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Abstract.

Multi-angle polarimetry has been recognized as the most effective configuration to retrieve aerosol parameters from space.

In this study, we developed a numerical inversion algorithm that simultaneously retrieves aerosol optical depth (AOD), sin-

gle scattering albedo (SSA), and land surface albedo (expressed as the Directional Hemispherical Reflectance, DHR) from

multi-angle polarimetric observations of China’s Directional Polarimetric Camera (DPC) onboard the Gaofen-5 satellite. As5

one of the few multi-angle polarimetric sensors in operation, DPC provides multi-spectral polarized radiance measurements at

up to 12 viewing angles, offering unique advantages for retrieving multiple aerosol parameters. With sensitivity experiments

using the VLIDORT radiative transfer model, we first clarified that SSA retrieval with an uncertainty of 0.03 requires degree

of linear polarization (DOLP) observation uncertainties below 0.01 with carefully designed viewing geometries. Subsequently,

an optimization-based algorithm was implemented to minimize discrepancies between simulated and observed multi-angle10

scalar reflectance and DOLP. The algorithm performs well on the simulated dataset, with correlation coefficients of 440 nm

DHR, AOD, and SSA (when AOD > 0.4) reaching 0.9, 0.8, and 0.7, respectively. Retrieval using DPC measurements and val-

idation against AERONET observation also demonstrated robust performance. Retrieved 440 nm AOD achieved a correlation

coefficient of 0.75 with AERONET, comparable to operational satellite products such as those from MODIS. The correla-

tion coefficient of 440 nm SSA under high aerosol loading (AOD > 0.4) is 0.38, matching the precision of Polarization and15

Directionality of the Earth’s Reflectances instrument (POLDER) SSA products, the previous best satellite-based SSA prod-

ucts. Regional and global results captured spatiotemporal aerosol variability of typical pollution events, including biomass

burning plumes and dust transport tracks. The DHR results also align closely with MODIS-derived DHR (bias = 0.001). This

work not only advances DPC’s capability for comprehensive aerosol characterization globally, but also provides a physically

interpretable framework for global aerosol and surface monitoring.20

1 Introduction

Aerosol properties are of significant importance in both climate change research and atmospheric environmental studies (Al-

brecht, 1989; Ramanathan et al., 2001; Li et al., 2022a). Satellite remote sensing has emerged as a critical tool for acquiring

comprehensive global aerosol observations (Dubovik et al., 2019; Liu et al., 2021). Over the past decades, numerous space-
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borne sensors have been employed for global aerosol observation, providing long-term data that serve as crucial references25

for estimating aerosol radiative effects (Diner et al., 1998; Mishchenko et al., 2007; Torres et al., 2007; Dubovik et al., 2011;

Levy et al., 2013). Earlier sensors, such as MODIS, primarily offered single-angle scalar observations for each pixel with lim-

ited information content, typically only capable of retrieving column loading of aerosols (Aerosol Optical Depth, AOD) while

requiring assumed surface reflectance and other aerosol properties such as Single Scattering Albedo (SSA) which reflects the

scattering and absorbing properties of aerosols (Levy et al., 2007b, 2013).30

Recently, multi-angle polarimetric sensors could provide both intensity and polarization measurements of radiation at mul-

tiple viewing angles for individual pixels, significantly enhancing the information available for the retrieval of aerosol param-

eters (Dubovik et al., 2019). The multi-angle observations facilitate the separation of surface and aerosol contributions, while

polarization signals exhibit heightened sensitivity to aerosol scattering and absorbing properties (Dong et al., 2024). Conse-

quently, multi-angle polarimetric observations have emerged as one of the most promising satellite remote sensing techniques35

for retrieving a series of aerosol and surface parameters on a global scale (Mishchenko and Travis, 1994; Mishchenko et al.,

2010). This potential has been demonstrated by algorithms developed for the world’s first operational spaceborne multi-angle

polarimetric sensor, Polarization and Directionality of the Earth’s Reflectances instrument (POLDER), which achieved com-

prehensive retrieval of multiple parameters including AOD, SSA, and surface reflectance (Chen et al., 2020; Dubovik et al.,

2011; Hasekamp et al., 2011, 2024; Li et al., 2019). These achievements underscore the significant capability of multi-angle40

polarimetric sensors in advancing aerosol remote sensing. Following POLDER’s retirement in 2013, there was a gap in opera-

tional multi-angle polarimetric satellite sensors until the launch of the Directional Polarimetric Camera (DPC) aboard Gaofen-5

in 2018 (Li et al., 2018). The DPC has since provided valuable multi-angle polarimetric observations, facilitating SSA retrieval

in recent years.

The DPC has eight spectral channels spanning 443–910 nm and can provide up to 12 viewing angles, with three channels45

(490, 670, and 865 nm) offering measurements of both Q and U linear polarization components, theoretically enabling SSA

retrieval (Li et al., 2018). However, existing aerosol retrievals based on DPC observations have primarily focused on AOD,

achieving correlation coefficients of up to 0.9 with ground-based measurements (Wang et al., 2021; Jin et al., 2022; Ge et al.,

2022). Large-scale SSA retrieval studies using DPC observations remain limited. Fang et al. (2022) applied the RemoTAP

algorithm (previously used for POLDER SSA retrieval) to DPC observations to retrieve AOD, fine mode AOD, and SSA over50

eastern China. Their results showed a correlation coefficient of 0.45 between retrieved SSA and AERONET measurements

when 670 nm AOD exceeded 0.3. Similarly, Jin et al. (2024) implemented the GRASP algorithm for oceanic SSA retrieval from

DPC observations. Additionally, Dong et al. (2024) employed machine learning methods to retrieve global land SSA from DPC

observations and yielded promising results. Nevertheless, machine learning approaches often lack physical interpretability,

while numerical methods have so far been limited to regional and oceanic applications. This highlights the need for further55

exploration of global SSA retrieval using DPC observations.

