeak and
w of ALH are derived. The two diagonal elements in A represent
the DFS of Hpeak and w, whose value range from 0 to 1.0. For a
given parameter, the closer DFS is to 1.0, the greater the information content provided by the observations. The DFS of ALH parameters from observations of MAIA and MAPMO (scenario A-I and ABIP in Table 3) are summarized in subsection 4.1 and compared for
difference surface and aerosol types with several AOD. The AOD
values in this paper are all for 749 nm (O2 A continuum band). In
subsection 4.2, we analysed how Hpeak and w DFS change when
different numbers of viewing geometries are involved in the measurement vector.
4.1. Different surface and aerosol types
Compared with MAIA, MAPMO includes additional polarization
in O2 A band and both radiance and polarization in O2 B band.
Each DFS of two ALH parameters, Hpeak and w, from MAIA and
MAPMO nine-angle measurements over three different types of
surface for both BB and UI aerosols for 3 km Hpeak is summarized
in Table 4. It is found that both MAIA and MAPMO measurements
have high information content for Hpeak , regardless of aerosol and
surface type, as DFS is always larger than 0.8. However, over vegetation, DFS of Hpeak shows 0.03–0.07 lower than the other two
surface types for MAIA. The reason is that radiance Jacobians in
O2 A band is lower for vegetation surface than ocean and soil for
3 km Hpeak , indicating less sensitive to ALH, although the difference of radiance Jacobians between three surface types is not as
much as DOLP Jacobians (Fig. 4c and Fig. 4g). In O2 B band, DOLP
sensitivity over vegetation is not the lowest, but this improvement
only reduces the DFS difference between vegetation and other two
surfaces for MAPMO. Anyway, even though MAPMO involves O2
B band measurements compared with MAIA, the ALH DFS is still
8
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Fig. 4. The variation of Jacobians of radiance (Ia , the ﬁrst row) and DOLP (DOLPa , the second row) in O2 absorption bands with respect to Hpeak as a function of Hpeak . a)
and e) show UI aerosol Jacobians in O2 A band at nine viewing geometries deﬁned in Fig. 2a over vegetation surface with 1.0 AOD. b) and f) indicate Jacobians in O2 A band
with Df viewing geometry over vegetation at two AOD for two aerosol types. The Jacobians to Hpeak in O2 A and B band are compared in c) and g) over different surface
types, keeping 1.0 AOD and Df viewing geometry for UI aerosol. d) and h) show the comparison of Jacobians to Hpeak and w over vegetation with the same AOD, viewing
geometry and aerosol type as c). The black dash lines show zero value. The value of w is ﬁxed at 1 km for all cases.

4.2. Different number of view angles

sensitivities at nine angles are sorted from the largest to the lowest
as: Df, Cf, Da, Bf, Ca, Ba, Af, Aa, An. In other words, when retrieving ALH using 3-angle measurements, the ﬁrst three angles (Df, Cf,
Da) showing the strongest sensitivity are used. This sequence remains consistent in all scenarios although the radiance sensitivity
at different angles depends on aerosol type, AOD, and Hpeak . By
this method, the DFS about Hpeak and w when MAPMO observations at one to nine angles included in the retrieval are compared
with those from MAIA measurements in Fig. 5. Given the dependence of radiance and DOLP Jacobians on AOD (Fig. 4b and 4f), the
DFS at two AOD (0.3 and 1.5) are compared in Fig. 5 as well.
Firstly, the change of Hpeak DFS with the number of viewing angles used in the retrieval is analysed. As we discussed in
Section 4.1, the DFS of Hpeak from either MAPMO or MAIA nineangle measurements is the highest over ocean, and next over soil,
while the lowest over vegetation. However, when the number of
angles used in the retrieval increases from one to nine, Hpeak
DFS increases most over vegetation with 0.1–0.25 DFS increment
(Fig. 5b). Over both soil and ocean, the DFS increment does not
exceed 0.1. This is because the sensitivity of observations to ALH
is not so distinct at different viewing geometries for low surface
reﬂectance. On the other hand, we also pay attention to the minimum viewing angles satisfying high information of ALH. In the
real multi-angle observation mode of MAIA, if more angles stare
at one Earth target, the spatial coverage or the total number of
targets for MAIA will be reduced considering limited observation
time. This is why an optimal number of angles has to be found

Consistent with our previous studies [10,40], the sensitivity of
TOA radiance to Hpeak decreases at lower aerosol layer, since the
stronger Rayleigh scattering supplements the radiation absorbed
by more O2 concentration, leading to less TOA radiance reduction with the same Hpeak change. Similarly, the TOA DOLP is more
sensitive to lower Hpeak (Fig. 4a and 4e), due to the stronger
Rayleigh scattering DOLP as well. In fact, both the Rayleigh scattering and aerosol scattering depend on the scattering angle, determined by solar geometry and viewing geometry (Fig. 2b and 2c).
Thus, the sensitivity of TOA measurement to Hpeak varies with different viewing angles (Fig. 4a and 4e). For instance, if the aerosol
scattering phase function at one viewing angle is stronger (Df) and
closer to Rayleigh scattering, the change of relative weights between Rayleigh scattering and aerosol scattering due to the variation of Hpeak will cause less total scattering change and TOA radiance mainly depends on O2 absorption change. Thus, TOA radiance
is more sensitive. When gathering measurements from multiple
viewing geometries focusing on the same target, the number of angles should be decided to obtain enough information for the state
vector retrieval. Therefore, we analyzed the dependence of the information about ALH parameters on the number of viewing angles
contained in the multi-angle retrieval. When observations at more
than one viewing angle are involved in the retrieval, angles are selected following the sensitivity of radiance to Hpeak quantiﬁed by
its Jacobian from the highest to the lowest. As shown in Fig. 4a, the

