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Abstract—Remote sensing of long-term vegetation monitoring
relies on the analysis of multisensor and multitemporal time-series
measurements. Cross-sensor calibration is therefore important to
prevent artifacts in the temporal signal due to inherent differences in sensors configurations. Variations in spectral response
functions (SRFs) are among the major causes of differences in
multisensor reflectances and products. In this paper, we report
on the SRF comparability of the upcoming Sentinel-2 Multispectral Instrument (MSI) sensor with a number of operational sensors National Oceanic and Atmospheric Administration (NOAA)/
Advanced Very High Resolution Radiometer (AVHRR9), Landsat 7 Enhanced Thematic Mapper Plus (ETM+), Satellite Pour
l’Observation de la Terre VEGETATION1 (VGT1), Moderate
Resolution Imaging Spectroradiometer (MODIS), and Medium
Resolution Imaging Spectrometer (MERIS) relevant for vegetation monitoring. SRF cross-sensor calibration methods for the
conversion of red and near infrared (NIR) reflectances and Normalized Difference Vegetation Index (NDVI) values of operational
sensors in reference to the Sentinel-2 MSI sensor were evaluated.
Calibration data sets obtained using the soil–leaf–canopy radiative
transfer model; a state-of-the-art airborne imaging spectrometer
Airborne Prism Experiment (APEX); and univariate and multivariate regression models were considered for SRF cross-sensor
calibration. For AVHRR9 and VGT1, reflectances in the red spectral region differed more than 30% from Sentinel-2 reflectances.
These differences translated in NDVI deviations of up to 10%.
The developed SRF cross-sensor calibration method reduced the
differences by factors up to 6, 3, and 7 for red, NIR, and NDVI
values, respectively. All but AVHRR9 have been found to be
cross-calibrated to within 5% differences for reflectances and
NDVI values. The present work is considered as part of a broader
harmonization effort aimed at preparing for the integration of
Sentinel-2 MSI data with existing historical data records and
product time series.
Index Terms—Airborne Prism EXperiment (APEX), crosscalibration, Normalized Difference Vegetation Index (NDVI) continuity, Sentinel-2, spectral response function (SRF), vegetation
monitoring.
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I. I NTRODUCTION

T

HE INTEGRATION of data from different satellite sensors is necessary in long-term studies of phenomena with
time scales exceeding the life span of space missions, e.g.,
analysis in the context of climate change [1] or dynamic
vegetation processes [2]. Multisensor data are also important
in cross-sensor reflectance calibration exercises (i.e., vicarious calibration) for satellite sensors lacking onboard calibration facilities in the solar spectrum [3]. However, the use of
multisensor data poses a number of conceptual and technical
challenges. The platform and sensor combinations differ in their
orbital, spatial, and spectral configurations. In consequence,
measured physical values and radiometric attributes of the imagery are affected [4], causing surface-independent deviations
among solar reflective data measured by different satellite sensors [5].
In this paper, we focus on the instruments’ spectral characteristics, particularly the spectral response functions (SRFs), contributing to multisensor data divergence. SRFs determine the
position and width of a spectral band and have been identified as
one of the most important sources of uncertainty for continuity
and usability of multisensor data sets [5], [6]. Differences
introduced by varying SRFs on multisensor spectral data and
remote sensing products were investigated by several studies.
The majority of these have done so in the context of vegetation
monitoring based on Normalized Difference Vegetation Index
(NDVI) time series [4], [5], [7]–[15], while others focused
on SRF-induced variations of spectral albedo [6], [16], [17].
The frequent exploitation of NDVI [18] compared to numerous
other vegetation indices that have been developed to monitor
the state of vegetation from spaceborne instruments [19] affirms its importance for global monitoring of vegetation. The
Advanced Very High Resolution Radiometer (AVHRR) family
of instruments provides the longest running series of NDVI
products, dating back to the late seventies. Trishchenko et al.
[8] found that, even among same-type instruments, the effect
of differing SRFs on top of canopy (TOC) and top of atmosphere (TOA) reflectances and NDVI is sufficiently large
to require correction. Differences of the AVHRR/NOAA-9
instrument relative to other AVHRR sensors were found
reaching 10%–15% for the red and 2%–3% for the near
infrared (NIR) reflectances. Accordingly, NDVI values of
vegetated surfaces were found varying across instruments
up to 4%–6%. Significant deviations were also identified
when AVHRR-based NDVI data series were extended using other sensors, e.g., the Satellite Pour l’Observation
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Fig. 1. (Upper plot) SRFs for Sentinel-2 MSI (SEN-2 MSI) in the 400–1200-nm spectral wavelength range. Red and NIR spectral bands for the sensor systems
used in this study: Sentinel-2 MSI (SEN-2), NOAA/AVHRR9 (AVHRR9), Landsat 7 ETM+ (ETM7), SPOT VGT1, MODIS (MOD), and MERIS (MER). Sample
green vegetation and soil spectra are also plotted.