This study develops a numerical inversion algorithm based on DPC’s multi-angle polarimetric observations to retrieve global

AOD, SSA, and surface parameters, offering insights into global aerosol and surface properties in recent years.
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2 Data and Methods

2.1 DPC Measurements60

DPC is China’s first operational spaceborne multi-angle polarimetric sensor, successively launched on the Gaofen-5 satellite in

May 2018, on Gaofen-5(02) satellite in 2021, and on Daqi-1 satellite in 2022, respectively (Dai et al., 2024; Li et al., 2022b).

This study uses measurements from the first DPC sensor since data is not well calibrated for the following two sensors. The

DPC features a spatial resolution of 3.3 km and achieves multi-angle observations of the same target through along-track

scanning, with up to 12 viewing angles (typically exceeding 9 angles) for most pixels. The sensor provides measurements65

across 8 spectral bands from visible to near-infrared wavelengths, including polarized observations at 490, 670, and 865 nm.

The laboratory calibration errors of DPC are within 5 % for normalized radiation and within 0.02 for the degree of linear

polarization (DOLP) measurements (Li et al., 2018). However, after launch, the sensors experienced instrumental drift, leading

to a significant increase in measurement errors. Studies show potential radiometric drift up to 23 % (Zhu et al., 2022) and DOLP

errors possibly exceeding 0.04 (Qie et al., 2021). This study thus employs the Rayleigh scattering-based correction coefficients70

developed by Zhu et al. (2022) to calibrate DPC’s scalar radiance observations at 443, 490, 565, and 670 nm bands, which

are subsequently used for AOD, SSA, and Directional Hemispherical Reflectance (DHR) retrievals. The correction capability

decreases with increasing wavelength due to the rapid diminishment of Rayleigh scattering contributions, with theoretical

correction errors of approximately 2 % at 443 nm, 4 % at 565 nm, and 7 % at 670 nm. The 865 nm band remains uncorrected due

to negligible Rayleigh scattering. In this study, aerosol and surface parameter retrieval is confined to the corrected observations75

from the four calibrated bands (443, 490, 565, and 670 nm), and the screening of cloud/ice/snow pixels additionally employs

the original measurements from the other bands.

2.2 Auxiliary Data

Some auxiliary data are needed to characterize surface reflectance and other related processes. Prior to the inversion process,

we matched these auxiliary data with DPC observations. Specifically, for land surface, monthly 0.05◦ NDVI data from MOD-80

IS/Aqua observations are matched to calculate surface polarized reflectance. For water surfaces, hourly 0.25◦ ERA5 global

wind speed and wind direction data (Hersbach et al., 2020), monthly ocean salinity data from the GLBu0.08 dataset (Cum-

mings and Smedstad, 2013), and monthly averaged 4 km resolution chlorophyll concentration products from MODIS/Aqua

observations are matched to compute the surface reflectance (O’Reilly and Werdell, 2019). Considering the relatively minor

influence of aerosol phase matrices on the inversion (Su et al., 2021; Zhang et al., 2024), the phase matrices from the aerosol85

models clustered by Levy et al. (2007a) are utilized in the retrieval. This approach ensures comprehensive representation of

surface and atmospheric conditions, enhancing the accuracy and reliability of the retrieval process.
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2.3 AERONET AOD and SSA

The AERONET is a ground-based aerosol remote sensing network, providing long-term observations of aerosol optical and

microphysical properties, covering most of the continental areas around the world (Holben et al., 1998). The AERONET AOD90

observations are derived from direct solar radiation and the SSA products are retrieved from diffuse sky radiance (Dubovik

and King, 2000). The AOD measurements can be obtained at several wavelengths ranging from 340 nm to 1640 nm, whereas

the SSA products can be obtained at four wavelengths at 440, 675, 870 and 1020 nm. These products are very accurate with an

AOD uncertainty of 0.01 (visible)–0.02 (UV) and an SSA uncertainty of 0.03 (Giles et al., 2019; Sinyuk et al., 2020), and are

often used to validate satellite products. However, as the quality control of level 2.0 inversion products requires AOD > 0.4,95

many stations do not have extensive level 2.0 SSA records. Considering the data quality and data availability, we utilize the

all-point Version 3 Level 2.0 direct AOD measurements and quality-controlled Level 1.5 almucantar inversion SSA products

in this work. The quality-controlled Level 1.5 SSA are firstly derived from Level 1.5 observations by applying all the Level

2.0 quality control criteria except the AOD threshold (e.g., SZA > 50◦, sky error < 5 %, and coincident Level 2.0 AOD

measurements). In subsequent sections, different AOD thresholds were applied for screening purposes.100

2.4 MODIS Albedo

Since AERONET does not retrieve surface albedo, the validation of the DPC retrieved surface parameters is performed using

the daily surafce products from the MCD43C1 dataset which are derived from MODIS/Terra and MODIS/Aqua observations

(Schaaf et al., 2002). The MCD43C1 dataset utilizes the RossThick-LiSparse (RTLS) kernel-driven model to characterize land

surface reflectance (Schaaf et al., 2002), which can be represented as:105

Rλ(θ0,θ,ϕ) = Kiso(λ) +Kvolfvol(θ0,θ,ϕ) +Kgeofgeo(θ0,θ,ϕ) (1)

In Eq. 1, the terms Kiso(λ), Kvol(λ)fvol and Kgeo(λ)fgeo represent isotropic, volumetric, and geometric-optical surface

scattering at wavelength λ, respectively. Here, Kiso(λ), Kvol(λ), and Kgeo(λ) are the spectral intensity parameters of the

three components, while fvol(θ0,θ,ϕ) and fgeo(θ0,θ,ϕ) are Ross-thick and Li-sparse kernel functions, respectively. In our

retrieval algorithm, we utilize the wavelength-dependent RTLS model (Litvinov et al., 2011), which can expressed as:110

Rλ(θ0,θ,ϕ) = K(λ)[1 + kvolfvol(θ0,θ,ϕ) + kgeofgeo(θ0,θ,ϕ)] (2)

where K(λ) is a wavelength dependent intensity parameter, whereas kvol and kgeo are wavelength independent parameters.

