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Article

Elaboration of Simulated Hyperspectral Calibration
Reference over Pseudo Invariant Calibration Reference
Marta Luffarelli * , Nicolas Misk, Vincent Leroy and Yves Govaerts

Rayference SRL
* Correspondence: marta.luffarelli@rayference.eu

Abstract: Accurate hyperspectral simulations are critical for the vicarious calibration of next-generation
space-based sensors and for ensuring the long-term consistency of climate data records. This study
presents a refined methodology to generate simulated radiometric calibration references (RCRs) over
bright desert pseudo-invariant calibration sites (PICS), specifically designed to meet the stringent
accuracy requirements of hyperspectral observations. Building on metrology principles, and in the
absence of SI-traceable references, the approach leverages simulated reflectance over stable desert
targets as a community-accepted calibration reference. Key advancements include improved surface
reflectance modelling using the RPV model and CISAR algorithm, enhanced atmospheric property
characterization from multiple state-of-the-art datasets, and the use of the Eradiate Monte Carlo-
based radiative transfer model. These refinements reduce uncertainty in simulated top-of-atmosphere
reflectance, achieving an accuracy within ±3% in high-transmittance spectral regions. Validation
against both multispectral and hyperspectral satellite data (i.e., EMIT, EnMAP and PRISMA) confirms
the robustness of the methodology. This work establishes a reliable framework for hyperspectral sensor
calibration and intercalibration, addressing the pressing need for traceable, high-fidelity reference data
in Earth observation.

Keywords: Vicarious calibration; radiative transfer modelling; bright desert; pseudo invariant calibra-
tion site

1. Introduction
Vicarious calibration refers to techniques that make use of specific calibration references YR for the

post-launch radiometric verification of Earth Observation sensors. Metrology principles are a crucial
aspect of these techniques. They form the foundation of vicarious calibration principles and require
the use of a calibration reference, ideally traceable to the Système international d’unités (SI) standard.
However, as no such SI-traceable reference currently exists, an alternative is to establish a “community
consensus” reference [1]. The use of a single community consensus reference presents the distinctive
advantage to ease the harmonisation of different satellite data.

Calibration references consist in Earth or Moon targets that are characterised either through
remote observations with well-calibrated devices or simulations with Radiative Transfer Models
(RTMs). In the former case, these calibration references are imaged in near-coincident fashion by the
sensor to be calibrated and by one or more well-calibrated sensors from satellite, aircraft platforms or
on the ground. In the latter case, it is crucial to accurately characterize the radiative characteristics of
the calibration reference that affect its observation. It is therefore preferable to select locations on the
Earth’s surface exhibiting consistent and stable radiometric properties over time, reducing thereby
the effort to characterise their radiative properties. Such targets are referred to as Pseudo Invariant
Calibration Sites (PICSs) [2].

PICSs are categorized based on their geographical and environmental characteristics. One such
category includes bright desert sites, which were initially used to monitor radiometer degradation
over time while in orbit relative to an arbitrary reference date. Since the early nineties, this type of
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PICS has been employed to assess the degradation of reflective sensors, such as Advanced Very High-
Resolution Radiometer (AVHRR) observations [3]. Since then, desert PICSs have been successfully
used to monitor various instruments, including the Landsat Multispectral Scanner, Thematic Mapper,
Enhanced Thematic Mapper Plus, Moderate Resolution Imaging Spectroradiometer (MODIS), and
Visible Infrared Imaging Radiometer Suite (VIIRS), among others (e.g., [4–6]).

PICSs are also utilized for satellite intercalibration with respect to a reference instrument. However,
this approach requires careful consideration of discrepancies in spectral characteristics and observation
geometries between the radiometers being compared. While satellite intercalibration is widely used
today, it is not applicable to early Earth observation datasets, where all available satellite observations
were subject to similar radiometric calibration limitations in the shortwave spectral region. To overcome
these limitations, a novel approach was proposed, wherein the Radiometric Calibration Reference
(RCR) is derived from simulated radiances at the satellite level over bright desert PICSs [7]. This
method was successfully applied to calibrate the visible band of the Meteosat Visible and Infrared
Imager (MVIRI) radiometer onboard the Meteosat First Generation (MFG) series [8].

Over bright deserts, surface reflection typically dominates radiative processes. However, aerosol
scattering can also be significant, especially in the visible spectral region, where surface reflectance is
relatively low. Most Committee on Earth Observation Satellites (CEOS) PICSs located in the Sahara
Desert and the Arabian Peninsula have demonstrated remarkable stability, with inter-annual variations
better than 2% [9]. The reflectance magnitude over PICSs in the 400 nm–2500 nm spectral range
is sufficiently high to define a RCR. Consequently, this approach is well-suited for multi-mission
harmonization. However, the use of bright desert PICSs for absolute RCR calibration requires highly
accurate characterization of radiative processes at both the surface and in the atmosphere, as well as
accounting for their radiometric coupling.

The PICS method, as implemented in [8], relies on Top of Atmosphere (TOA) simulated radiance
and reflectance generated using the 6S code [10] over approximately 20 bright desert targets [2].
Several improvements have since been introduced [11]. The first improvement involves an enhanced
characterization of the surface Bidirectional Reflectance Factor (BRF), extending its coverage to the
400 nm–2500 nm spectral range with a 1 nm resolution. The second improvement significantly refines
aerosol property characterization through the use of AERONET data [12]. Finally, the 6SV model
has been adopted in place of 6S [13]. The accuracy of this simulated RCR has been estimated to be
approximately ±3 % [14].

Historically, vicarious calibration has focused on multispectral sensors, but the increasing avail-
ability of spaceborne hyperspectral instruments calls for a refined approach. Hyperspectral missions,
such as Earth Surface Mineral Dust Source Investigation (EMIT), Environmental Mapping and Analysis
Program (EnMAP), and PRecursore IperSpettrale della Missione Applicativa (PRISMA), offer high
spectral resolution across a broad wavelength range (400 nm–2500 nm) and demand more accurate
calibration due to their sensitivity to spectral variability in both surface and atmospheric properties.
With the emergence of hyperspectral missions, the need for high-fidelity radiometric references has
grown. PICSs are now being leveraged not only for monitoring sensor degradation but also for gener-
ating simulated top-of-atmosphere (TOA) reflectance at 1 nm resolution over the full optical domain.
These references can then serve as a benchmark for both absolute calibration and intercomparison of
hyperspectral data.

