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Abstract

Mitigating the impact of atmospheric effects on optical data is
a critical for monitoringland processes. Consistent approaches to
different sensors, which also quantify uncertainty, are required to
combine surface reflectance observations from heterogeneous

sensors. This paper provides a sensor agnostic approach to

atmospheric correction, called SIAC. It exploits operational global
datasets on (i) coarse resolution spectral surface bi-directional
reflectance distribution function (BRDF) and (ii) coarse resolution
atmospheric composition. The method infers aerosol optical
thickness (AOT) and total columnar water vapour (TCWYV) from

top of atmosphere (TOA) reflectance observations, using a

Bayesian framework that exploits the MODIS MCD43 BRDF
descriptor product and the Copernicus Atmosphere Monitoring

Service (CAMS) operational forecasts of AOT and TCWYV to

provide an a priori estimate. Spatial smoothness constraints are

assumed for AOT and TCWYV, and efficient statistical

approximations (so-called emulators) to atmospheric radiative
transfer (RT) codes are used to efficiently invert the parameters.
BRDF descriptors are used to provide an estimation of surface
directional reflectance (SDR) at a coarse resolution, and linear

spectral mappings to convert to the target sensor spectral

configuration. The method is demonstrated on Sentinel 2 and
Landsat 8 data. AOT retrieval for both S2 and L8 shows a very
high correlation to AERONET estimates (r2 > 0.9, RMSE < 0.025
for both sensors), although with a small underestimate of AOT.

TCWYV is accurately retrieved from both sensors
(r>>0.95, RMSE < 0.02). Comparisons with in situ surface
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reflectance measurements from the RadCalNet network show
that the proposed method provides accurate estimates of surface
reflectance across the entire spectrum, with RM SE mismatches
with the reference data between 0.005 and 0.02 in units of
reflectance, both for Sentinel 2 and Landsat 8. For
near-simultaneous Sentinel-2 and Landsat-8 acquisitions, there is
a very tight relationship (2 > 0.95 for all common bands)
between surface reflectance acquired from both sensors, with no
negligible biases.

Keywords — Atmospheric correction; Sentinel 2; Landsat 8;
Analysis-ready data ; Inverse problems

1 Introduction

Satellite observations of the land surface have long been used to
provide objective and reliable information about Earth system
processes and to enhance predictions of the evolution of important
variables related to climate, land surface and hydrological processes
(CEQOS, 2013; Pfeifer et al., 2012). Land surface reflectance is the most
fundamental magnitude used to infer land surface processes, but
satellite measurements are contaminated by the inevitable influence of
atmospheric processes, such as the scattering and absorption of
radiation by clouds, aerosols and gases. It is important to be able to
compensate or correct for these atmospheric effects to produce a record

of surface reflectance (Fraser and Kaufman, 1985; Vermote et al., 1997).

Further interpretation of land surface reflectance requires not only an
accurate estimate of this magnitude, but also consistency between
different data products, and uncertainty information on the quality of
the corrected surface reflectance (Doxani et al., 2018; Wulder et al.,
2015).

Over the last few decades, a number of techniques have been
introduced to perform atmospheric correction. These range from
simple empirical methods to methods that aim to use physical models
to understand the physical processes that affect photons in the
atmosphere. An early method for atmospheric correction is the dark
object subtraction (DOS) method (Chavez et al., 1996): under the
assumption that for very dark areas, the measured radiance is equal to
the path radiance. This path radiance can then be subtracted for all
other pixels in the image. The main assumptions are that the path
radiance is constant across the image and that there are no multiple
scattering effects (Ju et al., 2012). Improving on this, methods based on
the presence dark dense vegetation (DDV) patches (due to strong
absorption in the visible region of the spectrum, regions with dark
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dense vegetation appear very dark) (Kaufman et al., 1997; Vermote

et al., 1997; Remer et al., 2005; Levy et al., 2007b,a). For these areas, an
empirical relationship between the surface reflectance in the SWIR
region (e.g. around 2100 pm and reflecance in the blue and red bands
is used to provide an estimate of surface reflectance in the visible part
of the spectrum. These estimates are then used to invert the 6S
(Vermote et al., 1997) radiative transfer (RT) model and provide an
estimate of the main atmospheric effects affecting most multi-spectral
sensors: aerosol optical thickness (AOT), total columnar water vapour
(TCWV) and total columnar ozone (TCO3). Once these atmospheric
constituents are known, their effect can be removed from the top of
atmosphere (TOA) observations. It is worth noting that the LEDAPS
atmospheric correction method (Ju et al., 2012; Masek et al., 2012)
shares a lot with the MODIS atmospheric correction method. The DDV
method has been complemented by the Deep Blue approach of Hsu

et al. (2004, 2013), which is based on a seasonally-resolved global
reflectance database produced by the minimum reflectivity technique
over bright surfaces.

Recently, a number of methods have started exploiting the fact that
the evolution of the land surface properties is slow in the scale of days.
Hence, for two temporally close (e.g. a few days’ difference)
acquisitions (and in the absence of other complicating factors, such as
BRDF effects), the changes in TOA reflectance are due to differences in
atmospheric composition. Liang et al. (2006) developed an algorithm
based on this idea. Comparisons of retrieved AOT with in situ
AERONET measurements showed good agreement. A more
sophisticated method was developed in (Lyapustin et al., 2011a,b,
2012). Lyaputsin’s method relies on the use of semi-empirical linear
kernel models to model angular effects over short temporal periods.
Hagolle et al. (2015) used empirical linear relationship between
spectral bands to get the surface reflectance at visible bands, and a
temporal constrain is also used under the concept of relative invariant
surface reflectance mentioned above. As the method is used for high
spatial resolution images (e.g. Landsat or Sentinel-2), the presence of
clouds can result in consecutive observations been temporally far apart,
which will hamper the proposed method. The method of Guanter et al.
(2007) uses a linear combination of spectra to predict the surface
reflectance, and then uses a look-up table to perform the inference of
atmospheric composition parameters. Finally, the CISAR method of
Luffarelli et al. (2017) uses a Bayesian optimal estimation (OE)
framework which exploits the slow changes in the land surface, as well
as other sources of prior information, to correct PROBA-V observations.

The two recently launched Sentinel 2 (S2) (S2A and S2B) satellites
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by European Space Agency (ESA) together with the Landsat 8 from the

National Aeronautics and Space Administration (NASA) and U.S.

Geological Survey (USGS) provide moderate-to-high spatial resolution

(10 m—30 m) multi-spectral satellite images under free and open data
policy. Several atmospheric correction schemes have been developed

for different applications (for a complete review, please refer to Doxani

et al. (2018)), but most have been generally developed with a single

sensor in mind, hence limiting the consistency between surface

reflectance derived from S2 and L8. Also, only limited attention has

been provided to uncertainty quantification.

The methods proposed for atmospheric correction previously aim to

simplify the surface-atmospheric coupling by using some known

properties (e.g. correlations between reflectance on different bands

over known targets, previous observations, linear models, ...) to

prescribe or approximate the land surface reflectance in the visible
bands (where aerosol effects are dominant). With this expectation of
surface reflectance, a RT model is then used to forward model the

surface reflectance to TOA reflectance as a function of aerosol
abundance. This last step is usually accomplished by means of a

look-up table. Other important absorption gases (e.g. TCWV, TCO3)

are sometimes prescribed from re-analysis data (e.g. Masek et al.