de la Terre (SPOT) VEGETATION (VGT) [4], [9], the
Moderate Resolution Imaging Spectroradiometer (MODIS) [9],
[13]–[15], or the Medium Resolution Imaging Spectrometer
(MERIS) [12]. The European Space Agency’s (ESA) upcoming
Sentinel-2 Multispectral Instrument (MSI) [20], [21] is considered as the follow-up mission to the SPOT and Landsat
type of instruments and is intended to provide continuity of
remote sensing products. The placement and the number of
Sentinel-2 MSI spectral bands are, however, defined to offer an increased performance compared to analogous bands
in SPOT and Landsat sensors. These refinements will hence
cause deviations of NDVI values obtained from the Sentinel-2
MSI sensor compared to existing satellite sensors and will
require adjustments to allow extending actual NDVI time
series.
Cross-sensor calibration efforts directly based on the comparison of measured satellite imagery face several limitations.
Their applicability is limited to sensor combinations for which
temporally and spatially overlapping data exist. Moreover,
other sources of deviation, e.g., spatial sampling and radiometric resolution, influence the comparison and prevent quantifying the isolated impact of SRF differences in the total
uncertainty budget [4], [14], [17]. Cross-sensor calibration
strategies incorporating either radiative transfer model (RTM)
simulations or airborne and in situ measurements allow overcoming such restrictions. Other sources of difference, such as
those linked with the spectral convolution operation to broadband SRFs, are however inherent to the latter approach. This
difference was ignored in previous studies [5], [8], which
used airborne measurements for developing SRF cross-sensor
calibration models. Further weaknesses of existing cross-sensor
SRF calibration approaches arise from the land cover dependence of the SRF difference effect, which is not accounted for
when using radiative transfer modeling [4], [13], [22], [23], and
the dependence on data availability when using airborne [5],

[8] or in situ measurements [7], [11], [15]. To the best of our
knowledge, none of the past efforts systematically compared
strategies for cross-sensor SRF calibration.
The goal of this study is to quantify differences that can
be expected in the red, NIR, and NDVI time series expansion
through Sentinel-2 MSI measurements caused by the isolated
impact of spectral sensor properties, i.e., the sensor SRF. Results are considered being one important component of the total
uncertainty budget related to the integration of multisensor data
for establishing continuous time series of Earth observation
products. We deliberately neglect uncertainties caused by effects of the atmosphere, spatial sampling, or other sources of
variability, as they require individual comprehensive analysis.
The specific objectives of our analysis are as follows: 1) to investigate cross-sensor differences of the frequently used NDVI
and, thus, cross-sensor differences in the position and width
of the red and NIR bands; 2) to propose a simple approach to
minimize the effect of land cover on the SRF cross-calibration
based on multivariate regression analysis; and 3) to evaluate a
number of cross-sensor calibration data sets and the validity
of the use of airborne measurement to replicate the satellite
observation based on the Airborne Prism EXperiment (APEX)
airborne imaging spectrometer.
Historically, NDVI was extracted from broad-band instruments. Sentinel-2 MSI with its five narrow bands sampling
the 0.6–0.9-μm region allows to extract far more information
than that required for “simple” NDVI computation (see Fig. 1).
Nonetheless, it is essential to use Sentinel-2-based NDVI data
given the high temporal resolution compared to the SPOT high
resolution geometric (HRG) or Landsat type of instruments and
the cross-calibration opportunity that it offers for any given
large swath sensor. The present work is considered as part
of a broader harmonization effort aimed at preparing for the
integration of Sentinel-2 MSI data with existing historical data
records and product time series.
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TABLE I
S ATELLITE S ENSOR C HARACTERISTICS C ONSIDERED IN T HIS S TUDY

II. DATA AND M ETHODS
A. Satellite Sensors and Their SRFs Considered in This Study
The upcoming Sentinel-2 MSI [21] was taken as the reference comparison instrument. Sentinel-2 is one of a series of five
ESA missions aimed at addressing the operational needs of the
Global Monitoring for Environment and Security programme.
The mission is scheduled for launch in 2014, and among its
objectives is providing enhanced continuity of data acquisition
of the SPOT and Landsat types of satellites. The Sentinel-2
local revisit time is close to the Landsat local overpass time and
matches that of SPOT, allowing the combination of Sentinel-2
MSI data with historical images to build a long-term time series.
The optical payload on board Sentinel-2 includes visible, NIR,
and short-wave-infrared sensors featuring a total of 13 spectral
bands (see Fig. 1). Four bands image the Earth surface at
10 m, six bands at 20 m, and three bands at a 60-m spatial
resolution [21]. Other spaceborne instruments chosen for the
comparison are a representative selection of the most relevant instruments for continued NDVI measurements featuring
long historical data records. Key instrument characteristics are
summarized in Table I. Analogous SRFs for the red and NIR
regions for each of these sensors are shown in Fig. 1. SRFs
were obtained from various sources: for AVHRR9 from NOAA
portal (http://www.star.nesdis.noaa.gov/smcd/spb/calibration/
avhrr/nrf.html); for MODIS from NASA portal (http://mcst.
gsfc.nasa.gov/index.php?section=32); for SPOT VGT, MERIS,
and Landsat from the Committee on Earth Observation Satellites Calibration/Validation portal (http://calvalportal.ceos.org/
cvp/web/guest/instruments); and for Sentinel-2 MSI from personal contact at ESA European Space Research Institute. The
SRFs differ in shape, central wavelength position, bandwidth,
and degree of overlap between the red and NIR channels.
These differences become relevant when involving the transition region (red-edge region) from strong chlorophyll absorption to strong foliage reflection between 680 and 720 nm
[8]. The Sentinel-2 satellites will orbit at a mean altitude of
approximately 800 km, having a revisit time of 5 days at the
equator and 2–3 days at midlatitudes. Given the relatively high
temporal resolution of both Sentinel-2 satellites to comparable
SPOT HRG and Landsat-type satellites, it is also important
to compare the SRF with other large swath sensors such as
AVHRR, SPOT VEGETATION, MODIS, and MERIS, which
also have high temporal resolution.