Additionally, current and future generations of space-based sensors designed for climate moni-
toring require a reduction in the uncertainty associated with simulated RCR over PICS. For example,
the Ocean and Land Colour Instrument (OLCI) instrument onboard Sentinel-3 and the upcoming
Multi-Viewing Multi-Channel Multi-Polarization Imaging Mission (3MI) instrument onboard the
EUMETSAT Polar System Second Generation (EPS-SG) have radiometric accuracy requirements of
better than 2 %, with a threshold requirement of 5 %. Furthermore, a new generation of satellite-based
radiometers, referred to as SI-Traceable Satellite (SITSat), is currently under development, with an
expected accuracy of better than 1 % [15].
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To support data harmonization efforts of both multi- and hyper-spectral instruments, vicarious
calibration methods as developed by [8] require continuous improvements in accuracy. This study
addresses several well-identified issues, including:

• Uncertainties in surface reflectance characterization, which introduce systematic biases. Since
these surfaces are assumed to be invariant, addressing this issue is critical. This paper proposes a
new method to improve surface BRF characterization.

• Atmospheric property characterization, which plays a crucial role in calibration accuracy. Various
improvements are introduced in this study through the combined use of multiple state-of-the-art
datasets.

• The accuracy of RTMs used to generate a RCR, which must be carefully evaluated. Sensitivity
analyses indicate that discrepancies among different RTMs range from 0.5 % to 3 %, depending on
the spectral region [16]. The proposed approach utilizes Eradiate, a new generation open-source
3D RTM based on Monte Carlo ray-tracing methods, specifically designed for calibration and
validation activities [17].

• Simulations of hyperspectral observations, which require high spectral fidelity. This study
demonstrates that the refined methodology achieves agreement within 3 % for most spectral
regions, thereby supporting the suitability of PICSs for hyperspectral calibration.

This manuscript is structured as follows. Section 2.1 describes the selection criteria for PICS
characterization. The proposed improvements in surface and atmospheric property characterization
are detailed in Sections 2.2 and 2.3, respectively. The generation of an accurate RCR, incorporating
these enhancements, is presented in Section 3.1. Finally, RCR simulations for multi- and hyperspectral
instruments obtained using the Eradiate model are presented in Section 3 and discussed in Section 4.
These improvements are expected to yield significant accuracy gains, which are rigorously quantified
in this study. The refined simulated radiometric calibration reference will enhance sensor degrada-
tion monitoring and intercalibration across satellite instruments, particularly those operating in the
hyperspectral domain.

2. Data and Methods
2.1. List of Selected PICS

The targets selected for this study are Libya-4, due to its extensive historical use as a bright desert
PICS, and Gobabeb, part of the HYPERNETS project [18] and of the CEOS initiative Radiometric
Calibration Network (RadCalNet) [19]. The two selected sites, centred on the coordinates provided
in Table 1, have different spatial extent: Gobabeb has an extension of 2 km×2 km, compared to
20 km×20 km for Libya-4. Elevation information for the selected targets has been derived from the
Copernicus Digital Elevation Model (DEM) COP-DEM_GLO-30 dataset [20].

Table 1. List of selected bright desert PICS. Longitude and latitude are given in degree. The elevation is expressed
in meter and includes the mean value and its standard deviation. Target size is given in km.

Name Lon. Lat. Elevation Size

Libya-4 23.42 28.67 130 (11) 20
Gobabeb 15.12 -23.60 498 (7) 2

Each of the selected PICS exhibits distinct morphological characteristics:

• Libya-4: The most well-known and widely used bright desert PICS, located in the Great Sand
Sea. Its significance stems from its large size and radiometric stability, making it essential for
radiometer drift monitoring, sensor intercalibration, and absolute calibration based on simulated
radiances. Its morphology consists of oriented sand dunes shaped by dominant winds [21].
Some spatial variations in sand granularity are expected depending on dune positioning. Its
longitudinal elevation profile is shown in Figure 1.
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• Gobabeb: Located in Namibia, this site was added to the list initially proposed by [2]. As part of
RadCalNet, it differs from the other sites in having a limited spatial extent of 2 km, compared to
20 km for the other targets.

Figure 1. Longitudinal transect of the Libya-4 target.

2.2. Surface Reflectance Characterisation
2.2.1. Overview of the Approach

The anisotropy of PICS reflectance is primarily influenced by radiative effects at two different
spatial scales: at the microscopic level, surface reflectance results from scattering by sand grains; at the
macroscopic scale, typically larger than 100 µm, features such as stones, topography, or sand dunes
contribute to shaping the BRF. In practice, PICS targets are assumed to be perfectly uniform and flat,
allowing their surface properties to be represented by a 1D surface reflectance model [7]. Ref. [21]
estimated that this assumption introduces a worst-case uncertainty of about 1 %.

As in [11], the Rahman Pinty Verstraete (RPV) model [22] is here used to characterize PICS surface
reflectance. This model is designed to represent the overall reflectance anisotropy effects, regardless
of the spatial scale, albeit under the 1D assumption; these anisotropy effects remain invariant with
respect to the actual azimuth angles, with only their relative direction being pertinent. The RPV model
comprises four wavelength dependent parameters:

• ρ0: Governs the mean amplitude of the BRF, predominantly controlling surface albedo.
• k: The modified Minnaert contribution, determining the bowl shape of the BRF.
• Θ: Represents the asymmetry parameter of the modified Henyey-Greenstein phase function.
• ρc: Controls the amplitude of the hot spot due to medium porosity.

Observations from well-calibrated radiometers over the selected PICS were processed using the
Combined Inversion of Surface and AeRosol (CISAR) algorithm [23], which removes atmospheric
radiative effects through an Optimal Estimation (OE) approach [24]. This method rigorously propagates
uncertainties from Level-1 to Level-2 data and outputs the full covariance matrix of the RPV parameters.
These parameters are then interpolated at a 1 nm resolution across the 350–2500 nm spectral range
(Section 2.2.4).