(2012)). Additionally, most methods exploit the observation that most
atmospheric constituents have large (~ 10s of km) correlation lengths,
usually by assuming atmospheric composition constant over several

pixels.

This contribution builds on the previous efforts to develop a method

that is designed to provide consistent estimates of land surface
reflectance from different high resolution optical sensors. The

proposed method exploits the opportunities offered by new data sets

describing the spectral land surface anisotropy over global scales

at

moderate resolution (for example, the MODIS MCD43 product from
Schaaf et al. (2002); C. Schaaf (2015)), as well as predictions of aerosol
abundance and type, as well as other atmospheric gas concentrations
operationally provided by services such as the Copernicus Atmosphere

Monitoring Service (CAMS, ) (Eskes et al., 2018). These two sources of

information are in effect used as a priori distributions in a Bayesian
inverse problem set-up (Lewis et al., 2012; Gémez-Dans et al., 2016).

The aim of this problem is to infer the a posteriori distribution of

atmospheric composition inverting an atmospheric RT model. The

Bayesian approach inherently deals with input data uncertainty

(Gorronio et al., 2018) and prior parameter uncertainty, providing an

estimate of surface reflectance uncertainty. For the sake of
computational efficiency, emulators, fast surrogates to complex
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numerical models (Gomez-Dans et al., 2016) are used instead of the
full RT model.

In this paper, we present the theoretical underpinnings of the
method, implementation and provide a demonstration on S2 and LC8

data. The method is validated on the basis of comparisons of AOT with

in situ AERONET measurements, comparisons of retrieved surface
reflectance with in situ RadCalNet measurements, as well as
comparisons of surface reflectance between S2 and LC8.

2 Method

2.1

General description of the proposed method

As outlined in the Introduction, we propose using a spectral BRDF
descriptor dataset that describes the land surface anisotropy as well as
a prior estimate of atmospheric composition to solve an inverse
problem. The method has the following steps:

1.

Use the BRDF descriptors data set to provide an expectation of
the surface reflectance at the target sensor acquisition geometry

at coarse resolution and in the BRDF descriptor bands

. Using a set of linear transformations, convert the predicted

surface reflectance from the previous step to the target sensor
spectral bands. At this stage, we have an expectation of surface
reflectance for the target geometry and spectral bands at coarse

resolution.

. Under the assumption of very strong correlation between the

bottom and top of the atmosphere reflectances infer an empirical
point spread function (PSF) model by maximising the correlation
between TOA reflectances convolved with a Gaussian PSF and the

BOA coarse resolution expectation.

atmosphere using a suitable RT model and estimates of
atmospheric composition. These can be compared with the

. At this stage, we can map the surface reflectances to the top of the

measured target sensor TOA reflectances convolved with the

empirical PSF.

. Exploiting the CAMS data as a prior distribution, we build an

inverse problem to solve for AOT, TCWV and TCO3. Further,
spatial regularisation is used to under the assumption of smooth

variation of atmospheric composition parameters.
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The previous steps result in a complete inference on the a posteriori
joint pdf of the atmospheric parameters, which can then be used to

correct the original TOA reflectance data using the Lambertian
surface-atmosphere coupling assumption.

2.2 Spectral mapping

Spectral correlation over most natural surfaces suggests that

transformations between different spectral domains are possible.

In

Liang (2001), a set of linear transformations are used to transform from
narrowband (sensor) bands to broadbands. We extend this idea to map

MODIS, Sentinel-2 and Landsat bands by the using of linear model. A

database of spectra from the ESA ADAM project (Muller et al., 2013)
are used as an input to infer the transformations. For each sensor, the

spectra are convolved with the relative spectral response (RSR)

functions. This produces sets of the same spectra as observed with

different sensor spectral properties. A linear mapping between pairs of

sensors is then obtained from these data. This conversion matrix can be

used to convert measurements acquired with one sensor spectral
sampling to another sensor bands. As the mapping is linear,
uncertainty propagation is well understood.

In more detail, if the full spectral data are given by p(Ar), one can

model an arbitrary sensor band A, just by muliplying the full
spectrum by the relevant RSR function:

p(Am) = p(Ap) X RSR(Ay)

Stacking all the database predictions from sensor s1 in a matrix X;q,

(1)

and doing the same with database predictions from another sensor s2,

a linear model can be written as

A

Xs1° P =Xs2

The solution of this is well known

B=(X5 'Xsl)_l -Xs2

The prediction of a new sample in s2 bands when the sample
spectrum is known in the s1 bands is given by

XsZmew = Xsl,new : ﬁ

(2)

(3)

(4)

In order to assess the uncertainty of the mapping, we can calculate

the covariance matrix of the mapping as

V(XolXe1) = ) V(X —Xa - f)?

(5)
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Finally, we can calculate the predictive uncertainty as

-1
\4 (Xs2,newlxsl,new) =V (Xs2|Xsl) : (1 + Xs1 new * (X;rl : Xsl) : XT

slmew)
(6)
For simplicity, we assume the predictive uncertainty covariance
matrix to be purely diagonal.

0'2 = diag (V (st,newlxslmew)) (7)

2.3 Point Spread Function (PSF) modelling

Due to the big differences in the spatial resolution between the MODIS
(500 m) and S2/LC8 (10.20 m and/or 30 m) the measured reflectance
values from them can not be directly compared. We model the MODIS
data effective PSF, and use this to convolve the high resolution data in
order to make it comparable with the MODIS products. Ideally, the
MODIS cross track direction PSF is triangular and rectangular in along
track direction, (Tan et al., 2006; Schowengerdt, 2006), as a result of

optical PSF,p;, detector PSF;,;, image motion PSF;,,, electronics PSF,;.

PSFye1(x,y) = PSFqpt * PSF o1 * PSFiy + PSF, (8)

As we are using the MODIS MCD43 BRDF products to simulate the
surface reflectance, which is a composition of 16 days measurements
from different angles with different scanning geometry, the equivalent
PSF (ePSF) is estimated by assuming it is a two-dimensional Gaussian
(Kaiser and Schneider, 2008; Duveiller et al., 2011; Mira et al., 2015) in
along track and cross track directions, shown in Figure 1.

(x+ Shift,)>? ) ' exp[_(y + Shifty)Z) o)

ePSF(x,y) = exp (— 52
X

203,2

Where o, and oy, are the standard deviation of Gaussian function
expressed over satellite image pixels unit, Shift, and Shift, represent
the shifts in along and cross directions. According to (Duveiller et al.,
2011; Capderou, 2005) there is also an angular deviation between the
satellite orbit and the true north, which is given by:

._ 1 2
tan 0 < <08 (1/x)cos” ¢

. (10)
cos? @ —cos?i
Where 0 is the angular deviation, 7 is the inclination angle, ¢ is the
latitude and « is the daily recurrence frequency. Then the rotation
matrix (Rg) is:
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0.8

= r0.6
)
&
=
r0.4
r0.2

Figure 1. A typical MODIS ePSF on the spatial resolution of S2, i.e. unit
of 1 represent 10 m on the X-Y plane, and it follows the same notations
as in Equation 9-11. The shaded area on the two sides represent the
Gaussian functions used for x and y directions, with 1 o shown with
vertical dash lines.