The terms kvolK(λ) and kgeoK(λ) in Eq. 2 correspond to Kvol(λ) and Kgeo(λ) in Eq. 1, respectively.

In this study, the Directional Hemispherical Reflectance (DHR, also known as black sky albedo), which represents surface

albedo in the absence of atmospheric scattering effects, is computed using the three intensity parameters of the RTLS model115

(Sinyuk et al., 2007). Considering the differences in the spectral bands between MODIS and DPC observations, the DHR from

MODIS is linearly interpolated to the wavelengths of DPC channels. The accuracy of DPC’s surface parameter retrievals is

evaluated by comparing the retrieved DHR with interpolated MODIS DHR.
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2.5 VLIDORT Radiative Transfer Model

The Vector LInearized Discrete Ordinate Radiative Transfer (VLIDORT) model is a vector radiative transfer model that ac-120

counts for multiple scattering in real atmospheres. It accurately simulates Stokes vectors and their linearized matrices (Jaco-

bians) at arbitrary altitudes and viewing geometries, providing high-precision radiative simulations for satellite remote sensing

applications and serving as an effective forward model in numerical inversion algorithms (Spurr, 2006). The model allows

user-defined atmospheric layering with customizable layer heights and optical properties (including total optical depth, SSA,

and Legendre expansion coefficients of phase matrix for both aerosols and gases). It calculates output radiation at selected125

layers and viewing angles along with corresponding Jacobian matrices with respect to surface parameters and the three key

atmospheric optical parameters: AOD, SSA, and phase matrix expansion coefficients. In this study, VLIDORT was employed

for sensitivity experiments and served as the forward model in the numerical inversion algorithm.

2.6 Retrieval algorithm

Polarimetric multi-angle observations provide both polarization and angular information, enabling the retrieval of multiple130

parameters such as AOD, SSA, and surface reflectance from a single pixel. However, the system is strongly nonlinear and high-

dimensional, thus the inverse problem is very difficult to solve analytically and should be addressed using iterative numerical

approaches.

The relationship between satellite observations and the parameters to be retrieved can be expressed as:

y = F(x) + ε (3)135

where y represents the satellite observations, such as the Stokes vectors at various bands and viewing angles; x is the state

vector, which includes the parameters to be retrieved, such as AOD, SSA, and surface reflectance; F is the forward model, also

known as the observation operator, which maps the state vector to the observation space, and is often represented by a radiative

transfer model in aerosol retrieval algorithms; and ε is the error term, encompassing both observation uncertainties and forward

model uncertainties. Numerical inversion aims to find a state vector xa such that F(xa) closely matches y, with xa being the140

final retrieval result.

The cost function is constructed as:

J(x) =
1
2

[y−F(x)]TS−1
ϵ [y−F(x)] +

1
2

(x−x0)
TS−1

a (x−x0) (4)

where Sϵ is the covariance matrix of observation errors, x0 is the vector of a priori estimates, and Sa is the covariance matrix

of the errors in a priori estimates. The process of solving for xa based on optimization theory involves minimizing J(x). This145

minimization is achieved through iterative methods, with the direction of each iteration determined by the gradient descent of

J(x):

∇xJ(x) =−KTS−1
ϵ [y−F(x)] +S−1

a (x−x0) (5)
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Here, K is the Jacobian matrix of F(x), representing the partial derivatives of F(x) with respect to the components of x:

Ki,j =
∂fi(x)
∂xj

(6)150

This iterative approach ensures that the retrieval process converges to a solution that optimally balances the observational

data and a priori knowledge, providing robust estimates of the target parameters.

This study retrieves AOD, SSA, and kernel intensity parameters (K(λ), kvol, and kgeo in Eq. 2) of land surface models

simultaneously. The wavelength-dependent RTLS model is utilized to parameterize land surface scalar reflectance, and the

BPDF-NDVI model is used for polarized surface reflectance estimation (Litvinov et al., 2011; Maignan et al., 2009). For water155

surfaces, the New Cox-Munk model is implemented to compute the surface reflectance (Spurr, 2006). In this study, the a priori

values are initially assigned as fixed constants to evaluate the algorithm’s inherent retrieval capability, while also allowing for

the use of multi-year averages from climate models or other observational products to improve performance. An overview of

the retrieval algorithm is illustrated in Fig. 1, which mainly involves the following three steps:

(1) Data preprocessing. This involves three primary operations: calibration of DPC scalar observations, removing cloud/ice/s-160

now pixels (Dong et al., 2024), and matching auxiliary data (including NDVI, wind speed, salinity, and chlorophyll concentra-

tion) with DPC observations.

(2) Iterative inversion. The calibrated and screened DPC observations, matched auxiliary data, and a priori estimates of target

parameters are then fed into the VLIDORT radiative transfer model for iterative inversion. The algorithm minimizes the cost

function of equation 4 to obtain the final retrieval results.165

(3) Data post-processing. The retrieved parameters would be screened for further validation and mapping.

