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Precise knowledge about aerosols in the lower atmosphere (optical properties and vertical distribution) is particularly important for studying the Earth’s climatic and weather conditions. Measurements from satellite sensors in sun-synchronous and geostationary orbits can be used to map distributions of aerosol parameters in global or regional scales. The new-generation sensor Tropospheric Monitoring Instrument (TROPOMI) onboard the Copernicus Sentinel-5 Precursor (S5P) measures a wide variety of atmospheric trace gases and aerosols that are associated with climate change and air quality using a number of spectral bands between the ultraviolet and the shortwave infrared. In this study, we perform a sensitivity analysis of the forward model parameters and instrument information that are associated with the retrieval accuracy of aerosol layer height (ALH) and optical depth (AOD) using the oxygen (O2) A-band. Retrieval of aerosol parameters from hyperspectral satellite measurements requires accurate surface representation and parameterization of aerosol microphysical properties and precise radiative transfer calculations. Most potential error sources arising from satellite retrievals of aerosol parameters, including uncertainties in aerosol models, surface properties, solar/satellite viewing geometry, and wavelength shift, are analyzed. The impact of surface albedo accuracy on retrieval results can be dramatic when surface albedo values are close to the critical surface albedo. An application to the real measurements of two scenes indicates that the retrieval works reasonably in terms of retrieved quantities and fit residuals.
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1 INTRODUCTION
Estimating aerosol optical properties and vertical distribution appears to be a challenging task because of real-time variations in aerosol microphysical properties. Remote sensing techniques for measuring aerosol properties from space have been developing rapidly and can be classified into two major groups. Active remote sensors such as the Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) instrument measure backscattered signal and have the capability to accurately profile the scattering/absorption owing to aerosols/clouds in the atmosphere, whereas passive remote sensors can by far not offer the same level of details, but provide a global mapping of aerosol properties. Although aerosol height information with a vertical resolution as fine as 30  m can be obtained, the CALIOP observations possess a limited spatial coverage (Winker et al., 2009). In regard to passive sensors, considerable effort has been put into derive aerosol vertical information by employing the O2–O2 absorption band (∼ 477 nm), e.g., from the Ozone Monitoring Instrument (OMI) (Park et al., 2016; Chimot et al., 2017, 2018; Choi et al., 2019). Absorption of reflected sunlight by O2 in its A band (∼ 760 nm) has been extensively used to derive cloud height information, and the relevant studies can be found in Kokhanovsky et al. (2006a), Kokhanovsky et al. (2006b), Wang et al. (2008), Lelli et al. (2014), Loyola Rodriguez et al. (2007), Loyola et al. (2018). A number of passive satellite sensors have been launched to monitor aerosol properties on a global or regional scale using spectral information at various wavelengths. Atmospheric absorption in the O2 A-band provides an opportunity to derive vertical distributions of aerosols as a result of the dynamic range of optical depth in this spectral domain. Recently, a great amount of efforts have been made to retrieve the aerosol height information from the O2 A-band, e.g., the Scanning Imaging Absorption Spectrometer for Atmospheric Chartography (SCIAMACHY) (Corradini and Cervino, 2006; Kokhanovsky and Rozanov, 2010; Sanghavi et al., 2012), the Global Ozone Mapping Experiment (GOME) (Koppers and Murtagh, 1997) and GOME-2 (Tilstra et al., 2019), the Greenhouse Gases Observing Satellite (GOSAT) (Frankenberg et al., 2012), the Orbiting Carbon Observatory-2 (OCO-2) (Zeng et al., 2020). Some studies also focused on the joint use of O2 A and B bands for vertical profiling of aerosols (Ding et al., 2016; Xu et al., 2017b).