0= (11)

cos@ —sinf
sin@ cos0O

At this stage, it is possible to arrive at an expression that will allow
the comparison of the high resolution TOA reflectance with the coarse
resolution predictions of surface reflectance obtained from the MCD43
product propagated through the atmosphere. This step is a
fundamental stage in defining how the proposed method solves for
atmospheric composition, and the equality requires that the high
resolution data (S2/L8) are convolved with the ePSF. Given the
disparity of spatial resolutions, the S2/L8 PSF effect is neglected.

Proasimu (Xm Vs A Q) = proa (%9, 4,0, Q)+ (Rg - ePSF(x,9))  (12)

where P04 simu (xm,ym, /\,Q,Q/) is the simulated specific band (1)
TOA reflectance value at MODIS resolution (x,, and y,,) at S2/L8
scanning geometry ({2 and Q/) and pyo, (x,y, /\M,Q,Q/) is the S2/L8
TOA reflectance. Making use of Eq. 4, we can convert the S2/L8
spectral bands to MODIS bands:

Ptoa_simu (xml Vmo /\Mr Q! Q’) = ptoa,pred (xm' Vmo /\1 Q'Q,) : ﬁ (13)
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The definition of pyy4 pred, the predicted TOA reflectance propagated
through the atmosphere with an atmospheric radiative transfer model
f is given by

Ptoa_pred (xm; Ymr /\M;QIQ/) = H(ppred (xmr Ymr /\M,Q,Q/)) (14)

In this study, H(-) is the 6S model from Vermote et al. (1997)

2.4 Atmospheric effects modelling and estimation of
ePSF

Assuming a Lambertian homogeneous surface with surface reflectance
at sea level altitude (Gémez-Dans et al., 2016; Guanter et al., 2009;
Vermote et al., 1997), the coupling of surface and atmosphere can be
written as:
PE.T;

p+n(1—5p) (15)

Where Lyoq, Ly, p, Eg, T; and S are the TOA radiance, atmospheric
path radiance, intrinsic surface reflectance, total radiance reaching
earth surface captured by the image, total transmittance including
upward and downward parts and atmospheric single scattering albedo
coming from the multiple scattering between the earth surface and
atmosphere, individually. Eq. 15 can be expressed in terms of
reflectance as

Lipg =L

ptoa(Q’Q):pp'l' 1-Sp

(16)
where pm(Q,Q’) is the apparent TOA reflectance, p, is the
atmospheric path reflectance. Combining this with Eq. 14, we have that

Ppred (xm; Y /\M; Q, Q,) : Tt(Q,Q,)

1 =S ppred (X Yimr Amr (2, Q')
(17)
It is worth examining the form of Eq. 17 and see the shape of the
relationship between p,,.4 and the associated p;,,. The path radiance is
a bias term, whereas the second term in the right hand side of Eq. 17
suggests a non-linear coupling. However, for low to moderate values of
AOT and p.q, this relationship can be very well approximated by a
linear. Over natural surfaces thus, we expect a strong correlation
between p,,.4 and p;o,. Over the near- and short-wave infrared (NIR

Ptoa_simu (xm’ym!/\Mlﬂlg/) =pPpt
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and SWIR) regions, the small effect of aerosols will make the
relationship strongly linear and with a small bias as p, would be very
small.

This expected correlation between top of atmosphere measurements
and bottom of atmosphere predictions allows us to infer the shape of
the effective point spread function by maximising the correlation
between ptoa imu(Xms Y Aswir, 2, Q') (Eq. 12 and the predicted

reflectance ppreq (X, Yy Aswir, 2, Q') from MCD43 in the SWIR region.

Assuming the retrieved ePSF parameters are constant for all bands, the
retrieved ePSF shape is then applied to other bands by simple
convolution. This step provides a linkage between a coarse spatial
resolution of the land surface and the top of atmosphere target sensor
directional reflectance observations.

2.5 Inferring the atmospheric composition

The previous sections detail how the TOA reflectance from the level 1C
S2 or L8 products can be related with an expectation of surface
reflectance at coarse spatial resolution coming from the MCD43
product. The last step is solving for atmospheric composition
parameters. This approach mainly involves modifying the atmospheric
composition parameters assumed for H(-) in Eq. 14 until the
propagated surface reflectance predictions match the TOA reflectance
convolved with the effective PSF, taking into account the uncertainty
of both the TOA measurements and predictions. Under the assumption
of these uncertainties being Gaussian, the log-likelihood function can
be written as a simple cost function

obs

Joss(2) = (R~ H(xlx0) Cl (R - H(xx), (1)

where x is a vector containing the atmospheric composition
parameters (AOT, TCWV, TCO3) over a spatial grid, H is the
atmospheric radiative transfer model, x, are ancillary variables
required to run the model (e.g. target elevation, view and illumination
geometry, and predicted surface reflectance from MCD43. C, is the
covariance matrix that describes the uncertainties on both observations
and predictions. Minimising J,;s as a function of x results in an
ill-posed problem, which can be ameliorated by a Bayesian approach,
where additional constraints on the parameters are included as prior
information (Lewis et al., 2012; Gémez-Dans et al., 2016; Kaminski
et al., 2017).

We focus on two prior constraints: (i) a prior expectation of the
atmospheric parameter distribution from the Copernicus Atmospheric
Monitoring Service (CAMS), and (ii) an expectation of spatial
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correlation of atmospheric composition parameters, which results in
spatially smooth fields of e.g. AOT or TCWV.

The CAMS parameter constraint is encoded as a Gaussian prior
distribution, characterised by a mean vector and a covariance matrix
(assumed diagonal here). The resulting cost function is given by

]prior(x) = %(x - xprior)TC[;rlior(x - xprior)' (19)
The expectation of spatial smoothness is analogous to the
expectation of temporal smoothness shown in Lewis et al. (2012);
Goémez-Dans et al. (2016). Assuming a differential operator D, the
relevant part of the cost function is given by

2

ol () = Z-x (DT D), (20)

which basically encodes that spatial differences among
neighbouring grid cells are normally distributed with zero mean and a
variance given by 1/y2.

Assuming that the two prior constraints are independent, we can
combine them with the log-likelihood to obtain the log-posterior,
which is just given by the sum of Eqns. 18, 19 and 20, J(x). Under the
assumption that the log-posterior is also Gaussian, then the mean of
the posterior is given by value of x that minimises J, and the a posteriori
covariance is approximately given by the inverse of the Hessian at the
minimum point (Lewis et al., 2012)

Cole=HCJIHT+CL +y’DTD.

post obs prior

After solving for the atmospheric composition, the actual
atmospheric correction can be done by applying the solved parameters
to the TOA reflectance on a pixel by pixel basis. In the current version
of SIAC, adjacency and terrain effects are ignored, and the surface is
assumed isotropic, with no correction for BRDF effects.

The posterior uncertainty pertains to the atmospheric composition
parameters, and not to the atmospherically-corrected surface
reflectance, so the uncertainty encoded in Eq. 2.5 needs to be
propagated through a re-arranged version of Eq. 16. This requires
access to the partial derivatives of the different terms in Eq. 16: T}, S
and p, as a function of atmospheric composition parameters.

