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a b s t r a c t
The Directional Polarimetric Camera (DPC) is the ﬁrst Chinese multi-angle polarized earth observation
satellite sensor, which will be launched onboard the GaoFen-5 Satellite in Chinese High-resolution Earth
Observation Program. GaoFen-5 runs in a sun-synchronous orbit with an inclination angle of 98°, with the
13:30 PM local overpass time and the 2-days revisiting period. DPC employed a charge coupled device
detection unit with 512 × 512 effective pixels from the 544 × 512 useful pixels, realizing spatial resolution of 3.3 km under a swath width of 1850 km. Meanwhile, DPC has 3 polarized channels (490, 670 and
865 nm) together with 5 non-polarized bands (443, 565, 763, 765 and 910 nm), and can obtain at least 9
viewing angles by continuously capturing series images over the same target on orbit. Based on the optimal estimation theory and improved bidirectional reﬂectance distribution function model, an inversion
framework for the simultaneous retrieval of aerosol and surface parameters is presented by taking full advantage of available radiometric and polarimetric measurements. The retrieved wavelength-independent
ﬁne-mode and coarse-mode aerosol volumes are used to assess the DPC performance on the inversion
capability of spectral aerosol optical depth (AOD), from which the Angstrom exponent and ﬁne-mode
fraction (FMF) could be further obtained. In addition, based on the synthetic DPC data for various observation geometries, aerosols and surface types, the aerosol inversion capabilities are systematically evaluated, and the information content analysis results show that the aerosol spectral optical properties can
be well retrieved over various land surfaces.
© 2018 Elsevier Ltd. All rights reserved.

1. Introduction
Aerosol is an important component of the global atmosphere
and has a signiﬁcant impact on climate change, air pollution, material transport, and ecological assessment. For example, while most
aerosol particles reﬂect sunlight and cause a cooling effect, particulate matter such as black carbon absorbs solar radiation and
causes atmospheric heating [1]. The aerosol components, such as
black carbon deposited on ice and snow, further accelerate the
ablation of ice and snow, and generate feedback-coupling effect
between the cryosphere, hydrosphere, and radiation circle in the
polar region [2]. These complex effects make aerosols, including
their cloud effects, become the most important factor affecting the
∗
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uncertainties in the climate change assessment [3]. On the other
hand, aerosols with aerodynamic diameters of less than 2.5 μm
(PM2.5 ) have become the focus of attention for atmospheric pollution, because they can enter the people’s lung with breathing
and affect vital systems such as blood circulation [4,5]. The World
Health Organization has estimated that there are more than 7 million people deaths directly and indirectly due to PM2.5 pollution
in the world each year [6,7]. Most aerosols have the universal
characteristics including regional distribution of sources, variability of properties and short lifetime. For example, seasonal meteorological conditions can determine the transportation of aerosols
from their sources and the vertical distributions through the atmosphere. While during the transport by the dry or deposition, incloud processes and atmospheric chemical reactions, the aerosol
properties can be further modiﬁed [8]. Therefore, it is very important to obtain spatial distribution of aerosol parameters in large-
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scale and even global scales based on the satellite remote sensing
[9].
Early aerosol satellite remote sensing was developed as a byproduce of atmospheric correction of the land surface signals, e.g.,
the Advanced Very High Resolution Radiometer (AVHRR) that began in the 1980s [10]. Due to the limitations such as the detection ability of its spectral channels, only the spatial distribution
of aerosol optical loadings on the ocean was mainly obtained [11–
13]. After recognizing the importance of satellite remote sensing
of aerosols, and analyzing the related key technologies, such as
the pioneering work of Kaufman et al. [14] on the decoupling of
surface-atmosphere based on the dark targets dense vegetation,
National Aeronautics and Space (NASA) has developed the modern aerosol satellite sensors represented by Moderate Resolution
Imaging Spectroradiometer (MODIS) [15]. Since the year of 20 0 0,
continuous and daily revisited aerosol optical depth (AOD) monitoring results have been obtained over the land surface (mainly
the dark surface, e.g. forest), thus greatly support the need of various ﬁelds for the regional aerosol information acquisition [16–19].
Subsequently, in order to address the limitations of dark targets
surface, different approaches have been developed for the extending of surface applicability, such as the Deep Blue (DB) method can
be used for the bright surface partially based on a priori surface
reﬂectance library [20,21], and the AOD inversion methods for the
Along Track Scanning Radiometers (ATSR) [22–25] and Multi-angle
Imaging SpectroRadiometer (MISR) [26–28], based on the multiangle detections. Although these methods and sensors solve the
problem of surface applicability to a certain degree, there still have
some limitations in the detection accuracy and the type of aerosol
parameters obtained, such as the lack of key parameters to represent the size of aerosol particles [29].
From the theory [30] and ground testing [31], it has been
proved that the polarimetric remote sensing can effectively improve the remote sensing accuracy of aerosols and have the ability to acquire the additional parameters [32]. Based on the airborne research [33], the University of Lille in France developed
the multi-angle polarization imaging sensor Polarization and Directionality of the Earth’s Reﬂectances (POLDER) with the support
of the Centre National d’Etudes Spatiales (CNES), and launched
3 payloads on the Advanced Earth Observing Satellite (ADEOS)-1,
2 and the Polarization and Anisotropy of Reﬂectances for Atmospheric science coupled with Observations from a Lidar (PARASOL)
satellite, respectively [34–36]. In particular, the global long-term
sequences of multi-angle polarization datasets were obtained by
the PARASOL from the year of 2004 to 2013. By developing the
corresponding algorithms, many research breakthroughs have been
made, such as the multi-parameter inversion of aerosols on the
ocean [34,37], the inversion of ﬁne aerosols over land [35,36], and
the observations of the interaction between clouds and aerosols
[38]. In recent years, with the progress of statistical optimization
methods [39,40] and polarized surface models [41–44], a new generation of multi-parameter POLDER inversion method has basically matured and applied to the reprocessing of POLDER historical
data.
In response to the urgent needs of atmospheric pollution issues and climate change assessment, based on the POLDER technology, the Anhui Institute of Optics and Fine Mechanics (AIOFM)
Chinese Academy of Sciences, has developed a Directional Polarimetric Camera (DPC) space-borne sensor supported by the National Space Administration of China, with highlights of one time
increase in spatial resolution (from about 6 × 7 km to 3.3 × 3.3 km)
[45]. The ﬁrst DPC sensor will be launched at May of 2018 with
the Chinese atmospheric environment ﬂagship satellite GaoFen-5
(GF-5) in the Chinese High-resolution Earth Observation System
(CHEOS) program. Its main scientiﬁc goal is to obtain spectrally resolved aerosol optical parameters including spectral AOD (τ a (λ)),