9

X. Chen, X. Xu, J. Wang et al.

Journal of Quantitative Spectroscopy & Radiative Transfer 270 (2021) 107679

Fig. 5. DFS of Hpeak (a-c) and w (d-f) for BB aerosol from multi-angle measurements of MAIA (orange lines) and multi-angle polarimetric measurements at two O2 bands of
MAPMO (blue lines) when different numbers of viewing geometries are included. The left (a and d), middle (b and e) and right columns (c and f) are over ocean, vegetation
and soil surface, respectively. The solid scatter lines are for 0.3 AOD and dotted scatter lines are for 1.5 AOD. The aerosol proﬁle is deﬁned as 3 km Hpeak and 1 km w. The
blue and orange shades represent the DFS range when SZA varies from 25° to 60° for MAPMO and MAIA at 1.5 AOD, respectively. While solar geometries change, other
scenario conﬁgurations keep the same.

to keep high ALH information while reduce observation time per
target for different scenarios. From Fig. 5, when the number of observation angles reaches six, adding more measurements at other
angles will increase DFS little, while the largest increment happens when increasing from a single angle to two or three angles. Thus, six angles are optimal for multi-angle satellite ALH retrieval. Secondly, we’d like to look at the impact of AOD on multiangle ALH retrieval. Over ocean and soil (Fig. 5a and 5c), different AOD causes little difference not only in the dependence of
Hpeak DFS on the number of angles used, but also the DFS value
itself, for both MAIA and MAPMO measurements. In contrast, over
vegetation, the DFS difference caused by different AOD could be
0.05 for MAPMO observations, and even more than 0.1 for MAIA
(Fig. 5b), due to the larger difference in the sensitivity over vegetation between different AOD. Furthermore, the impact of solar
geometry on the ALH DFS is analyzed. Lines in Fig. 5 represent
the DFS at 40° SZA, while the shaded areas show the DFS ranges
when SZA changes from 25° to 60° (corresponding SAZ values
are given in Fig. 2a). In total, different light path length resulting
from various SZA causes less than 0.1 DFS difference. For multiangle measurements, this light path impact is stronger on MAIA
measurements than MAPMO. Compared with multi-angle measurements, solar geometries affect Hpeak DFS from single-angle measurements more. Last but not least, comparing MAIA and MAPMO
observations, at small AOD over vegetation, the DFS difference
between these two scenarios is reduced from 0.4 to 0.15 when
adding more angles. However, if AOD is large, both MAPMO and
MAIA contain large Hpeak DFS (> 0.8) even for single-angle measurements, resulting in consistent 0.07 DFS difference regardless
of how many angles are used. Unlike vegetation, the DFS difference between MAPMO and MAIA is less than 0.05 over ocean and
soil, independent of AOD and the number of angles used. In other
words, the number of angles and AOD affect Hpeak information
from MAIA and MAPMO over vegetation rather than ocean and
soil.

The DFS of w is much less than Hpeak for the same scenarios, but the increase in DFS due to adding angles can exceed 0.4,
much more than occurs for Hpeak , which illustrates the major improvement in w retrieval when using multi-angle measurements
(Fig. 5d–5f). Unfortunately, for MAIA, if AOD is small, using more
measurements at different angles cannot improve w information
effectively, and DFS remains less than 0.1. Greater improvement
is found at larger AOD. This conclusion about AOD dependence of
multi-angle improvement of w DFS is also applied for MAPMO over
vegetation (blue lines in Fig. 5e). In contrast, this DFS increasing
due to multi-angle measurements are similar at different AOD over
ocean and soil (blue lines in Fig. 5d and 5f). However, unlike Hpeak ,
AOD affects not only the multi-angle improvement of w DFS, but
also the DFS value itself. For instance, MAPMO observations provide 0.1–0.2 more w DFS over ocean and 0.4 more over soil at
larger AOD. Given the lower DFS of w than Hpeak , light path (or
SZA) has larger impact on the information for w, such as more than
0.2 DFS difference can be found over vegetation. Similar to Hpeak ,
the w DFS from MAIA multi-angle measurements depends more
on SZA than single-angle measurements, indicating the longer light
path cannot increase w DFS from single-angle measurements due
to its low information. On the contrary, the w DFS contained in
MAPMO single-angle and multi-angle measurements have similar
dependence on SZA since the polarization sensitivity is less affected by the light path length. In Fig. 5, we only show the results
for BB aerosol. The UI aerosol presents similar patterns but with
smaller values of DFS, so are not shown here.
In summary, although multi-angle measurements provide more
information to retrieve ALH, especially for parameter w, ALH information increases little when more than six angles are involved in
the retrieval for both MAIA and MAPMO. The lowest information
content is provided over vegetation, meanwhile multi-angle measurements improve Hpeak information the most. In addition, the
number of angles and AOD affect w information a lot, but only
inﬂuence Hpeak information over vegetation.
10

X. Chen, X. Xu, J. Wang et al.

Journal of Quantitative Spectroscopy & Radiative Transfer 270 (2021) 107679

Fig. 6. The posterior uncertainty of Hpeak (ﬁrst row) and w (second row) for single-angle measurements (a and d) and multi-angle measurements (b and e) in O2 A band,
as well as the uncertainty reduction between these two types of measurements. Each box in the panel a, b, d and e represents the statistics of posterior uncertainties for
AOD from 0.1 to 2.0. The six AOD points in each box are the same as different lines shown in panel (c) and (f). On each box, the central mark indicates the median, and the
left and right edges of the box indicate the 25th (q1) and 75th (q3) percentiles, respectively. The whiskers extend from q3 + 1.5 × (q3 − q1) to q1 − 1.5 × (q3 − q1), and
the data exceeding this range are plotted as outliers using the circle symbol. For single-angle measurements, we select the angle Df, while multi-angle indicates nine-angle
measurements. Both the uncertainty reduction and posterior uncertainty are shown as the percentage of the true value. Here we do not add polarimetric measurements for
both single and multiple angles. In these cases, the w is assumed 1 km and the surface is vegetation.