2.6 Improving the efficiency of parameter inference

The minimisation of | can be performed by using efficient gradient
descent algorithms such as L-BFGS-B (Byrd et al., 1995; Zhu et al.,
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1997). However, these are iterative methods that also require access to
the gradient of J, which requires either numerical approximations or
automatic differentiation of the atmospheric RT model in Eq. 18.
Clearly, the computational cost of solving for atmospheric composition
over an entire S2 or L8 scene, and inferring the atmospheric

parameters at a spatial resolution of approximately 1km, is prohibitive.

Goémez-Dans et al. (2016) uses Gaussian Process emulators to provide a
very efficient approximation to both the 6S RT model, and to its
Jacobian, and demonstrates their successful use in data assimilation
problems similar to the one at hand. The availability of the
approximation to the Jacobian from the emulator is also required for
calculating the uncertainty in the parameters, and its propagation to
surface reflectance. Emulators are also used to perform the final
atmospheric correction on a per-pixel basis.

A second speed-up is obtained by performing spatial convolutions
in the frequency domain. In this study, the discrete cosine transform
(DCT) with a symmetric boundary conditions was used. Finally,
multi-grid methods (e.g. Briggs et al. (2000)) were used to iteratively
provide a more spatially refined solution. This approach greatly
improves convergence rates in the current case, with a large
dimensional state vector, with important correlations between
parameters.

3 Study area and data

3.1 The TOA data

3.2 Sentinel 2 TOA reflectance

Sentinel 2A and Sentinel 2B were launched on 23/06/2015 and
07/03/2017 respectively. A single satellite revisits the equator every 10
days, while a constellation of two satellites achieve a equator revisit
time of 5 days and 2-3 days at the mid-latitude. S2 (s) has 10m, 20 m
and 60 m spatial resolution Multi-Spectral Instrument (MSI), having 13
spectral bands ranging from 443 nm to 2190 nm.

The Landsat project keeps providing the longest temporal record of
moderate resolution multi-spectral data over global earth surface.
Landsat 8 was launched at 11/02/2013, having a global revisit time of
16 days in a 8 days off of Landsat 7. Two push-broom sensors: the
Operational Land Imager (OLI) and the Thermal Infrared Sensor
(TIRS) are mounted to provide multi-spectral and thermal observations
of the earth surface at 30 m and 100 m resolution respectively. OLI has
9 spectral bands, among which band 8 is panchromatic and has a
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Figure 2. From the top to bottom are the MODIS, L8 and S2 relative
spectral response function for each band, and the background is the
atmospheric transmittance processed by 6S with MidlatitudeSummer
atmosphere profile and continental aerosol model with a AOT value of
0.2 at 550 nm.
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spatial resolution of 15m.

In this study, we focus on the L1C Sentinel 2 products and the
equivalent L1C LC8 product as inputs to provide a consistent Level 2A
product for both sensors. Both L1C products provide a projected and
calibrated TOA reflectance dataset. Sentinel 2 products were obtained
from the Copernicus Open Access Hub , whereas the Landsat 8
products were obtained from the USGS. The spectral characteristics of
Sentinel 2 and Landsat 8 are shown in Fig. 2, whereas a description of
the different bands of each sensor is provided in Table 1

3.3 The BRDF descriptor product, MCD43

In this study, the surface BRDF at a coarse resolution is provided by the
Terra and Aqua Combined product MODIS BRDF/Albedo Model
Parameter Product (MCD43A1 in collection 6) (Schaaf et al., 2002;

C. Schaaf, 2015). This product uses the MODIS surface reflectance
product to fit the Ross-Thick/Li-Sparse-Reciprocal (RTLSR) linear
kernel models (Wanner et al., 1997; Lucht and Lewis, 2000; Roujean
et al., 1992; Ross, 1981; Li and Strahler, 1992). Kernel weights are
fitted to all good quality observations within a 16 day temporal
window. Observations temporally far from the center are
downweighted, as are those of lower quality (Wang et al., 2018). This
method is similar to the temporal regularisation introduced in Quaife

and Lewis (2010). The kernel weights (f,-so, fools fgeo) can be used to

predict the surface directional reflectance for an arbitrary
view/illumination geometry given by Q) ()’ (respectively) as
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https://scihub.copernicus.eu/

MODIS Sentinel 2 Landsat 8

Band No.Wavelength (nm)Band No. Wavelength (nm)Band No. Wavelength (nm)

3 459-479 2 457-523 2 452-512
4 545-565 3 542-578 3 533-590
1 620-670 4 650-680 4 636-673
2 841-876 8 784-900 5 851-879
2 841-876 8A 855-875 5 851-879
6 1628-1652 11 1565-1655 6 1566-1651
7 2105-2155 12 2100-2280 7 2107-2294

Table 1. Bands in MODIS, S2 and L8, sharing similar spectral coverage
as shown in Figure 2, and the spatial resolution for MODIS bands are
500m for all the bands expect red and NIR bands, i.e. band 1 and 2
with 250 m. S2 band 2, 3, 4 and 8 are 10 m resolution and band 8A, 11
and 12 are 20 m. L8 has 30 m spatial resolution for all the bands listed
in this table.

P (/\M;C) = fiso (/\M) +fvol (/\M)kvol (Q,Q’) +fgeo (/\M)kgeo (Q,Q/) (21)

In particular, using the S2/L8 sensing viewing-illumination

ge0 (Q, Q') and
kyor (Q,Q/). The kernel weights fis,, fyo1 and f,, are given by the
MCD43A1, and using Eq. 21, one can calculate the apparent surface

directional reflectance for S2 or L8, at a coarse spatial resolution and
on the MODIS spectral bands.

geometries can be used to compute the kernel values k

3.4 ECMWF and AERONET

The European Centre for Medium-Range Weather Forecasts (ECMWF)
produces and disseminates numerical weather predictions and global
reanalysis meteorological data. In this study we use CAMS global
assimilation and forecasting system Near-real-time data set, providing
atmospheric composition parameters including AOT at 550 nm, total
column water vapour and total column of Ozone as priors, used in this
study.

The AERONET (AErosol RObotic NETwork) program is a federation
of ground-based remote sensing aerosol networks and provides
globally distributed observations of AOT, inversion products, and
precipitable water. It has long been used as ground truth aerosol
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measurements and used for the validation of various satellite
inversions aerosol products, and in this study we use its interpolated
AOT at 550 nm to validate the retrieved AOT.

4 Results

In this Section, we present results of the different stages in the
proposed atmospheric correction method.

4.1 Results of spectral mapping

The RSRs from S2, L8 and MODIS are used to simulate each sensors’
reflectance with spectra measurements from USGS Spectral Library
Version 7 DATA (Pearson et al., 2017), which contains spectra measured
with laboratory, field, and airborne spectrometer covering wavelengths
from the ultraviolet to the far infrared (0.2 pm to 200 pm). The
simulated band measurements from MODIS bands are used as bases
for the predictions of S2 and L8 bands. We use part of the spectral
library for the inversion of spectral mapping and the take the rest as
the validation sets. 6 examples of transforming from MODIS AQUA
bands to both S2 and L8 bands are shown in Fig. 3. The predictions are
well within the small error bars (calculated from Equation 7 with 95%
confidence intervals shown here). Except for 1375 nm cirrus band in S2
and L8, the MODIS predictions are very close to the measurements,
and within the 95% credible interval, suggesting that not only the

mappings are accurate, but also the uncertainty calculation is credible.