Angstrom exponent (α ) and ﬁne-mode fraction (FMF), and the relevant cloud and water vapor parameters, to support the environmental applications such as the atmospheric particulate pollution
monitoring and climate effect assessment.
For this scientiﬁc goal, it is necessary to carry out the evaluation of the inversion capability of DPC aerosol key parameters
based on a new generation of optimized inversion framework.
In response to this requirement, this paper ﬁrstly introduced
the parameters and conﬁguration of the DPC sensor in Section 2,
then established the forward and inversion models, and further introduced the inversion capability assessment method based on the
information content in Section 3. After that, the test setup for different seasons, observation conditions, surface and aerosol models
are presented in Section 4. Subsequently, a complete DPC inversion capability assessment is given in Section 5, and supplemented
discussion was made on the inﬂuences of loading variation, other
retrieved aerosol paraters and aerosols model errors in Section 6.
Finally, we get the conclusion of our work in Section 7.
2. The DPC sensor onboard GF-5 satellite
From May 2010, China has launched the construction of the
Chinese High-resolution Earth Observation System (CHEOS) program. As a major project, CHEOS focuses on building a new Earth
observation system with high spatial, temporal and spectral resolution, to achieve all-weather, all-day and global coverage observation capability, and thus further to provide operational applications
and services in the various ﬁelds, such as agriculture, disaster, resource and environment [45]. The satellite series of CHEOS contain
7 satellites, which are named form GF-1 to GF-7 in sequence. Correspondingly, GF-1 and GF-2 are the high spatial resolution satellites [46,47], GF-3 is the high-resolution radar satellite [48], GF-4 is
an optical geostationary satellite [49], GF-5 is a high spectral and
atmospheric observation satellite, GF-6 is a multi-spectral satellite and GF-7 is a three-dimensional mapping satellite, respectively.
Until to April 2018, the CHEOS project has successfully launched 4
satellites from GF-1 to GF-4.
As the ﬂagship of the environment and atmosphere observation satellite in the CHEOS program, GF-5 will be launched in
May 2018. There are six payloads onboard the GF-5 satellite, including Advanced Hyperspectral Imager (AHSI), Visual and Infrared
Multispectral Sensor (VIMS) [50,51], Atmospheric Infrared Ultraspectral Senor (AIUS), Environment Monitoring Instrument (EMI)
[52], Greenhouse-gases Monitoring Instrument (GMI) [53] and Directional Polarization Camera (DPC) [54,55], just as shown in
Fig. 1(a). The GF-5 satellite runs in a sun-synchronous orbit with
an inclination angle of 98°. The overpass local time is 13:30 PM
and the design life is 8 years. The six sensors onboard GF-5 works
together for environment monitoring and assessment, focusing on
aerosols, gas-house gases, polluted gases, cloud, water vapor, waste
water, land surface, vegetation, biomass burning and urban environment, etc.
The Directional Polarimetric Camera (DPC) is the ﬁrst Chinese
multi-angle polarized earth observation satellite sensor, which is
the type of POLDER polarimetric imager, as illustrated in Fig. 1(b).
Before the spaceborne DPC instrument, China has tested polarimetric imager techniques in the TG-2 space laboratory lunched
in September 2016. Immediately after that, China lunched TanSat
on December 2016 for CO2 monitoring which contains a Cloud
and Aerosol Polarimetric Imager (CAPI). For observing the information of clouds and aerosols, CAPI has two polarimetric channels
(670 and 1640 nm) working together with other 3 non-polarized
channels, but without multi-angle observation features at all these
channels [56]. The instrumental parameters of DPC on board GF-5
satellite are listed in Table 1. The DPC employed a charge coupled
device (CCD) detection unit with 512 × 512 effective pixels from the
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Fig. 1. Illustration of the GF-5 satellite (a) and the Directional Polarized Camera (b).
Table 1
The instrumental parameters of DPC sensor on board GF-5 satellite.
Parameter

Value

Parameter

Value

Instrument FOV
Spatial res. (km)
Swath width (km)
Multi-angle
Image pixels
Spectral band (nm): P for polarization

± 50° (across/along-track)
3.3
1850
≥9
512 × 512
443, 490 (P), 565, 670 (P), 763, 765, 865 (P), 910

Polarized angle
Stokes parameters
Rad. Cal. Error
Pol. Cal. Error
Band width (nm)

0°, 60°, 120°
I, Q, U
≤ 5%
≤ 0.02
20, 20, 20, 20, 10, 40, 40, 20

544 × 512 useful pixels, realizing spatial resolution of 3.3 km under
a swath width of 1850 km. The 2-days revisiting period allows it
visiting the temporal variation of atmospheric pollution. The DPC
has 3 polarized bands/wavelengths (490, 670 and 865 nm) together
with 5 non-polarized bands (443, 565, 763, 765 and 910 nm). The
polarizer and ﬁlters are installed in one wheel and thus obtaining spectral polarized measurements through wheel’s quickly rotating. Meanwhile, the step motor rotates at a ﬁxed angle each
time, and then the measurement in different wavelength bands
could be successively obtained [57]. The polarization and multiangle measurement principles are illustrated in Sections 2.1 and
2.2, respectively. The spectral widths of 8 bands are from 10 to
40 nm. The radiometric and polarimetric calibration errors are less
than about 5% and 0.02 (with respect to the degree of linear polarization, abbreviated as DOLP which is in a range of 0–1), respectively, which will be continuously maintained by performing
on-orbit vicarious calibration combing laboratory calibration coeﬃcients. DPC share many similarities in the instrument design
with POLDER, the distinguishing feature is that the pixel spatial
resolution of DPC (3.3 × 3.3 km) has signiﬁcant improvement than
POLDER (about 6 × 7 km), thus higher spatial resolution of aerosol
and surface products could be further retrieved from the measurements of DPC.
2.1. The principle of polarimetric observation
DPC has 3 polarized bands (490, 670 and 865 nm) and each polarized band contains 3 polarized channels (0°, 60°, and 120°). By
combining the three polarized channels, the Stokes vector (I, Q, U)
of the electromagnetic ﬁeld at the top-of-atmosphere (TOA) entering the Field-of-View (FOV) of satellite sensors can be obtained,
which are measurements used to the retrieval of atmospheric parameters. As to each polarized band of DPC, by noting the radiometric measurement values at 3 polarized channels as L1 = 0°, L2

= 60° and L3 = 120° respectively, we have



L = 23 (L1 + L2 + L3 )
LP =

4
3



L21 + L22 + L23 − L1 L2 − L1 L3 − L2 L3

,

(1)

where, L is the entrance total radiance and LP the polarized radiance. Here, to clearly explain the expression in Eq. (1), as assuming
a linear polarized light in the direction of the detector, we deﬁne
that S0 = 23 (L1 + L2 + L3 ), S1 = 23 (2L1 − L2 − L3 ), S2 = √2 (L2 − L3 ),
3

and S3 = 0, thus we can use the relationship L = S0 and LP =



S12 + S22 . Usually, in order to obtain the required inputs of forward
models (i.e. the radiative transfer model), we further have the normalized radiance & polarized radiance:



L = L /E0
,
LP = LP /E0

(2)

here L and LP are the normalized radiance and polarized radiance,
and E0 is the extraterrestrial solar irradiance. Moreover, the wellknown Degree of Linear Polarization is deﬁned as DOLP = LP /L. On
the basis of these measurements, we can calculate the normalized
Stokes parameters:



I=L
Q = LP cos(2ϕ ) ,
U = LP sin(2ϕ )

(3)

where, I, Q and U are referred to the axes linked to the meridian
plane which contains the viewing direction. Besides, ϕ is the angle between the polarization direction and meridian plane, which
need to be calculated based on geometric parameters and laboratory calibration parameters.
Based on the results of Q and U, we

can further have LP = Q 2 + U 2 .
It should be noted, the actual radiometric and polarimetric registration/calibration of DPC measurements are much more complex
due to the ultra-wide FOV imaging mechanism [58], and here we
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Fig. 2. By taking the measurements with 9 viewing angles as an example, the multi-angle observation principle and the description of measurement dataset of DPC are
described. The color scales associated to the spectral channels on the right are employed to distinguish the 3 polarized bands (490, 670, 865 nm) and 5 non-polarized bands
(443, 565, 763, 765, 910 nm), in which the 443 and 565 nm bands can be used together with 3 polarized bands for aerosol retrieval, the 763 and 765 nm bands are for cloud
pressure detection in Oxygen A band, and the 910 nm band is for water vapor retrieval.