5. The role of multi-angle and polarimetric measurements

Hpeak decreases when AOD and Hpeak increase, whereas the uncertainty distribution at different AOD shows signiﬁcant distinction
(Fig. 6a and 6b). For single-angle observation, when Hpeak is lower
than 3 km, although the mean posterior uncertainty of different
AOD decreases at higher Hpeak , the range of posterior uncertainty
increases. This implies at small AOD, the Hpeak information from
single-angle measurement is low in the boundary layer, but the
information increases signiﬁcantly when AOD is larger, especially
for 2–3 km Hpeak . For the multi-angle, the ranges of posterior uncertainty change little when Hpeak varies, except for 0.1 AOD (represented by outliers in Fig. 6b), indicating the similar impact of
AOD on Hpeak retrieval at different Hpeak . At each Hpeak , the Hpeak
uncertainty range in multi-angle retrieval is smaller than that in
single-angle retrieval, illustrating the less impact of AOD in multiangle Hpeak retrieval. The situation is different for parameter w. At
lower Hpeak in single-angle retrieval, the w uncertainty is smaller
at larger AOD, but keeps large at all AOD for higher Hpeak , demonstrating the larger impact of AOD on w retrieval near the surface
(Fig. 6d). For the multi-angle retrieval, the w posterior uncertainty
shows similar variation with Hpeak increasing as single-angle retrieval, but the impact of AOD on w information is magniﬁed by
multi-angle measurements, especially at higher Hpeak .
To quantify the retrieval uncertainty reduced by multi-angle
measurements compared with single-angle measurement, the right
column in Fig. 6 (Fig. 6c and 6f) shows the uncertainty difference
between the left and middle columns. For Hpeak , multi-angle measurements reduce retrieval uncertainty more for smaller AOD, by
as much as 20%, indicating that the beneﬁt of multi-angle measurements for ALH retrieval decreases as AOD increases (Fig. 6c).

The potential capability of a hypothetical MAPMO instrument
and MAIA to retrieve ALH parameters were analysed in Section 4.
Realization of a practical instrument design requires an analysis of
the trade-offs between multi-angle, polarization, and O2 B band
measurements in retrieval of ALH. In this section, we explore these
trade-offs and try to ﬁgure out the role of each kind of measurements by comparing the retrieval uncertainties in different scenarios in Table 3. Furthermore, each component in the retrieval uncertainty is compared between different scenarios as well. We describe the posterior uncertainty as a percentage of true value for
each parameter in the state vector (Hpeak and w), the same to the
prior uncertainty assumed as 100% for all cases as discussed in
Section 3.2.2.
5.1. The improvement of multi-angle measurements
In this section, we ﬁrst compare the ALH retrieval uncertainty from single-angle measurement and nine-angle measurements (Fig. 6). Then, the uncertainty reduction of multi-angle retrieval when viewing angle increases from one to nine is analysed
(Fig. 7). To answer question (a) in Section 1, the posterior uncertainties of Hpeak and w in scenario A-I at one vs. nine angles are
summarized in Fig. 6 (a, b, d and e). Each box indicates the uncertainty range when AOD is from 0.1 to 2.0. Considering the same
prior uncertainty, a smaller posterior uncertainty corresponds to
larger information content of the observations. From both singleangle and multi-angle measurements, the posterior uncertainty of
11

X. Chen, X. Xu, J. Wang et al.

Journal of Quantitative Spectroscopy & Radiative Transfer 270 (2021) 107679

Fig. 7. The variation of uncertainty reduction expressed as a percentage between single-angle and multi-angle measurements for Hpeak (the ﬁrst row) and w (the second
row) with the number of angles used in the retrieval for BB aerosol with or without polarized measurements. The ﬁrst three columns are for ocean, vegetation and soil
surface in O2 A band, while the last column shows results over vegetation in O2 B band. The green lines show radiance-only retrieval, and the red lines indicate retrievals
from both radiance and DOLP measurements. The solid scatter lines and dotted scatter lines represent 0.3 and 1.5 AOD, respectively. The other parameters are the same as
Fig. 5.

The reason is that when AOD is large, the single-angle measurements already provide large Hpeak information; if adding more
angles, the Hpeak information is improved a little bit, but much
smaller than lower AOD having little Hpeak information at single
angle. For different Hpeak , multi-angle retrieval reduces the Hpeak
uncertainty most at 2–3 km Hpeak except too small AOD. On the
other hand, for w, the uncertainty reduction due to multi-angle
measurements is large for near surface Hpeak and increases as AOD
increases. At higher Hpeak , this uncertainty reduction is low at
small AOD but increases at larger AOD, and can reach 30% when
AOD is 2.0 (Fig. 6f).
Additionally, the dependence of this uncertainty reduction from
multi-angle measurements on the number of viewing angles is
presented in Fig. 7 for scenario A-I, A-IP, B-I and B-IP. Two AOD
and three surface types are compared. For Hpeak , although the uncertainty reduction increases when the number of angles increases,
a threshold is reached when six or more angles are involved in the
retrieval (Fig. 7a-7d). Comparing scenario A-I over three types of
surface (Fig. 7a-7c), the Hpeak uncertainty is reduced more than
20% due to multi-angle measurements over vegetation at small
AOD, but only around 10% over ocean and soil, or over vegetation
at large AOD, showing the essential role of multi-angle measurements for vegetated surfaces at smaller AOD. However, the multiangle uncertainty reduction for scenario A-IP depends less on surface type, and is around 15%, similar or smaller than for A-I cases.
This uncertainty reduction shows little dependence on AOD, neither, but over ocean, the AOD impact is larger than that in scenario A-I. For scenarios B-I and B-IP, there is less distinction between different surface types, hence only the uncertainty reduction over vegetation is shown in Fig. 7d. Unlike scenario A-IP, the
multi-angle measurements in O2 B band improve the posterior uncertainty by up to 20% when polarized measurements are included
(scenario B-IP). However, for B-I cases, multiple angles improve the
retrieval less in the O2 B band than in the O2 A band, regardless of
AOD. In O2 B band, the improvement of multi-angle measurements
is stronger at lower AOD, and this dependence on AOD is similar
for B-I and B-IP cases.
Focusing on parameter w, multi-angle measurements in the O2
A band improve its retrieval more over ocean and soil, especially