We note that the small uncertainty in the predictions appears for bands
where the source sensor either samples part of the directly, or where
there are a number of bands in the surrounding area. An example of
this not happening is the larger uncertainty in the predictions for the
band around 2200 nm. The discrepancy can be explained by the
different spectral response between MODIS and the respective S2/L8
bands in the region (see e.g. Fig. 2). This observation suggests that the
spectral mapping approach is viable if sensors have either similar or
overlapping RSR, or if a number of spectrally close bands are also
present.

In this study, both full spectrum linear models and nearest band
linear models have been developed. The latter type have been
implemented in this study as they reduce the amount of data that
needs to be used.
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Figure 3. S2 (up) and L8 (bottom) reflectance predicted by MODIS
Aqua. Predicted values are from applying the spectral mappings to
the MODIS refectance and the uncertainty is also shown with 95%
confidence intervals. The original values are from the direct simulated
reflectance by applying S2 and L8 RSR to the spectra. The grey areas
are direct filling between neighbouring error bars.
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Figure 4. Comparison between MCD43 simulated surface reflectance
p(xm,ym, Aswir, Q,Q ) with prog simu (xm,ym, Aswir Q,Q ), which is af-
ter the spectral mapping and PSF convolution, at SWIR band lo-
cated at around 2200 nm, on 13/04/2016 S2 50SLH tile in NCP. Top

row is the p(xm,ym, /\SWIR,Q,Q') and S2 TOA reflectance, with the
scatter plot between the corresponding pixels (pixel’s center geoloca-
tion) on the right side. Bottom row is the p (xm,ym, Ag WIR,Q,Q/) with

Ptoasimu (xm, Vi ASWIRs Q,Q’) and their scatter plot.
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Figure 5. Per-band comparison between the p(xm, Vi /\M,Q,Q') and

Ptoa_simu (xm, Vi /\M,Q,Q/) at 6 MODIS bands in Table 1, with band
wavelength increasing from top-left to bottom-right.
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Figure 6. The correlations between p(xm,ym,/\SWIR,Q,Q/) and

Otoasimu (xm, Vinr /\SWIR,Q,Q’) with different oy, 0y, Shift, and Shift,
values, in which the blue dots represent the largest correlation value’s
positions.
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4.2 Results Spatial modelling (PSF)

We show an example of the PSF modelling in Fig. 4, where we compare
the MCD43-predicted reflectance at around 2200 nm and S2 TOA
reflectance over the North China Plain (S2 tile 50SLH, image acquired
on April 13, 2016). The MCD43 predictions and the S2 image show
broadly similar coarse patterns, with the higher resolution detail in the
S2 image being clearly visible. Comparing the predicted (and spectrally
transformed) reflectance from MCD43 with the S2 data pixel-by-pixel
(corresponding S2 pixel at the centre of the MODIS pixel) and the
PSF-convolved S2 data shows that the latter has a much stronger
correlation, a slope very close to unity and a bias close to zero,
indicating that modelling the spatial mismatch is a required step in
combining the two datasets.

We have assumed that for a given scene, a single Gaussian PSF is
required, in line with the findings of Mira et al. (2015), and we assume
further that we can use the PSF derived for the 2200 nm band for all
other bands.

We illustrate the effect of comparing the ePSF-convolved S2 TOA
reflectance with the MCD43-derived BOA reflectance predictions in
Fig. 5. The pattern shown there is consistent with higher atmospheric
effects for the shorter wavelengths, that results both in a clear bias due
to the important effect of aerosols in the intrinsic path radiance, and a
slope different to unity (due to the effect of aerosols on upward and
downward atmospheric tranmission and spherical albedo). For the
longer wavelengths after the NIR plateau, aerosol effects are less
important, and the slope is close to unity and the bias close to zero,
with the correlation generally being very high. Fig. 5 also provides an
intuitive illustration of how the atmospheric correction scheme
described in Section 2.5 works: by propagating the BOA predictions
through the atmosphere, the method searches for atmospheric
parameters that would result in an optimal match for all bands.

After solving for the ePSF parameters over a large number of S2 and
L8 scenes globally, and considering the results, we note that some
simplifications in the processing are feasible. A first observation is that
the cost function is fairly flat around the minimum. Fig. 6 shows an
example of this: for both S2 and L8, the region around the maximum
correlation point has similar values (in excess of 0.98) to the maximum,
suggesting that there the very accurate estimation of either the ePSF
widths or shifts is a not very important. A second important point is
that the width of the ePSF over a large number of scenes tends to be
well defined (see Fig. 7 for an example of this): for L8, most of the
vertical and horizontal shifts lie respectively between 10 and 17 and 7
and 15 pixels. For S2, these numbers are similar, only that in this case,
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Figure 7. The density scatter plots of solved PSF parameters, o (left)
and Shift (right) in x and y direction for L8 (top row) and S2 (bottom
row), where the red markers stands for the median of those parameters.
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1.8
.
Figure 8. The prior and posterior AOT over S2 50SMH on 10/02/2016
and their shared colorbar are in the first column. Figures in the second
column are the log transformed band 1 TOA and surface reflectance,

while the TOA and BOA RGB images are shown in the third column for
the same tile over the same time.

the number of pixels is three times larger to account for the higher
spatial resolution of S2. The shift, however, appears more
scene-dependent, and also have a larger influence on the correlation
cost function.

The points made above suggest that a fixed value of o, and 0, may
be used for all images, but that still the effect of the pixel shift needs to
be inferred on a scene by scene basis. We have not said much of
rotation angle 6 (introduced in Eq. 10). In the studied cases, its value is
around +8°, and its effect can be effectively compensated by Shift, ,
In order to reduce the computational burden of calculating the ePSF
parameters, we have taken the median shifts as a reference, assumed
the rotation angle to be 0°, and only solved for Shift, , on a scene basis.

4.3 Results Atmospheric parameters inversion

In this Section, we illustrate the proposed method working on inferring
atmospheric composition parameters. Due to S2 and L8 having bands
outside from the strong O3 absorption region, TCOj is taken from
CAMS, and only AOT and TCWYV are inferred from the data. Fig. 8
shows a demonstration of the procedure. Here, an image captured over
the North China Plain (tile 50SMH) by S2 on 10 February 2016 has
been processed. The CAMS prior mean in Fig. 8 is around 1, and
approximately constant over the scene. The TOA reflectance for band 1
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of the S2 sensor (shown in log transformed units to enhance the

dynamic range) shows two clear high aerosol bands. The true colour
TOA image shows a very strong atmospheric effect, consistent with the

expectation of high AOT.

The retrieved AOT (bottom left panel in Fig. 8) shows a marked

departure from the prior value. Two very high aerosol bands are clearly

resolved, consistent with the TOA reflectance image. The result of
applying the atmospheric correction results in an important reduction
of the atmospheric effects, particularly evident from the BOA true

colour composite (bottom right panel of Fig. 8).