B. Data
Several data sets are used in this study. Measured data
include satellite, airborne, and in situ spectral data acquired
in the framework of the recent APEX [24], [25] flight campaigns. Modeled data consist of RTM simulations, i.e., spectral reflectances, obtained with the soil–leaf–canopy (SLC)
model [26]. Airborne, in situ, and modeled data are convolved
with the satellite sensor SRFs to simulate the satellite sensor
observations.
Airborne and Field Spectrometer Data: Airborne data were
included in this study based on the hypothesis that they provide
certain advantages over radiative transfer simulations and spectral libraries for cross-sensor calibration. Two reasons supporting the use of measured airborne data are as follows: 1) The
use of real measurements which include realistic scene components, atmosphere, and other measurement factors provides
better comparability to satellite measurements, and 2) using an
intermediate scaling layer secures comparability to the ground
and the satellite level.
Airborne data used in this study were acquired using APEX,
which entered the exploitation phase in 2011. APEX is an
airborne dispersive pushbroom imaging spectrometer operating
in the solar reflected wavelength domain. APEX is designed
to serve as a simulation, validation, and calibration sensor
for current and future spaceborne missions. A sophisticated
calibration concept, including in-flight performance monitoring
through onboard characterization equipment [27], [28], makes
this airborne system particularly suited for the simulation of
satellite sensor data. APEX data were acquired in 301 narrow
contiguous spectral bands covering the 400–2500-nm spectral
region. An average spectral sampling interval (SSI) of 4 nm and
a full-width at half-maximum (FWHM) of 5 nm characterize
APEX bands in the red visible region. In the NIR region, the
average SSI and FWHM are 5.5 and 6.8 nm, respectively. As
of requirements, the average smile and average keystone are
less than 0.35 pixel. The two APEX scenes used in this study
were acquired over the same test site in two consecutive years,
2009 and 2010. The 2009 scene was acquired on June 17
(10:17:00 UTC), while in 2010, an overflight took place on
June 29 (09:54:00 UTC). The flight height was 5 km above sea
level for both years, resulting in a 2 m × 2 m ground pixel
size. The study area is located south of the city of Oensingen
(47◦ 17 N, 7◦ 43 E) in the northwestern part of Switzerland. It
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is characterized by heterogeneous land cover, dominated by
cultivated crop fields (e.g., corn, winter wheat, pea, and sugar
beet) and grasslands intermitted by mixed forest stands. The
APEX data preprocessing included a spectral, geometric, and
radiometric calibration, a georectification, and an atmospheric
correction [29], [30].
Field measurements were taken at the Oensingen study area
as part of the APEX 2010 flight campaign. Data were acquired
at TOC using a FieldSpec Pro spectroradiometer (Analytical
Spectral Devices, Boulder, CO, USA). The instrument allows
to measure reflected radiation within the spectral domain of
350–2500 nm with a spectral resolution of 3.0 nm in the red
and the NIR spectral region and a field of view (FOV) of 25◦ .
A calibrated Spectralon panel served as a white reference to
estimate incident irradiance and compute reflectances. Measurements used were limited to agricultural plots (corn, winter
wheat, pea, and sugar beet).
Satellite Data: A Landsat-5 Thematic Mapper (TM5) scene
encompassing the Oensingen test site was acquired on June
29, 2010 (10:07:03 UTC), being 13 min later than the APEX
acquisition. Preprocessing of the Landsat scene included the
conversion from calibrated digital numbers of the Level 1 product to at-sensor spectral radiances. This step required knowledge of the band-specific lower and upper limits of the original
rescaling factors, obtained from the corresponding header file
(.MTL). Furthermore, the TM5 image was projected to the
Hotine Oblique Mercator Azimuth Map Projection and cropped
to a region of about 2 km × 10 km to spatially correspond with
the APEX scene acquired at the same day. Coregistration with
the APEX scene was performed using classical ground control
point approaches.
RTM: The SLC model [26], [31] was chosen because it
includes canopy structure (i.e., crown shape, forest stand density, and canopy heterogeneity), leaf optical properties, and
background information in the modeling. Its arbitrary inclined
leaf approximation best represents the land cover setting of the
test site. Based on the four-stream radiative transfer theory,
SLC combines a modified Hapke (1981) soil bidirectional reflectance distribution function (BRDF) model, a robust version
of the PROSPECT leaf optical properties model [32], and the
improved SAIL canopy RTM for forest and heterogeneous
vegetation (4SAIL2). 4SAIL2 differs from previous versions of
the SAIL family of models by the inclusion of crown clumping
effects relevant for forests.
C. SRF Cross-Sensor Calibration Approach
The presentation of SRFs in Fig. 1 shows the different spectral band settings of the sensor systems. To quantify and correct
for the effects originating from these differences, numerical
experiments were conducted on red and NIR reflectance data
and NDVI values. The implementation of this experimental
setup can be subdivided into three main steps leading to the
estimation of cross-sensor calibration coefficients. These steps
are as follows: 1) the generation of calibration and validation
spectral reflectance data sets used for the cross-sensor calibration exercise; 2) the convolution of these spectral reflectance
data sets with the satellite sensor SRFs; and 3) the SRF cross-
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sensor calibration using univariate and multivariate regression
models. It should be noted that the use of three calibration
data sets and two regression models leads to the derivation of
six sets of cross-sensor calibration coefficients. These are then
evaluated using the independent validation data set.
Regression Models: Regression models using univariate and
multivariate linear equations were used for the SRF crosssensor calibration of reflectances and NDVI values with
Sentinel-2 MSI data representing the regressor from which
observations by other instruments had to be calibrated. The
following sets of equations were tested.
Univariate model
yred or N IR = β1 xred or N IR + ε
yN DV I = β0 + β1 xN DV I + ε