for A-I cases, the opposite of what is observed for the parameter
Hpeak . This uncertainty reduction improves as AOD increases, and
the multi-angle improvement for scenario A-IP is greater than A-I
at small AOD for all surface types. On the contrary, at large AOD,
the multi-angle measurements improve A-I retrieval more than AIP over ocean and soil. In the O2 B band, the multi-angle measurement improves w retrieval much less than O2 A band, with
or without polarization. Higher AOD yields greater improvement in
O2 B band, but is still below 5%. All the cases in Fig. 7 are for BB
aerosol, while the uncertainty reductions for UI aerosol are shown
in Appendix (Fig. A3).
In conclusion, compared with single-angle radiance-only measurements, multi-angle measurements in O2 A band improve Hpeak
retrieval more over vegetation surface at smaller AOD, and reduce
w retrieval uncertainty more at larger AOD over ocean and soil.
Including polarization, multi-angle measurements improve singleangle Hpeak retrieval equally or greater than radiance-only measurements, except over vegetation at small AOD in O2 A band.
Generally, the multi-angle measurements improve w retrieval more
than Hpeak , but less at small AOD over vegetation and in O2 B band.
5.2. The improvement of adding polarization measurements
Fig. 8 compares the posterior uncertainties of Hpeak and w for
scenarios A-I and A-IP and addresses how much uncertainty reduction would be improved by adding polarization to MAIA-like multiangle O2 A band measurements. For Hpeak , each box in Fig. 8a8c represents the statistics of the posterior uncertainty or uncertainty reduction when the number of angles in the retrieval increases from one to nine. It is found that the posterior uncertainty
of Hpeak for A-I and A-IP case decreases dramatically from 90% to
around 20% with increasing Hpeak , indicating more Hpeak information contained in middle troposphere (Fig. 8a and 8b). Among the
three surface types considered, the posterior uncertainty of Hpeak
is the highest over vegetation while adding DOLP and multi-angle
measurements cannot change the situation. However, for scenario
A-IP, changing the number of angles causes larger uncertainty difference over ocean and soil compared with scenario A-I, especially
for lower Hpeak , reaching 10%-15% (Fig. 8b). From Fig. 8c, it is clear
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Fig. 8. The posterior uncertainties of Hpeak and w from multi-angle radiance measurements (a and d) and adding DOLP measurements (b and e), as well as the uncertainty
reduction between these two types measurements (c and f). Only O2 A band is used for all cases. Each box of Hpeak uncertainty (a-c) represents its statistics for the number
of angles used from 1 to 9 at different Hpeak , while w uncertainty box is for Hpeak from 1 to 8 km at each number of angles (d-f). In scenario A-I and A-IP, each box
of the w posterior uncertainty represents the lowest value at 1 km Hpeak but similar values at other heights. Only over vegetation in panel (f), the uncertainty reduction
increases when Hpeak increases. The marker and whisker of each box represents similar statistical variables as in Fig. 6 except using vertical box instead of horizontal box
here. Different box colors show three surface types. All cases here are for BB when AOD is 1.0 at 749 nm and w is 1 km.

that the Hpeak retrieval uncertainty could be reduced 5%-18% due
to adding polarized measurements. This uncertainty reduction increases as Hpeak decreases over ocean and soil, while changes little with Hpeak over vegetation. Generally, DOLP measurements improve the ALH retrieval more due to their larger sensitivity when
aerosols are located at low altitudes (Fig. 4e). Compared with
ocean and soil, the uncertainty reduction due to DOLP over vegetation is lower (< 5%). Moreover, when a different number of angles
are added, the uncertainty reduction could be changed as much as
13% over ocean at 1 km Hpeak .
For parameter w, its posterior uncertainty is found to have little
dependence on Hpeak (except shows lower values at 1 km Hpeak ),
hence only the uncertainty or uncertainty reduction range at different Hpeak is shown in each box. The posterior uncertainty of
w is always larger than 80% even for multi-angle measurements
of scenario A-I (Fig. 8d). Neither increasing the number of angles
used in the retrieval nor changing Hpeak would reduce the posterior uncertainty due to the small sensitivity of radiance to w
(Fig. 4d). In contrast, the number of angles has effect on w posterior uncertainty and different Hpeak could also causes 5%-10% posterior uncertainty difference for scenario A-IP (Fig. 8e). Furthermore, the uncertainty reduction due to adding multi-angle DOLP
in O2 A band ranges from 5% to more than 35% and shows signiﬁcant dependence on the number of angles and Hpeak (Fig. 8f).
Over soil and ocean, DOLP measurements improve the single-angle
retrieval signiﬁcantly, but improve less when two to ﬁve angles
used in the retrieval. Over vegetation, the uncertainty reduction
due to DOLP increases when adding more angles. One the other
hand, the uncertainty reduction from DOLP increases 10%–20%
as Hpeak increases over vegetation, but only 5%–10% over ocean
and soil.