Some artefacts are also apparent. In the bottom right corner of the
scene, the AOT map reverts to the prior value from CAMS, which
results in a poorer correction of the atmospheric effects. This is caused
by lack of high quality MCD43 retrievals in this area at this time,
which results in the AOT estimate being strongly driven by the prior
from CAMS, as well as some spatial diffusive effects from areas where
the algorithm performs well. A second artefact are some visible stripes
(visible in the middle top and bottom panels). These are caused by the

combinations of observations from different detectors (Pahlevan et al.,

2017), and have no relationship with the atmospheric correction
method. It is also worth noting that when solving for the ePSF

parameters for this scene, the optimal linear correlation was only
around 0.55, but clearly, the system is still able to produce reasonable

results in this challenging environment.

We note that the scene shown in Fig. 8 is a particularly challenging

one: at this time of the year, most of the soil is bare, and aerosol

loading is very high. In these circumstances, atmospheric methods

relying on dark dense vegetation would perform poorly.

As a further illustration of the approach on Sentinel 2 data, we show

similar visualisations of AOT and TCWYV priors, the associated
posteriors, as well as TOA and BOA blue band reflectance, as we

1l as

TOA and BOA true colour composites for a number of different sites

spanning the globe in Fig. 9 (Zvenigorod) , Fig. 10 (Yuma), Fig.
(Manaus-EMBRAPA), Fig. 12 (Jaipur) and Fig. 13 (Rome). Whil
effect of the atmospheric correction is evident in all these cases,

11
e the
it is

important to note that the prior mean is significantly updated when
the posterior mean of both AOT and TCWYV are calculated. Spatial
patterns are clearly visible in all the examples for both parameters, and

in many cases, the average value from CAMS changes substantia

when the proposed method is deployed. While this is expected for AOT,

lly

it is remarkable that the spatial patterns are visible for TCWV even

when the 940 nm band has not been used.
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Figure 9. Example of retrieval on S2 data over Zvenigorod site (S2 Tile
37UCB, 24 Jul 2017). (Top row, left to right): AOT prior mean from
CAMS, TCWYV prior mean from CAMS, blue band TOA reflectance, TOA
RGB composite (Bottom row, left to right): A poteriori AOT mean, A
poteriori TCWV mean, blue band BOA reflectance, BOA RGB composite.

5 Validation

We have made an attempt to validate the proposed atmospheric
correction method. Sine the SIAC procedure proceeds by first inferring
AQOT and TCWYV, and then using these to correct the TOA reflectance,
we show comparisons with in situ AOT and TCWV measurements from
the AERONET network, as well as actual comparisons of retrieved
surface reflectance with in situ measurements collected by the
RadCalNet team.

5.1 Validation of atmospheric composition

For the AOT and TCWYV validation, 323 simultaneous (within at most
one hour of each other) acquisitions from S2 and L8 were selected
globally. These acquisitions were also taken over AERONET sites to
provide a reference comparison. AERONET measurements are
temporally interpolated to get an estimate of AOT at the time of
satellite overpass. In order to estimate the in situ AOT at 550 nm, the
AERONET spectral log-transformed data were interpolated using a
second order polynomial between 400 nm and 860 nm.

Results of the comparisons are shown in Fig. 14 for AOT and Fig. 15
for TCWV. In terms of AOT retrievals, the results for S2 appear to be
good, with most of the match-up estimates encompassing the in situ
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Figure 10. Example retrieval over Yuma site (S2 tile 115QS, 10 Oct
2017). Panels as in Fig. 9

value within their uncertainty (98%, or 316 out of 323, of the in situd
AQT estimates are within the 1.960 span of the retrievals, compared
with a theoretical 97.5%) . The correlation is very high (coefficient of
determination r? > 0.9), and while the slope is slightly below unity
(0.92), the bias is close to 0 (0.01). The root mean squared error (RMSE)
is also small: 0.022. The underestimation in AOT occurs for low AOT
values, which will have a limited impact in the retrieved surface
reflectance.

Results from L8 retrievals of AOT are similar to S2, but the
underestimation of AOT is slightly higher than for S2 (slope of linear
fit 0.84), but the other statistics suggest a similar pattern.

The outliers (depicted in blue in Fig. 14) for moderate to high AOT

values (e.g. AOT < 0.5) were mostly caused by biomass burning events,

or by dust events at the overpass time. The spectral properties of these
aerosol species are quite different to the continental aerosol model that
is assumed in SIAC, and thus result in poor retrievals. Outliers in the
low AOT region were generally due to poor quality BRDF
characterisation in the MCD43 product. This would also be the case for
situations where there are rapid changes in the surface (e.g.
snow/thaw). For similar reasons, the algorithm will work poorly in
lakes and inland waters, although the use of a prior and spatial
smoothing constraints may provide an adequate estimation of AOT
over small water bodies.

In Fig. 15, the in situ measurements of TCWV are compared with the
SIAC retrievals for S2 and L8. Although there is a lot of scatter, this

partly due to the uncertainty of the in situ dataset: Pérez-Ramirez et al.
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Figure 11. Example retrieval over Manaus-EMBRAPA site (S2 tile
20MRB, 27 Jul 2016). Panels as in Fig. 9

(2014) suggests that there is a 15% uncertainty in AERONET TCWV
estimates. The general statistics show surprisingly good results, with a
strong correlation (coefficient of determination better than 0.96 for
both L8 and S2), a slope very close to unity (0.98 and 0.97 for S2 and
L8, respectively), and a small bias (0.19 and 0.09 for S2 and LS,
respectively). This result is even more remarkable as for S2 the 940 nm
band, designed precisely for water vapour estimation has not been
used. This good results suggest good correction of water vapour effects
over the infrared spectral region.

5.2 Validation of surface reflectance

The previous Section suggests that the retrieval of atmospheric
composition in SIAC is succesful. The goal of SIAC is however to
perform consistent atmospheric correction across different sensors. In
this Section, we attempt to provide an assessment of the performance
of atmospheric correction of S2 and L8 data.

The S2 and L8 scenes used in Section 4.3 were atmospherically
corrected. These data were collected within one hour of each other, and
surface reflectance in overlapping spectral regions in both sensors
should be highly correlated. Differences in spatial coverage, acquisition
geometry, spectral sampling and other sensor characteristics will
somehow impact this comparison, but the effect should be small.
Pixels in the corresponding 323 S2 and L8 scenes presented in
Section 4.3 that overlap spatially were selected. In order to account for
the different spatial resolutions, the 10 m S2 bands were spatially
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Figure 12. Example retrieval over Jaipur site (S2 tile 43REK, 22 Oct
2017). Panels as in Fig. 9

averaged and reprojected to the L8 30 m grid. The 20 m S2 were
interpolated to the L8 grid using bilinear interpolation. In this dataset,
pixels that had reflectance differences between sensors larger than 0.05
(blue band) or 0.1 (all other bands) were discarded, as these errors
could be caused by other effects other than atmospheric correction (e.g.
cloud, cloud shadow, landscape heterogeneity, ...). This filter only
removes a small fraction of the total pixels, as 99.5% of the pixels
remain in the dataset, with the total number of pixels available for
direct comparison of the order of 10® - 107.