for red and NIR, and
for NDVI.

(1)

Multivariate model
yred or N IR =β1 xred +β2 xN IR +β3 xN DV I +β4 xN DV I 2 +ε
for red and NIR, and
yN DV I =β0 +β1 xN DV I +β2 xN DV I 2 +ε for NDVI.

(2)

y and x are the dependent (other sensors) and independent
(Sentinel-2 MSI) reflectance or NDVI values, respectively. The
β0 is the intercept, and β1 , . . . , β4 are the slopes of the different
independent variables. The ε term represents the unexplained
residual error of the model. To predict red and NIR data,
the regression equation is forced to have zero intercept. For
NDVI values, the intercept is estimated as a parameter from
the equation, as an NDVI value of zero in sensor x may
correspond to a nonzero value in sensor y. Since the Sentinel-2
MSI sensor with its improved spatial, spectral, and radiometric
performances is the likely choice for the expansion of other
sensors’ data archives, we here present only the regression
coefficients needed to correct Sentinel-2 MSI data to those of
other sensors.
The rationale for using a multivariate regression model as
of (2) is based on theoretical considerations and on supportive
results by previous studies [3], [8], [14], [23]. These studies
demonstrated that SRF cross-sensor differences are land cover
dependent. The inclusion of both red and NIR in the regression
model to predict SRF cross-sensor red and NIR reflectances
provides additional information on land cover type and its
effect on the spectral curve. NDVI alone would have provided
information about land cover. Nevertheless, NDVI values of
soils may be similar to NDVI values of sparsely vegetated
land cover, although both respond differently for varying SRF.
Trishchenko et al. [8] demonstrated that the variations of red,
NIR, and NDVI between two pairs of sensors with varying SRF
are in the order of NDVI2 while NDVI itself partially explains
the magnitude of the SRF effect and the spectral shape of red
and NIR bands over vegetated land cover.
The percentage root-mean-square error (rmse) [see (3)] was
used as an error metric to quantify multisensor reflectances and
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TABLE II
SLC M ODEL PARAMETER D ISTRIBUTIONS FOR THE “B ULK ” AND THE “TARGETED ” RUN , W ITH THE L ATTER B EING
PARAMETERIZED BY THE A PRIORI I NFORMATION AND A IRBORNE I MAGERY

NDVI differences before and after SRF cross-sensor calibration

 n=N 
2
 
ref

y
−
x
n
n
1  n=1
∗ 100
(3)
rmse% =
μxref
N
where xn and yn are the nth observations of the Sentinel-2
MSI sensor and the compared sensor, respectively. N represents
the total number of observations. The rmse was normalized by
the mean of the respective reference signal (Sentinel-2 MSI)
to make error magnitudes comparable across red and NIR
reflectances and NDVI.
Calibration and Validation Data Sets: Three calibration data
sets were generated and used in this study. The first calibration
data set was derived via a “bulk” RTM run. Information on the
study area was not considered in the parameterization of the
RTM. The definition of the model parameters was based on
the literature [26], [31], [33], [34] to represent a broad range
of vegetation types. Broad and evenly distributed parameter
spaces were defined for the leaf chlorophyll content of green
biomass (Cab) and the Leaf Area Index. Background optical
properties were defined by means of Hapke’s soil BRDF model.
Four soil types were additionally chosen, rock, litter as background for meadows, forest understory, and snow. Parameters
describing the sun-observation geometry were set to resemble
typical values encountered for acquisitions at central European
latitudes. The parameter distribution for the RTM “bulk” run is
given in Table II.