Similar to the study in [10], DOLP measurements improve the
sensitive to Hpeak for lower aerosol layer. In conclusion, adding
DOLP measurements improves w retrieval uncertainty more than
Hpeak . Among different surface types, the ALH retrieval over vegetation surface is improved less compared to soil and ocean. The
posterior uncertainty of Hpeak is reduced more at lower Hpeak due
to DOLP but the opposite is true for w. Given the less variation of
w value than Hpeak in reality, the dependence of ALH posterior uncertainties are analysed in the Appendix instead of main text here.
The uncertainties of Hpeak and w are reduced by DOLP more when
more angles are used in the multi-angle retrieval.
5.3. The improvement of adding O2 B band
In this part, we analyse the improvement in ALH retrieval from
adding O2 B measurements by comparing the scenarios A-I, AB-I
and A-IP, AB-IP. The left column in Fig. 9 illustrates the uncertainty
reduction by adding O2 B radiance-only measurements (the difference between A-I and AB-I), and the right column shows the uncertainty reduction from O2 B radiance and DOLP measurements
(the difference between A-IP and AB-IP). In this ﬁgure, each box
represents the range of uncertainty reduction as different number of angles are used in the retrieval. It is clear that no matter whether polarized measurements in O2 B band are added or
not, the retrievals of both Hpeak and w over vegetation are improved by O2 B measurements to a greater extent than the other
two types of surface. This is due to the much lower surface albedo
for vegetation in O2 B band than A band, consistent with the conclusion about the O2 B band’s beneﬁt in ALH retrieval over land
from [35]. Moreover, when the number of angles involved in the
retrieval increases from one to nine, the uncertainty reductions of
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Fig. 9. The posterior uncertainty reduction of Hpeak and w from adding radiance-only measurements (a and c) or both radiance and polarization of O2 B band (b and d)
measurements into O2 A measurements. Each box represents the same statistics for different number of angles used as Fig. 8a, and all cases have the same parameters as
well.

both parameters change less (smaller ranges of boxes) for ocean
and soil than for vegetation surface, indicating the larger impact
of the number of angles on O2 B improvement over vegetation.
This dependence on the number of angles of uncertainty reduction
from adding radiance and DOLP in O2 B band shows more than
that from O2 B radiance-only measurements, reaching 2.5% uncertainty reduction difference. For both Hpeak and w, the change of
uncertainty reductions with Hpeak is independent of whether DOLP
in O2 B band is included or not.
The O2 B observations affect the uncertainties in Hpeak and
w differently. Firstly, consider the variation of uncertainty reductions with Hpeak . Hpeak retrieval is improved the most at 1–2 km
Hpeak whose uncertainty reduction could be more than 2% due to
adding radiance-only measurements in O2 B band and 5% from
adding both radiance and polarized measurements in O2 B band,
while the least improvement occurs at 5 km Hpeak with only 0.1–
0.5% uncertainty reduction (Fig. 9a and 9b). The previous study
[35] also found similar result that the inclusion of O2 B band radiance provides an increased sensitivity to atmospheric layers close
to the surface. However, the uncertainty reduction of w increases
at higher Hpeak , reaching 10% from radiance-only measurements in
O2 B band (6% for both radiance and polarized measurements in
O2 B band) (Fig. 9c and 9d). These ﬁndings demonstrate that both
radiance and DOLP measurements in O2 B band improve the Hpeak
retrieval more when aerosols are concentrated at lower altitudes,
but less for w retrieval at these altitudes. Furthermore, the comparison of improvement from radiance-only O2 B measurements
and from both radiance and DOLP measurements shows distinction for Hpeak and w. For Hpeak , when both radiance and DOLP
in O2 B are added (scenario AB-IP), the posterior uncertainties of

scenario A-IP are reduced 1-4% more compared with the uncertainty reduction between scenario AB-I and A-I (Fig. 9a and 9b).
For w, the improvement from O2 B radiance and DOLP measurements or radiance-only measurements is similar and even smaller
at high Hpeak (8 km). That is because unlike low w information in
A-I measurements, the A-IP measurements have provided large w
information and adding B-IP measurements could reduce the posterior uncertainty at some extent, but not as much as that comparing A-I and AB-I, similar to the ﬁndings in [4]. Therefore, DOLP
in O2 B band is more useful for Hpeak than w. Generally speaking,
radiance-only measurements in O2 B band reduce w retrieval uncertainty as much as 10% but not more than 3% for Hpeak retrieval,
compared with radiance-only O2 A band measurements.
In summary, adding multi-angle radiance-only measurements
in O2 B band improve w retrieval more than Hpeak , while DOLP
measurements in O2 B band are more useful for Hpeak retrieval.
Over vegetation, the improvement from O2 B radiance measurements is greater than for the other surfaces. When Hpeak increases
and is larger than 2 km, O2 B DOLP causes less uncertainty reduction of Hpeak but more for w. The improvement of O2 B both
radiance and DOLP depends more than radiance-only O2 B measurements on the number of angles used in multi-angle retrieval.
5.4. Each posterior uncertainty component
As described in Eq. (2)–(4), besides the prior uncertainty of the
state vector itself (Sa ), the posterior uncertainty in ALH parameters
(Sˆ ) also depends on the measurement uncertainty (Sy ) and forward
model parameter uncertainty (Sb ). In this section, the contribution
from each source of the posterior uncertainty except the prior un14
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Fig. 10. The variation of posterior uncertainty for Hpeak (εHpeak ) and w (ε w ) with Hpeak due to the measurement uncertainty (σ y ), uncertainties of AOD (σ AOD ) and SSA (σ SSA )
and surface model parameters (σ surf ). In each panel, εHpeak or ε w from different error sources is shown as different colored lines, and different line styles indicate different
surface types (a and e), different AOD (b and f), different aerosol types (c and g) and different magnitudes of uncertainties for each error source. For each panel, only one
factor changes, while other factors are kept constant, such as 1.5 AOD, vegetation, UI aerosol type, 2% measurements uncertainty, 10% uncertainties of AOD and surface
parameters and 3% SSA uncertainty. For the last column (d and h), small uncertainty means 2% for measurement uncertainty, 5% for AOD and surface parameters and 1% for
SSA, while large uncertainty means 10%, 20% and 5% for these four error sources, respectively.