The comparison between S2 and L8 surface reflectance is shown in
Fig. 16 as a two-dimensional histogram. Clearly, the reflectances are
highly correlated (coefficient of determination > > 0.95 for all bands,
and r2 > 0.98 for bands in the NIR and SWIR regions), with a small
RMSE (RMSE < 107%). The bias is very small (less than 0.001 for all
bands), and the slope is between 0.91 (blue band) and 1.04 (NIR band).
All these diagnostics suggest that after atmospheric correction, the
surface reflectances from both sensors are consistent, barring spatial
heterogeneity effects. The lower slope for the blue band might be
caused by differences in AOT retrieval between both sensors: the slope
of the retrieved AOT for Landsat is lower than that of S2 (see Fig. 14,
which would appear as a relative AOT under-correction for L8 with
respect to Landsat. The effect would be larger in the blue bands.

The comparisons above suggest that the surface reflectances are
consistent between both sensors. However, the surface reflectances
have not been compared with any standard. Recently, the Working
Group on Calibration and Validation (WGCV) of the Committee on
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Figure 13. Example retrieval over Rome site (S2 tile 32TQM, 27 Nov
2017). Panels as in Fig. 9

Earth Observation Satellites (CEOS) has started providing ground
surface reflectance data through the Radiometric Calibration Network
portal (RadCalNet, ). RadCalNet provides nadir-view,
top-of-atmosphere reflectance at 30 minute intervals from 9am to 3pm
local standard time at 10 nm intervals from 400 nm to 2500 nm, which
is calculated from ground nadir-view reflectance measurements, and
atmospheric measurements such as surface pressure, columnar water
vapour, columnar ozone, aerosol optical depth and the Angstrom
coefficient. TOA reflectance is simulated by propagating the measured
surface reflectance through the atmosphere using the MODTRAN
radiative transfer model, parameterised by local atmospheric
composition measurements

The RadCalNet data can thus be used as a comparison for the
SIAC-corrected S2 and L8 scenes. To do this, the sensor spectral
response functions are applied to the RadCalNet surface reflectances
which are temporally closest to the S2 and L8 acquisition times, and a
direct comparison can be performed. Use of the RadCalNet
top-of-atmosphere reflectance is also used as a diagnostic tool: if the
sensor TOA reflectances do not match the RadCalNet reflectances, then
any mismatch observed in the surface reflectance comparisons might
not be attributable to the atmospheric correction, but rather to other
issues.

We have compared the STAC-corrected data with measurements

from three RadCalNet sites: the ESA/CNES site in Gobabeb (Namibia),

the CNES site in La Crau (France) and the University of Arizona’s site
at Railroad Playa Valley (Nevada, United States), as these three sites
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Figure 14. The retrieved AOT values against AERONET measurements
from S2 (left) and L8 (right) over the same 323 sites, where the vertical
lines of each point is the uncertainty of solved AOT values and the
horizontal error bars are from the interpolation of 5% and 8% between
0.05 to 1.5 according AERONET validation reports. On both panels, the

inset plot shows the region region marked by the black square in more
detail, with 0 < AOT <0.3.
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Figure 15. The retrieved TCWYV values against AERONET measure-
ments from S2 (left) and L8 (right) over the same 323 sites, where the
vertical lines of each point is the uncertainty of solved TCWV values
and the horizontal error bars are 15% of AERONET TCWYV values.
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measure over the entire solar reflective spectrum. Railroad Playa Valley
is a high-desert playa surrounded by mountians to the East and West,
La Crau has a thin pebbly soil with sparse vegetation cover, and
Gobabeb is over gravel plains. Results of the comparisons are shown in
Figs. 17, 18 and 20, with the comparison results summarised in Table 2.
Generally speaking, the agreement between the SIAC-retrieved surface
reflectance and the reference measurements is high on the three sites,
with RMSEs values for the BOA products of around 0.5-0.7%
reflectance (Gobabeb), 0.6-1% (La Crau) and around 2% for Railroad
Valley Playa. We note that RMSE values for the TOA comparisons are
of the same order per site, although slightly larger, suggesting that the
atmospheric correction performed by SIAC is comparable to the
atmospheric modelling done with the RadCalNet data. The best
performance is found over Gobabeb, with the La Crau exhibiting a
large temporal variability, while Railroad Playa Valley shows an
important mismatch for the TOA measurements already. In general
terms, the in situ measurement fall within the uncertainty estimates
given by SIAC, and these uncertainties are particularly large in the S2
atmospheric correction bands (band 9 for water absorption and band
10 for cirrus). As there is a strong sensitivity to atmospheric
composition, the uncertainty on these bands is quite high, and they
have been left out of the atmospheric composition statistics. It is
important to point out that in all three cases, SIAC does a particularly
good job at retrieving the blue and deep-blue bands, which would be
the spectral areas with the highest impact of aerosols, strongly
suggesting that SIAC is doing a good atmospheric correction. This is
very significant, as two of the sites are located in arid regions, where
finding reference points for atmospheric correction methods based on
e.g. dark dense vegetation might not be feasible.

6 Discussion

The previous sections have introduced the SIAC concept, and shown
some initial validation results. The results show that the proposed
method results in accurate retrievals of uncertainty-quantified land
surface reflectance, both for S2 and L8. Comparisons with sun
photometer data suggest that the SIAC processing chain can accurately
retrieve AOT and TCWYV from both S2 and L8 data, and that
propagating these estimates to surface reflectance results in data
comparable with in situ surface reflectance measurements. Moreover,
the surface reflectances for the two sensors appear to be compatible, an
important step in using these sensors together for land monitoring
applications. A number of important issues are worth discussing.

29/43

704

705

706

707

708

709

710

711

712

713

714

715

716

717

718

719

720

721

722

723

724

725

726

727

729

730

731

732

733

734

735

736

737

738

739

740

741

742

743



RadCalNet Site Measurement Sensor Slope Intercept RMSE R?

Gobabeb TOA S2 1.0454 -0.0157  0.0072 0.9903
Gobabeb BOA S2 0.9967 -0.0052  0.0049 0.9950
Gobabeb TOA L8 1.0512 -0.0149 0.0103 0.9950
Gobabeb BOA L8 1.0510 -0.0188  0.0070 0.9970
La Crau TOA S2 0.9188 0.0143 0.0088 0.9697
La Crau BOA S2 0.9136 0.0117 0.0065 0.9832
La Crau TOA L8 0.9139 0.0141 0.0163 0.9745
La Crau BOA L8 0.9173 0.0097 0.0130 0.9837
Railroad Valley Playa TOA S2 1.0982 -0.0217  0.0276 0.9236
Railroad Valley Playa BOA S2 1.0536 -0.0143  0.0225 0.9428
Railroad Valley Playa TOA L8 1.0771 -0.0226  0.0271 0.9834
Railroad Valley Playa BOA L8 1.1123 -0.0378  0.0213 0.9902

Table 2. Results of comparisons between top-of-atmosphere and
bottom-of-atmosphere satellite products and contemporary RadCal-

Net measurements on the same spectral bands.
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correction from 323 S2 and 323 tiles overlapping area, and each subplots
shows the results for the closest S2 and L8 bands. The colourbar is

shown using a logarithmic scale.
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Figure 17. Comparison between the S2 (top) and L8 (bottom) TOA
reflectance and RadCalNet simulated nadir-view TOA reflectance (top
row), and the surface reflectance after correction against RadCalNet
nadir-view surface reflectance (bottom row) at Gobabeb. The blue lines
at left are different spectra measurement from RadCalNet and the red
dot with blue error bars are are the TOA or surface reflectance and TOA
reflectance with uncertainty.
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Figure 18. Same as Fig. 17 but for La Crau site.
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Railroad Valley Playa
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Figure 19. Landsat 8
Figure 20. Same as Fig. 17 but for Railroad Valley Playa site.
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While a lot of effort has gone in propagating the uncertainty
through SIAC, the system relies on a single value of at sensor
uncertainty for the L1C, identical for both L8 and S2. While efforts to
provide credible figures for the L1C product have been made for S2

(Gorrono et al., 2017, 2018), these are yet to be incorporated into SIAC.