For the second calibration data set, a “targeted” RTM run
was intended to simulate the variety of vegetation properties
resembling those of a preselected study area, i.e., the Oensingen
test site. Model inversion based on a lookup table (LUT)
approach was performed to meet this objective [34], [35]. The
2009 APEX scene was used as an input to the inversion. A total
of 10 000 reflectance spectra were selected from the airborne
scene, which had been stratified in NDVI classes. Pixels with
an NDVI value < 0.3 were excluded, representing nonvegetative surfaces. Random points with NDVI values typical for
vegetated surfaces were sampled above this threshold. The LUT
spectra were convolved to APEX SRFs before entering the
search for the best fit. The background reflectance was approximated by three soil spectra extracted from the APEX scene,
and the illumination-observation geometry was set according
to the airborne acquisition. The view zenith angle was defined
for nadir (0◦ ) as well as two off-nadir (7◦ and 14◦ ) positions
to simulate APEX ±14◦ FOV. The relative azimuth angle
was computed for two different view azimuth angles, 90◦ and
270◦ , corresponding to the right and the left half of the swath,
respectively. In a second step, the parameter space resulting
from the model inversion was used for a forward simulation
aimed at generating the calibration data set representative of
the study site, i.e., a “targeted” run. The parameter distribution
for the RTM “targeted” run is given in Table II.
The third calibration data set was directly obtained from
the 2009 APEX data. Spectra were selected in the same fashion as described earlier, i.e., NDVI stratification and random
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sampling, thus granting the representativeness of vegetation
dynamics in the data set.
Two validation data sets were further compiled. The first
was obtained by sampling the 2010 APEX scene as previously
described, while the second was obtained by compiling field
measurements acquired simultaneously with the 2010 airborne
campaign.
Convolution and Deconvolution of Spectral Reflectances and
Radiances: Calibration and validation data sets obtained from
RTM simulations and airborne and in situ measurements were
convolved to satellite sensor SRFs for the red and NIR bands.
The reason behind the use of simulated satellite observations
for the evaluation of SRF differences is twofold. First, the
Sentinel-2 mission had not been launched at the time of this
work, and thus, cross-sensor calibration based on satellite imagery was not feasible. Second, compared to measured data,
synthetic data allow isolating the factor of interest, i.e., SRF
variations, from other perturbing effects. In this paper, we
evaluated the isolated impact of instrument spectral properties
and intentionally excluded additional effects (e.g., atmospheric
effects, illumination/observation geometries, etc.), which have
to be addressed in targeted studies. Spectral convolution to
broad-band response functions was applied as follows:
 λmax
ˆ
I(λ)
=

λmin

I(λi ) ∗ SRF(λi )d(λi )

 λmax
λmin

SRF(λi )d(λi )
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(θ = 29.5) accounted for the near simultaneous acquisition
times
LAT OA =

cos(θA )
(LA TU + Lp ).
cos(θT M 5 )

(5)

A similar procedure was applied to the APEX spectra that
had been deconvolved. The Van Cittert iterative deconvolution
technique [41], [42] was used to derive the most accurate
approximation of the true radiance l by decorrelating the SRFs
from the observed radiance L. It is given as
ˆlk+1 = ˆlk + (L − SRF ∗ ˆlk )

(6)

where ˆlk is the kth estimate of l. The correction factor (L −
SRF ∗ ˆlk ) used to adjust the kth estimate of l is interpolated to
match the 1-nm sampling step of ˆlk . Cubic spline interpolation
is used to get the continuous delta spectrum as well as to derive
a first estimation ˆl0 of the observed spectrum. For more details
on the Van Cittert iterative deconvolution technique, we refer
readers to [36].
Eventually, APEX TOA original and deconvolved radiances
were convolved with Landsat TM5 SRFs [see (4)].
III. R ESULTS AND D ISCUSSION

(4)

ˆ
where I(λ)
is the convolved spectral reflectance (or radiance)
as measured by the satellite sensor and I(λi ) is the reflectance
(or radiance) at high spectral sampling.
Previous SRF cross-sensor calibration activities have ignored
the effects of airborne imaging spectrometer in-band averaging
and undersampling (e.g., [5] and [8]), although the recent study
by Zhao et al. [36] suggested the reconstruction of continuous
spectra from operational imaging spectrometers. In this paper,
we performed a sensitivity analysis to judge the impact of these
effects and to judge the suitability of APEX data supporting
satellite SRF cross-sensor calibration. Continuous APEX radiance spectra were simulated using a deconvolution approach
and compared with originally measured APEX spectra. To
assess the impact on the broad-band convolution, broad-band
at-sensor radiances simulated starting from original and deconvolved APEX data were compared to observed broad-band atsensor radiances. The Landsat TM5 was chosen as the reference
instrument given its reputation as a well-calibrated system
whose performances have been studied throughout the years
[37]–[39]. The coregistered TM5 and APEX scenes acquired
on June 29, 2010, only 13 min apart, were resampled to an
120 m × 120 m ground pixel size to mitigate the effect of pointspread-function differences as well as possible coregistration
errors. APEX-measured radiances (LA ) were propagated to the
TOA based on (5) [40]. MODTRAN5 was used to calculate
the atmospheric spectral upward transmittance (TU ) and path
scattered radiance (Lp) from an altitude of 5 km corresponding
to the flight height during APEX data acquisition. An illumination correction factor computed as the ratio of the cosine of
the solar zenith angles for APEX (θ = 30.9) and Landsat TM5