certainty is analyzed. Firstly, we compare the inﬂuence of different
simulation factors, such as surface type, aerosol types and AOD, on
each error component. Then, the uncertainties in different observation scenarios in Table 3 are compared.
Based on the assumed uncertainties of three types of model parameters including AOD (σ AOD ), SSA (σ SSA ) and surface BRDF/BPDF
kernel coeﬃcients (σ surf ), we compare in Fig. 10 (shown as different colored lines) the retrieval uncertainty of Hpeak and w resulting
from each of these three error sources, as well as the uncertainty
of observed radiance and DOLP (σ y ) for MAPMO observations (ABIP cases). Each error source causes the lowest Hpeak posterior uncertainty (εH peak ) at 2 km Hpeak and the lowest w uncertainty (ε w )
at 3–5 km Hpeak . The largest uncertainties of both Hpeak and w appear at 1 km Hpeak , while εH peak increases with increasing Hpeak for
Hpeak > 2 km but ε w changes little. In general, the same uncertainty of each error source causes equal or larger uncertainty for
w than for Hpeak .
In each panel of Fig. 10, only one factor of the simulation
scenario changes, and the posterior uncertainty from four error
sources are compared. In the ﬁrst column of Fig. 10, the uncertainties over three surface types are compared. εH peak due to SSA
uncertainty is similar over vegetation and soil, but ~0.1 km smaller
over ocean, maintaining the same distribution at different Hpeak
(Fig. 10a). However, the ε w induced by SSA uncertainty over vegetation is around 0.3 km larger than for ocean and soil, indicating
the larger impact of SSA uncertainty on w retrieval over vegetation (Fig. 10e). Focusing on uncertainties from σ y , both εH peak and
εw show little difference over ocean and soil, but have 0.1–0.2 km
more uncertainty over vegetation. In addition, σ surf induces the
largest uncertainty over vegetation, less uncertainty over soil and

the lowest uncertainty over ocean, where the differences are 0.1–
0.2 km in both εH peak and ε w . Different with other three error
sources, AOD uncertainty leads to different variations of εH peak (or
εw ) with Hpeak over different types of surface, resulting in larger
difference of εH peak (or ε w ) between three surface types at higher
Hpeak . Comparing the uncertainties from σ AOD , σ y and σ surf , over
ocean σ AOD induces the largest uncertainty, σ y induces less uncertainty, and σ surf causes little uncertainty in ALH retrieval. Over
soil, these three error sources lead to similar Hpeak and w uncertainties, while over vegetations σ y and σ surf result in larger uncertainty than σ AOD . σ SSA always causes the largest uncertainty for
each surface type.
Using retrievals over vegetation as an example, the second,
third and fourth columns of Fig. 10 show the impact of different AOD, aerosol types and uncertainties of each error source on
the four components of the posterior uncertainty of Hpeak and w.
When AOD decreases from 1.5 to 0.3, only σ SSA induced uncertainties decrease while the other three uncertainties increase (Fig. 10b
and 10f); σ surf induced uncertainties change most with 0.5–1.5 km
εHpeak difference, while uncertainties from σ y and σ AOD increase
0.2–1.0 km and less than 0.7 km, respectively (Fig. 10b). Except
σ SSA , other three error sources cause similar εHpeak (or εw ) at large
AOD, but differ a lot at small AOD (Fig. 10b and 10f). Comparing
different aerosol types, σ SSA and σ AOD lead to greater εH peak for
BB than UI at low Hpeak , but less at higher Hpeak , with as much
as 0.3–0.4 km uncertainty difference. In –contrast, the εH peak from
σ y and σ surf show little distinction between UI and BB (Fig. 10c).
Unlike εH peak , ε w from σ AOD for BB is larger than UI at all Hpeak ,
while the other three error sources result in less ε w for BB than
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Fig. 11. The posterior uncertainty for Hpeak (εHpeak ) from uncertainties of measurements (σ y ), AOD (σ AOD ), SSA (σ SSA ), surface model parameters (σ surf ) and all of these at 0.3
AOD and 1.5 AOD for scenario A-I (O2 A I), A-IP (O2 A I+P), AB-I (O2 A + B I) and AB-IP (O2 A + B I+P), shown as the x-axis labels. Each box represents the distribution of
posterior uncertainty when different number of angles are used in the retrieval, similar to Fig. 8a-8c. The cases here are for BB aerosol at 3 km Hpeak and 1 km w.

UI. The difference caused by different aerosol types in the four
error components of ε w is not more than 0.4 km (Fig. 10g). Finally, in Fig. 10d and 10h we show the inﬂuence on ALH retrieval
of increasing σ SSA , σ y , σ AOD and σ surf . If σ SSA increases from 1%
(small) to 5% (large), the εH peak and ε w increase 0.7–1.2 km and
1.0–1.4 km, respectively. Similarly, a change of σ y from 2% to 10%
and σ surf from 5% to 20% lead to 0.3–0.4 km and 0.2–0.5 km
εHpeak difference, respectively. Increasing σ AOD from 5% to 20% has
little inﬂuence on εH peak and ε w . However, the value of AOD
has the largest impact on the εH peak and ε w from different error
sources.
Furthermore, in Fig. 11, we compare the εH peak from four error sources for different observation scenarios including A-I, A-IP,
AB-I and AB-IP, as well as the total errors. Here, the x-axis represents these four scenarios, and each box shows different uncertainties when the number of angles increases from one to nine
in multi-angle retrieval. If AOD is small (Fig. 11a), from radianceonly O2 A observations (A-I), σ surf causes the largest uncertainty
in Hpeak and dominates its total posterior uncertainty, decreasing
from 0.85 km to 0.65 km when adding more angles to the retrieval.
Then, σ SSA and σ y can induce 0.3–0.35 km and 0.2 km εH peak , respectively, while σ AOD leads to the lowest εH peak (< 0.05 km).
When adding DOLP measurements in O2 A band (A-IP), the comparison between εH peak from four error sources remains similar,
but each error component decreases, as much as 0.45 km for
σ surf -induced εHpeak . By comparing scenarios AB-I and A-I, adding
radiance-only measurements in O2 B band to MAIA observations,
the εH peak from σ AOD , σ y and σ SSA decreases slightly, < 0.05 km,
and mainly for smaller number of angles retrieval with larger
uncertainty, whereas σ surf induced εH peak is reduced more than
0.25 km. The effect of adding both radiance and DOLP in O2
B band is similar like O2 B radiance-only measurements (compare A-IP and AB-IP). At large AOD (Fig. 11b), σ SSA induces the
largest uncertainty, and dominates the total posterior uncertainty
instead of σ surf , while uncertainties from σ AOD and σ y are generally the lowest. Similarly, magnitude of ε w also shows similar
patterns with εH peak , but with higher values for each error component. Adding polarized measurements can reduce uncertainties
from all sources signiﬁcantly, while O2 B radiance measurements
mainly improve the uncertainties resulting from uncertainty from
surface reﬂectance, for both ALH parameters and for different AOD
or aerosol types.

