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Abstract

:

BRDF estimation aims to characterize the anisotropic behaviour of the observed surface, which is directly related to the type of surface. BRDF theoretical models are then used in the normalization of the satellite-derived observations to virtually replace the sensor at the nadir. Such normalization reinforces the homogeneity within and between satellite-derived time series. Nevertheless, the inversion of the necessary BRDF parameters for the normalization requires the implementation of robust methods to account for the noise in the Level 2 surface reflectances caused by the atmospheric correction process. Here, we compare normalized reflectances obtained with a Kalman filtering approach with i/the classical weighted linear inversion and ii/a normalization performed using the coefficients of the NASA-MODIS BRDF MCD43A1 band 2 product. We show, using the RadCalNet nadir-view reflectances, that the Kalman filtering approach is a more suitable approach for the Sen2Cor level 2 and the selected sites. Using the proposed approach, daily global maps of land surface BRDF coefficients and the derived normalized Sentinel 2 reflectances would be extremely useful to the global and regional climate modelling communities and for the world’s cover monitoring.
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1. Introduction


As part of the Copernicus program of the European Commission (EC), the European Space Agency (ESA) has developed and currently operates the Sentinel-2 (S2) optical missions, currently designed as a constellation of two satellites to improve revisit and global coverage from 10 to 60 m resolution, depending on the spectral bands [1]. Today, the S2 mission is the most commonly used mission among the S2 missions [2]. From Level 0 to Level 2, many complex models are involved in the retrieval of from Top Of Atmosphere (TOA) to Bottom Of Atmosphere (BOA) signals [1]. Validation of the Level 1 TOA [3] and the Level 2 BOA estimates [3] is a major topic when ensuring that the activities of the mission address the initial requirements. Such validation processes involve in-situ data or Fiducial Reference Measurements (FRM) [4] that represent “truths” to be targeted by the Level 1 or Level 2 products studied. The Mission Performance Centre (MPC), as part of the European Space Agency’s S2 ground segment, operationally carries out the routine S2 calibration and validation activities and investigates potential tracks for improvement, as explored in this paper.



At present, the ESA’s official S2 level 2 surface reflectances are delivered by the Sen2Cor processor [5]. Sen2cor’s surface reflectances are currently not normalized, i.e., they are still in the sensor-viewing geometry. The context of the European Copernicus Program requires a reliable and comparable long-term time series of surface products that are acquired using different sensors and conditions of acquisition. The international community also works to harmonize the acquisitions between sensors, and, among them, the CEOS Analysis Ready Data for Land (CARD4L) proposes specifications to be shared between data producers for harmonizing the Level 2 Surface Reflectance [6].



More specifically, the goal here is to propose a robust method to estimate the Bidirectional Reflectance Distribution Function (BRDF) from Sen2Cor reflectances, which will be used for the normalization to ensure a more consistent time series. The Kalman Filter (KF) presented in this study is a similar technique to the assimilation [7], one that is particularly dedicated to the estimation of parameters in noisy datasets [8]. This method, which is widely used for a large number of applications, consists of recursively updating the model variables each time new observations are available. In the absence of new observations, typically for the cloudy conditions often observed in optical sensors such as S2, the KF state vector is propagated using a time-evolving model.



In this paper, we examine the BRDF parameter estimations using two methods, a classical weighted linear inversion as implemented by NASA for the Moderate Resolution Imaging Spectroradiometer mission (MODIS) [9] and the Kalman filtering approach. After the BRDF parameter estimation, the Sen2Cor reflectances are normalized, i.e., estimated for the sensor position at (here) the nadir using the estimated BRDF coefficients. To complement these two approaches, we use the MCD43A1 BRDF parameters estimated for the Band 2 of MODIS [10]. The MODIS Band 2 is spectrally close to the S2 band B8A, and can thus be used for normalizing S2 data for this band, assuming that the surface is homogeneous over the 500 m resolution MODIS pixel used. We then validate the tested models against the in-situ RadCalNet data [11]. Our approach is motivated by our ultimate objective which is to derive robust BRDF coefficients and normalized reflectances from noisy observations and minimize the biases and the uncertainties compared with the RadCalNet reference validation dataset.