2.2.2. Input Data

TOA BRF time series are extracted from satellite images acquired over the selected PICS by the
instruments listed in Table 2. The CISAR algorithm requires additional parameters as input to its
RTM, namely the Column Water Vapour (TCWV), Total Column Ozone (TCO3) and surface pressure.
These model parameters are obtained from Copernicus Atmosphere Monitoring Service (CAMS) [25].
Clear-sky TOA BRF observations, acquisition geometry and model parameters are then aggregated at
20 km or 2 km, according to the target. Spinning Enhanced Visible and Infrared Imager (SEVIRI) and
POLarization and Directionality of the Earth’s Reflectances (POLDER) data are excluded for Gobabeb
due to their ground resolution exceeding 2 km. It should be stressed that these satellite data were not
homogenised prior to their use.
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Table 2. List of radiometers data acquired over the PICS to retrieve the RPV parameters with the CISAR algorithm.
N is the number of clear sky observations over the selected targets.

Platform Radiom. Data Source Product Spectral
bands

Years N -
Libya4

N -
Goba-
beb

AQUA/
TERRA

MODIS NASA Earth-
Data LAADS/
LP DAAC

MOD021KM
MYD021KM
MOD35_L2
MYD35_L2

B01–
B10

2005,
2006

270/
240

269/
267

S2A MSI ESA Copernicus
Data Space
Ecosystem

S2A_MSIL1C B1–B7,
B8A,
B11,
B12

2018 31 31

S3A/B OLCI ESA Copernicus
Data Space
Ecosystem

S3A_OL_1_EFR
S3B_OL_1_EFR

Oa01–
Oa11,
Oa16–
Oa18,
Oa21

2021 –
2022

148 204

MSG-4 SEVIRI EUMETSAT
Data Store

MSG15, HRSE-
VIRI

VIS06,
NIR16

2020 5542 0

PARASOL POLDER AERIS/ ICARE
Data and Ser-
vices Center

POLDER3_L1B-
BG1

0443,
0490,
0565,
0670,
0865,
1020

2008 –
2009

3405 0

2.2.3. Atmospheric Effect Removal

The retrieval of surface BRF from satellite observations requires the removal all atmospheric
effects, a task performed with the CISAR algorithm [23]. Ref. [26] have underscored the importance of
the prior information and its associated uncertainty with respect to the observation vector information
content. Initial prior information on the RPV parameters is derived from the values proposed by [7].
Considering that MultiSpectral Instrument (MSI) observations are limited to the nadir view, their
potential for retrieving the RPV anisotropy parameters (k, θ, ρc) is rather limited. Consequently, MSI
data are processed last, allowing prior information on RPV anisotropy parameters to be derived from
the other instruments with larger angular sampling, such as MODIS, POLDER or SEVIRI.

In all CISAR inversions, the prior information on the Aerosol Optical Thickness (AOT) is taken
from CAMS Atmospheric Composition Reanalysis 4 (EAC4) data and distributed among fine (absorb-
ing and non-absorbing) and coarse modes, according to the ratios among the three classes obtained
from the MACv2 climatology [27]. Figure 2 shows an example of the surface reflectance, expressed
in terms of Directional Hemispherical Reflectance (DHR) [28], for a Sun Zenith Angle (SZA) of 10◦

computed from the CISAR retrieved RPV parameters, averaged over the processed time series, over
Libya-4. The surface reflectance is expressed as DHR for consistency with respect to high resolution
bare soil spectra used for the RPV parameters as described in Section 2.2.4.

As stated in Section 2.2.2, satellite data are not homogenised prior to being processed by the
CISAR algorithm. Consequently, the retrieved surface albedo might exhibit spectral discontinuities
when satellite spectral bands overlap. In such case, an averaging process is implemented, accounting
for the retrieval uncertainties. Since these retrievals are done on independent datasets, the uncertainties
on these retrievals will also be independent (i.e.have random error correlation). When averaging
among the available CISAR retrievals, the associated uncertainty σ2

tot is calculated as the quadratic
sum of the CISAR retrieval uncertainty divided by the number of available retrievals N, in accordance
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with the Guide to the expression of the Uncertainty (GUM) guidelines for uncertainties with random
error correlation [29]:

σ2
tot =

∑N
i=1 σ2

i
N

(1)

Figure 2. DHR computed for a SZA of 10◦ from the RPV parameters retrieved by CISAR over Libya-4 in the
spectral bands listed in Table 2. The vertical bars represent the uncertainty associated to CISAR retrieval.

2.2.4. RPV Parameter Spectral Interpolation

The interpolation of the RPV parameters at a 1 nm spectral resolution is based on three major of
processing steps.

1. Surface BRF simulation. The PICS surface BRF is simulated with the RPV model for all the
spectral bands listed in Table 2. The uncertainty σ2

br f associated with these simulated BRF is
computed as follows:

σ2
br f = ∑

pi

∂ f (pi)

∂pi
σ2

pi
+ ∑

pi

∑
pj(pj ̸=|pi

∂ f (pi)

∂pi

∂ f (pj)

∂pj
σ2

pi
σ2

pj
ρpi ,pj , (2)

where piϵ[ρ0, k, θ, ρc] and ρpi ,pj is the correlation between two RPV parameters.