6. Conclusions and discussion
In this study, we investigated theoretically the capability to retrieve ALH from multi-angle polarization measurements in both
O2 A and B absorption bands from space. Based on the design of
MAIA, which only detects TOA radiance from multiple angles in
O2 A band, a hypothetical sensor called MAPMO is deﬁned by improving the capability of a MAIA-like instrument to observe both
radiance and polarization in the O2 A and B bands. By applying
optimal estimation theory, this study quantiﬁed the information
content from simulated satellite measurements for both MAIA and
MAPMO, in terms of the degree of freedom for signal (DFS) for
two aerosol vertical distribution parameters, Hpeak and w. In addition, the retrieval uncertainties of Hpeak and w were estimated
and compared, from the uncertainties of not only the instrument
but also model uncertainties due to the parameters such as AOD,
SSA and surface model coeﬃcients not retrieved from O2 absorption bands. The TOA radiance and degree of linear polarization, as
well as their Jacobians with respect to Hpeak and w, were simulated by our forward model UNL-VRTM - a vector radiative transfer code with surface bidirectional reﬂectance distribution function
(BRDF) and surface polarized reﬂectance (BPDF) function considered. The information content analysis is conducted for different
aerosol types, AOD, and surface reﬂectance as a function of number of viewing angles, which enables different comparison studies
focusing on the impacts of multiple angles and O2 B band on the
retrievals of Hpeak and w between different observation scenarios.
We found that for either MAIA or MAPMO measurements, the
lowest Hpeak and w information content are provided over vegetation due to its high surface reﬂectance in O2 A band, and aerosol
optical property inﬂuences ALH information less than the surface
reﬂectance. Compared with Hpeak , whose DFS is high (>0.8) in all
scenarios, the w DFS is smaller. More measurements from different angles in general add more information content for Hpeak and
w, but there is a limit, and following around six angles there appears to be little beneﬁt in adding more in the retrieval. While
the angular-dependence of DFS for either Hpeak or w is similar between MAIA and MAPMO, MAPMO consistently shows higher DFS
for both Hpeak and w, especially over vegetation at lower AOD for
Hpeak or larger AOD for w. DFS for Hpeak and w generally increases
with AOD, and the impact of AOD on w DFS is greater than its impact on Hpeak . Because MAPMO has much richer information for
Hpeak than MAIA does, MAPMO’s retrieval of Hpeak is more robust
with respect to the change of AOD.
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Compared with single-angle measurement in O2 A band, adding
radiance measurements from nine viewing angles improves Hpeak
retrieval most at 2–3 km Hpeak , but improves w retrieval more
at the boundary layer or upper troposphere. When AOD increases,
this improvement decreases for Hpeak but increases for w, indicating that multiple angles are more effective to w retrieval at larger
AOD. Among different surface types, the multi-angle improvement
is the strongest over vegetation for Hpeak but over ocean for w. If
polarized measurements are added, this multi-angle improvement
in O2 A band is similar among the three types of surface for Hpeak ,
but still strongest over ocean for w, especially at low AOD. Generally, variation of AOD has a bigger impact on the multi-angle
improvement for w than for Hpeak . Comparing the two O2 bands,
improvement from multi-angle measurements is bigger for w retrievals in O2 A band than O2 B band, but multi-angle measurements including polarization improve Hpeak retrievals more with
O2 B band than O2 A band.
When MAIA-like measurements are improved by adding the capability to observe TOA polarization in O2 A band, the posterior
uncertainty of w is reduced more than Hpeak , while the uncertainty
reductions of both Hpeak and w are larger over ocean and soil than
vegetation. When more angles are used, this uncertainty reduction
due to polarized measurements is greater, especially for ocean and
soil surfaces. Furthermore, polarized measurements reduce Hpeak
uncertainty more when Hpeak decreases over ocean and soil, but
the uncertainty reduction is the largest at 2–3 km over vegetation.
When adding multi-angle measurements of O2 B band together
with O2 A band observations, the posterior uncertainties of Hpeak
and w are reduced largely for vegetation surface due to the smaller
surface reﬂectance in O2 B band than O2 A band. Compared with
the radiance-only measurements in O2 B band, O2 B DOLP shows
effective improvement for the Hpeak retrieval, but is less useful for
w. Both radiance and polarized measurements in O2 B band effectively improve Hpeak retrieval for cases with lower Hpeak , while
effectively improve w retrieval for cases with high Hpeak .
In terms of retrieval error budget, uncertainty in SSA always
causes the largest uncertainty at large AOD for both Hpeak and w
retrievals, whereas at small AOD the retrieval uncertainty from the
uncertainties of surface model parameters is the largest. Compared
with varying aerosol optical property, surface reﬂectance or uncertainty of each error source, changing AOD causes the largest impact on the four error components. Regardless of sources of errors,
Hpeak has the least uncertainty for Hpeak at ~2 km, and for w at
Hpeak of 3-5 km; for same source of error, it induces larger uncertainty in w retrieval than Hpeak retrieval. Compared with polarized
measurements in O2 A or O2 B which reduce all uncertainties signiﬁcantly, adding radiance measurements in O2 B band into O2 A
radiance measurements mainly reduces the uncertainty resulting
from surface uncertainty, with little impact on uncertainties from
other sources.
In summary, compared with single-angle measurements in O2
A band, adding polarized measurements or multi-angle measurements improves ALH retrieval effectively. However, if only one type
of measurement could be added, without consideration of technical issues, multi-angle measurements are recommended instead
of polarization considering all surface types. For multi-angle measurements, if only two channels can be provided by the sensor,
observing O2 A band radiance and polarization is recommended,
rather than O2 B radiance and polarized measurements or O2 A
and B radiances. When three channels are available, O2 A radiance
and polarized measurements combined with O2 B radiances provide more ALH information. Obviously, all four channels including
radiance and polarized measurements in two O2 bands together
improve ALH retrieval the most compared with single-channel
measurements, especially for a vegetated surface. Although ALH information between various types of aerosols show some distinc-