are mainly focusing on providing deﬁnitions and physical meaning expression. The DPC design has wedges on the polarisers (as
POLDER) which improves the registration of the polarized acquisitions, but only for the area around nadir.
2.2. The principle of multi-angle observation
Based on the ultra-wide (100°) FOV and the continuous imaging
capability with the satellite platform movements, the DPC can obtain multi-angle viewing of one surface targets in more than 9 directions, which forms an observation vector containing at least 126
measurements at each pixel (see Fig. 2). This multi-angle capability depends on several aspects, including the satellite orbit, ﬂying
speed, sensor FOV and CCD parameters. The DPC reference grid is
based on the sinusoidal equal area projection with an equidistant
grid (3.3 × 3.3 km), which is similar as POLDER/PARASOL but with
higher resolution [59]. Correspondingly, the projection step is constant along a meridian with a resolution of about 0.0295°. Indeed,
there is an advantage to work on this product, which is to minimize the effect on the edge of the FOV. Fig. 2 shows a simple illustration on the multi-angle observation. For the purpose of aerosol
retrieval, the major information can be used comes from 3 polarized bands plus 2 non-polarized bands (443, 565 nm) and thus the
corresponding observing vector contains at least 99 measurements.
These suﬃcient measurements provide a mathematic potential for
the simultaneously determining complex aerosol parameters, e.g.
spectral AOD instead of previous satellite retrieval products of AOD
at single wavelength (e.g. that of MODIS).

3.1. Forward modeling
3.1.1. Aerosol model
For the aerosol model in the forward simulations, a bimodal
lognormal function is used to describe the volume particulate size
distribution of spherical aerosol particles with the combination of
ﬁne-mode and coarse-modes aerosols in the form of

 

V0c

 

+√
exp −
2π lnσgc



lnr − lnrVc
2ln2 σgc


,



1
reff = rV exp − ln2 σg
,
 2 2
veff = exp ln σg − 1

(3)

(4)

and in this study, we consider using reff and veff as the input in the
forward simulation.
Consequently, the AOD at each wavelength could be derived
from the columnar volume concentration as

τa (λ ) = τaf (λ ) + τac (λ ) =

3V0f
f
4reff

f
Qext
(λ ) +

3V0c c
Qext (λ ),
c
4reff

(5)

where Qext means the extinction eﬃciency factor, which is equal
to the ratio of extinction cross section to geometric cross section,
τaf and τac represent the ﬁne-mode and coarse-mode AOD, respectively [62]. Correspondingly, the Angstrom exponent (α ) [63] and
ﬁne-mode fraction (FMF) of AOD [64,65] can be calculated by

α = ln

τa (λp )
λq
/ ln
,
τa (λq )
λp

FMF (λ ) = τaf (λ ) /τa (λ ),

3. Retrieval method based on Optimal Estimation Theory

lnr − lnrVf
Vf
dV
= √ 0
exp −
dlnr
2ln2 σgf
2π lnσgf

Where V is the particle volume, r is the radius, rV represent the
volume geometric median radius with unit of μm, σ g represent
the geometric standard deviation, and the superscript f and c are
respectively for ﬁne and coarse mode [60]. Clearly, the total aerosol
volume (V0 with unit of μm3 μm − 2 ) is the sum of V0f and V0c , and
the volume ﬁne-mode fraction (FMFV ) can be obtained by V0f /V0 .
Besides, the effective radius reff and the effective variance veff
can be converted from the geometric parameters by the relationship as [61]

(6)

(7)

where, λp and λq in Eq. (6) are usually chosen for special wavelength pairs, e.g. 490 and 865 nm. For the case of DPC, the number
of λ can be used in the aerosol retrieval is up to 5, the assessment
of retrieval performance for AOD, FMF and α on all these wavelengths together might be complex and not explicit. Fortunately,
we noticed that all these aerosol spectral optical parameters result
from V0f and V0c following above derivation. In this paper, therefore, the wavelength-independent V0f and V0c are employed in the
forward simulations and inversion framework in instead of varied
AOD and FMF along the wavelength. This treatment will make our
analysis more explicit and the validity in the meaning of information content analysis has been approved in the previous works
[60,61]. More details can also be found in Section 5.3.
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3.1.2. Surface model
For the surface reﬂectance model, the land surface reﬂectance
matrix R can be represented as a sum of surface reﬂection phenomena for intensity and polarization as [39]

⎡

1
⎢0
R ( μ0 , μv , φ , λ ) = r λ ⎣
0
0

0
0
0
0

0
0
0
0

⎤

0
0⎥
+
0⎦
0

ρMaignan F(γ , ni ),

(8)

with the empirical coeﬃcient

ρMaignan =

C exp(tan γ ) exp(NDVI )
,
4 ( μ0 + μv )

(9)

where μ0 and μv represent the cosine of solar zenith angles and
viewing zenith angle respectively, φ represents the relative azimuth angle deﬁned by the solar azimuth angles φ 0 and viewing
azimuth angle φ v , rλ represent the bidirectional reﬂectance distribution function (BRDF) at the wavelength of λ, F(γ , ni ) means the
Fresnel reﬂection matrix, ni is the reﬂective index of the vegetative
matter, γ means the half the phase angle, which is supplementary to the scattering angle. While in formulation of Eq. (9), NDVI
means the normalized difference vegetation index, and can be obtained by two surface reﬂectance at two wavelength (e.g. one visible and one infrared wavelength band); C is the only free linear
parameter in Eq. (9), and the value depends on the surface type
[42].
For the contribution of surface polarized reﬂectance, the bidirectional polarized reﬂectance distribution function (BPDF) can be
represented in the form as

Rsp

(μ0 , μv , φ ) = ρMaignan F1,2 (γ , ni ),

(10)

where F1,2 (γ , ni ) represent the polarized component of the F(γ ,
ni ). Because the surface-polarized reﬂectance can be regarded as
independent on the wavelength [66], we only need to consider one
variable parameter C for BPDF model with corresponding NDVI in
the forward simulation. While for the contribution of surface reﬂectance of multi-angle observations, we will discuss with the improved BRDF model in the following subsection.