This section presents the results of the reflectance and NDVI
cross-sensor calibration. The three calibration data sets were
used jointly with the two regression models to obtain six
different sets of coefficients for SRF cross-sensor calibration.
These regression coefficients are then evaluated based on the
independent validation data set (see Table III), and the set of
coefficients leading to the best cross-sensor comparability is
identified and provided as a direct output (see Table IV).
A. SRF Difference Effects
The first column of Table III shows the differences that we
can expect if no SRF cross-sensor calibration is performed. One
should note that the differences only capture discrepancies in
nominal instrument spectral responses. This means that performance drifts occurring over time are not considered, assuming
an insignificant change of SRFs through the life span of satellite
sensors. MERIS is the only instrument for which continuity
with Sentinel-2 MSI can be established with differences in
reflectances and NDVI below 1.5%. Broad-band instruments
such as AVHRR9 and VEGETATION1 (VGT1) exhibit the
highest SRF-based differences with rmses greater than 33% and
10% for the red band and NDVI, respectively. Similarly, ETM+
and MODIS data differed from Sentinel-2 MSI data in the red
visible region with an rmse greater than 8%, whereas for NIR
and NDVI, the rmse was around 3% (see Table III). For all
sensors, the position and shape of the red spectral band were
the most critical for sensor cross-comparison, subsequently
contributing to the NDVI differences. This is in line with
findings by Teillet et al. [5] which identified the width of
the red spectral band having the most significant impact due
to the relatively narrow spectral width of the red absorption
feature of chlorophyll. The same study found the position of the
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TABLE III
P ERCENTAGE RMSE R ESULTING F ROM SRF D IFFERENCES B ETWEEN S ENTINEL -2 AND A N UMBER OF OTHER O PERATIONAL S ENSORS . RMSE (%) FOR
M ULTIVARIATE (U NIVARIATE ) SRF C ROSS -S ENSOR R EGRESSION E QUATIONS AND T HREE S ETS OF C ALIBRATION DATA S ETS : M ODEL (“B ULK ”),
M ODEL +A IRBORNE (“TARGETED ”), AND A IRBORNE (APEX) A RE P RESENTED . THE RMSES A RE O BTAINED BY A PPLYING THE R EGRESSION
C OEFFICIENTS G ENERATED F ROM C ALIBRATION DATA S ETS ON VALIDATION DATA S ETS

TABLE IV
SRF C ROSS -S ENSOR C ALIBRATION C OEFFICIENTS N EEDED FOR THE C ONVERSION OF S ENTINEL -2 (X) R EFLECTANCES AND NDVI VALUES I NTO
T HOSE OF THE I NVESTIGATED S ENSORS (Y). C OEFFICIENTS W ERE O BTAINED BASED ON THE B EST P ERFORMING DATA -M ODEL
C OMBINATION P RESENTED IN TABLE III. C OEFFICIENTS A RE U SED W ITH E QUATIONS 1–2

NIR band less critical provided that the bandwidth (FWHM)
is no more than 50 nm and the atmospheric correction is
accurate. The latter aspect relates with the significant influence
of atmospheric gas absorption, particularly of water vapor, on
the spectral region of the NIR plateau.
B. SRF Cross-Sensor Regression Models
Band-to-band univariate and multivariate regression models
were tested for SRF cross-sensor calibration, and the choice of

the regression model equations was found to have an influence
on the correction of SRF difference effects. The multivariate
regression model showed significantly better results for observations in the red and for NDVI values computed based
on calibrated reflectances. As can be seen from Table III, for
AVHRR9 and VGT1, rmses are halved or even decreased to 1/4
when using the multivariate vis-à-vis the univariate regression
model. The spectral comparability in the red spectral region
improved up to factors of 4.5 and 6.3 for AVHRR9 and VGT1,
respectively. For ETM7 and MODIS, the improvement in the
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Fig. 2. Scatter plots for the red and NIR reflectances and the NDVI for four sensors compared to Sentinel-2 MSI. Data are plotted for (black asterisk) original
and (blue dots) SRF cross-sensor calibrated data. Data were obtained by convolving 2010 APEX acquisitions with satellite sensors’ SRFs. The percentage rmse is
given before (RMSEb) and after (RMSEa) applying SRF cross-sensor regression models in Table IV.