2.7 Sensitivity Experiment

To assess an important advantage of multi-angle polarimetry, the capability of SSA retrieval, we first investigate the sensitivity

of both scalar and polarized reflectance to SSA. A series of radiative transfer simulations using the VLIDORT model for several

DPC channels (443, 490, 565, 670, and 865 nm) under varying geometric parameters was conducted. By perturbing SSA within170

the AERONET precision (±0.03) under a given set of aerosol and surface models, we analyzed changes in top-of-atmosphere

(TOA) scalar and polarized reflectance to evaluate the sensitivity of outgoing radiation to SSA. The 0.03 SSA variation in

our sensitivity analysis was chosen for two reasons. First, it corresponds to the reported uncertainty of precise AERONET

SSA products, which often serve as a benchmark for validating satellite retrievals (Dubovik et al., 2000; Sinyuk et al., 2020).

Second, the requirement to constrain aerosol radiative forcing in climate studies necessitates an SSA uncertainty below 0.03175

(GCOS, 2016; Popp et al., 2016). Consequently, this accuracy represents a target for satellite remote sensing of SSA, which

has not been met by most available products.

The sensitivity experiments employed the moderately absorbing aerosol model characterized by Levy et al. (2007a) for

two distinct surface types, namely vegetation and bare soil, as described by Litvinov et al. (2011). These simulations aim to

reveal the observation accuracy required for accurate SSA retrieval from multi-angle polarimetric measurements, and provide180

guidance for the design of viewing angle.
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Figure 1. Flowchart for the DPC retrieval algorithm.

2.8 Retrieval Experiment Using Simulated Data

Before applying the retrieval algorithm to DPC observations, we conducted a series of retrieval experiments using simulated

data to validate the performance of the algorithm. Since the uncertainties of DPC measurement largely exceed laboratory cal-

ibration results and are difficult to quantify (Qie et al., 2021; Zhu et al., 2022), the advantage of simulated datasets lies in185
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their controllable radiative errors and the elimination of model uncertainties. The simulated dataset was constructed based on

a sampling of AERONET observations spatially and temporally matched with DPC measurements to better represent DPC

observed conditions. Given that the majority of AERONET stations are located over land, the validation in this study primarily

focuses on the retrieval performance for land aerosol and surface parameters. To construct the simulated dataset, DPC ob-

servations were first matched with AERONET measurements and MODIS surface parameters (RTLS parameters and NDVI)190

around the station. Subsequently, a sampling of these matched results was performed, and the sampled AOD, SSA, and surface

parameters were used as "true values" to generate TOA scalar and polarized reflectances via VLIDORT simulations. These

simulated reflectances were then treated as satellite observations and fed into the retrieval algorithm to retrieve aerosol and

surface parameters. Finally, the retrieved parameters were compared with the "true values" used in the simulation to evaluate

the inherent retrieval capability of the algorithm. This approach ensures a controlled assessment of the algorithm’s performance195

while minimizing uncertainties arising from the lack of knowledge about actual observational errors.

2.9 Validation of the Retrieval Results

After conducting the sensitivity experiment and the retrieval experiment using simulated data, we applied the retrieval algo-

rithm to DPC observations to derive global AOD, SSA, and DHR. The retrieved products were then systematically evaluated

at three spatial scales to assess the algorithm’s effectiveness with DPC observations and characterize spatiotemporal varia-200

tions of aerosol and surface properties. At site scale, the retrieved parameters were spatiotemporally matched with AERONET

ground-based measurements for validation. We averaged the retrieved parameters within an 8 km radius of each AERONET

station. The AERONET AOD data was selected and averaged within a 30-minute window around the DPC overpass, whereas

the AERONET daily SSA data was applied to compare against the retrievals. Several widely used statistical indicators, in-

cluding the correlation coefficient (R), the linear regression equation (slope and intercept), the bias, and the root-mean-square205

error (RMSE), were considered for validation. The regional-scale analysis focused on the algorithm’s capability to detect and

characterize specific pollution events, including biomass burning episodes and dust outbreaks. Globally, we examined the

spatiotemporal patterns of AOD, SSA, and DHR to assess their consistency with known atmospheric processes and surface

characteristics.

3 Results210

3.1 Sensitivity of Scalar and Polarimetric Measurements to SSA

Figures 2 and 3 illustrate the relative changes in TOA scalar reflectance (∆I) and the changes in DOLP (∆DOLP) respectively

when the SSA varies by ±0.03 under an aerosol loading of AOD550 = 0.5. The angular dependence of ∆I and ∆DOLP

exhibits comparable behavior for the two different surface types across most bands. Despite minor differences in magnitude

and angular distribution at 670 nm, the overall trends are consistent. This consistency indicates that ∆I and ∆DOLP are not215

sensitive to surface parameters under SSA perturbations. For all five bands, ∆I has the same sign as ∆SSA, suggesting that
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Figure 2. Relative changes in TOA scalar reflectance when the SSA varies by 0.03 (left) and −0.03 (right) under an aerosol loading of

AOD550 = 0.5 with bare soil (top) and vegetation (bottom) surface type.

an increase (or decrease) in SSA would lead to an increase (or decrease) in scalar reflectance. This aligns with the relationship

between SSA and aerosol scattering, thereby affecting scalar reflectance. Generally, ∆I shows a slight increase as the angle

decreases, particularly near 80◦. As the scattering angle approaches 180◦, ∆I approaches zero, becoming less sensitive to SSA.