3.1.4. Vector radiative transfer model
For the vector radiative transfer model to simulate the synthetic measurement of DPC, we select UNiﬁed Linearized Vector
Radiative Transfer Model (UNL-VRTM) as the forward model, which
was speciﬁcally designed for the simulation of atmospheric remote
sensing observations and for the inversion of aerosol, gas, cloud,
and/or surface properties from these observations [70]. Several
modules including the VLIDORT for radiative transfer [71], a linearized Mie and a linearized T-Matrix code for aerosol single scattering [72], a Rayleigh scattering module, and line-by-line gas absorption calculation with HITRAN database are comprised in UNLVRTM. Meanwhile, some optional BRDF [73] and BPDF [42] models
are also integrated to characterize the surface properties. The outputs, not only include the full elements of the Stokes vector, but
also contain their sensitivities (Jacobians) with respect to various
parameters relevant to aerosol microphysics and optical property,
gas absorption, and surface properties. UNL-VRTM has also been
used to study the information content and develop the inversion
algorithm for retrieval of aerosol and surface properties from the
ground, airborne and space-borne measurements [61,74–79]. Moreover, for the Jacobians of Stoker vector with respect to the parameters of improved BRDF, the results have been validated with the
ﬁnite difference method [77].
3.2. Inversion modeling
3.2.1. Inversion framework
Based on the OE theory [80], the forward model can be deﬁned
in the form as

y = F(x ) + ,

rλ (μ0 , μv , φ ) = fiso (λ ) + k1 (λ ) fgeom (μ0 , μv , φ )
+k2 (λ ) fvol (μ0 , μv , φ ),

(11)

where fiso , fgeom and fvol , respectively represent isotropic,
geometric-optical and volumetric surface scattering, and fiso (λ),
k1 (λ) and k2 (λ) are the coeﬃcients of the BRDF kernels at the
wavelength λ. Correspondingly, in this study the Ross-thick kernel
is used as fvol (μ0 , μv , φ ) [67], and Li-sparse kernel is used for the
description of fgeom (μ0 , μv , φ ) [68,69].
Because these three coeﬃcients in Eq. (11) vary with the wavelength, to make the inversion framework easier and simpler, we
follow the way of rewritten formulas as

rλ (μ0 , μv , φ ) = f (λ )[1 + k1 fgeom (μ0 , μv , φ ) + k2 fvol (μ0 , μv , φ )],
(12)
where k1 and k2 represent the wavelength independent linear
model parameters, and f(λ) is the wavelength dependent model
parameter [44]. Obviously, the number parameters in the improved
BRDF model could be signiﬁcantly decreased compared with the
traditional Ross-Li BRDF model.

(13)

where x represents a state vector that contains n parameters to be
retrieved, y represents an observation vector with m elements of
measurements, F means a forward model that describes the physical relationship of how y and x, and  means an experimental error
term that includes observation noise and forward modeling uncertainty.
Following the optimal estimation theory, the scalar-valued cost
function J(x) used for inversion can be written as [66,81,82]:

J (x ) =
3.1.3. The improved BRDF model
The kernel-driven Ross–Li BRDF model for surface reﬂectance
can be presented as

25

1
1
T
T
[y − F(x )] S−1 [y − F(x )] + (x − xa ) S−1
a (x − xa ),
2
2
(14)

where superscript “T” and “− 1” represents the transpose operation and inverse operation of matrix, respectively, Sa means the
error covariance matrix of the a priori estimate xa , Sε means the
covariance matrix of the observational error from both the measurements and the error prorogation in the forward model, and
can be represented in the sum form of Sy and Kb Sb KTb . Here Sy
means the measurement error covariance matrix, Sb means the error covariance matrix for a vector b of forward model that are not
contained in x but quantitatively inﬂuence the TOA stokes vector
measurements, and Kb means the Jacobians matrix of measurements y with respect to the vector b. In the optimized iteration,
the gradient vector ∇ x J(x) is used as the form of

∇x J (x ) = −KT S−1 [y − F(x )] + S−1
a (x − xa ),

(15)

in which, the Jacobians matrix K means the partial derivatives of
F(x) with respect to x.
For the inversion model, the objective function will be optimized to the minimum result min J(x) subject to the conditional
constraints [83–86].
3.2.2. Inversion setting
In this inversion framework, we deﬁne the state vector as



T

x = V0f , V0c , f (λ1 ), . . . , f (λ5 ), k1 , k2 , C ,

(16)
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which contains 2 parameters for the aerosols, 7 parameters for the
improved BRDF model, and 1 parameter for the BPDF. Meanwhile,
we have the aerosol model vector as



f
b = reff
,

c
vfeff , reff
, vceff , mfr (λ ), mfi (λ ), mcr (λ ), mci (λ )

T

,

(17)
here these parameters in the aerosol model vector b of forward
model that are not contained in x but quantitatively inﬂuence the
DPC measurements, where reff and veff , respectively represent the
effective radius and the effective variance, mr (λ) and mi (λ), respectively represent the real and imaginary part of complex refractive
index at the wavelength λ, and the superscript f and c represent
the a ﬁne and a coarse mode respectively.
For the forward simulations of synthetic data for DPC measurements, we consider 5 wavelength bands at the center of 443,
490 (P), 565, 670 (P), and 865 (P) nm, and correspondingly denote
these wavelength form λ1 to λ5 , in which λ2 , λ4 and λ5 represent
the bands with polarimetric measurement, and λ1 and λ3 correspond to the bands only with scalar measurement. Consequently,
the observational vector y can be deﬁned as in the form of
T

y = [y v 1 , y v 2 , . . . , y v 9 ] ,
and

v

v

v

(18)
v

v

v

v

v T

yv j = Iλj , . . . , Iλj , Qλ j , Qλ j , Qλ j , Uλ j , Uλ j , Uλ j
1
5
2
4
5
2
4
5

,

(19)

here, the superscript vj means the multi-viewing angle with j = 1,
…, 9.
3.3. Information content analysis model
For information content analysis, we introduce the averaging
kernel matrix in the form of



A = KT S−1 K + S−1
a

−1

KT S−1 K,

(20)

where A characterizes the changes in the retrieved stated vector xˆ
to changes in the true state vector x, and the trace of A is equivalent to the number of independent pieces of information from the
TOA measurements, also called the degree of freedom for signal
(DFS) [87–89].
Correspondingly, the DFS of each individual retrieved parameter can be represented by the element Ai,i in the range of 0 and 1,
in which the DFS result Ai,i = 1 means that the observation is able
to fully characterize the truth of xi ; while Ai,i = 0 means that the
observation do not contain any information on xi at all. The closer
the value of Ai,i to 1, the better the retrieval of parameter xi ; by
contrast, the closer the value of Ai,i to 0, the less information content is involved for the retrieval of xi . As long as the DFS result Ai,i
> 0.5 in this study, we assume that the retrieval of parameter xi
could be carried out; furthermore, if the DFS result Ai,i > 0.75, we
assume that the parameter xi could be regarded as well retrieved.
There are 3 key assumptions should be predeﬁned for applying
information content analysis, which includes:
(1) The retrieval was “ideally” designed so that the “best” solution could always be found after several optimized iterations,
in which the “best” solution represents the global optimal solution rather than the local optimal solution based on the OE
framework [90].
(2) The forward model is perfect, thus the model itself does not
have any calculation errors. Besides, the prior errors of retrieval
parameters in state vector x are mutually independent with
each other; the prior errors of predeﬁned parameters in aerosol
model vector b are also non-correlated [60].
(3) The observational errors, including measurement errors and
model errors, are well characterized and conform to Gaussian distribution [66]. The measurement errors are independent