As a new generation of hyperspectral sensor, the Tropospheric Monitoring Instrument onboard the Copernicus Sentinel-5 Precursor satellite (TROPOMI/S5P, hereafter referred to as TROPOMI) (Veefkind et al., 2012) was designed to be a push-broom grating spectrometer observing trace gas concentrations and aerosol/cloud properties that are associated with air quality, ozone layer, and climate forcing. The satellite flies in a sun-synchronous orbit at 824 km altitude with an Equator crossing time of 13:30 local solar time, allowing to achieve a full daily global surface coverage thanks to a wide swath of 108°(∼ 2,600 km). The recorded TROPOMI spectra cover the ultraviolet–visible (UV–Vis, 270–500 nm), near-infrared (NIR, 675–775 nm), and shortwave infrared (SWIR, 2,305–2,385 nm). TROPOMI is the first Copernicus mission for atmospheric monitoring, launched on October 13, 2017, for a nominal lifetime of 7 years. In addition to the broad spectral coverage, TROPOMI can map global distributions of a broad range of air pollutants with a spatial resolution as high as 5.5 × 3.5  km2 (7.0 × 3.5  km2 prior to August 6, 2019). Band 6 of TROPOMI covers the O2 A-band and records the radiances and solar irradiances with a spectral sampling of 0.125–0.126 nm and a spectral resolution of 0.34–0.35 nm. The first calibration observations showed 3,000–5,000 and 250–700 for the high- and low-albedo signal-to-noise ratios, respectively. The main products of Band 6 are aerosols (height) and clouds (height and optical thickness). Further details of the instrument and measurement characteristics can be found in Kleipool et al. (2018), Ludewig et al. (2020).
Aerosol parameters like UV aerosol index, aerosol layer height (ALH) and optical depth (AOD) are useful to the global monitoring of air pollution in the lower atmosphere. The TROPOMI operational ALH retrieval algorithms in the O2 A-band were developed by the Royal Netherlands Meteorological Institute (KNMI) and use a neural network based forward model and the optimal estimation method for inversion (Rodgers, 2000). For more details about the operational retrieval algorithms see (Sanders and de Haan, 2013; Sanders et al., 2015; Nanda et al., 2018a; Nanda et al., 2018b).
Deriving aerosol information from satellite measurements remains a critical challenge in terms of retrieval sensitivity and accuracy. This is in general an underdetermined task and often requires several assumptions to be made with respect to the properties of aerosol and surface (Kokhanovsky and Rozanov, 2010). Li et al. (2009) also discussed several critical factors affecting the accuracy of aerosol remote sensing, including the assumptions in the aerosol model, treatment of the underlying surface, sensor calibration, and cloud screening. In a conventional retrieval framework, an operational retrieval handles the minimization of the objective function, which should include sufficiently fast radiative transfer computations, and is capable of dealing with large amount of satellite measurements and needs to converge robustly. Retrievals from synthetic measurements are necessary and important for analyzing the impact of forward and instrument model parameters on the retrieval output and exploring the expected retrieval performance using real measurements. Based on these experiments, an optimal retrieval setup for realistic measurement conditions and a better understanding of instrument characteristics could be achieved.
We have developed a conventional retrieval framework dedicated to estimating aerosol and cloud parameters from satellite measurements. Retrieval applications to the Earth Polychromatic Imaging Camera (EPIC) onboard the Deep Space Climate Observatory (DSCOVR) satellite were reported (Molina García et al., 2018a; Molina García et al., 2018b; Sasi et al., 2020a; Sasi et al., 2020b). In this work, we adapt the framework to the TROPOMI measurements, and the primary objective is to evaluate the retrieval feasibility and accuracy of aerosol parameters (ALH and AOD) using the O2 A-band of TROPOMI. Concerning the associated retrieval error characterization for the O2 A-band, only a few sensitivity studies were carried out (Hollstein and Fischer, 2014; Sanders et al., 2015). In this study, we extend the sensitivity analysis by taking into account more inputs during the inversion, i.e., different models for aerosol microphysical parameterization, surface properties, solar/viewing geometry, and wavelength shift. These inputs and information are considered to likely affect the retrieval accuracy and this sensitivity analysis aims to quantify the impact and importance of each input. Additionally, an application with real TROPOMI data can help us to better understand the measurement characteristics and retrieval performance in reality. We seek a characterization of the associated retrieval error by reasonbly assuming uncertainties on the crucial inputs identified in the sensitivity analysis. Accordingly, the retrieval could be further optimized by refining these inputs.
The remainder of the article is formulated as follows: A brief description of the retrieval algorithm is given in Section 2. Section 3 analyzes the sensitivity of retrieved aerosol parameters to different parameters and information associated with the instrument itself and radiative transfer calculations. A retrieval application using real TROPOMI measurements is given in Section 4. Section 5 concludes the study.