2. Materials and Methods


2.1. Satellite Level 2 Products Using Sen2Cor 2.09


Sen2Cor is the Level 2 processor provided by ESA to correct Level 1 from the atmospheric signal [12,13]. The outputs of the Sen2Cor processor are surface reflectances, aerosol optical thicknesses at 550 nm (AOT550) and water vapor (WV) concentrations. The atmospheric correction is performed using a set of Look-Up tables generated via libRadtran [14]. In summary, some LUTs model the atmospheric signal. AOT550 is computed using the Dark & Dense Vegetation assumption (DDV, [15]), i.e., a spectral model that uses, in this case, B04 and B12. In the atmospheric correction process, firstly, the signal is corrected from the gaseous transmittances,    T  g a z    λ   . Then, from the AOT550, the atmospheric total (diffuse + direct) transmittances    T  u p    λ    &    T  d o w n    λ    are computed and the surface reflectance    ρ  s u r f    λ      is obtained using the following observation model (the term to be estimated is in bold, i.e., the spectral surface reflectances):


   ρ  T O A    λ  = [  ρ  p a t h    λ  +   ρ  λ    1 −  S  a t m    λ  ρ  λ    ∗  T  u p    λ  ∗  T  d o w n    λ  ] ∗  T  g a z    λ   



(1)







In Equation (1),    S  a t m    λ    is the spherical albedo.    ρ  p a t h    λ    is the combined Rayleigh and aerosol reflectances. In Sen2Cor, the used pressure is proportional to the altitude [12]. As the surface BRDF is not modelled in the used LUT by Sen2Cor, to uncouple the surface from the atmospheric signal [16], an isotropic assumption of the surface signal is performed, i.e.,    L  s u r f    λ  =  ρ  s u r f    λ  / π   [12]. The Sen2Cor processor requires that auxiliary files [5] and a Digital Elevation Model (DEM) be installed (SRTM [17]). More details on the Sen2Cor processor are provided in [5].



The level 2 time series are processed at 20 m resolution using the Level 1 tiles that were downloaded from the ESA facilities and the Sen2Cor processor v2.09. A 3 ∗ 3 pixel box is considered for the matchups to cover the surface observed in-situ by the sensor. Cloud and cloud shadows are filtered, and the satellite minus in-situ time difference is taken to be lower than 30 min.



We consider here both the S2A and S2B datasets from 2016 to 2020 without differentiation, as the geometry of acquisition (relative orbits) for S2A and S2B is the same. It also allows for more observations in time for the BRDF parameter estimations.




2.2. In-situ Surface Reflectances from the RadCalNet Network


RadCalNet dataset provides in-situ surface reflectances at nadir over a spectral range from 400 nm to 1000 nm (and up to 2500 nm, depending on each site’s instrumentation) at 10 nm spectral resolution [11]. These datasets are used intensively for satellite sensor validation [18]. Three RadCalNet sites are used in this study: the La Crau site in France, the Gobabeb site in Namibia and the Railroad Valley site in the US. The La Crau site shows moderate vegetation (grass) during winter and spring, while it tends towards semi-arid soil surfaces in summer. Gobabeb and Railroad Valley are typical flat deserts, bright targets homogeneous in time. RadCalNet in-situ measurements are derived from a Cimel CE-T312 photometer at La Crau and Gobabeb that can target either the sky or the surface to derive the atmospheric components and the surface BRDF [11]. At Railroad Valley, a ground-viewing radiometer (GVRs) with 8 bands is used [19]. The surface reflectances for the RadCalNet sites are normalized for nadir view using the estimated local BRDF model derived with the in-situ data.



Figure 1 shows the geometry of acquisitions for the S2 A&B over the three RadCalNet sites studied. In Figure 1, thetas is the sun zenith angle, thetav is the viewing angle and dphi is the relative azimuth angle (see [20] for the definition of the angles). At Gobabeb and La Crau, the S2 A&B viewing angles are low, with a maximum of 4° and 7.5° respectively (Figure 1, in green), making the normalization process less important than for other sensors with larger viewing angles.