among the multi-viewing measurements, while the model errors correspond to propagation of errors in the forward model
caused by the prior error of predeﬁned aerosol model [78].
Furthermore, any violation of the above conditions will somehow bias the conclusions in study. Therefore, based on these assumptions, the a priori error covariance matrix Sa and Sb can be
regarded as a diagonal matrix respectively, and the measurement
error covariance matrix Sy also can be presented in a diagonal form
integrated with the 5% radiance calibration errors and 0.02 polarized calibration errors together for DPC instrument. Consequently,
the observational covariance matrix Sε could be further obtained
by the sum of Sy and Kb Sb KTb in Eq. (20).
4. Test scenarios
4.1. Observation geometry setting
In order to obtain the synthetic data of DPC for information
content analysis, 4 multi-viewing observation geometries are considered with the combinations of different solar zenith angles (θ 0 ),
viewing zenith angles (θ v ) and relative azimuth angles (φ ) to represent the typical observations in different location. Here, the summer low and summer high corresponds to the observation with
low and high solar zenith angle in summer conditions, respectively,
while the winter low and winter high case corresponds to the observation with low and high solar zenith angle in winter conditions
respectively, just as listed in Table 2.
Fig. 3(a) plots the polar-plot observational geometries, in which
the radius means the θ v change from 0° to 60° with the step of
20°, and the polar angle represents φ change from 0° to 360°, as
well as the position of Sun also deﬁned with φ = 0°. When φ = 0°,
this geometry represents the observer and Sun are in the same direction and also in the same side of main plane, and φ = 180° corresponds to the opposite direction and side of main plane, so as
in other polar-plot ﬁgures in this paper. Correspondingly, Fig. 3(b)
plots the scattering angles () based on the observational geometries, with the range of  also listed in Table 2.
4.2. Aerosol case setting
To simulate of the synthetic data of DPC measurements, Table 3
lists 4 aerosol model cases, including the ﬁne case, coarse case,
polluted and dust cases, just as the results shown in Fig. 4. In
which, the ﬁne case (FMFV = 1.0) and coarse case (FMFV = 0.0) correspond to the pure ﬁne-mode and coarse-mode aerosols respectively. Based on climatology analyses of Sun-sky radiometer observation network (SONET) measurements [91–94], for the polluted
and dust aerosols, we assume that these 2 aerosol cases are mixed
with different relative percentage between the ﬁne and coarse
modes with the FMFV equals to 0.5 and 0.2, respectively, which are
equivalent to the well-mixed and coarse-dominated aerosols used
by other studies [60]. Besides, for test in the optimal estimation
scheme, we need to set the a priori errors corresponding to fundamental variables (here the V0f and V0c ), which are all equal to 80%,
respectively in this study.
The detailed values of above particle size distribution and complex refractive index for both ﬁne and coarse mode aerosols are
taken from the previous research work [60]. For the ﬁne-mode, the
f , vf , mf and mf are equal to 0.21, 0.25 μm, 1.44 and
value of reff
r
i
eff
0.011 with the a priori errors of 15%, 15% 0.025 and 50%, respecc , vc , mc and mc
tively; while for the coarse-mode, the value of reff
r
i
eff
are equal to 1.90, 0.41 μm, 1.55 and 0.003 with the a priori error
of 35%, 35%, 0.04 and 50%, respectively. Here, the real and imaginary parts are all assumed as independent on the wavelength in
this study for simpliﬁcation, and the a priori error refer to the retrieval errors of Aerosol Robotic Network (AERONET) [95].
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Table 2
Multi-viewing observation geometries for forward simulations (corresponding to Fig. 3).
Geometry scenarios

Solar zenith range (°)

Viewing zenith range (°)

Relative azimuth range (°)

Scattering angle range (°)

Case
Case
Case
Case

32.80−33.59
53.08−53.74
54.12–54.19
77.63–78.21

25.88−59.78
27.96–61.06
44.64–64.09
32.38–61.87

104.02−248.41
88.40–229.85
0.60–336.63
6.52–334.35

105.05−120.00
80.28–109.81
111.32–152.18
85.48–145.80

1
2
3
4

(summer low)
(summer high)
(winter low)
(winter high)

Fig. 3. Multi-viewing observation geometries (a) and corresponding scattering angles (b) for forward simulations and information content analysis. In panel (a), the solid
circle, diamond, square and triangle with φ = 0° represent the corresponding position of the Sun for summer low, summer high, winter low and winter high scenario,
respectively.
Table 3
The aerosol scenarios for the synthetic simulations of DPC measurements.
Scenarios

V0 (μm3 μm − 2 )

FMFV

τ a (550 nm)

FMF (λ1 − λ5 )

α

Fine case
Coarse case
Polluted case
Dust case

0.095
0.656
0.162
0.296

1.0
0
0.5
0.2

0.6
0.6
0.6
0.6

1.0
0
0.90, 0.89, 0.88, 0.83, 0.75
0.70, 0.67, 0.62, 0.56, 0.43

1.51
0.50
1.23
0.81

The parameters τ a represent the total AOD, τ a (550 nm) represent the total AOD at 550 nm, λ1 − λ5
represent the wavelength centered at 443, 490, 565, 670, and 865 nm, respectively, and α represents
the Angstrom exponent gained by the AODs at 490 and 865 nm.

0, respectively for 4 base cases. Correspondingly, aerosol model parameters of other AOD values can be gained with linear scaling.
4.3. Surface model setting

Fig. 4. The volume particle size distributions of the aerosol cases corresponding to
Table 3.

It should be noted that these 4 cases are only our “base” cases.
In order to comprehensively assess the retrieval capability of DPC,
we employ actually a dataset of aerosol cases with varying AOD
values from and 0.1 to 2.0 at 550 nm to represent the different
aerosol loadings. For example, for τ a (550 nm) = 0.6, the V0 can
vary from 0.095 to 0.656 μm3 μm- 2 with fmfV decrease from 1 to

In the forward simulations, we consider two typical surface
types, in which the vegetation and bare soil are used to respectively represent the dark surface case (except for the wavelength in
865 nm) and bright surface case. One reason why only choose two
surface types is that we are looking for a solid aerosol retrieval in
order to test the DPC aerosol retrieval ability once in commissioning, thus we do not need to consider all of the surface types in
this study. Besides, the desert surface can be regarded as one of
the bare soil surface types for bright surface case [96,97], so we
did not consider the desert surface separately in this paper. In addition, previous study has shown that the surface reﬂectance over
land could be estimated by a mixing spectral model of vegetation
and bare soil with NDVI [98,99]. Therefore, these two surface types
can satisfy the information content analysis for DPC.
Based on the airborne measurements of Research Scanning Polarimeter (RSP) and satellite measurements of POLDER, the parameters of the BRDF and BPDF are chosen from the work of Litvinov
et al. [44,100,101], and thus the mixtures of vegetation (e.g. conif-
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Table 4
The parameters of the improved BRDF model (this work) and the kernel-driven BRDF models
(Ross–Li) for simulations.
Surface type

Vegetation

Bare soil

Band (nm)

443
490
565
670
865
443
490
565
670
865

Improved BRDF model

Ross–Li BRDF model

f(λ)

k1

k2

fiso (λ)

k1 (λ)

k2 (λ)

0.0325
0.0347
0.0737
0.0395
0.3809
0.0705
0.1006
0.1720
0.2427
0.3253

0.087

0.668

0.158

0.547

0.0325
0.0347
0.0737
0.0395
0.3809
0.0705
0.1006
0.1720
0.2427
0.3253

0.0028
0.0030
0.0064
0.0034
0.0331
0.0111
0.0159
0.0271
0.0383
0.0514

0.0217
0.0232
0.0492
0.0264
0.2544
0.0386
0.0550
0.0940
0.1328
0.1779

Fig. 5. The angular distribution of BRDF models at DPC bands for vegetation and bare soil surface types, respectively.