2 THEORY
We have developed an algorithm dedicated to aerosol parameters retrieval from hyperspectral satellite sensors like TROPOMI. The theoretical concepts of atmospheric retrieval are presented in this section. This physical retrieval algorithm consists of a forward model in which radiative transfer of electromagnetic radiation through the atmosphere is calculated, and an inversion process in which a nonlinear minimization problem is solved. The purpose of the forward model is to simulate the signal received by the sensor as a function of atmospheric parameters and surface properties of interest, employing the discrete ordinate method to solve the radiative transfer equation. Inverse problems arising in atmospheric retrieval are typically ill-posed in the sense that perturbations in the data can cause large errors in the retrieval result. Our retrieval problem is formulated as a nonlinear least squares problem and can be solved by the Gauss–Newton method with the aid of Tikhonov regularization. In this study, the retrieval relies on the TROPOMI O2 A-band (758–771 nm). The recorded radiances and solar irradiances are converted to the reflectances. The inversion returns the best estimates of the retrieval target by approximating the measured reflectances with the simulated ones. In the forward model, aerosols are assumed as a single atmospheric layer with a fixed thickness of 0.5 km. The retrieval target ALH is defined as the middle height of this aerosol layer. Section 2.1 describes the physical and mathematical fundamentals of radiative transfer and different models for characterizing aerosol microphysical properties. Section 2.2 presents the inversion procedure and associated approaches.
2.1 Radiative Transfer
In a pseudo-spherical atmosphere, the radiative transfer equation for the diffuse radiance I(r, Ω) at point r in direction Ω = (μ, φ) is given by
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where
[image: image]
is the source function summing the contributions of the single and multiple scattering terms Jss(r, Ω) and Jms(r, Ω), respectively, σext and σsct are the extinction and scattering coefficients, respectively, F0 is the incident solar flux, P the scattering phase function, Ω0 = (−μ0, φ0) with μ0 > 0 the incident solar direction, and [image: image] the solar optical depth between point r and the characteristic point at the top of the atmosphere rTOA in a spherical atmosphere. For the phase function P, we assume an expansion in terms of normalized Legendre polynomials Pn, i.e.,
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where   cos Θ = Ω ⋅Ω′. The boundary conditions associated to the radiative transfer (Eq. 1) consist in the top-of-atmosphere boundary condition (r = rTOA),
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and the surface boundary condition (r = rs),
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where for a Lambertian surface, A is the surface albedo, and the notations Ω+ and Ω− stand for upward and downward directions, respectively.
The aerosol particles are modeled as components, while the size distribution dN(a)/d ln a of an aerosol component is chosen a log-normal distribution, characterized by the modal radius rmod, the standard deviation σ, and the total number of particles N0. If these parameters together with the (wavelength-dependent) refractive index maer are specified, the size averaged extinction and scattering cross sections, as well as the expansion coefficients of the size averaged phase function are computed as
[image: image]
respectively, where amin and amax are the lower and upper bounds of the size distribution, p(a) = (1/N0)dN(a)/da is the probability density function associated to the number size distribution, and Cext(a), Csct(a), and χn(a) are computed by an electromagnetic scattering code for a spherical particle of radius a. The aerosol components are externally mixed to form aerosol models. For an aerosol model m consisting of N aerosol components, the extinction and scattering cross sections, and the expansion coefficients of the phase function are computed as
[image: image]
respectively, where the weight [image: image] is number mixing ratio, and [image: image], [image: image], [image: image], and [image: image] correspond to the ith aerosol component. In this context, the extinction and scattering coefficients that enter into the radiative transfer model are calculated as [image: image] and [image: image], respectively, where [image: image] is the total number density of the aerosol particles, and [image: image] the number density of the ith aerosol component.
A set of aerosol models is an ensemble of a variety of aerosol models corresponding to different aerosol types. In the forward model, the following sets of aerosol models are taken into account:
• Set I The aerosol models employed in the Moderate Resolution Imaging Spectroradiometer (MODIS) aerosol retrieval algorithm (Levy et al., 2007a; Levy et al., 2007b). There are three fine-dominated (spherical) and one coarse-dominated (spheroid) aerosol models that differ by the single scattering albedo [image: image]; we distinguish moderately absorbing ([image: image]), absorbing ([image: image]), and nonabsorbing ([image: image]) aerosols. For each aerosol model, the parameters of the size distribution and the refractive index depend on the aerosol optical depth.
• Set II The aerosol models employed in the Ozone Monitoring Instrument (OMI) Multiwavelength aerosol retrieval algorithm (Torres et al., 1998). There are five major aerosol types, i.e., weakly absorbing, biomass burning, desert dust, marine, and volcanic, whereby each type consists of several aerosol models depending on their optical properties and particle size distribution.
• Set III The aerosol models (mixtures of sulfate, dust, see salt, black carbon, and organic carbon components) obtained by a cluster analysis using the Goddard Chemistry Aerosol Radiation and Transport (GOCART) model (Chin et al., 2002; Taylor et al., 2015).