red band compared to the original difference was threefold
(sixth column of Table III). The observed improvements can
be explained with the inclusion of information from the NIR
region, in the form of NIR reflectance and NDVI values. Both
information sources account for the impact of changing land
cover and amount of existing biomass on the spectral overlap between visible and NIR bands over the red-edge region
(around 700 nm). The NDVI is a good indicator of the shape
of surface spectra, explaining its sensitivity to the dependence
of cross-calibration accuracy on land cover changes. NIR reflectances are also included in the set of red-band cross-sensor
calibration because NDVI alone cannot differentiate between
land cover types featuring similar NDVI values, e.g., soil and
sparse vegetation. For the cross-sensor calibration of the NIR
signal, the inclusion of information from the red spectral region
in the form of red or NDVI was instead found to have no benefit.
One can thus conclude that the band-to-band SRF cross-sensor
calibration in the NIR region can be made effectively using the
univariate linear regression model. For NDVI, either regression
models were applied directly on NDVI values or the NDVI
was derived from the red and NIR for which the SRF crosssensor calibration was performed. The former gave slightly
better results aside from being preferable from an operational
point of view given that the global products generally do

not provide red and NIR reflectances from which NDVI time
series were computed. SRF-based differences of NDVI values
were improved by factors of 4.7 and 6.7 for AVHRR9 and
VGT1, respectively, after the applied cross-sensor calibration.
A fourfold improvement was reached for ETM7 and MERIS.
It can be observed that NDVI multisensor differences are only
marginally affected by land cover type as the NDVI per se
partially compensates this effect. However, NDVI multisensor
differences can be affected nonlinearly by variations in the
optical thickness of photosynthetic biomass. This effects can
be represented by including NDVI2 (see (2) [8]).
Table IV provides the regression coefficients associated
with the best performing data-model combination presented in
Table III. Scatter plots in Figs. 2 and 3 show original and
converted Sentinel-2 MSI reflectance and NDVI values plotted
against those of the sensors to be predicted (MERIS was
omitted as original differences were smaller than 3%). Results
are given for the two validation data sets: the airborne data
(see Fig. 2) and the field spectrometer measurements (see
Fig. 3). For all investigated cases, the slope of the regression
line between reflectances or NDVI data sets was much closer
to the one-to-one line after cross-sensor correction had been
applied. This finding is evidenced by a decreasing rmse. The
validation exercise in this study was based on independent data
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Fig. 3. Scatter plots for the red and NIR reflectances and the NDVI for four sensors compared to Sentinel-2 MSI. Data are plotted for (black asterisk) original
and (blue dots) SRF cross-sensor calibrated data. Data were obtained by convolving in situ field spectrometer measurements with satellite sensors’ SRFs. The
percentage rmse is given before (RMSEb) and after (RMSEa) applying SRF cross-sensor regression models in Table IV.

sets, increasing our confidence on the use of the calibration
data sets and regression models developed in this study for SRF
cross-sensor calibration.
C. SRF Cross-Sensor Calibration Data Sets
The choice of calibration data set influences the quality of
the cross-sensor calibration. This sensitivity is, among others,
caused by the position and shape of the red spectral band.
For sensors with narrower red band, i.e., less contaminated by
the elevated reflection in NIR, comparable performances were
obtained using either of the three calibration data sets. This
was not the case for instruments whose red band covered the
red-NIR transition region, e.g., AVHRR and VGT1. For these
instruments, a higher knowledge about the spectral content
of the scene showed increasingly beneficial in correcting for
the SRF difference effects. In Table III, for AVHRR red-band
cross-sensor calibration, the rmse drops from 33.1% to 9.4%,
8.5%, and 7.4% when scene-independent (“bulk” RTM run),
semidependent (“targeted” RTM run), or dependent (airborne
scene) calibration data sets are used, respectively. A similar
trend is shown for the VGT1 red band with rmses decreasing
from 33.6% to 10.6%, 8.1%, and 5.3% with increasing scenespecific information. The choice of calibration data set tran-

Fig. 4. MAEs resulting from SRF differences between Sentinel-2 and a
number of other operational sensors. MAEs are shown for originals as well
as cross-sensor calibrated data (i.e., bulk, targeted, and APEX) based on the
multivariate regression model and the validation data set. Error bars represent
one standard deviation.

spires but is far less significant for NIR and NDVI cross-sensor
calibrations. Fig. 4 presents the mean absolute errors (MAEs)
obtained for original data sets as well as for SRF cross-sensor
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Fig. 5. Deconvolved spectrum compared to the observed APEX spectrum from which it was derived. Landsat TM5 SRF for red and NIR bands are plotted for
reference (TOA is top of atmosphere).

calibrated data sets using the multivariate regression model.
The regression coefficients were obtained based on the three
different calibration data sets (“bulk” run, “targeted” run, and
APEX), and results in Fig. 4 show their performance on the
validation data set.