2. BRF spectral interpolation. The BRF field simulated in the spectral bands of the selected
radiometers is interpolated at a 1 nm resolution from 350 – 2500 nm using the comet_maths
tool, developed by National Physical Laboratory (NPL). This tool also returns the interpolated
uncertainties and is part of the open-source CoMet Toolkit [30], designed to facilitate the handling
of error-covariance information in measurement data analysis. Beyond mathematical calculations
for uncertainty propagation, comet_maths incorporates uncertainty-quantified interpolation
algorithms. Specifically, it allows to interpolate values between low-resolution data points while
preserving the spectral shape of a higher-resolution dataset (or model). The low-resolution data
points are computed using the RPV model with parameters retrieved by the CISAR algorithm,
while the high-resolution model is derived from the MARMIT database [31], which contains sand
optical properties over the 400 —2500 nm range. These soil spectra are expressed in terms of
DHR [28], with an illumination angle of 15◦.
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To refine the spectral behavior of the DHR, the five best-fitting spectra from the MARMIT database
are selected based on minimal Euclidean distance (root-sum-of-squares) to the CISAR retrievals.
These spectra are then averaged using a weighting mechanism that accounts for their geometric
distance from the CISAR data. The resulting weighted reference curve (dashed black curve in
Figure 3, referred to as DHRre f ) is used by comet_maths to interpolate the spectral behavior of
the BRF between the processed wavelengths, incorporating associated uncertainties. This process
is illustrated by the red solid line in Figure 3.
In addition to interpolation, comet_maths extrapolates the BRF and its uncertainty at the spec-
tral range boundaries, where no CISAR retrievals are available. This extrapolation increases
the relative uncertainty of the BRF (defined as the absolute uncertainty divided by the mea-
sured value), particularly at shorter wavelengths, where surface reflectance exhibits significant
spectral variability.

Figure 3. The red solid line represents DHR derived from the CISAR retrieved RPV parameters (dashed blue line),
interpolated enforcing the spectral behaviour obtained from MARMIT weigthed mean spectra (dashed black line)
through the comet_maths interpolation tool. Results are for Libya-4.

3. Inversion of the high-resolution surface BRF. The third step involves inverting the surface BRF
field interpolated at a 1 nm spectral resolution. This process relies on the RPV Model Inversion
Package developed by [32], which retrieves the RPV parameters along with the associated
covariance matrix. The uncertainty for each parameter corresponds to the diagonal elements of
this matrix and tends to be larger at the spectral range extremes due to extrapolation performed
by the comet_maths tool.
Figure 4 illustrates an example of the relative uncertainty at the extrapolated wavelengths for the
ρ0 parameter over Libya-4, showing particularly high values at the shortest wavelengths.
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Figure 4. Relative uncertainty associated to the high-resolution ρ0 parameter over Libya4.

2.3. Characterisation of Atmospheric Properties
2.3.1. Description of the Method

The characterisation of atmospheric properties to obtain the RCR includes the derivation of an
aerosol model over the Sahara and Gobabeb, and the generation of atmospheric vertical profiles over
each selected PICS. The AOT is taken from CAMS global reanalysis data referred to as EAC4 [33].
EAC4 AOT values haven been extensively evaluated through systematic comparison against AErosol
RObotic NETwork (AERONET) data [34]. Ref. [35] reported an overestimation of aerosol in CAMS
reanalysis compared to AERONET stations of about 5 %–10 %. As the selected PICS are located in
remote place with no aerosol observation and over bright surfaces where satellite retrieval is often of
poor quality, a 20 % uncertainty on the AOT was assumed. The AOT vertical distribution relies on the
climatology elaborated by [27]. EAC4 data are used to characterise the vertical profile of temperature,
pressure and molecular concentration of the following species: CO, NO2, NO, O3, H2O, SO2, N2O, O2,
CH4, CO2 [35,36]. The procedure applied to generate these vertical profiles for the Eradiate RTM is
described in [37].

The proposed method to derive an aerosol model relies on the analysis of AERONET inversion
data [38] over the selected targets to derive the following micro-physical properties:

1. The fine mode mean radius and standard deviation
2. The coarse mode mean radius and standard deviation
3. The number of particles in each mode;
4. The particles oblateness;
5. The real and imaginary part of the refractive index

The index of refraction is then extrapolated to the entire spectral region of interest, i.e., from
350 nm up to 2500 nm, as described in Section 2.3.3. Finally, the corresponding single scattering
properties are calculated from these micro-physical properties using the spheroid package included in
the Generalized Retrieval of Aerosol and Surface Properties (GRASP) algorithm [39]. It is assumed
that the fine and coarse mode are characterized by the same oblateness and index of refraction.

2.3.2. AERONET Data Analysis

Data from AERONET V3 L1.5 inversion products [12] are analysed to observe the variations of the
single-scattering properties among the stations located in the vicinity of the targets listed in Table 1. For
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Libya-4, the stations considered to get the aerosol model are: Agoufou, Borjy Badji Mokhtar, Homburi,
Ouarzazate and Tamanrasset INM. For Gobabeb, data from the corresponding AERONET station and
results from Hemeret et al., in preparation, are used. The choice of L1.5 is motivated by the availability
of the sphericity parameter, which is not available in L2.0. However, the Level-2 flags available in
the Level-1 products are used to keep only retrievals with high quality. The average size distribution
parameters (median radius and standard deviation), sphericity and index of refraction are derived
from the AERONET dataset.

The uncertainty associated with the microphysical properties obtained from the AERONET V3
L1.5 is computed analysing their statistical distribution among all the available data points. The
uncertainties were defined as the standard deviation of the distribution, excluding the tails of the
resulting histogram (less than 5% of the data). This approach does not significantly alter the estimated
aerosol properties, but rather serves to reduce the associated uncertainty. An example of the coarse
mode radius distribution is shown in Figure 5. The calculation is performed excluding the tails of the
histograms to avoid outliers that could significantly increase the associated uncertainty. The real and
imaginary parts of the index of refraction are also extracted from AERONET data at the following
wavelengths: 440, 675, 870, and 1020 nm.

Figure 5. Statistical distribution of the coarse mode radius over Libya4. The black dashed line represents the fitted
normal distribution calculated using all available data points. The green dashed line represents the fitted normal
distribution obtained by excluding the tails of the histogram from the calculation.

The particle size distribution obtained from AERONET inversion data over the two Region Of
Interest (ROI)s is shown in Figure 6. While over the Sahara region dust remains the main aerosol
type, over Gobabeb aerosol particles can be originating from dust, black carbon, pollution and marine
aerosols [40,41].
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Figure 6. Particle size distribution over Gobabeb (blue line) and Sahara (green line), as defined in Equation (3).