At Railroad Valley, the viewing angle reaches 11.4° for the orbit 127. Among the in-situ data available from RadCalNet, we use the normalized (nadir viewing) surface reflectance    ρ  s i t u N      (λ), the Aerosol Optical Thicknesses at 550 nm (  AOT   550   s i t u   )   and the surface pressure.




2.3. BRDF Models and Reflectance Normalization


The normalization of the surface reflectances requires the use of a BRDF model describing the surface reflectance anisotropy. It is now commonly admitted that the BRDF can be represented with good accuracy by using a kernel-based semi-empirical model, which describes the reflectance as a sum of three angular kernels, Ki, weighted by the coefficients Fi:


  BRDF    θ s  ,    θ v  , Δ φ , λ     s  r  − 1     =   L u   E d   =   ∑   k = 0  2   F k   λ  ∗  K k     θ s  ,    θ v  , d φ    



(2)







In Equation (2).    θ s  ,    θ v  , Δ φ   are, respectively, the sun, the view and the relative azimuth angles.  λ  is the wavelength. Lu is the upward directional radiance and Ed the irradiance, i.e., the angular integration of the downward luminance Ld over the downward hemisphere (in the case, as for Sen2Cor, of a plan parallel atmosphere model [21]).



For this study, we use the initial BRDF model of Roujean et al. (2002) and the current RossTick-LiSparse (Ross-Li) model used by NASA [22] and [9]. In Equation (2), F0 represents the isotropic part of the reflectance, F1 mimics the contribution of the geometrical effects and F2 stands for the contribution of multiple scatterings.



Nadir-Normalized S2 Reflectances


Normalized reflectances are computed using the estimated BRDF to virtually replace the sensor at nadir. The nadir-normalized reflectances are then directly comparable with the RadCalNet nadir reflectance measurements. The goal of such normalization is also to favour inter-comparisons within and between the satellite time-series that are acquired within different geometric conditions. Finally, with these BRDF parameters, we apply the following equation to derive the nadir-normalized reflectances [23,24].


   ρ N   λ  = ρ   λ ,  θ s  ,  θ v  , Δ φ       B R D F    θ s  =  θ s  ,      θ v  = 0 ,       Δ  φ   = 0     B R D F    θ s  ,      θ v  ,   Δ  φ             



(3)









2.4. BRDF Parameter Estimation Using the Kalman Filter


The Kalman Filter (KF) is a recursive two-step algorithm that provides an estimate, at each time step n, of a state variable, Xn, of a system. It has been designed primarily to monitor processes for which it is crucial to accurately estimate the state of the system in the presence of noisy observations. In the KF, the estimation of the state variable X at time step n − 1 is first propagated in time by a linear temporal state-transition model, namely, the operator F, to obtain the a priori estimate    X n a    for time step n:


   X n a  = F   .    X  n − 1    



(4)







The state vector covariance matrix C, representing the uncertainty on X, is propagated using the equation:


   C n a  = F   .  C  n − 1     .    F T  + Q  



(5)







Q stands for the model noise variance, i.e., the uncertainty of the model compared to the real physical process.



In a second step, measurements (here, the surface reflectances) Z are related to the state variable by the linear relationship   Z = H   .   X + v ,     where H is the observation model (matrix), and v a random white noise of variance R describing the measurement noise. The state vector estimate and covariance are then corrected using:


    X n   =  X n a  +  G n       Z n  − H .  X n a        ;    C n   =   1 −  G n    .  H n       .  C n a    



(6)




where    G n    is the Kalman gain expressed as:


   G n  =  C n a     H T      H    C n a     H T  + R     − 1    



(7)







The Kalman gain is thus a function of the state vector covariance and the measurement noise. In the present study, the state vector  X  is the set of parameters of the BRDF model, i.e., [k0, k1, k2]. The observation matrix for the reflectance is then simply written as H = [1 f 1 f 2 ].