∆DOLP also varies with scattering angle, but its response to SSA differs by wavelength (Fig. 3). Similar to ∆I , at scattering220

angles near 180◦, ∆DOLP becomes negligible, indicating low sensitivity to SSA. For the three shorter wavelengths (443,

490, and 565 nm), ∆DOLP exhibits an opposite sign to ∆SSA, decreasing (increasing) with an increase (decrease) in SSA.

As the scattering angle decreases from 180◦, ∆DOLP first increases and then decreases, reaching its maximum around 90◦.

Within the scattering angle range of 60◦–140◦, ∆DOLP remains above 0.005 and is relatively sensitive to SSA variations

in this range. As the scattering angle further decreases, the magnitude of ∆DOLP also diminishes. The 865 nm band shows225

negligible ∆DOLP, suggesting minimal sensitivity to SSA at longer wavelength. The behavior of ∆DOLP for the 670 nm

band is generally similar to that of the 443, 490, and 565 nm bands, except that ∆DOLP undergoes a sign reversal near

100◦. It should be noted that the relationship between ∆DOLP and scattering angle shown in Fig. 3 is based on conditions of

AOD550 = 0.5 and ∆SSA =±0.03. Under different aerosol conditions, ∆DOLP may exhibit variations, but the overall trend
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Figure 3. Same as Fig. 2, but for the changes in DOLP.

remains similar (Fig. 4). Specifically, shorter wavelengths show more pronounced changes in DOLP, and ∆DOLP follows a230

more consistent pattern with respect to scattering angle.

It is important to consider the magnitudes of ∆I and ∆DOLP when SSA varies by ±0.03, as they reflect the required

observational precision to achieve accurate SSA retrievals with uncertainties of 0.03. Under both vegetation and bare soil

conditions with AOD550 = 0.5, the magnitudes of ∆I across all bands and scattering angles are generally within 5 %. This

range aligns with the typical scalar observation uncertainties of spaceborne sensors, including those of DPC, suggesting that235

retrieving SSA with 0.03 uncertainty is challenging under a scalar observation uncertainty of 5 %. The values of ∆DOLP are

even smaller, with the most sensitive bands showing a change of only 0.01 at 90◦. This implies that an SSA retrieval with an

uncertainty of 0.03 requires a DOLP precision of 0.01, with additional constraints on observation angles. Considering that the

laboratory calibration uncertainty of DPC’s DOLP measurements is already 0.02, and accounting for potential instrument drift

after launch, the actual observational uncertainty may exceed 0.04, according to our experiment, it is very difficult to obtain240

high quality SSA retrieval from DPC observations. However, since DPC’s observational uncertainties and required precision

are roughly of the same order of magnitude, its measurements can still be used for SSA retrieval to a certain extent, although

with reduced precision.

Finally, the magnitudes of ∆I and ∆DOLP also depend on the AOD value. Figure 4 illustrates the variations of ∆I and

∆DOLP with scattering angle under different AOD conditions when SSA increases by 0.03 under the vegetation surface245
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Figure 4. Relative changes in TOA scalar reflectance (top) and changes in DOLP (bottom) when the SSA varies by 0.03 under AOD levels

of 0.25 (left), 0.5 (middle), and 1.0 (right) with vegetation surface type.

condition. The magnitudes of ∆I and ∆DOLP decrease as AOD decreases. This highlights that under low AOD conditions,

both scalar reflectance and DOLP become less sensitive to SSA, making accurate SSA retrieval more challenging. This also

explains why existing remote sensing SSA products can only achieve reasonable accuracy at high AOD levels, and why most

validation efforts for SSA products require screening based on an AOD threshold. Consequently, in the following validation

sections, the evaluation of SSA results will also be discussed under certain AOD threshold screening conditions.250

3.2 Retrieval Experiment Using Simulated Data

The retrieval results on the simulated dataset are shown in Fig. 5. As mentioned in the previous section, the accuracy of

retrieved SSA is highly dependent on AOD levels. Therefore, in the validation process, an AOD threshold was applied to filter

the retrieved SSA, retaining only those with a 443 nm AOD greater than 0.4 for validation. Overall, the validation results

for AOD, SSA, and DHR demonstrate satisfactory performance across all bands, suggesting that the algorithm effectively255

retrieved these aerosol and surface parameters. Among the three parameters, DHR exhibits the best retrieval performance. The

correlation coefficients for 443 nm and 565 nm DHR are both around 0.9, while that for 490 nm DHR reaches 0.77. The

biases of the retrieved DHR across the three bands are all within 0.005, with root mean square errors (RMSE) around 0.02.

Most retrieval results are distributed near the 1:1 line, and the slopes of the linear regression lines are approximately 0.75,

demonstrating a strong linear relationship between the retrieved DHR and the "true values". The retrieved AOD across the260

three bands also performs well. The retrieved 443 nm AOD achieves a correlation coefficient of 0.85, a bias of -0.008, and an
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Figure 5. Validation results of AOD (left), SSA(middle), and DHR (Directional Hemispherical Reflectance, right column) at 443 (top), 490

(center), and 565 nm (bottom) using simulated datasets.

RMSE of approximately 0.13 with the "true values". For the other two bands, the correlation coefficients are around 0.8, with

biases and RMSEs of approximately -0.03 and 0.14, respectively. The retrieval performance of SSA varies significantly across

different wavelengths. For the 443 nm band, the SSA retrieval achieves a correlation coefficient close to 0.7, a bias of only

0.003, and an RMSE of 0.03, meeting the requirements for high-precision SSA retrieval. In contrast, the correlation coefficients265

for the other two bands range between 0.3 and 0.35, indicating relatively weaker performance.
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Figure 6. Validation of 443 nm SSA using simulated datasets with AOD thresholds of 0.3 (left), 0.4(middle), and 0.5 (right).