2.3.3. Spectral Interpolation

To interpolate the index of refraction derived in Section 2.3.2 across wavelengths in the 350
to 2500 nm spectral range, aerosol datasets from the Library of Advanced Data Products (LADP)
of Eurochamp [42] and the Optical properties of Aerosols and Clouds (OPAC) [43] are exploited.
The 5 refractive index spectra from these datasets with the smallest geometric distance from the
values obtained from AERONET analysis are selected and the median value among these datasets
is computed. The resulting median spectrum, weighted by the geometric distance between of each
selected spectrum and the averaged properties derived from AERONET is used as high-resolution
spectrum in the comet_maths tool, similarly to the method described in Section 2.2.4.

2.3.4. Single Scattering Properties and AOT Estimation

The aerosol microphysical properties derived as described in Sections 2.3.2 and 2.3.3, are used
to compute the single scattering properties using the spheroid package included in the GRASP
algorithm [39]. The inputs to spheroid package consist of the particle refractive index, the particle
size distribution and the particle axis ratio distribution. The particle size distribution is specified by
the average values of the parameters of a bi-lognormal particle size distribution, over the different
AERONET stations in the ROI. The bi-lognormal particle size distribution is expressed as:

dN
dr

=
2

∑
i=1

wi

r
√

2π ln(σi)
exp

−
ln2(r/rm,i)

2 ln2(σi) (3)

where r is the radius of the spherical particle with the same volume as the spheroid particle, N is
the number of particles with a radius r, i is an index denoting the lognormal component (1 = fine,
2 = coarse), w is a weighting factor and σi is such that ln(σ) is the standard deviation of ln |r| where |r|
is the magnitude of r. The particle axis ratio distribution is built from AERONET sphericity parameter,
according to the following equation:

N(a) = NFeldspar(a) + ψ(⌊s/10⌋)δ(a − 1) (4)

where a is the spheroid particle axis ratio, N is the number of particles with an axis ratio of a, s is the
value of the AERONET sphericity parameter, δ is the Dirac’s delta distribution and NFeldspar(a) and
ψ(i) are given in [38].
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Figure 7 shows the Single Scattering Albedo (SSA) and asymmetry factor resulting from the
microphysical properties obtained as described in Sections 2.3.2 and 2.3.3. The SSA over Gobabeb has
also been compared to the results by Hemeret et al., in preparation, at 0.44µm, 0.67µm, 0.87µm and
1.02µm, showing a mean bias less then 4%.

Figure 7. SSA and asymmetry factor over the three ROIs. The color code is the same as in Figure 6. The dots
correspond to 0.4µm, the triangles to 0.6µm, the squares to 0.8µm and finally the crosses to 1.05µm.

2.4. Calibration Reference Accuracy Analysis

The method described in Sections 2.2 and 2.3 involves certain limitations and assumptions. One
key limitation is that CISAR relies on a scalar approximation to solve the radiative transfer equation.
This simplification introduces non-negligible errors at short wavelengths, where polarized scattering
is significant. Neglecting polarization effects can result in reflectance errors of up to 7 % at the top of
the atmosphere when assuming a Lambertian surface [13].

Ideally, the accuracy of the proposed method should be evaluated against an SI-traceable reference
standard. However, the radiometers listed in Table 2 are not directly traceable to such a standard.
Nonetheless, their radiometric accuracy is widely recognized by the scientific community (e.g., [44]),
making them a community-consensus reference suitable for assessing the accuracy of the newly
proposed RCR.

Clear-sky observations acquired by the sensors listed in Table 2 were simulated using Eradiate, in-
corporating the atmospheric properties from Section 2.3 and the RPV parameters derived in Section 2.2.
These simulations were then used to apply a bias correction to the surface BRF, specifically to the ρ0

parameter, governing the overall magnitude of surface reflectance. Discrepancies between the RCR and
observations may arise due to limitations in the proposed method and sensor characterization (e.g., ra-
diometric calibration, sensor response function characterisation, etc.). To maintain independence from
any single sensor, the bias correction is performed using the ensemble of radiometers listed in Table 2.
In spectral regions where multiple observations from different sensors are available, the correction is
based on the mean simulated TOA BRF. The correction was weighted by the standard deviation of the
bias associated with each sensor to ensures that more reliable sensors have a stronger influence on the
bias adjustment. In spectral regions with limited multispectral observations, hyperspectral sensors
such as PRISMA, EnMAP, and EMIT are leveraged to refine the accuracy of the new RCR.

In order to evaluate the accuracy of the atmospheric simulations, the same method as proposed
in [45] is used. Figure 8 shows that the bias between observations and simulations rapidly decreases
with increasing iterations (corresponding to the number of clear-sky observations), which is consistent
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with the findings in [45]. However, a key improvement introduced by the method proposed in this
manuscript is the significant reduction in the standard deviation of the accumulated bias, decreasing
from 1.7% [45] to 0.7%, demonstrating a substantial improvement in simulation accuracy and stability.
This suggests that the revised approach leads to:

• Fast convergence to a stable bias: few iterations are needed to reach a reliable estimate.
• Reduced uncertainty: the much lower standard deviation compared to [45] implies that the

surface anisotropy and atmosphere characterisation are improved.

Figure 8. Eradiate accumulated bias over 30 Monte Carlo sampling iterations in band 8 of MSI on board Sentinel-
2A, following Figure 6.3 of [45].

These improvements are mostly attributed to an improved characterisation of the surface
anisotropy and a more precise atmospheric profile selection [37]. Overall, these results demonstrate
that the proposed methodology offers an accurate and stable framework for atmospheric correction,
making it a valuable tool for vicarious calibration applications.

3. Results
3.1. Generation of the Calibration Reference

The RCR is derived using the RPV surface parameters outlined in Section 2.2 and aerosol proper-
ties characterized in Section 2.3, with optical thickness obtained from CAMS global reanalysis data.
The atmospheric vertical profile and molecular concentrations are similarly sourced from CAMS to
represent the state of the atmosphere at the time and location of the satellite observations. Simulations
are performed using the Eradiate RTM under the assumption of a 1D atmosphere overlying a flat
surface. The following experimental conditions define the RCR generation process:

• A flat surface at the elevation given in Table 1, with reflectance characterized using the RPV model.
• A uniform aerosol layer composed of fine and coarse modes, as detailed in Section 2.3.
• The vertical profile of pressure, temperature, and molecular concentrations generated following [46].
• An irradiance dataset E0 expressing exo-atmospheric solar radiation at 1 Astronomical Unit (AU). The

Total and Spectral Solar Irradiance Sensor-1 (TSIS-1) Hybrid Solar Reference Spectrum (HSRS) [47]
serves as the default model in Eradiate.