Table 5
A priori error of the parameters of BRDF and BPDF models for information content analysis.
Surface type

f(λ), fiso (λ)

k1 , k2 , k1 (λ), k2 (λ)

C

Vegetation
Bare soil

0.0215, 0.0224, 0.0466, 0.0207, 0.2119
0.0425, 0.0495, 0.0777, 0.0917, 0.0792

80%

40%

erous, savannah, etc.) are also not considered here. Table 4 lists
the parameters of the improved BRDF and Ross-Li BRDF models,
which satisfy the conditions that fiso (λ) = f(λ), k1 (λ) = k1 f(λ), and
k2 (λ) = k2 f(λ). Correspondingly, Fig. 5 plots the angular distribution
of BRDF at 443, 490, 565, 670 and 865 nm, respectively.
As for the parameters of BPDF models in forward simulations,
the NDVI are equal to 0.62 and 0.03, with the parameter C corresponding to 6.57 and 6.90, respectively, for vegetation bare soil
surface types [44]. Based on these setting, Fig. 6 illustrates the angular distribution of wavelength-independent BPDF for vegetation
and bare soil respectively. From Figs. 5 and 6, we can ﬁnd that the
value difference of BRDF and BPDF mainly depend on the observational geometry and surface type, and the retrieval of wavelengthdependent BRDF parameters will be much more complicated than
that of the wavelength-independent BPDF parameter. This is usually thought as one of major advantages of satellite polarimetric
remote sensing of aerosols, i.e. simpler surface model helps simplify the surface-atmosphere decoupling, which contributes to extraction of atmospheric information from satellite TOA signals.
In addition, Table 5 lists the a priori errors of the parameters of
BRDF model for information content analysis, in which the a priori errors (absolute errors) of f(λ) and fiso (λ) are equivalent to the
standard deviation of surface reﬂectance datasets from the USGS

and ASTER spectral library [97,102], while other parameters such
as k1 , k2 , k1 (λ) and k2 (λ) are all assumed with a priori error of
80% based on the BRDF product of MODIS [103]. Meanwhile, the a
priori error of BPDF parameter C is set to 40% based on the work
of Maignan et al. [42].
4.4. Synthetic data of DPC measurements
In order to present synthetic data of DPC measurements, we
further deﬁne the TOA reﬂectance (RTOA ) and polarized reﬂectance
(RTOA
p ) as



RTOA = π 
I/μ0
RTOA
=π
p

Q 2 + U 2 / μ0

,

(21)

where the deﬁnition of I, Q and U correspond to the Eqs. (2) − (3).
The TOA synthetic data are calculated by UNL-VRTM for a
mid-latitude summer/winter atmospheric proﬁle for the summer/winter low and high observation geometries respectively,
meanwhile, all of the synthetic data are only cloud free. Fig. 7 illustrates the angular distribution of simulated RTOA at 443, 490,
565, 670 and 865 nm, respectively for the polluted aerosol case
with AOD = 0.6. Fig. 8 illustrates the angular distribution of RTOA
p
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Fig. 6. The angular distribution of wavelength-independent BPDF results for vegetation and bare soil, respectively.

at 3 wavelength bands (443, 490 and 865 nm) with polarimetric
measurements for the polluted aerosol case also with AOD = 0.6.
For the RTOA and RTOA
at the same wavelength, the TOA rep
ﬂectance for different surface types show obviously difference, to
the contrary, TOA polarized reﬂectance has less difference for different surface types. However, while for the different wavelength,
the TOA polarized reﬂectance also has some varieties along the
observational geometries, due to the signiﬁcant difference of polarized phase functions [79]. For the reason of simpliﬁcation, TOA
measurements corresponding to other 3 aerosol types are not presented in the ﬁgure, but the features are similar.
5. Results
5.1. Performance of the improved surface model
In this section, we ﬁrstly investigate the information content for
the retrieval all the coeﬃcients of the BRDF models, with the assumption that the all of the aerosol properties and BPDF parameter

29

are well characterized. For this purpose, the state vector only contains the BRDF coeﬃcients, i.e. Eq. (16) with all of the aerosol and
BPDF parameters removed and with no error propagation of the
predeﬁned aerosol model.
Fig. 9 illustrate the DFS of each retrieved parameter of the 2
BRDF models (Ross–Li versus the improved) for the surface type of
vegetation and bare soil, respectively, in which the values of DFS
and error bar correspond to the mean DFS and standard deviation of 4 multi-viewing observation scenarios. For the traditional
(Ross–Li) BRDF model, even though the aerosol and BPDF properties have been ﬁxed, we found that some BRDF parameters are
still diﬃcult to be retrieved because of the insuﬃcient information
content. For example in the polluted aerosol case, for the vegetation surface type, the DFS of parameters k1 (λ) and k2 (λ) at bands
λ1 − λ4 are all smaller than 0.5; for the bare soil, the DFS of parameters k1 (λ) and k2 (λ) at λ1 − λ3 also cannot exceed 0.5, as well
as the DFS value of fiso (λ5 ). It should be noted that, if the BRDF
parameters cannot be well retrieved, then most probably the correct aerosol parameters could also probably not be obtained in the
real retrieval. While for the DFS of the improved BRDF model with
the same aerosols and surface type cases, all of the 7 parameters including f(λ1 ), …, f(λ5 ), k1 and k2 could be well determined,
with most of DFS value are larger than 0.75. Therefore, the improved BRDF model with less retrieved parameters is essential in
our inversion framework. Then, another vital question arises: can
the aerosol and BPDF parameters be retrieved together with these
7 parameters of improved BRDF model? To answer this question,
we will give detailed discussion in next subsection.
5.2. Retrieval capability for typical cases
Based on the deﬁnition of state vector in Eq. (16) with the use
of improved BRDF model, Fig. 10 plot the DFS of the retrieved
V0f (hence τaf ), V0c (hence τac ) and surface parameters f(λ1 ),…,
f(λ5 ), k1 , k2 , C (hence the BRDF and BPDF) together for 4 different
aerosol types and 2 surface types respectively. For the single mode
aerosols (a−d), the parameter V0f could be well retrieved with 8
surface parameters for ﬁne aerosol case, while the parameter V0c
could also be well retrieved for coarse aerosol case. For the polluted and dust cases, which represents more realistic aerosol characteristics in the atmosphere, both V0f and V0c also could be well retrieved with the f(λ1 ),…, f(λ5 ), k1 , k2 and C. From Fig. 10, we conclude that:
(1) For the same aerosol type, the retrieval performances are rather
constant over different surface types, or well retrieved over various land surfaces. This should thank to the simultaneous re-

Fig. 7. Simulated TOA reﬂectance results at each wavelength for polluted case with AOD = 0.6, in which panel (a–e) correspond to the vegetation surface, while (f–j) correspond to the bare soil surface.
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Fig. 8. Simulated TOA polarized reﬂectance results at 490, 670 and 865 nm for polluted case with AOD = 0.6.

trieval of aerosol and surface parameters (7 for spectral dependent BRDF, 1 for BPDF) together. During the retrieval, the uncertainties attach to surface parameters are slightly larger rather
than that of aerosol, especially for the wavelength with smaller
surface reﬂectance (e.g. rλ1 at 443 nm), proved by the different
DFS under different surface.
(2) The determination of the coarse mode is relatively diﬃcult
rather than the ﬁne mode, e.g., as shown in Fig. 10 (e) and (f).
This might be attached to DPC band conﬁguration, which is less
of the shortwave infrared (SWIR) wavelength band, e.g. 1.6 or
2.2 μm, which has been proved useful to retrieval coarse particles [82, 104–106]. Moreover, the polarization is also usually
thought to less sensitive to coarse particles within the 1.0 μm
wavelength bands [35,79,107,108]. Therefore, the wavelength
bands centered at 1.6 or 2.2 μm has been integrated in the
new-generation spaceborne polarimetric sensors/instruments,
such as the Multi-viewing, Multi-channel, Multi-polarisation
Imager (3MI) by the European Organization for the Exploitation
of Meteorological Satellites (EUMETSAT) [109–111], the Aerosol
Polarimetry Sensor (APS) by NASA [112], as well as the Polarization CrossFire (PCF) scheme by China.
(3) For the 2 realistic aerosol types (polluted and dust), the retrieval performances are all quite good in most cases, except
that the retrieval of coarse-mode V0c in the polluted case over
bare soil surface (bright surface) under some geometric conditions may have some diﬃculties (DFS < 0.5). However, this
is expected to be not important in the air pollution monitoring objective of DPC, because during most of anthropogenic
polluted conditions, information on ﬁne particles (e.g. PM2.5 )
are much required which can be well retrieved as shown in
Fig. 10 (e) and (f).