• Set IV The aerosol models (mixtures of water-insoluble, water-soluble, soot, sea-salt, mineral, mineral transported, and sulfate components) included in the Optical Properties of Aerosols and Clouds (OPAC) dataset (Hess et al., 1998; Thomas et al., 2009).
The radiative transfer computation relies on the discrete ordinate method with matrix exponential (Doicu and Trautmann, 2009a; Doicu and Trautmann, 2009b). To deal with computationally expensive radiative transfer calculations in the TROPOMI O2 A-band absorption channel, several acceleration techniques, as for example, the telescoping technique (Spurr, 2008; Efremenko et al., 2013), the method of false discrete ordinate, the correlated k-distribution method (Goody et al., 1989), and principal component analysis (Natraj et al., 2005, 2010) are implemented.
In Section 3.1 we investigate the impact of different aerosol models on the retrieval performance.
2.2 Inversion
The retrieval is performed by using the method of Tikhonov regularization (Tikhonov, 1963). Essentially, the inverse problem is solved by minimizing the objective function,
[image: image]
where [image: image] and [image: image] are the vector-valued forward model and the noisy measurement vector, respectively, λ is the regularization parameter, L the regularization matrix, and xa the a priori state vector.
The goal of minimizing the Tikhonov function (Eq. 5) is to search for a solution providing a compromise between the residual term [image: image] and the penalty term [image: image]. A global minimizer xλ is called a regularized solution. The minimization procedure can be performed by means of nonlinear optimization algorithms like Newton-type methods. At the iteration step i, the objective function is approximated by its linearization around the current iterate xλ,i. The regularized solution (the new iterate xλ,i+1) is found by an iterative process:
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where
[image: image]
is the regularized generalized inverse matrix, and Ki the Jacobian matrix of F at xλ,i.
The penalty term [image: image] directly influences the inversion result, for instance, constraining the solution to be within a range. In fact, the regularization parameter λ controls the relative weight of the residual term and the penalty term, whereas the regularization matrix L influences the magnitude or smoothness of the solution. An appropriate value of λ (constant or changeable during iterations) and a proper choice of L (e.g., the identity matrix, discrete approximations of the first and second order derivative operators, the Cholesky factor of the a priori profile covariance matrix) can help to obtain a solution with a well-defined physical sense. Xu et al. (2016), Xu et al. (2020) compared a variety of approaches for choosing λ and L, and suggested optimal strategies for practical problems. Note that as an alternative, iterative regularization methods (e.g., the iteratively regularized Gauss-Newton method) that employ a monotonically decreasing sequence of λ and an a posteriori stopping criterion, have been proved to be effective in practice.
The iterative process is terminated when a favorable convergence is reached in accordance with predefined stopping tolerances. The favorable convergence is based on two tests:
1. the x-convergence test, which checks if the sequence xλ,i is converging and the change in xλ satisfies a predefined criteria, and
2. the relative-function-convergence test, which checks if the relative change in [image: image] is within a predefined value.
3 SENSITIVITY TO EXPECTED ERROR SOURCES
In practice, several assumptions in the forward model (e.g., aerosol model, instrument parameters etc.) are required. Nevertheless, it is of importance to investigate how imperfect forward model inputs and instrumental knowledge contribute to the retrieval performance. In this section, we analyze the impact of different inputs used in the forward and instrument models on the retrieval of aerosol properties from the O2 A-band spectral measurements. Two types of uncertainty are discussed: 1) model uncertainty (aerosol model) and 2) parameter uncertainty (surface albedo, solar/sensor viewing geometry, and wavelength calibration). Only the most representative error sources identified in the consortium for satellite remote sensing of aerosols (also from previous studies, e.g., (Sanders and de Haan, 2013; Sanders et al., 2015) were considered in this study. The sensitivity analysis was based on simulated reflectance spectra that largely resemble typical TROPOMI measurements in the O2 A-band.
Here, the state vector x consists of two components, i.e., AOD τaer and ALH haer. The principle of AOD retrieval lies on the aerosol scattering and absorption features in the O2 A-band. The ALH retrieval depends mainly on a narrow oxygen absorption band (between 760 and 762 nm) where aerosol layer will attenuate the oxygen absorption below. The inversion results in this section are represented as retrieval errors (with respect to the true state) due to various inputs in the forward and instrument models.