2.4.1. Outlier Removals


One may use the first step of the Kalman filtering to verify if an observation Z, newly acquired at dt, the time step between the new and the latest observation, follows the KF hypothesis. The advantage of the KF, compared to a simple linear regression, is the possibility of detecting the outliers, given the a priori knowledge of the a priori state vector. To ensure the KF hypothesis, the new observation Z must ensure:


      Z − H .  X n a     2  ≤ 4 ∗ d i a g     R + H .  C n a    .  H T       



(8)








2.4.2. Temporal Model


Temporal model of the model noise variance matrix Q is proportional to the state vector, with the off-diagonal elements set to zero. We introduced some variance regarding dt, as the more the gap between the observations increases, the less the latest estimation of X is relevant:


  d i a g   Q     =    X  n − 1          10   − 3   −   10   − 4    ∗ dt   



(9)








2.4.3. Observation Uncertainties


Observation uncertainty covariance matrix    R i    for observation i is set to be proportional to the reflectance level:


   R i   λ  =     0.05  ρ i   λ  +  R 0     2   



(10)




where    R 0      is set to 3% of the standard deviation of   ρ  λ   , the surface reflectance.





2.5. BRDF Parameter Estimation Using the Standard Weighted Linear Inversion


The results obtained with the KF are compared to the method used by NASA and MODIS [9], i.e., a standard least square, optimized here using a Bounded Variable Least Squares (BVLS) regression analysis to avoid geophysically meaningless estimates. The method consists of inverting the Equation (2) with the data collected over a sliding temporal window of 30 days. To favor those observations which are temporally close to the studied date, a temporal weighting is performed to give more importance to the data close to the window’s center [9].




2.6. Aerosol and Rayleigh Corrected Sen2Cor Reflectances


The angular kernels K are, by definition, very sensitive to the geometry. In order to unmix the errors performed by the atmospheric corrections from the BRDF estimation & the reflectance normalization, and before the BRDF estimation, we apply an aerosol and Rayleigh correction, given the aerosol loads and the surface pressure measured at the RadCalNet stations. We next use the libRadtran libraries to correct the Sen2Cor estimates, given the in-situ observations. With    ρ  p a t h     being the aerosol and Rayleigh reflectances (including the coupling term [25] between the Rayleigh and aerosols), the error   E  ρ  p a t h     is estimated using:


  E  ρ  p a t h =      ρ  p a t  h  S 2 C     −  ρ  p a t h _ s i t u    



(11)




and the transmittance error is estimated using:


  E T  d  p a t h =     T  d  p a t  h  S 2 C     / T  d  p a t h _ s i t u    



(12)







In the equation above,    ρ  p a t  h  S 2 C       (and respectively   T  d  p a t  h  S 2 C     )     is the path reflectance estimated using the AOT, aerosol model and surface pressure used by Sen2Cor, while   E  ρ  p a t  h  s i t u       is the path reflectance estimated using the measurements at the RadCalNet stations.



Finally, the corrected Sen2Cor surface reflectances are estimated using Equation (1):


   ρ *   λ  = ρ  λ  * E T  d  p a t h   +   E  ρ  p a t h         T  d  p a t h _ s i t u      



(13)







It must be noted that this preliminary correction is not mandatory for BRDF estimation and reflectance normalization. Nevertheless, the normalized reflectances after this step showed better results compared with the in-situ data, exhibiting the importance of this correction.




2.7. Statistical Diagnostics


Qualification of the results is performed using accuracy A and uncertainties U of the estimated normalized reflectances:


  A      ρ *   ^   λ    =  1 n  ∑      ρ *   ^   λ  −  ρ *   λ     



(14)




and


  U      ρ *   ^   λ    =    1 n  ∑        ρ *   ^   λ  −  ρ *   λ     2     



(15)









3. Results


3.1. Estimated BRDF Coefficients


Figure 2 shows the estimated BRDF coefficients at the three RadCalNet stations using the KF and the Roujean Kernels. At Gobabeb, the coefficients are constants in time, while, at La Crau, some seasonal cycles appear. The magnitude and the uncertainties of the estimated coefficients are comparable to those obtained by Samain and Roujean [26] for Bare Lands (Gobabeb-like) and semi-arid open lands, using a similar approach and the SPOT-4 vegetation instrument. At Railroad Valley, a possible scenario to explain the increase in the volume scattering coefficient is an increase in the surface roughness due to a recrudescence of dusts [24].