tion because of their different single-scattering optical properties,
the dependence of information on surface types and the impact of
multi-angle and/or polarized measurements generally appear similar. The information and error analysis in this study provides a theoretical foundation for the design of a future satellite-based passive
multi-angle sensor dedicated to observing aerosol height.
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Appendix
As described in the main text, based on the assumption that the
correlation between measurements from different viewing angles
decreases from the closest to the farthest pair of angles, the correlation coeﬃcients between the angle Da and other angles are deﬁned from 1.0 to 0.0 for angle Da to angle Df with an equal reduction of 1/8. Moreover, the radiance and DOLP measurement errors
have no correlations, regardless of angle. Thus, the correlation coeﬃcient matrix (C) in one O2 absorption band is deﬁned as shown
in Fig. A1. Similarly, the measurement errors in O2 B band are assumed following the same correlation coeﬃcients as those in O2
A band. However, when considering the retrieval including measurements in both O2 A and B band, they are independent with

Fig. A1. The correlation coeﬃcient matrix expressed as (C) in Section 3.2.2 for
multi-angle radiance and polarized measurements in O2 A band. In x-axis and yaxis, I represents the radiance measurement and P is DOLP, and the subscript of I
and P indicates the viewing angle described in Fig. 2a.
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Fig. A2. The comparison of convolved Jacobians at ﬁve viewing angles over ocean and vegetation between using square and Gaussian spectral response function assumption.
The other parameters describing simulation scenario are the same as Fig. 4a.

each other. As a consequence, the total correlation coeﬃcient matrix (C2 ) of both O2 A and B band measurement errors are deﬁned
as:


0
CA
C2 =
.
CB
0
Here, CA and CB represent the correlation coeﬃcient matrix in
O2 A and B band, respectively. Thus, CA = CB and both are the same
as shown in Fig. A1. 0 shows the zero matrix having the same
shape as CA and CB .
The square response function assumption used in this study
could result in larger weights for channels close to the band
edge compared with Gaussian response function. This may affect
the convolved TOA reﬂectance and its Jacobians in O2 absorption
bands. We supplemented the comparison of the convolved Jacobians in O2 A band using square and Gaussian response function
in the following ﬁgure (Fig. A2). Five viewing angles and two surface types (ocean and vegetation) are selected as examples and
other parameters are the same to Fig. 2 in the manuscript. Comparing the red and black lines, it is found that these two response
functions cause little difference in the convolved Jacobians and the
resultant DFS difference is negligible. In fact, the Jacobians differences are less than 1%. Thus, even though our square response
function is not realistic, it will not affect our estimation of ALH
information from simulated satellite measurements.
When we discuss the improvement of multi-angle measurements in ALH retrieval compared with single-angle measurement,
all the cases in Fig. 7 are for BB aerosol, while the error reductions for UI aerosol are shown in Fig. A3. The dependence of multi-

angle measurements improvement in both O2 A and B band on
the number of angles are similar to BB aerosol, but the improvement is greater for Hpeak retrieval from adding DOLP measurements. For parameter w, the multi-angle radiance only measurements improve less for UI aerosol than BB aerosol, the same as
multi-angle polarized measurements at smaller AOD, but improve
more for polarized measurements at larger AOD.
When the w varies, how the posterior uncertainty from multiangle measurements in O2 A band changes is shown in Fig. A4.
The posterior errors of Hpeak and w demonstrate the opposite patterns that Hpeak error is the lowest if w is 0.5–1 km, while w displays the highest error for this w range. The error reduction by
adding polarization in O2 A band to radiance-only retrieval also
shows similar variation with w. This improvement is the largest
for w retrieval at 0.5–1 km w but the lowest for Hpeak . As a result,
when w ranges from 0.5 km to 1 km, the O2 A band measurement
can provide larger information for Hpeak but lower for w. In this
circumstance, the improvement of polarization in O2 A band is the
strongest for w but opposite for Hpeak .
Similar to Fig. 11, the four error sources caused posterior errors,
as well as their total posterior errors for UI aerosol are shown in
Fig. A5. Compared with BB aerosol, similar patterns of four error
components are found for UI aerosol, as well as the same dominated error source, but with larger values, especially at smaller
AOD (Fig. A5a). The polarized measurements reduce UI errors more
than BB at smaller AOD, but similar at larger AOD. In summary,
the roles of polarized measurements and O2 B measurements
in ALH retrieval are the same between different aerosol types.
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Fig. A3. Similar to Fig. 7 but for UI aerosol.

Fig. A4. Similar to Fig. 8 but varies with w values. The Hpeak here is ﬁxed as 3 km.
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Fig. A5. Similar to Fig. 11 but for UI aerosol.
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