The retrieval performance of the algorithm for AOD, SSA, and DHR is closely related to the sensitivity of the TOA re-

flectance to these parameters. The sensitivity of TOA reflectance decreases in the order of surface reflectance, AOD, and SSA,

leading to a corresponding increase in retrieval uncertainty. Over land surfaces, the contributions of surface and atmosphere to

satellite-observed signals are generally of the same order of magnitude (Levy et al., 2007b), resulting in comparable retrieval270

performance for DHR (representing surface reflectance) and AOD (affecting atmospheric extinction). However, due to the rel-

atively low sensitivity of TOA reflectance to SSA and its dependence on AOD magnitude (Fig. 4), the retrieved SSA exhibits

higher uncertainty, which is further influenced by AOD levels. Figure 6 presents the retrieval results for 443 nm SSA under

different AOD threshold screenings. The retrieval performance of SSA improves considerably as the AOD threshold increases:

the correlation coefficient rises from approximately 0.5 for AOD440 > 0.3 and to 0.8 for AOD440 > 0.5, and the slope of the275

fitted line approaches 1.0 under higher AOD thresholds. These results are consistent with the sensitivity analysis in the previous

section. In the following site-based validation process, only an AOD threshold of 0.4 is applied for SSA screening, and the

variations in SSA validation results under different AOD thresholds align with those shown in Fig. 6.

Furthermore, the retrieval performance of each parameter varies with wavelength, and the trends differ among the parameters.

It is evident that both AOD and SSA exhibit the best retrieval results at the 443 nm band, with slightly weakened performance280

at 490 nm and 565 nm. In contrast, DHR retrieval performs better at the 565 nm band. These variations are closely related to the

wavelength dependence of AOD and surface reflectance. Typically, AOD decreases with increasing wavelength, and Rayleigh

scattering by gas molecules also diminishes rapidly at longer wavelengths. Conversely, surface reflectance generally increases

with wavelength. As a result, the TOA reflectance at shorter wavelengths contains more atmospheric signals, and the relatively

simple Rayleigh scattering signal is easier to separate, leading to better retrieval of AOD and SSA at shorter wavelengths. As285

the wavelength increases, the surface signal strengthens while the atmospheric signal weakens, resulting in improved surface

reflectance retrieval at longer wavelengths but weakened performance for AOD and SSA.
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Figure 7. Comparison between retrieved AOD (left), SSA (middle), and DHR (right) at 443 nm based on DPC measurements and AERONET

observations.

3.3 Retrieval results on DPC measurements

Validation results from simulated datasets confirm the effectiveness of the inversion algorithm. This section thus further evalu-

ates the performance of the algorithm on DPC measurements and validates the results against AERONET (AOD and SSA) and290

MODIS (DHR) data. The validation results at 443 nm are shown in Fig. 7. Similar to the retrieval experiment using simulated

data, the results at other bands exhibit similar performance to those at 443 nm and are thus not shown here.

Overall, the validation results based on actual DPC observations reasonably agree with those from simulated datasets,

demonstrating better performance for DHR and AOD than SSA, consistent with the sensitivity of TOA reflectance to these

parameters. Among all results for DPC observations, the retrieved 443 nm DHR and AOD exhibit strong correlations with295

MODIS and AERONET measurements, respectively. Specifically, DHR achieves a correlation coefficient of 0.81, with a bias

and root mean square error (RMSE) of only 0.001 and 0.02 respectively, compared with MODIS observations. AOD achieves a

correlation coefficient of 0.75, with a bias of -0.01 and an RMSE of 0.16 compared with AERONET, reaching an accuracy level

comparable to the operational MODIS AOD products (Levy et al., 2010) and the machine-learning-based retrievals on DPC

reported by Dong et al. (2024). As expected, the SSA retrievals from DPC observations agree less well with AERONET data.300

For cases with AOD443 > 0.4, the retrieved 443 nm SSA yield a correlation coefficient of 0.38, a bias of approximately 0.03,

and an RMSE of 0.05, all inferior to the results using simulated data. This discrepancy can be attributed to three main factors.

First, SSA retrieval is highly sensitive to observational uncertainties (Zheng et al., 2019). As demonstrated in Sect. 3.1, even at

AOD > 0.5, a 0.03 perturbation in SSA induces only a∼ 5 % change of scalar radiance and a less than 0.02 variation of DOLP.

However, the actual observational uncertainty of DOLP by DPC may exceed 0.04, and while scalar radiance can be calibrated305

to reduce systematic errors, its random errors remain significant. The SSA retrieval accuracy is thus inherently limited due to

these high observational uncertainties. Moreover, the simulated dataset and retrieval algorithm employed the same radiative
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Figure 8. Biomass burning event on July 6, 2019 over southern Africa. (a) True-color image from MODIS and VIIRS. (b) Retrieved 440 nm

AOD from DPC observations. (c) Retrieved 440 nm SSA from DPC observations. The true color image is provided by NASA, downloaded

from https://worldview.earthdata.nasa.gov/ on 16 June 2025.

transfer model, eliminating additional model uncertainties and enabling higher SSA retrieval precision. In contrast, potential

model uncertainties were introduced when applying the algorithm to DPC observations, further reducing SSA retrieval perfor-

mance. Finally, AERONET SSA measurements themselves have an uncertainty of ∼ 0.03, which may also contribute to the310

degraded SSA validation results.