• Generation of RCR R0 at 1 nm resolution using Eradiate, producing simulated TOA BRF over
selected spectral intervals [λ1, λ2] and viewing geometries Ω = (Ωi, Ωv), where Ωi and Ωv

represent the illumination and viewing angles.
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The RCR is thus expressed as

R0(Ω, λ, t; qj, p) =
π d2

⊙(t) L0(Ω, λ, t; qj, p)
E0(λ) cos(θi)

(5)

where qj are the RTM input parameters, p and t are the PICS location and acquisition time, d⊙
is the Sun-Earth distance in AU at time t, θi is the Sun Zenith Angle (SZA) and L0 the simulated
outgoing radiance. Let R̃s(Ω, Λj, t; p) be a TOA BRF acquired in the spectral band Λj by a space-based
radiometer. The corresponding RCR is computed as:

R̃0(Ω, Λj, t; qj) =
π d2

⊙(t)
∫

λ L0(Ω, λ, t; qj) ξ j(λ)dλ∫
λ E0(λ)ξ j(λ)dλ cos(θi)

(6)

where ξ j(λ) is the normalised Sensor Spectral Function (SRF) of the radiometer in spectral band j.
The relative bias between the satellite observation and RCR in spectral band j is defined as:

B̃(p, t) =
R̃s(Ω, Λj, t; p)− R̃0(Ω, Λj, t; qj)

R̃0(Ω, Λj, t; qj)
(7)

This manuscript focuses on results over Libya-4, due to its historical significance and comparison
with [14], and over Gobabeb, as a recently introduced calibration site. These locations provide distinct
case studies to assess the robustness of the RCR methodology and its potential for multi-mission
calibration efforts.

3.2. Multispectral Results

The RCR generated using the Eradiate radiative transfer model as described in Section 3 was
compared with the observations acquired from the multispectral satellites listed in Table 2 to assess
the accuracy of the proposed method. The comparison focused on the relative difference between
observed and simulated top-of-atmosphere (TOA) reflectance values across wavelengths ranging in
the 350 nm–2500 nm spectral range.

3.2.1. Libya4

The results over Libya4, illustrated in Figure 9, indicate that the relative differences for most
sensors remain within ±3%, with a mean close to zero across visible and near-infrared (VNIR) wave-
lengths. The uncertainty bars represent the standard deviation of multiple clear-sky observations.
MODIS (AQUA and TERRA) observations, with a calibration accuracy of 2% [49], align well with the
RCR, confirming the validity of the approach. Similarly, the Sentinel-3 OLCI instruments (A and B)
exhibit stable behaviour with minimal bias across their spectral range, reinforcing their suitability for
vicarious calibration applications. It should be noted that no calibration correction has been applied on
the instruments observations. This explains the larger biases observed in OLCI on-board Sentinel-3A,
known to be about 2% brighter with respect to Sentinel-3B [50]. Notably, the bias observed at 1020 nm
for POLDER aligns with recent calibration studies, which indicate a systematic 5% correction was
required for this band due to on-orbit sensor drift over time [51]. These discrepancies highlight the
necessity of continuous monitoring and recalibration to maintain long-term sensor accuracy.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 1 April 2025 doi:10.20944/preprints202504.0031.v1

https://doi.org/10.20944/preprints202504.0031.v1


14 of 24

Figure 9. Mean relative bias of multispectral sensors over Libya-4. The vertical bars represent the standard
deviation. The dotted and dashed lines represent the ± 5% and ±3% limits, with the latter being the estimated
accuracy in [14]. The grey shaded area represents the molecular absorption transmittance of the AFGL 1986 (U.S.
Standard) atmospheric profile [48] (right y axis).

3.2.2. Gobabeb

The results over the Gobabeb pseudo-invariant calibration site are presented in Figure 10, which
shows the mean relative bias between TOA BRF observations and the simulated RCR across the spectral
range for multiple multispectral instruments. As with Libya-4, the agreement remains generally within
±3%, particularly in high-transmittance regions. MODIS (Aqua and Terra) and Sentinel-3 OLCI (A
and B) show biases that are generally within ±3%, with no strong spectral trend. These results are
consistent with those observed over Libya-4 and confirm the reliability of the proposed RCR over
a smaller and more spatially constrained target like Gobabeb. Sentinel-2A/MSI shows a consistent
negative bias across the VNIR and SWIR ranges, with values ranging from –3% to –5%, with the largest
negative bias observed in the SWIR. These findings are particularly interesting when compared to [52],
who used in situ surface reflectance from the LANDHYPERNET station at Gobabeb and propagated
it to TOA using the 6SV radiative transfer model [53]. Figure 6 of [52] shows comparable bias with
respect to Sentinel-2/MSI, with the largest bias observed in band 11 (centred at 1.61µm). However,
discrepancy in the magnitude and the sign of the bias at shorter wavelengths are observed, due to the
different surface and atmosphere characterisation.

This larger biases and associated standard deviations compared to Libya-4 could reflect limitations
in atmospheric or surface reflectance characterisation over Gobabeb, especially considering its smaller
spatial extent (2 km × 2 km) relative to other PICS. The aerosol properties in the area surrounding the
Gobabeb site are subject to strong seasonal variability, which cannot be captured using the predefined
aerosol model as in Section 2.3 [54]. Furthermore, the use of CAMS data to retrieve the AOT represents
a limitation over Gobabeb given the limited spatial extent. The use of AERONET data, as in [52], could
potentially improve the quality of the simulations.

Importantly, these results confirm the applicability of the RCR methodology to smaller sites like
Gobabeb, despite their limited spatial footprint and sparser observational datasets. The consistency
across instruments supports the robustness of the proposed approach and reinforces Gobabeb’s utility
as a supplementary calibration target in multi-mission harmonisation frameworks.
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Figure 10. Same as 9 over Gobabeb.