3.1 Aerosol Model
Each set of aerosol models described in Section 2.1 is a collection of aerosol models that are employed to parameterize the aerosol microphysical properties for specific aerosol types, including the corresponding scattering and absorption properties, which plays an important role in an accurate retrieval. In this section, its influence on the retrieval of AOD and ALH is discussed. For an assumption of aerosol microphysical properties, three sets of aerosol models were considered in this analysis: Sets I, II, and III that have been used in satellite retrievals and weather/climate model simulations, respectively.
The simulated reflectance spectra (758–771 nm) using three sets of aerosol models are compared in Figure 1. “MODABS” from Set I, “MODABS” from Set II, and “Organic + Sulfate” from Set III were considered as the three models should represent the same aerosol characteristics. For Sets II and III, three values of 0.0, 0.5, and 1.0 for the effective radius Reff were chosen. An aerosol loading scenario with 0.5 and 3.5 km for AOD and ALH, respectively, was considered. 0.05, 30°, 0°, and 180°were chosen for the surface albedo, solar and viewing zenith, and relative azimuth angles, respectively.
[image: Figure 1]FIGURE 1 | (A): Simulated reflectances as functions of wavelength in the TROPOMI O2 A-band (758–771 nm) using aerosol models from Sets I, II and III, respectively. (B): The corresponding phase functions as functions of scattering angle.
The left panel of Figure 1 shows that the reflectance using Set I lies between the highest and lowest reflectances using Sets II and III. By using Reff = 1.0 and Reff = 0.0 for Sets II and III, respectively, the simulated reflectances are almost equivalent. Nevertheless, the spectra do not match perfectly between the three sets of aerosol models. For example, the blue solid line (“Organic + Sulfate” from Set III, Reff = 0.0) and the yellow dotted line (“MODABS” from Set II, Reff = 1.0) are close. Both spectra agree well between 760 and 762 nm where contains majority of aerosol height information, while slight discrepancies can be found elsewhere. The phase functions (P) and single scattering albedos ([image: image]) computed with the parameters of the size distribution and the refractive index are compared as well in the right panel of Figure 1. Significant differences between different phase functions can be noticed when scattering angles are close to zero. These discrepancies should not be overlooked because it may produce a noticeable error in the retrieved ALH.
To study the influence of aerosol models on the retrieval results, an experiment using synthetic spectra simulated with “MODABS” from Set I was carried out. In the subsequent retrieval procedure, “MODABS” from Set II and “Organic + Sulfate” from Set III were used, respectively. In this case, the underlying surface was assumed to be a dark surface (with an albedo of 0.05). The retrieval errors of ALH and AOD using Sets II and III (with Reff = 0.0, 0.1, 0.2, … , 1.0) are shown in Figures 2, 3, respectively. Figures 2, 3 reveal that applying an inappropriate aerosol model may result in significant retrieval errors. In both figures, the error of ALH reaches up to 1.9 km when the true value is 9.5 km, and the largest negative error of AOD is about −0.5 when the true value is 2.0. Interestingly, the retrieval error gradually increases in Figure 2 with increasing Rreff, while the error in Figure 3 behaves in an opposite way. Although the differences in the simulated reflectance spectra between the models characterizing the same aerosol type found in Figure 1 can result in different retrieval outputs, its impact is estimated to be moderate.
[image: Figure 2]FIGURE 2 | Retrieval (absolute) errors of ALH and AOD using “MODABS” from Set II. The synthetic spectra were simulated using “MODABS” from Set I.
[image: Figure 3]FIGURE 3 | Retrieval (absolute) errors of ALH and AOD using “Organic + Sulfate” from Set III. The synthetic spectra were simulated using “MODABS” from Set I.
3.2 Surface Albedo
Apart from the aerosol parameterization, the previous sensitivity studies (Sanders et al., 2015; Nanda et al., 2018a) demonstrated that the accuracy of surface properties could greatly influence the aerosol retrieval from the O2 A-band measurements.
The sensitivity of the reflectance spectrum to the retrieved parameter can be described by its partial derivative with respect to this parameter. The partial derivatives of the reflectance (in terms of the natural logarithm) with respect to ALH and AOD as functions of surface albedo are illustrated in Figure 4. The left panel of Figure 4 indicates that the derivatives decrease faster with the decreasing ALH when the value of AOD was assumed to be identical. As can be seen from the right panel of Figure 4, the derivative curves do not differ significantly between the three values of AOD.
[image: Figure 4]FIGURE 4 | Derivative of reflectance spectrum with respect to ALH and AOD as functions of surface albedo.