Similar efforts in understanding the L1C uncertainty in measured
reflectance for L8 are necessary to produce adequate estimates of
uncertainty for this sensor.

As the goal of this study was to demonstrate the system for both L8
and S2, special features from Sentinel 2 have not been relied on. For
example, band 10 in Sentinel 2 can be used to accurately infer TCWV
such as atmospheric pre-corrected differential absorption technique
from Schlapfer et al. (1998) can be readily used. These estimates could
then be used as a prior pdf in addition to the CAMS prior (ensuring
that the used bands are removed from further correction). Similarly,
other sources of information can be easily added to the system as priors
without changing the internal functioning of SIAC.

SIAC relies on the expectation of surface reflectance provided by the
MODIS MCD43 product. This works well, but a number of limitations
exist. Firstly, the lack of a per-pixel uncertainty in the kernel weights
stored in the MCD43 product only provides a rough indication of pixel
quality, and a more credible uncertainty on the product would result in
better product uncertainty. Second, the MCD43 product uses an
exponentially weighted combination of observations acquired over 16
days. This can lead to gaps due to lack of observations, which can
result in not enough surface reference samples being available. Ways
around this might be to fill in these gaps with a BRDF climatology,
such as the one produced by the ESA-funded GlobAlbedo project
(http://www.globalbedo.org), or to perform simple temporal gap
filling. This latter approach has been implemented in SIAC. Another
complication is that the windowed nature of MCD43 may result in over
smoothing of fast changes in the land surface (e.g. snow thawing, crop
harvesting, fires, ...). If either gaps or fast changing regions are
spatially confined to a small region, the use of the CAMS prior and
spatial regularisation should counteract their effect. A more
co-ordinated approach would aim to provide a global dataset of BRDF
parameters using observations from other coarse resolution sensors, in
addition to MODIS: VIIRS, Sentinel3/OLCI, Sentinel3/SLSTR, etc.

In this study, the atmospheric composition is set by a model (6S in
this case), and by a choice of aerosol optical properties (continental
aerosol model). The use of emulators of the RT model makes it easy to
change the RT model entirely, or to use a different configuration of the
currently used model. It may also be possible to modify SIAC to
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http://www.globalbedo.org

retrieve independent aerosol species concentrations by both modifying
the RT model (and thus extending the number of parameters that go in
the inference), and by using data on species distribution available from
CAMS and extending the prior to cover these. A similar approach has
been implemented in the MAJA processor (Rouquié et al., 2017), which
uses the CAMS aerosol species data to define the aerosol types for the
atmospheric correction, and has found improved atmospheric
correction results over deserts. This approach may well be valuable in
areas of high dust aerosol loading, or in situations where biomass

burning results in an important contribution to aerosol concentrations.

The method outlined in this study has been applied and
demonstrated on S2 and L8 data. The method is, however, general, and
can be readily extended to other sensors. The information required in
order to adapt SIAC to work with these sensors is basic: spectral
response functions, uncertainty of the L1C product, and standard
metadata such as view/acquisition geometries. The method could be
easily extended to other satellites from the Landsat familry (LT5 and
ETM+, for example), but due to the reliance on MCD43, only for
acquistions within the MODIS era. The code can also be extended to
work on coarse resolution sensors, such as Sentinel3/OLCI or Proba-V.

A number of further refinements are planned to be added to SIAC.
These include: dealing with the so-called adjacency effect (Ouaidrari
and Vermote, 1999; Lyapustin and Kaufman, 2001), topographic effects
(e.g. methods such as the one introduced by Shepherd and Dymond

(2003) might be employed) and BRDF normalisation (Roy et al., 2016).

Finally, it is worth noting that the use of an expectation of surface
reflectance at coarse resolution might provide a way to detect clouds
and cloud shadows at a coarse scale. Cloud and cloud shadow masking
have not been considered yet as part of SIAC.

7 Conclusions

We introduce the SIAC method for atmospheric correction. This
method provides a consistent atmospheric correction for different
sensors, resulting in uncertainty-quantified land surface reflectance. In
this study, we illustrate its use with Sentinel 2 and Landsat 8 data. The
main differences between SIAC and other atmospheric correction
approaches are to be found in the use of an expectation of surface
reflectance at coarse resolution (in this case, coming from the MODIS
MCD43 BRDF kernels product, but not limited to this product), the use
of the Copernicus Atmosphere Monitoring Service (CAMS) data as a
prior constraint, the use of spatial regularisation in atmospheric
composition parameters, and the use of state of the art atmospheric
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radiative transfer models through Gaussian Process emulators
Goémez-Dans et al. (2016). The coarse and high spatial resolution data
are made comparable by modelling an effective point spread function
(PSF) directly from the data, and by using a set of simple linear spectral
transforms.

We have validated both retrieved atmospheric parameters and
surface reflectance with in situ estimates. Aerosol Optical Thickness
(AOT) retrieval for both S2 and L8 shows a very high correlation to
AERONET estimates (r2 > 0.9, RMSE < 0.025 for both sensors),
although with a small underestimate of AOT. Total Columnar Water
Vapour (TCWYV) is accurately retrieved from both sensors
(r?>0.95, RMSE < 0.02), and in the case of Sentinel-2, without using
data from the 940 nm band.

Comparisons with in situ surface reflectance measurements from the
RadCalNet network show that SIAC is able to provide accurate
estimates of surface reflectance across the entire spectrum, with RMSE
mismatches with the reference data between 0.005 and 0.02 in units of
reflectance, both for Sentinel 2 and Landsat 8.

For near-simultaneous Sentinel-2 and Landsat-8 acquisitions, there
is a very tight relationship between surface reflectance acquired from
both sensors, with no clear biases.

All in all, the SIAC approach is a generic approach to accurate
atmospheric correction from heterogeneous sensors. The proposed
method paves the way for the combined use of surface reflectance from
different sensors, being a critical step in realising the concept of a
”virtual constellation” of satellites. The approach for uncertainty
quantification is based on standard error propagation, and takes into
account instrument uncertainty, prior uncertainty as well as the
sensitivity of the radiative transfer model used in the atmospheric
correction.

The code for SIAC is written in Python, and is released under the
GPLv3 open source licence. The code can be obtained from
https://github.com/marcyin/SIAC.
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