While Libya-4 remains a reference PICS for many vicarious calibration efforts due to its large
spatial extent and frequent overpasses by multispectral sensors, Gobabeb offers several strategic advan-
tages. As one of the few desert sites equipped with operational in situ instrumentation (e.g., RadCalNet
and LANDHYPERNET), it enables traceable surface reflectance measurements with high temporal
resolution. Its smaller, homogeneous footprint makes it especially well-suited for the calibration and
validation of high-resolution sensors such as Sentinel-2. Gobabeb thus provides a valuable comple-
mentary site to Libya-4, particularly for validating SI-traceable calibration chains, testing atmospheric
correction methods, and supporting missions requiring high spatial and temporal fidelity. Despite
the limitation associated to the limited spatial footprint and the assumptions in the atmospheric
characterisation (e.g., one aerosol model, AOT taken from CAMS at a coarser resolution), these results
confirm the applicability of the RCR methodology to Gobabeb. The consistency across instruments
supports the robustness of the proposed approach and reinforces Gobabeb’s utility as a supplementary
calibration target in multi-mission harmonisation frameworks.

3.2.3. Summary

A key pattern across the selected PICS is that the standard deviation of the relative bias increases
at shorter wavelengths (400 nm–900 nm), especially in the blue, where Rayleigh scattering and aerosol
uncertainties dominate. Conversely, the SWIR bands (1000 nm–2500 nm) show more stable behaviour
with smaller standard deviations. Overall, the results confirm that the RCR generated using Eradiate,
combined with improved surface and atmospheric characterization, achieves sensor-agnostic consis-
tency within ±3% in most cases, and typically within ±5%, even over spatially limited targets like
Gobabeb. The comparison with [52] highlights that methodological choices (e.g., use of climatologies
vs local measurements) can lead to differences in the sign and magnitude of the biases. Further
improvements in surface reflectance characterization and aerosol property retrievals may help refine
these estimates, provided the availability of sensors with a radiometric accuracy better than ±3%, such
as the SITSat radiometers [15].

3.3. Hyperspectral Results

The validation of hyperspectral observations against the Eradiate-generated Rayference RCR
provides an in-depth assessment of the accuracy and consistency of the simulated TOA BRF across the
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full optical spectral range (350 nm–2500 nm) at 1 nm resolution. This section focuses on spaceborne
hyperspectral instruments, including EMIT, PRISMA, and EnMAP, with the Libya-4 PICS serving as
the reference target due to its radiometric stability and historical use in vicarious calibration. Table 3
reports the time span of the observations considered in this study, as well as the number of clear-sky
observations over Libya-4 and Gobabeb.

Table 3. List of hyperspectral instruments data acquired the selected 2 and the corresponding clear sky observa-
tions (N) over Libya-4 and Gobabeb.

Instrument Data Source Product Years N - Libya4 N - Gobabeb

EMIT
NASA Earth-
Data LAADS
DAAC

EMIT_L1B_RAD
EMIT_L1B_OBS
EMIT_L2A_MASK
EMIT_L2A_RFL
EMIT_L2A_RFLUNCERT

2022,
2023 6 3

PRISMA ASI Prisma cata-
logue client PRS_L1_STD

2019,
2020,
2021,
2022,
2023

28 0

ENMAP
DLR EOC
EOWEB Geo-
Portal

ENMAP.HSI.L1C 2022,
2023 34 26

3.3.1. Libya4

Figure 11 shows the mean TOA BRF acquired over Libya-4 from EMIT (top panel), EnMAP
(mid panel) and PRISMA (bottom panel) compared to the RCR simulations obtained as described in
Section 3.1. A qualitative evaluation of these results confirms the capability of the RCR to simulate
hyperspectral simulations with high accuracy, in particular in spectral region with high atmospheric
transmittance. The three hyperspectral sensors have an estimated absolute radiometric accuracy
between 2.5% and 5% ([55–57]); this is in line with the differences compared to the RCR. Moreover,
only 6 clear-sky observations acquired by EMIT are available for this study, affecting the reliability of
statistical results. A spike in the mean reflectance acquired by EMIT can be observed at 1290 nm; this is
known feature of the instrument, due to order sorting filter seams [58].

The relative bias between observed and simulated TOA reflectance, computed according to
Equation (7), is shown in Figure 12, which illustrates the comparison for EMIT (blue), PRISMA (orange),
and EnMAP (green) over Libya-4, with atmospheric molecular transmittance overlaid (gray-shaded
background) to highlight absorption-dominated spectral regions.

Figure 11. Cont.
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Figure 11. Observed (blue) and simulated (orange) TOA reflectance for hyperspectral sensors over Libya-4,
averaged in time. The comparison includes EMIT (top panel), EnMAP (mid panel), and PRISMA (bottom panel).
The background shading (right y axis) represents atmospheric molecular transmittance, highlighting absorption-
dominated spectral regions.

Figure 12. Mean relative bias of hyperspectral Sensors over Libya-4. The dotted lines represent the ± 5% limit,
the dashed line ±3% limit, corresponding to the estimated accuracy in [14]. The grey shaded area represents the
atmospheric transmittance (right y axis). Notably, EMIT has limited observations over Libya-4, which may affect
statistical robustness.
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3.3.2. Gobabeb

Figure 13 presents the mean TOA BRF observed by EMIT and EnMAP over Gobabeb compared
to the Eradiate-simulated RCR. Despite Gobabeb’s limited number of valid satellite overpasses, the
agreement between observations and simulations remains consistent in spectral windows with high
atmospheric transmittance. The relative bias, shown in Figure 14, remains within ±3% for most of the
VNIR and SWIR range, with higher discrepancies in regions dominated by atmospheric absorption.
The spike at 1290 nm in the mean reflectance acquired by EMIT and discussed in [58] is visible in
Figure 13. The patterns observed for Gobabeb are similar to those over Libya-4, although the standard
deviation is slightly larger, similar to what observed in Section 3.2. While [52] employed in situ
HYPERNETS surface reflectance to estimate TOA reflectance via 6SV, this study shows that a top-down
RCR approach using Eradiate can yield comparable levels of agreement. The results over Gobabeb
demonstrate that, even with a limited number of clear-sky observations, the RCR generated through the
proposed methodology provides robust, traceable reflectance references, suitable for high-resolution
hyperspectral sensor validation. This highlights Gobabeb’s growing relevance as a reference site,
particularly in the context of SI-traceable calibration chains.