A surface albedo at the turning point where the partial derivative of the reflectance with respect to ALH or AOD is zero (dotted line), is called the critical surface albedo (Seidel and Popp, 2012), namely, this special surface albedo is “critical” for retrieval of ALH or AOD. It is noteworthy that the critical surface albedo varies with the value of ALH or AOD. Figure 4 illustrates that the value of the critical surface albedo increases substantially with the increasing ALH (left panel for a fixed AOD), while the value of the critical surface albedo increases gradually when AOD increases (right panel for a fixed ALH).
The relative retrieval errors resulting from the uncertainty in the surface albedo is shown in Figure 5. In this case, 0.5 and 3.5 km were used as the true values of AOD and ALH, respectively, “MODABS” from Set I was used as the aerosol model. Over darker or less bright surface (with albedo values of 0.05 and 0.15), the uncertainty of the surface albedo seems to produce less impact on the aerosol retrieval. Apparently, the retrieval error is more pronounced over a brighter surface (with albedo values of 0.5 and 0.9). When the value of surface albedo is around the critical surface albedo, an error of 5% in the surface albedo could yield errors of about 180% (green line in the left panel of Figure 5) and 80% (green line in the right panel of Figure 5) in the retrieved ALH and AOD, respectively.
[image: Figure 5]FIGURE 5 | Relative error of ALH (A) and AOD (B) caused by the error of surface albedo.
The critical surface albedo is between 0.2 and 0.3 for ALH (orange line in the left panel of Figure 4) and AOD (blue line in the right panel of Figure 4). Along with Figure 5, an indication is that an overestimated surface albedo tends to introduce an underestimation of ALH and an overestimation of AOD for surface albedos higher than the critical surface albedo, whereas for surface albedos lower than the critical surface albedo, an underestimated surface albedo is inclined to cause an overestimation of ALH and an underestimation of AOD. When the surface albedo is close to the critical surface albedo, the retrieval can be exceptionally challenging even though the error of the surface albedo is small. In Figure 5, the largest retrieval errors of ALH and AOD correspond to the case with surface albedo of 0.3. These findings are consistent with the implications from (Seidel and Popp, 2012).
The consequence of using inaccurate surface albedos in retrieval can be serious, and a joint-fitting of the surface albedo cannot guarantee an improved retrieval accuracy, albeit with more computational effort (Sanders et al., 2015). In practice, the geometry-dependent effective Lambertian equivalent reflectivity (GE_LER) (Loyola et al., 2020) can be considered to be a reliable alternative. Its retrieval algorithm is based on the framework called the “Full-Physics Inverse Learning Machine” (FP-ILM) (Xu et al., 2017a; Efremenko et al., 2017; Hedelt et al., 2019). In contrast to LER climatologies, GE_LER takes into account the drastically improved spatial resolution of TROPOMI and represents actual surface conditions accurately. The retrieved GE_LER data has been included in the operational TROPOMI products for cloud and UV/VIS trace gases O3, SO2, and HCHO.
3.3 Geometry
In this section, we discuss the influence of solar and sensor viewing geometry parameters on the aerosol retrieval. The simulation was performed by assuming an error in the solar zenith angle (SZA) and viewing zenith angle (VZA), respectively.
Figure 6 shows the relative retrieval errors of AOD and ALH due to the relative error of SZA. As expected, when dealing with measurements at higher SZAs, the retrieval accuracy is more sensitive to the error of SZA. With an error of 5% in SZA at 75°, the relative error of retrieved ALH and AOD reaches up to 20 and 90%, respectively.
[image: Figure 6]FIGURE 6 | Relative retrieval errors of ALH and AOD due to the error of SZA.
Figure 7 shows the relative retrieval errors of AOD and ALH due to the relative error of VZA. Likewise, the retrieval error of both parameters increases with the increasing VZA. The relative error of retrieved ALH and AOD is up to 30 and 20%, respectively. As compared to Figure 6, VZA seems to impose less impact on the retrieved aerosol parameters. In reality, the accuracy of measured SZA and VZA is within 1% and estimated to make a minor impact on retrieval results.
[image: Figure 7]FIGURE 7 | Relative retrieval errors of ALH and AOD due to the error of VZA.