5.3. Retrieval capability for aerosol spectral optical properties
For the retrieval of aerosol optical parameters, we have considered the retrieval of V0f and V0c instead of the wavelengthdependent τaf (λ ) and τac (λ ) in this study in the previous section.
Based on the relationship of Jacobians between V0f, c and τaf, c (λ )
[70], however, we can further derivate the relationship by the

Table 6
Equivalent DFS of spectral AOD for vegetation and bare
soil surface respectively.
Equivalent DFS of τ a (λ)

Vegetation

Bare soil

Fine case
Coarse case
Polluted case
Dust case

0.99
0.91
0.87
0.91

0.98
0.88
0.84
0.89

chain rule for derivative as

⎧ f
∂τ (λ ) τ f (λ )
⎪
⎨ a f = a f
∂ V0
V0
.
c
c
∂τ
λ
τ
(
)
(λ )
⎪
a
a
⎩
=
∂ V0c
V0c

(22)

So, the information content of V0f and V0c can be regarded are
equivalent to those of spectral τaf (λ ) and τac (λ ):




 
τaf (λ ) = DFS V0f ,

(23)

Equivalent DFS[τac (λ )] = DFS(V0c ).

(24)

Equivalent DFS

Besides, based on Eq. (5), the equivalent DFS of τ a (λ) can also
be expressed by results of wavelength-independent V0f and V0c , adjusted by the FMFV as

 

Equivalent DF S[τa (λ ) ] = FMFV DF S V0f + (1 −FMFV ) DFS(V0c ),
(25)
In this way, Table 6 listed the mean equivalent DFS of the retrieved τ a (λ) for different aerosol models and surface types. The
values in the table are average of all geometries and AOD values
(τ a = 0.1 − 2.0 at 550 nm).
For Table 6, we conclude that: (1) over various surface types,
the spectral aerosol parameters τ a (λ) can be well determined
(with the lowest DFS of 0.84); while over the vegetation surface,
aerosol retrieval performance is better than the bare soil, which
agrees with other aerosol retrieval approaches, e.g. Dark target
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Fig. 9. DFS of each retrieved parameters of the Ross–Li and improved BRDF parameter models. Panel (a–d) and panel (e and f) corresponds to vegetation and bare soil
surface type respectively, while the left panel and right panel are for the Ross–Li BRDF and improved BRDF model, respectively.

method [15,18]. (2) For different aerosol types, the retrieval performance varies, in which, the pure ﬁne particles cases can be perfectly determined, and while DFS of the pure coarse particle cases
are relatively lower. This explains also the slightly higher DFS in
dust case than that of polluted case, because the diﬃculties in retrieving of lower concentration of coarse particles respect to higher
ﬁne particles in the polluted case cumbrance the entire performance for this fairly realistic condition to some extent.
As along as the τaf (λ ), τac (λ ) and τ a (λ) have be analyzed, the
Angstrom exponent and ﬁne-mode fraction could be further obtained by Eq. (6)−(7). Because the parameters α and FMF(λ) are
calculated from the spectral τaf (λ ), τac (λ ) and τ a (λ), the corresponding error is estimated to inevitably increase, which could be
numerically investigated in further study. However, in the content
of information content analysis of this work, we believe our results
have proved that these optical parameters can be all well obtained
from DPC measurements.

6. Discussion
As a “day-1” inversion algorithm for the on-orbit testing, we
hope to focus on the major scientiﬁc objectives of DPC onboard
GF-5 satellite, i.e., the retrieval of AOD and FMF. Here, the so called
“day-1” means the ﬁrst day of operation dissemination, that is,
the inversion algorithm should be available immediately after commissioning, similar as the “day-1” product at EUMETSAT [113,114].
However, the inversion framework developed in this paper actually
allows the addition of other aerosol parameters such as the particle
size distribution and complex refractive index to the state vector.
In this section, we mainly discuss the inﬂuence of aerosol loading,
retrieving other aerosol parameters together and model errors, respectively, on the DFS results of V0f and V0c (hence spectral AOD and
FMF), as well as the DFS of surface properties.
Besides, to easily present the information content of surface parameters together, we deﬁne an equivalent DFS of surface parame-
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Fig. 10. DFS of the retrieved V0f , V0c and surface parameters (f(λ1 ),…, f(λ5 ), k1 , k2 , C) for different aerosol models with AOD τ a = 0.6. Panel (a and b), (c and d), (e and f) and
(g and h) corresponds to the ﬁne, coarse, polluted and dust case respectively, while the left panel and right panel are for the vegetation and bare soil respectively.

ter S in the form of

1
DFS(S ) =
{[DF S[k(λ1 )] + . . . + DFS[k(λ5 )] + DFS(k1 )
8
+ DFS(k2 ) + DFS(C )]},

(26)

where the equivalent DFS of S is equal to the mean DFS of 8 surface parameters. In addation, 2 typical aerosol models including
the polluted and dust cases are considered in this section for discussion.
6.1. Inﬂuence of aerosol loading variation
Corresponding to Fig. 10, we show in Fig. 11 the DFS of retrieved V0f , V0c and equivalent surface parameter S as a function
of AOD change from 0.1 to 2.0 for vegetation and bare soil surface type respectively. The DFS of aerosol parameters V0f and V0c
increases with the increasing of AOD, and the corresponding information content slightly convergence to saturation. Meanwhile, the
equivalent DFS of surface parameter S decreases with the increasing of AOD. For the retrieval of ﬁne-mode parameter V0f , all of the

DFS results are larger than 0.92 for 2 different aerosols and surface
types, even for the small AOD case (τ a = 0.1), and DFS of the ﬁnemode V0f (hence ﬁne-mode AOD) is noticeable constant after AOD
greater than 0.4. For the retrieval of coarse-mode parameter V0c ,
expect for the AOD τ a ≤ 0.2, V0c also can be retrieved (i.e. DFS >
0.5) for different scenarios, and the DFS on V0c of dust case is obviously larger than polluted case with the difference of 0.2. Besides,
for the equivalent surface parameter, S could be also retrieved in
most cases with AOD in the range of 0.1 to 2.0. However, when
the AOD τ a > 1.5, the retrieval of equivalent surface parameter S
has a larger uncertainty for vegetated surface with the increasing
standard deviation.
6.2. Retrieval of additioanl aerosol parameters
In our inversion framework, the retrieved aerosol parameters
mainly contain 2 parameters V0f and V0c , and other aerosol model
parameters should be predeﬁned before the retrieval. However,
as the aerosol size and complex refractive index has impact on
the retrieval uncertainty of V0f and V0c , the DFS analysis includ-
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Fig. 11. DFS on the retrieval of V0f , V0c and equivalent surface parameter S along different AOD from 0.1 to 2.0 at 550 nm, in which left and right panel corresponds to the
vegetation and bare soil surface respectively. In panel (e and f), the equivalent DFS and error bar respectively represent the mean DFS and standard deviation calculated from
8 surface parameters including f(λ1 ),…, f(λ5 ), k1 , k2 and C for both polluted and dust cases.