Nevertheless, current satellite-based SSA retrievals generally exhibit low accuracy. The correlation coefficient of 0.38 in

this study is comparable to regional SSA retrievals from DPC observations reported by Fang et al. (2022) and aligns with

the precision of POLDER/GRASP SSA products, which have been regarded as the best satellite-based SSA product up to

date, with a correlation coefficient of 0.32-0.53 with AERONET measurements (Chen et al., 2020). In summary, the validation315

results confirm that the retrieval algorithm achieves strong consistency with AERONET and MODIS measurements for AOD

and DHR retrievals using DPC observations, while also demonstrating a certain capability for SSA retrieval.

3.4 Retrieval Results during Typical Pollution Events

As discussed previously, the retrieval algorithm demonstrates good performance for AOD retrieval and exhibits certain capabil-

ity for SSA retrieval under pollution conditions. Therefore, it is promising to identify pollution events and characterize major320

aerosol types using DPC observations. This section examines the retrieval results for a representative biomass burning and dust

event respectively as identified from true-color images from MODIS and VIIRS.

Figure 8 presents the true-color image of a fire event in southern Africa on July 6, 2019, along with the retrieved AOD

and SSA from DPC observations. The true-color image reveals dense vegetation and numerous smoke plumes, which should

primarily composed of black carbon (BC) and organic carbon (OC) from biomass burning. The AOD retrieval based on DPC325

observations effectively identifies the spatial distribution of these smoke plumes, highlighting higher aerosol loading in the

central, northwestern, and northeastern areas, while lower aerosol concentrations are observed in the southwest and southeast

areas. The retrieved AOD also reflects the northwest-southeast orientation of these plumes, demonstrating good detection

capability for this pollution event. The retrieved SSA values are mostly low across the region, typically below 0.9, consistent
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Figure 9. Same as fig. 8, but with dust event on October 2, 2019 over northern Africa. The true color image is provided by NASA, downloaded

from https://worldview.earthdata.nasa.gov/ on 16 June 2025.

with the strong absorption properties of biomass burning aerosols, which contain high proportions of BC and/or OC. Moreover,330

in areas with higher AOD where SSA retrieval uncertainty is reduced, the retrieved SSA values are lower and more coherent,

clearly indicating the presence of strongly absorbing aerosol types such as black carbon. Overall, the retrieval results based on

DPC observations effectively capture the changes in aerosol loading and absorption for biomass burning events.

Figure 9 presents a dust event in northern Africa on October 2, 2019. The meridional discontinuities in Fig. 9(b,c) primarily

originate from inherent observational discontinuities during each cross-track scan of DPC, rather than artifacts of the retrieval335

algorithm. These discontinuities arise from inaccuracies in satellite geolocation positioning and abrupt changes in viewing

geometry between successive cross-track scans. The true-color image shows intense dust activity in the western part of the

region, with some dust transported over the ocean. The retrieved AOD from DPC observations effectively captures the high

dust loading in this area, particularly the spiral distribution of aerosols over the ocean, which aligns well with the true-color

image and indicates the transport of dust from land to sea. The retrieved SSA values in this region are mostly around 0.92,340

consistent with typical dust SSA. Thus, the retrieval results also successfully identify this dust event.

In summary, the retrieval algorithm demonstrates good capability for identifying the two pollution events by characterizing

the loading and absorbing property of biomass burning and dust aerosols. These results provide valuable references for pollution

event detection and aerosol type monitoring.

3.5 Global Retrieval Results345

To examine the spatiotemporal variability of aerosol and surface parameters, we further investigate the global and seasonal

distribution of retrieved parameters. Figures 10–12 show the global distributions of 440 nm AOD, SSA, and land DHR retrieved

from DPC observations for April, July, and October 2019, and January 2020, by gridding the pixel level retrievals to a 0.5◦ grid

resolution. The zonal discontinuities in the figures primarily stem from inherent discontinuities in the observational data during

the merging of retrieval results from different orbital passes, rather than being introduced by the retrieval algorithm itself.350
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Figure 10. Global 440 nm AOD retrieved from DPC observations.
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Figure 11. Same as Fig. 10, but for 440 nm SSA.
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Figure 12. Same as Fig. 10, but for 440 nm DHR.

Overall, the AOD retrievals effectively capture major aerosol source regions (Fig. 10), the spatiotemporal distribution of SSA

aligns with regional emission characteristics (Fig. 11), and DHR closely matches local surface types (Fig. 12). The patterns

of AOD, SSA, and DHR are highly consistent with other satellite products such as MODIS, OMI, and POLDER (Chen et al.,

2020; Heald et al., 2014; Schutgens et al., 2021), and are also in line with previous studies applying DPC observations (Dong

et al., 2024).355

Specifically, high AOD values are concentrated in the majority of aerosol source regions such as East Asia, South Asia,

Africa, the Arabian Peninsula, and northern South America (Fig. 10). Despite using different surface assumptions for land

and ocean, the AOD spatial distribution exhibits strong continuity, including the westward transport of Sahara dust in the

northern Africa (Engelstaedter et al., 2006) and the spread of aerosols from land to the ocean in pre-monsoon over South

Asia (Satheesh and Srinivasan, 2002). The distributions of SSA (Fig. 11) reflect the scattering and absorption properties of360

aerosols in different regions, highlighting aerosol composition features. Low SSA values are retrieved in Central Asia, Africa,

the Arabian Peninsula, central Australia, and western North America, indicating stronger aerosol absorption in these areas.

Among these, Central Asia, northern Africa, and the Arabian Peninsula are major dust source regions (Ginoux et al., 2012;

Habib et al., 2019), where low SSA is primarily associated with dust emissions. Biomass burning regions in southern Africa,

northern South America, western North America, and Australia, also exhibit low SSA values, which are mainly associated365

with BC and/or OC emissions (Eck et al., 2023; Iglesias et al., 2022; Mallet et al., 2024; Pan et al., 2020; Yang et al., 2021). In
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contrast, Europe and eastern North America exhibit higher SSA values due to dominant anthropogenic emissions of scattering-

type fine particles (Li et al., 2016; Ramanathan et al., 2001; Wei et al., 2024; Zhang et al., 2025).