D. Convolution of Airborne Imaging Spectrometer Data to
Satellite SRFs
In the previous chapter, we reported on the sensitivity analysis aimed at testing the validity of APEX data to reproduce
broad-band acquisitions, which represents the prerequisite for
the use of APEX for SRF cross-sensor calibration. As shown
in Fig. 5, the deconvolved APEX measurements resulted in
negligible added information in relation to the original one.
Information about absorption features not present in the original
data and about the real position of these features was not recovered; instead, the signature of sharp spectral absorption features
was increased as a result. The deconvolved superresolution
spectrum resembled signal noise for most contiguous APEX
bands, resulting in contrasting offset spectra (see Fig. 5).
The use of deconvolved rather than original APEX spectra
fitted with TM5 SRF did not improve the relationships with the
measured TM5 data (results are not presented for brevity). The
noticeable amount of noise added to the spectra by the deconvolution might even trigger the opposite effect, decreasing the
accuracy in simulated narrow and low reflective bands.
The comparison between simulated TM5 radiances based on
APEX measurements and observed TM5 radiances showed a
good agreement, with rmse values of 11%, 9%, and 12% for
red, NIR, and NDVI, respectively (see Fig. 6). All relationships
were statistically significant (p < 0.0001), slopes were nearly
unity, and intercepts between simulated and measured radiances
and NDVI were consistently below 5%. The residual deviation
can be attributed to a number of sources, such as calibration
uncertainties [38], [39], scaling issues, and adjacency effects,
as well as spatial resampling and coregistration errors. In
consequence, it can be stated that in-band averaging and undersampling effects introduced by APEX SRFs on the radiance
spectra do not require compensation prior to convolution with
TM5 broadbands. The performance of APEX in simulating the

Fig. 6. Comparison between Landsat TM5 observed and simulated TOA
radiances and derived NDVI values. Simulated radiances were obtained from
APEX data, which were propagated to TOA. The discontinuous line represents
the one-to-one line, while the continuous line represents the regression fit.

TM5 radiances is successful and increases our confidence in
the use of airborne imaging spectrometer data, particularly of
APEX data, for the cross-sensor calibration of operational and
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upcoming satellite sensors. Nonetheless, additional investigations including narrow-band sensor simulations are needed to
further strengthen this hypothesis.
IV. C ONCLUSION
In 2014, ESA’s Sentinel-2 mission will start delivering highresolution optical images on a global scale. To assure that
existing satellite-based historical data records and product time
series can be complemented and expanded using Sentinel-2
MSI data, uncertainties linked with differences in instrument
performances need to be addressed accordingly. In this paper,
we investigated uncertainties originating from differences in the
position and width of the red and NIR spectral bands and on
their implication on NDVI time-series continuity.
Findings showed that differences in SRFs are significant and
have to be taken into account to integrate Sentinel-2 NDVI time
series with those of other sensors. Expanding AVHRR NDVI
time series via original Sentinel-2 data is possible with an 11%
uncertainty without SRF cross-sensor calibration. Similarly,
continuing NDVI time series of the SPOT VGT heritage instrument is related to an uncertainty of 10%. These uncertainties are
not acceptable considering the subtle magnitude of natural surface variations that we aim at monitoring in vegetation studies.
This study demonstrates that compensating for SRF difference
effects in the data improves the Sentinel-2 NDVI time series
consistency with AVHRR9 and SPOT VGT1 NDVI time series
of up to a factor of 5 and a factor of 7, respectively. The spectral
band difference effect was found to be dependent on the surface
reflectance spectrum. The inclusion of knowledge about the
spectral content of the scene and about the overall shape of the
spectrum improved the correction.
The use of multivariate regression improved the SRF crosssensor calibration, particularly for the red band covering the
spectral region with the largest spectral contrast. Multivariate
over univariate band-to-band regression improved results by up
to a factor of 6 (e.g., Sentinel-2 versus VGT1 in Table III).
This effect also spreads to the computed NDVI after applying
multivariate SRF cross-sensor calibration in the red region,
resulting in improved NDVI cross-sensor comparability. We
therefore recommend an ensemble of regression models for the
red and the NIR cross-sensor calibration. In the red region,
the use of NIR, NDVI, and NDVI2 as multivariate predictor
variables improves the comparability of the reflectances between two given sensors. For the NIR region, simple band-toband SRF cross-sensor calibration suffices the desired level of
comparability.
The choice of the calibration data source plays a secondary
role in the performance of SRF cross-sensor calibration as
compared to the choice in regression model. The use of measured airborne data resulted in better cross-sensor calibration
followed by the “targeted” RTM simulations and, finally, the
“bulk” RTM run for observations in the red and for NDVI
values computed from calibrated reflectances. The use of airborne spectral libraries is of particular interest for achieving
better accuracy in multisensor data integration over specific
sites rather than on a regional or global scale. Long-term
studies for monitoring specific phenomena (e.g., phenology

studies [43]) often concentrate on predefined sites (e.g., Earth
Observing System (EOS) Land Validation Core sites) for which
airborne observations are usually available or can easily be
acquired. For regional or global monitoring studies, for which
airborne measurements and fully parameterized RTM runs are
not feasible, spectral libraries obtained via “bulk” model runs
with parameterization performed by a priori guess or by setting
large parameter ranges are a good alternative for SRF crosssensor calibration. Our study further indicates that, if the SRFbased reflectance differences are below 3%, the cross-sensor
calibration is not required or does not necessarily improve the
comparability (e.g., Sentinel-2 MSI versus MERIS in Table III).
NDVI time series cross-calibration has represented a great
challenge within the global climate change community. Once
spaceborne, Sentinel-2 will allow for the acquisition of comprehensive and extended NDVI time series and can provide
the needed reference tool for the cross-calibration of any given
large swath sensor. We have demonstrated that, with sufficient stability of all other sensor parameters given, substantial
improvement can be achieved by using regression models to
secure the spectral continuity of NDVI time series.
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