ing these parameters into retrieval state vector is also necessary.
Correspondingly, the state vector can be written as



f
x = V0f , V0c , reff
,

c
vfeff , reff
, vceff , mfr , mfi , mcr , mci , f (λ1 ),

. . . , f (λ5 ), k1 , k2 , C ] .
T

(27)

In which, we also assume that the real and imaginary parts of
complex refractive index are independent of the wavelength in the
range of 443 − 865 nm for simplicity. Thus, there are ten aerosol elements need to be retrieved together with the surface parameters.
For the DFS calculation, by following our previous work [79], the
f , vf , r c , vc are all set to 80%, the prior errors
prior errors of reff
eff eff
eff
of mfr and mcr are equal to 0.15, and the prior errors of mfi and mci
are 0.01 and 0.005, respectively.
Fig. 12 illustrates the DFS component of the retrieved aerosol
parameter in Eq. (27) for 2 mixed aerosol types and 2 surface
types, respectively. For one thing, not all of the aerosol microphysical parameters could be retrieved simultaneously due to the
limited information content of DPC. For example, the aerosol pac and vc cannot be universally retrieved
rameters V0c , mci , vfeff , reff
eff

for polluted case, while the parameters mfi , vfeff and vceff also cannot be retrieved for dust case. For another, as detailedly listed in
Table 7, the DFS results of V0f and V0c have a certain degree of decrease when the parameters of aerosol size and refractive index
are added into the retrieval state vector. In particular, the DFS of
V0c decreases signiﬁcantly by 0.1−0.2, and then the V0c cannot be
retrieved in some case owning to the insuﬃcient information content.
In addition, the scientiﬁc objective of DPC is to retrieve spectral AOD τ a (λ), instead of determining simultaneously all detailed
aerosol microphysical parameters (e.g. effective radius and refrac-

Table 7
Comparison of DFS results of V0f and V0c (AOD τ a = 0.6) between excluding the
aerosol model parameters in Eq. (16) and including the aerosol model parameters
in Eq. (27).
Scenarios

Vegetation
Bare soil

DFS

Polluted case
Dust case
Polluted case
Dust cast

State vector in Eq. (16)

State vector in Eq. (27)

V0f

V0c

V0f

V0c

0.992
0.988
0.982
0.974

0.738
0.905
0.652
0.863

0.986
0.978
0.964
0.943

0.569
0.816
0.487
0.753

tive index) together. This objective result mainly from compromise
of various application purposes with a moderate consideration of
DPC capability. Thus, the key parameters such as V0f and V0c should
be preferentially selected for retrieval in the inversion framework.
Furthermore, this inversion framework can be easily extended for
the retrieval of more aerosol parameters, and we will straightforwardly to test the supplement of jointly retrieved aerosol parameters step by step in the next study. Therefore, we exclude the
parameters of aerosol size and complex refractive index from being directing retrieved, and further allocate their inﬂuence into the
aerosol model errors in the paper.
6.3. Inﬂuence of model errors
Since the predeﬁned aerosol models will inevitably bring some
model errors to the retrieval of key aerosol and surface parameters in the inversion framework, then we also need to investigate
the inﬂuences of predeﬁned model errors on the retrieval results
of aerosol and surface parameters quantitatively. Based on the def-
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Fig. 12. Same as Fig. 10 with AOD τ a = 0.6, but for the DFS component of each retrieved aerosol parameter in Eq. (27), and the DFS results of surface parameters are not
shown.

Fig. 13. Same as Fig. 11 but for as a function of the aerosol model errors from 5% to 100% by a step of 5% with AOD = 0.6.

inition of aerosol model parameters in Eq. (17), we analyze the DFS
results originating from different model errors with the predeﬁned
constant measurement errors as previous section. As a demonstration, we focus on the AOD = 0.6 case for the polluted and dust
cases, respectively.
Fig. 13 shows the DFS of retrieved V0f , V0c and equivalent surface
parameter S as a function of the aerosol model errors. Here, the
aerosol model errors correspond with the combination of 6 predef , vf , r c , vc , mf , mc }, which are all
ﬁned aerosol parameters {reff
i
i
eff eff
eff
assumed to change from 5% to 100% by a step of 5% with the con-

stant measurement error, as well as the constant a priori errors of
mfr and mcr which have been deﬁned in Section 4.2. Here, we did
not consider the error disturbance for the real part of complex refractive index, because the values range of mfr and mcr are usually
about 1.33−1.60 [115], and a priori errors cannot exceed 20% in the
measurement from AERONET [116]. Thus, to maintain the consistency in model error varying from 5% to 100%, we assume that the
a priori errors of mfr and mcr are not change in this assesment.
As shown in the ﬁgure, the DFS of each retrieved parameter
decreases with the increasing of the aerosol model errors. How-
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ever, it is striking to see that even though the aerosol model error reaches 100%, the parameters V0f , V0c and S still could be retrieved (i.e. DFS > 0.5). In addition, by choosing the aerosol models
combined by the ﬁne-mode and coarse-mode parts in the inversion scheme, we ﬁnd that the aerosol model error has a relative
smaller effect on the retrieval uncertainties, especially for the ﬁnemode V0f and equivalent surface parameter S. Moreover, in the actual retrieval of DPC measurements, an iteration procedure among
several predeﬁned typical aerosol models has been designed to further decrease the probability to choose a very bad (e.g. model error
exceeds 100%) predeﬁned aerosol model.
7. Conclusions
The directional polarized camera (DPC) is a 3.3 × 3.3 km resolution multi-angle polarized imager with wide swath (1850 km)
and quick revisiting capability (2 days) on board the Chinese GF5 satellite. In order to assess its aerosol retrieval performance, we
developed an inversion scheme based on optimal estimation theory by utilizing fruitful observation information of DPC (at least 99
measurements for per pixel), to simultaneously determine aerosol
spectral optical parameters over land surfaces. The improved BRDF
and BPDF models are jointly used in a vector radiative transfer
model to construct a compact forward model. By employing the
information content analysis approach based on the degree of freedom for signal (DFS), we performed a comprehensive assessment
on the DPC aerosol parameter retrieval performance, with setting
various aerosol types (4 types), loading (AOD from 0.1 to 2), changing surface types (vegetation, bare soil) and wide range of observation geometries (summer and winter with low and high sun
zenith, respectively). The results suggest that:
(1) The spectral AOD can be well retrieved over land surface with
ﬁne and coarse mode proportions, which provides also a basis
to obtain Angstrom exponent and ﬁne-mode fraction parameters.
(2) The aerosol retrieval performance is quite good over various
surface types, based on the uses of improved BRDF and BPDF
models as well as the retrieval strategy.
(3) The determination of coarse mode is relatively diﬃcult than
ﬁne mode, which suggests a requirement for supplementing
SWIR channel on the current DPC band conﬁguration, especially
for the wavelength bands centered at 1.6 or 2.2 μm employed
in 3MI, APS and PCF.
(4) The aerosol retrieval performance is still better over vegetation
than over bare soil surface, which is similar with previous dark
target method.
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