The spatial distribution of DHR (Fig. 12) aligns well with local surface types (Yang et al., 2017). Regions such as South

America, southern Africa, Europe, Siberia, and eastern North America show lower DHR in summer, reflecting dense vegetation370

coverage in this season. Conversely, Central Asia, West Africa, and the Arabian Peninsula exhibit higher DHR due to desert

surfaces with higher reflectivity. Some regions in western North America and central Australia also exhibit high DHR values,

consistent with the drier soil associated with arid climate condition there.

Additionally, the global distributions of AOD, SSA, and DHR across different months effectively capture the seasonal

variations in aerosol and surface properties. For instance, high-latitude regions in the Northern Hemisphere exhibit higher375

DHR in winter than that in summer, reflecting drier conditions and reduced vegetation coverage during winter. In West Africa,

intense dust activity during the summer months corresponds to higher AOD (Fig. 10a,b), while AOD is relatively lower in other

seasons (Fig. 10c,d). Biomass burning in southern Africa primarily occurs during dry seasons (Mallet et al., 2024; Pan et al.,

2020), such as in July when lower SSA values are derived from DPC observations (Fig. 11b). The elevated AOD in northern

South America in October (Fig. 10c) is linked to active wildfires during that season (Pan et al., 2020). Notably, while Australia380

generally exhibits low AOD, significantly higher AOD was observed in January 2020, associated with strong wildfires that

began in late 2019. Figure 10d shows the eastward transport of aerosols from Australia, forming a distinct high-AOD band

over the Southern Oceans, where SSA also shows lower values. Our DPC retrieval results successfully capture these extreme

events.

4 Discussion and Conclusion385

Satellite-based retrieval of comprehensive aerosol and surface properties remains a challenging work due to limitations in ob-

servational information and the lack of constraints of unknown parameters. Multi-angle polarimetric observations represent

a great advancement in this regard, as their great information content enables the retrieval of multiple parameters, including

aerosol absorption and surface reflectance (Dubovik et al., 2019). While some studies using DPC observations have demon-

strated robust AOD retrievals (Ge et al., 2022; Jin et al., 2022; Wang et al., 2021), progress in SSA retrieval was still quite390

limited, with no operational global SSA products currently available from DPC observations.

This study developed a numerical algorithm to retrieve global AOD, SSA, and DHR based on DPC observations, achieving

results with reasonable accuracy. Our work provides insights into the potential of multi-angle polarimetric observations for

the retrieval of aerosol and surface properties, deriving high quality AOD and DHR retrieval and reliable SSA retrieval. The

ability to reliably retrieve SSA from space has profound implications for more accurate assessment of aerosol radiative effects395

and environmental impacts, representing an important advancement in atmospheric remote sensing capabilities. The sensitivity

experiments and global-scale results presented here also offer insights into future development of spaceborne multi-angle

polarimetric sensors.
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The sensitivity analysis of scalar and polarimetric observations to SSA in this work demonstrates that accurate SSA retrieval

with an uncertainty of 0.03 requires DOLP observation uncertainties below 0.01 even with optimally designed viewing geome-400

tries. The laboratory calibration uncertainty of DPC’s DOLP measurements is roughly on par with this requirement (Li et al.,

2018), theoretically enabling SSA retrieval. The performance of our algorithm on simulated data further indicates that, within

DPC’s designed precision, SSA retrieval is feasible, with correlation coefficients between retrieved and “true” 440 nm SSA

reaching 0.8 when AOD exceeds 0.5. However, retrieval based on multi-angle polarization observations is highly sensitive to

measurement uncertainties (Zheng et al., 2019). Since launch, DPC’s optical components have aged, significantly increasing405

scalar and polarimetric uncertainties (potentially exceeding 10 % for scalar reflectance and 0.04 for DOLP) without effec-

tive evaluation or correction methods (Qie et al., 2021; Zhu et al., 2022), which partially explains the difficulty in achieving

high-precision SSA retrieval from DPC measurements. In our global validation against AERONET observations, the SSA cor-

relation coefficient reaches approximately 0.38 when 443 nm AOD > 0.4, comparable to the regional retrieval results reported

by Fang et al. (2022). The POLDER/GRASP SSA product shows correlation coefficients of 0.32-0.54 for its best-performing410

670 nm band when AOD > 0.3 (Chen et al., 2020), also similar to our SSA validation results.

Furthermore, this study derived regional and global distributions of AOD and SSA from DPC observations, along with land

surface DHR. Regional results effectively identify pollution events and characterize major aerosol types. The global AOD

also reveals major aerosol source regions, while the SSA distribution reflects regional aerosol composition characteristics. The

spatial pattern of DHR shows good agreement with local surface types.415

In sum, our retrieval results demonstrate the potential of DPC observations for comprehensive aerosol and surface mon-

itoring, despite current limitations in SSA retrieval accuracy. Nonetheless, to an accuracy level of AOD and SSA that meet

the requirement of aerosol forcing estimation which requires the uncertainty of SSA to be within 0.03 and that of AOD to be

within 10 % (Mishchenko et al., 2004; Loeb and Su, 2010; Zhang et al., 2022), significantly higher quality of scalar and DOLP

measurements are needed than the current DPC sensor. The information provided by DPC should thus be considered more420

qualitative than quantitative. Future improvements in sensor design, calibration, as well as retrieval algorithms may further

enhance the precision of aerosol retrievals and provide more quantitative products.
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