3.2. Normalized Sen2cor Surface Reflectances Using the Roujean Kernels


In Figure 3 the normalization results are shown in accuracy (biases) and uncertainties for the three RadCalNet sites. At Gobabeb the normalization process tends to minimize the bias. The KF approach shows less bias than the classical linear inversion with the temporal weighting. Uncertainty reductions at Gobabeb are very low because of the very low viewing angle (<4.5°) and the isotropic behavior of the surface (Figure 2).



At La Crau, the aerosol and the Rayleigh correction introduce a minimal bias of 2% for B01 and B02, but they reduce the uncertainties at these bands. At La Crau, the KF reduces uncertainties more than the classical linear inversion, with a mean reduction of 2% for all considered bands.



At Railroad Valley, the initial Sen2Cor products show positive biases from 10 to 20%, depending on the bands. Aerosol and Rayleigh corrections do not correct the observed biases (Figure 3, right). The KF normalization diminishes the uncertainties by 5%, which is the larger of the reductions observed among the three sites. This important improvement in the time series may be due to the fact that the viewing angle for orbit 127 is larger at Railroad Valley, and the surface here is more anisotropic compared with Gobabeb (Figure 2).



The red stars in Figure 3 show the normalization results obtained using the MODIS BRDF MCD43A1 (500 m resolution) BRDF parameters for the MODIS band 2, spectrally close to the S2 B08, applied using the Ross-Li kernels and Equation (3). S2-normalized reflectances at Gobabeb using these coefficients show some slight positive biases of 5% and are in agreement with our estimates at La Crau and Railroad Valley. The results for uncertainties are worse when compared with our approach, with some uncertainty levels of 3, 11 and 19%, respectively, for Gobabeb, La Crau and Railroad Valley. These results show that our approach performs better for the S2 B08 than the direct application of the MODIS-estimated BRDF parameters.




3.3. Normalized Sen2cor Surface Reflectances Using the Ross-Li Kernels at Railroad Valley


In Figure 4, the normalization results using the Ross-Li Kernels for the Railroad Valley site are shown. Both the weighted linear inversion and the KF introduce some positive biases, and the KF approach shows lower bias than the classical weighted linear inversion. With the exception of B01, uncertainty reductions are larger using the KF filtering compared to the weighted linear inversion. Note that, for the La Crau and Gobabeb sites, the results (not shown) also clearly showed lower performances compared with the Roujean kernels.




3.4. Spatial Distribution of the Estimated BRDF Coefficients for La Crau and B8A


Figure 5 shows the estimated coefficients at La Crau for the 20200815 using four images: 20200731, 20200805, 20200807 and 20200815. While the isotropic coefficients are comparable for the KF and the weighted linear inversion (Figure 5, left) it is clear that the geometric and the volume scattering coefficients estimated using the KF are spatially smoother. The linear inversion, even if bounded or constrained (BVLS, [27]), shows spatial discontinuities in the estimations. This is caused by the high sensitivity of the used BRDF model to the noise in the observations. This topic is particularly well addressed by the Kalman filtering approach.





4. Discussion


To our knowledge, this study is the first to normalize S2 Sen2cor reflectances using a Kalman filtering approach. Here, we show that the BRDF models used are very sensitive to the noise measurements. The atmospheric correction process performed to retrieve the surface reflectances, used as input of the BRDF estimation, introduces itself some noise. The use of the Kalman filtering, robust to the noise, allows for the retrieval of more consistent and reliable BRDF parameters. Conversely, the use of a classical linear inversion (OLS, or constrained-bounded version BVLS) often leads to spatial and temporal discontinuities in the estimated geometric and volume-scattering coefficients. These inversion issues were more visible when looking at the estimated BRDF coefficients. In the case of a classical linear inversion being used, the BRDF coefficients may not have any geophysical reality. These issues may not appear while checking only the differences between the estimated normalized reflectances and the RadCalNet data. This is caused by i/ non-homogeneous BRDF coefficients in time and space, which may lead to reliable normalized reflectances and ii/ the close to nadir position of the S2 sensors with, most of the times, a viewing angle lower than 10°. In the case of S2, the simulation of the nadir position of the sensor is by definition often close to the non-normalized estimates.