3.4 Wavelength Calibration
An accurate wavelength calibration of the radiance and solar irradiance measurements is required during the Level-1b and Level-2 data processing. A wavelength shift is an offset found in the spectral position of a measured signal. It is anticipated that uncertainty in the wavelength can introduce an error in the retrieval output. Here, we performed retrievals by assuming a wavelength shift with different combinations of aerosol parameters over two surface types (with albedo values of 0.05 and 0.15). Figures 8, 9 depicts the retrieval errors of ALH and AOD as functions of the wavelength shift as well as the fit residuals. In Figure 8, the true value of ALH was assumed to be 1.5, 3.5, 5.5, and 7.5  km, respectively, and the true value of AOD was fixed to be 0.5; whereas in Figure 9, the true value of AOD was 0.5, 1.0, 1.5, and 2.0, respectively, and the true value of ALH was fixed to be 3.5 km.
[image: Figure 8]FIGURE 8 | Relative retrieval errors of ALH and AOD as functions of wavelength shift as well as the corresponding fit residuals. The retrievals were performed with true values of a fixed AOD ( ∼ 0.5) and varying ALH. Results with surface albedo values of 0.05 (A) and 0.15 (B) are plotted.
[image: Figure 9]FIGURE 9 | The same as in Figure 8 but with true values of a fixed ALH ( ∼ 3.5 km) and varying AOD.
The wavelength shift has a seemingly greater impact on the retrieval results over the brighter surface. The retrieval errors of ALH and AOD and the corresponding residuals are “augmented” by the larger surface albedo. The residual plots show a monotonic increase with the increasing wavelength shift, whereas the retrieval errors appear to increase oscillatingly with the increasing wavelength shift. The ALH retrieval only relies on the information from a narrow range (760–762 nm), and therefore, the error plots indicate a more pronounced impact on the ALH retrieval when the wavelength shift increases, as compared to the AOD retrieval.
Based on the synthetic analysis, uncertainties in surface albedo and wavelength calibration could cause significant effects on the retrieval output and should not be neglected when dealing with retrievals from real measurements.
4 APPLICATION TO REAL DATA
In this section, we present the retrieval results using the real TROPOMI measurements. We considered two scenes on June 22, 2018 and June 6, 2020, respectively. Figure 10 displays the corresponding true-color images from the Visible Infrared Imaging Radiometer (VIIRS) on the Suomi National Polar-orbiting Partnership (Suomi NPP) satellite. The red rectangular region indicates the chosen TROPOMI scene. The first TROPOMI scene observed a part of Atlantic ocean near West Africa with latitudes between 10.0 and 12.0°N and longitudes between 22.0 and 24.0°W. The second TROPOMI scene detected a desert dust aerosol case over the Sahara with latitudes between 12.0 and 21.0°N and longitudes between 16.0 and 20.0°W.
[image: Figure 10]FIGURE 10 | VIIRS true-color images on June 22, 2018 (A) and June 6, 2020 (B). The red rectangular region displays the chosen TROPOMI scene.
Table 1 describes the TROPOMI O2 A-band measurements and the input parameters for retrieval. The aerosol models “MODABS” and “DUST” from Set II were selected for the retrieval of the two scenes, respectively. The cloud parameters were taken from the operational TROPOMI cloud products (OCRA/ROCINN) whose retrieval algorithms were described by Loyola et al. (2018). Inaccuracy in surface properties could play a crucial role in retrieval, as discussed in Section 3.2. Instead of fitting it as an additional parameter in the state vector or using LER climatologies, the surface albedo was taken from the retrieved GE_LER product. The a priori state xa was updated with the retrieval from the previous processed pixel.
TABLE 1 | Spectral characteristics of TROPOMI O2 A-band measurements and the main input parameters for retrieval.
[image: Table 1]We removed pixels with a cloud fraction greater than 0.15 that ensures a sufficient number of valid retrievals without significant cloud contamination. The pixels with the TROPOMI UV aerosol index below 0.0 were not processed. The maximum SZA for processing was 75°.
The inversion calculation carried out by the computer code (yet to be optimized) typically converges in less than five iterations. This translate to a 2–3 min processing time of one pixel on an up-to-date desktop. The retrieval results of ALH and AOD for the two selected TROPOMI scenes are plotted in Figures 11, 12, respectively, which seem to capture the spatial patterns seen from Figure 10 under different aerosol loading scenarios. The retrieved ALH on June 22, 2018 looks higher in the south, and the lowest values of ALH can be found in the northeast where the highest values of AOD are located. Due to heavy cloud contamination on June 6, 2020, a small number of valid pixels were processed. Nevertheless, the spatial distribution of desert dust aerosols is well described by the retrieved aerosol parameters. For reference, the operational retrieval products processed by KNMI were plotted in the bottom row of Figures 11, 12. As compared to the operational products, our retrieved aerosol parameters capture nearly the same spatial pattern and the ALH results are slightly underestimated. However, our retrieved AOD values seem evidently lower than the operational ones. Different surface albedo data and aerosol microphysical properties used in the two retrieval algorithms are possibly the main factors explaining these discrepancies. A comprehensive validation is needed in the future.