Figure 13. Same as Figure 11 over Gobabeb.
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Figure 14. Same as 12 over Gobabeb.

3.3.3. Summary

The hyperspectral validation over both Libya-4 and Gobabeb confirms the high accuracy and
stability of the RCR simulations across the full solar spectral range. The relative bias generally remains
within ±3% in high-transmittance regions, consistent with the radiometric accuracy of the evaluated
sensors. Discrepancies above 3% are primarily observed in strong atmospheric absorption bands, such
as those centred at 970 nm, 1200 nm, 1450 nm and 1950 nm.To better understand the role of atmospheric
transmittance, Figures 15 and 16 correlate observed biases with molecular transmittance. This analysis
confirms that biases remain low (< 3%) in high-transmittance regions (e.g., 500 nm – 700 nm, 1600 nm –
1700 nm), while discrepancies increase in water vapour absorption bands (e.g., 1450 nm and 1950 nm).
The comparison with hyperspectral observations is better than 3% when the molecular transmittance
exceeds 83%. While the bias variability is slightly higher at Gobabeb, the correlation between bias
and transmittance observed at Libya-4 is preserved, reinforcing the robustness of the RCR even under
data-sparse conditions. For atmospheres with a molecular transmittance below 83% (considered
opaque), further research is required to identify the causes of the observed discrepancies.

Figure 15. Correlation between observed biases and molecular transmittance across the spectral range over
Libya-4. The dotted lines represent the ± 5% limit, the dashed line ±3% limit, corresponding to the estimated
accuracy in [14].
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Figure 16. Same as 15 over Gobabeb.

Importantly, this study demonstrates a substantial improvement in simulation stability, with
the standard deviation of the accumulated bias reduced from 1.7% to 0.7%, as compared to previous
methodologies (Section 2.4). This improved precision is particularly critical when only a few obser-
vations are available — such as with EMIT or over spatially constrained targets like Gobabeb. The
consistency of bias estimates across iterations and missions supports the suitability of the proposed
RCR approach for validating new hyperspectral missions under data-sparse conditions.

As atmospheric absorption remains the main source of uncertainty in specific spectral windows,
further refinements in gaseous absorption modelling — possibly with higher spectral resolution RTMs
— will be necessary to meet the 1% accuracy threshold of upcoming missions such as CHIME or SITSat.

4. Discussion and Conclusions
This study set out to develop an enhanced methodology for generating a simulated RCR over

bright desert PICS, with the goal of improving the radiometric accuracy and inter-mission consistency
of Earth observation hyperspectral instruments. To achieve this, key methodological improvements
were introduced in three core areas: (i) surface reflectance characterisation, (ii) atmospheric property
modelling, and (iii) radiative transfer simulations using the state-of-the-art Eradiate model. The
resulting RCR exhibits markedly improved accuracy and stability, with the standard deviation of the
accumulated bias reduced from 1.7% to 0.7%, compared to previous approaches [45].

Validation of the RCR against multispectral observations over Libya-4 confirms the effectiveness
of the method, with mean relative biases generally within ±3%, consistent with the radiometric
calibration accuracy of sensors such as MODIS, Sentinel-2 MSI, and Sentinel-3 OLCI. The analysis
over Gobabeb reveals larger biases and instrument discrepancies, notably a large negative bias for
Sentinel-2A/MSI in the SWIR, in agreement with earlier studies using in situ data and alternative
RTMs [52].

A central outcome of this work is the validation of the refined RCR against hyperspectral instru-
ments, namely EMIT, PRISMA, and EnMAP. Across both Libya-4 and Gobabeb, mean reflectance
biases remain below ±3% across most of the spectral domain. This confirms the methodology’s ability
to support high-resolution spectral calibration requirements. Discrepancies are lowest (<3%) in spectral
regions where transmittance exceeds 83%, and rise in absorption bands. These results confirm that a
single, simulation-based RCR can serve as a reliable calibration reference across multiple hyperspectral
sensors, paving the way for their radiometric harmonisation. This is of particular relevance for the
generation of consistent long-term hyperspectral climate data records and supports inter-mission
comparability and continuity.

Gobabeb’s relevance as a calibration site is reinforced by this study. While its small size limits
the number of usable satellite acquisitions, it benefits from the availability of in situ data, making it
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uniquely suited for traceable calibration validation. Its homogeneity and suitability for high-resolution
sensors complement the strengths of Libya-4, supporting the need for a multi-site RCR strategy.

The refined RCR methodology represents a powerful asset for the verification of multi- and hyper-
spectral sensors and supports the harmonization of radiometric datasets across missions, addressing
challenges in climate data record continuity. For future missions, particularly those with stringent
radiometric accuracy requirements (e.g., better than 1% for SITSat instruments), the continuous
improvement of calibration references will be essential. By incorporating high-resolution surface
reflectance, advanced aerosol characterisation, and Monte Carlo-based radiative transfer, this approach
lays the groundwork for next-generation harmonisation techniques tailored to hyperspectral data.

In conclusion, the methodological improvements presented in this paper provide a substantial step
forward in the simulation of radiometric calibration references, with particular value for hyperspectral
mission support. The improvements in surface and atmospheric characterization, combined with the
use of the Eradiate RTM, significantly reduce uncertainty and improve consistency across satellite
sensors and potentially contribute to the long-term stability of climate data records. Moreover, by
demonstrating that a common RCR can be applied across EMIT, PRISMA, and EnMAP, the results
strongly support its use for harmonising hyperspectral instruments and securing long-term consistency
in climate data records. The method described in this manuscript offer a robust foundation to support
upcoming hyperspectral missions such as Copernicus Hyperspectral Imaging Mission (CHIME)
and SITSat.
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