In any case, the KF approach showed better results in terms of the biases and uncertainties than the classical weighted linear inversion at the three selected RadCalNet sites of Gobabeb, La Crau and Railroad Valley. Regarding the BRDF kernels that were used, the Roujean kernels performed better than the Ross-Li kernels at the RadCalNet sites. This might be caused by the difference in definition of the volume scattering coefficients between the two models. For other types of surfaces (typically forests) that are not addressed by the RadCalNet sites studied here, these results may change.



Compared with the direct use of the MODIS MCD43A1 (500 m resolution) BRDF parameters, normalization results for bands B08 showed great improvements using the Kalman filtering approach, especially for uncertainties. This stresses the need to estimate dedicated BRDF parameters using the S2 data.



Further improvements to the approach may involve more complex temporal models for the Kalman filtering, introducing, for example, some external classifications. The proposed approach provides currently potential improvements for S2 and the possibility of delivering reliable BRDF coefficients at global scale. The provision of daily global maps of land surface BRDF coefficients and the derived normalized S2 reflectances with such an approach will be extremely useful to the global and regional climate modelling communities and the world cover monitoring. It also allows for potential improvements for other current surface albedo products, either those derived from the geostationary MSG (Meteosat Second Generation) or the sun-synchronous S3 (Sentinel 3), Landsat (Land Remote-Sensing Satellite), MODIS and PACE (Plankton, Aerosol, Cloud, ocean Ecosystem) missions. The approach can also be applied to other related biophysical variables such as the Leaf Area Index (LAI), the fraction of vegetation cover and the fraction of Absorbed Photosynthetically Active Radiation (FAPAR). The proposed work also contributes to the future use of assimilation techniques, typically ECMWF (European Centre for Medium-Range Weather Forecasts) products, to enhance the satellite-derived estimates. In a larger vision, any inversion using satellite reflectance observations could take advantage of the KF approach proposed here, including the atmospheric correction itself. In the case of the atmospheric correction that relies on non-linear functions, the Extended Kalman Filter will have to be used [28].



Thus, the implementation of the KF technique in the official processing chains would participate constructively with the European Space Agency’s (ESA) Calibration/Validation Strategy to create continuous time series and increase the inter-sensor’s interoperability in the optical domain [29].
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Figure 1. Geometry of acquisition for the S2A&B at the three selected RadCalNet sites. Left, Gobabeb is observed only on the orbit 107. Middle, La Crau is observed on both orbits 8 and 108. Right, Railroad Valley is observed on orbits 27 and 127. 
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Figure 2. Time series of BRDF cefficients using the Roujean Kernels and the Kalman filtering approach, and related uncertainties for each parameter. 
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Figure 3. Statistical assessment of normalized Sen2Cor reflectances vs. in-situ data using the Roujean Kernels. Top, accuracy (biases) and bottom, uncertainties. The red stars correspond to the normalization results obtained using directly the MODIS band 2 BRDF MCD43A1 (500 m resolution) parameters and the related Ross-Li kernels. 
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Figure 4. Statistical assessment of normalized Sen2Cor reflectances vs. in-situ data using the Ross-Li kernels at Railroad Valley. Left, accuracy (biases) and right, uncertainties. The red stars correspond to the normalization results obtained using directly the MODIS band 2 BRDF MCD43A1 (500 m res.) parameters and the related Ross-Li kernels. 
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Figure 5. BRDF coefficients k0 (isotropic, top), k1 (geometric, middle) and k2 (volume scattering, right) at La Crau for the S2 B8A image of the 20200815 obtained using the Kalman filter (top) and the classical weighted linear inversion (bottom). 
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