[image: Figure 11]FIGURE 11 | Retrieved ALH and AOD for TROPOMI scene on June 22, 2018 between our results (A) and the operational product (B).
[image: Figure 12]FIGURE 12 | Retrieved ALH and AOD for TROPOMI scene on June 6, 2020 between our results (A) and the operational product (B).
Table 2 lists the propagated retrieval error with taking into account the most important error sources that are figured out in Section 3. According to a thorough comparison with the OMI LER for clear sky scenarios (Loyola et al., 2020), an error of 0.01 was added to the original values of surface albedo from GE_LER, causing a mean bias of 0.130 3 km and 0.091 8 on the retrieved ALH and AOD, respectively. For wavelength calibration, we computed the effect of a shift of 0.007 nm in the nominal wavelength grid for the radiance (with the spectral bin size is 0.10 nm). A mean bias of 0.079 3 km and 0.003 0 on the retrieved ALH and AOD was achieved. Please note that a wavelength shift of 0.007 nm in the case of TROPOMI is already quite large and used here as a conservative estimate.
TABLE 2 | Bias of ALH and AOD due to errors in surface albedo and wavelength calibration.
[image: Table 2]Figure 13 compares the observed and modeled reflectance spectra on June 22, 2018 (top row) and June 6, 2020 (bottom row). The modeled reflectance spectra were simulated with the retrieved aerosol quantities after convergence. We randomly chosen four pixels with converged retrieval runs from each scene. The relative residuals turn out to be higher near 760 nm where the reflectance is rather low. For all pixels, the simulated and observed reflectance spectra reach a good agreement, providing an evidence of an overall good fit.
[image: Figure 13]FIGURE 13 | Observed and modeled reflectance spectra for four random TROPOMI ground pixels on June 22, 2018 (A) and June 6, 2020 (B).
5 CONCLUSION
A conventional retrieval algorithm for hyperspectral satellite remote sensing that meets the scientific requirements should enable efficient radiative transfer calculations and reliable inversion computation. We have developed an aerosol retrieval algorithm for estimating aerosol parameters (ALH and AOD) from the O2 A-band of TROPOMI onboard the S5P satellite. The key objective of this study was to investigate the impact of forward and instrument model parameters on the retrieval result. The aerosol model for microphysical properties, solar/viewing geometry, surface properties, wavelength calibration have been taken into account.
Aerosol models play an important role in accurately describing aerosol microphysical properties under various measurement conditions. The forward and retrieval simulations using aerosol models from three sets have been compared for the same aerosol type. An inaccurate aerosol model could have a moderate loss of accuracy of retrieved aerosol parameters. Choosing an appropriate aerosol model would be useful in the operational data processing. However, this is not an easy job since for a given measurement it is likely that not just one aerosol model delivers the good fit. Rao et al. (2021) have developed an optimized model selection schemed based on the Bayesian approach and are currently validating its applicability to the real TROPOMI measurements.
As expected, an error of the surface albedo can contribute largely to the accuracy of aerosol retrievals, particularly if the surface albedo is around the critical surface albedo. We suggest that the GE_LER product can be employed instead of LER climatologies based on low-resolution measurements or fitting the surface albedo simultaneously.
The solar and viewing zenith angles represent the solar and viewing geometry and their accuracy are important to the retrieval accuracy as well. An enhancement in the retrieval algorithm is needed particularly when dealing with satellite measurements at higher SZAs. Another instrument parameter worthy of attention is the wavelength uncertainty. The wavelength shift can potentially deteriorate the quality of the retrieved parameters (particularly of ALH), although it may have a minor impact on the fit residuals.
Retrievals using real TROPOMI O2 A-band data recorded on June 22, 2018 and June 6, 2020 have been performed. The retrieved aerosol parameters resemble both aerosol loading scenarios identified in the VIIRS images and the simulated spectra well approximate the observed ones, that have proved the application feasibility of the algorithm itself. Inaccurate surface albedo was supposed to be the most important error sources in practice and reliable measurements of surface albedo are required.
The future work will focus on a comprehensive global/regional validation with other satellite-based (e.g., CALIPO) and ground-based measurements. For efficiency purposes, the development of a retrieval framework using machine learning techniques is ongoing.
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