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Abstract—Global and regional vegetation assessment strategies
often rely on the combined use of multisensor satellite data. Variations in spectral response function (SRF) which characterizes the
sensitivity of each spectral band have been recognized as one of the
most important sources of uncertainty for the use of multisensor
data. This paper presents the SRF differences among 21 Earth
observation satellite sensors and their cross-sensor corrections
for red, near infrared (NIR), and shortwave infrared (SWIR)
reflectances, and normalized difference vegetation index (NDVI)
aimed at global vegetation monitoring. The training data set to
derive the SRF cross-sensor correction coefficients were generated
from the state-of-the-art radiative transfer models. The results
indicate that reflectances and NDVI from different satellite sensors
cannot be regarded as directly equivalent. Our approach includes
a polynomial regression and spectral curve information generated
from a training data set representing a wide dynamics of vegetation distributions to minimize land cover specific SRF cross-sensor
correction coefficient variations. The absolute mean SRF caused
differences were reduced from 33.9% (20.1%) to 9.4% (6%) for
red, from 3.2% (8.9%) to 1% (1.1%) for NIR, from 2.9% (3.6%)
to 1.9% (1.6%) for SWIR, and from 7.1% (9%) to 1.8% (1.7%) for
NDVI, after applying the SRF cross-sensor correction coefficients
on independent top of canopy (top of atmosphere) data for all-embraced-sensor comparisons. Variations in processing strategies,
non spectral differences, and algorithm preferences among sensor
systems and data streams hinder cross-sensor spectra and NDVI
comparability and continuity. The SRF cross-sensor correction
approach provided here, however, can be used for studies aiming
at large-scale vegetation monitoring with acceptable accuracy.
Index Terms—Cross-sensor comparability, Earth Observing
System (EOS) land validation core sites, normalized difference
vegetation index (NDVI) continuity, reflectance, spectral response
function (SRF).

I. I NTRODUCTION

T

HE importance of global vegetation in studies of climate,
hydrological, and biogeochemical cycles has been well
recognized, particularly in carbon studies since plants mediate
the land-atmosphere exchange of matter and energy in terrestrial ecosystems [1]. Global, regional, and local vegetation
assessment strategies are increasingly incorporating spaceborne
remotely sensed information to monitor current and historical
vegetation dynamics and often rely on the combined use of
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multisensor data. Remote sensing makes it possible to collect
data from inaccessible and extensive areas with information
available in spectral, spatial, angular, geometric, and temporal
resolutions and polarization domains with high revisitation frequencies. Although these attributes have largely been a source
of additional information, they also hinder the continuity and
comparability of multisensor data set which are required for
long-term vegetation monitoring due to relatively short life span
of satellite sensors.
Since the early 1970s Landsat 1, and the late 1970s launch
of the National Oceanic and Atmospheric Administration
(NOAA) satellites, the remote sensing communities have accumulated a large amount of invaluable and irreplaceable data
set for global vegetation monitoring [2]. The Advanced Very
High Resolution Radiometer (AVHRR) sensors, on board of
the NOAA satellites, have provided one of the most extensive
time series of remotely sensed data and continue producing
daily information of surface and atmospheric conditions [3].
Global monitoring of the land surface at coarse spatial resolutions has developed around the use of the AVHRR time
series data with predominant use of the normalized difference
vegetation index (NDVI), (e.g., [4]–[6]). Several initiatives
have been taken to cross calibrate NDVI time series from
various sensors all with different purposes and successes: e.g.,
Pathfinder AVHRR Land (PAL I and II versions) [7], [8], the
Global Inventory Monitoring and Modelling Studies (GIMMS)
[2], and the Fourier-Adjustment, Solar zenith angle corrected,
Interpolated Reconstructed [1], [9]. Despite these efforts, the
use of multisensor data for historical monitoring of global
vegetations remains a challenge. The main difficulties in the
use of multisensor reflective spectra and NDVI time series for
operational global vegetation studies arise from differences in:
orbital overpass times [10]; geometric, spectral, and radiometric
calibration errors [11]–[16]; atmospheric contamination [17],
[18]; directional sampling and scanning systems [19], [20] to
name a few. The combinations of some of these factors mitigate
or exacerbate the resulting variations in solar reflective spectra.
In addition to the aforementioned factors, spectral response
function (SRF) variations of different sensors have been recognized as one of the most important factors affecting the
continuity of multisensor monitoring of global vegetation [15],
[16], [21]–[26]. SRF describes the relative sensitivity of the
sensor to monochromatic radiation of different wavelengths and
is normally determined in the laboratory using a tunable laser
or a scanning monochromator [27]. Differences among the SRF
of various radiometers introduce biases that could prevent the
detection of reflectance changes resulting from subtle natural
variability of vegetation. Teillet et al. [15], [16] reported on a
radiometric cross calibration of relatively fine spatial resolution
sensors to show the spectral band reflectance differences. Teillet
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and Ren [24] latter studied spectral band difference effect on
NDVI. However, these studies [15], [16] do not provide SRF
cross-sensor correction coefficients and are mostly done based
on non vegetated land surface spectra. Teillet and Ren [24]
do not provide cross-sensor correction coefficients, and the
sensitivity analysis is conducted on simulated spectra of limited
land cover target types. Trishchenko et al. [21] and [23] focused
on moderate resolution satellite sensors, including the AVHRR,
MODIS, SPOT VEGETATION, and Global Imager all with respect to NOAA9 (N9) AVHRR sensor although the latter study
showed SRF differences within the AVHRR-3 series of sensors.
They reported on modeling results in the red, near infrared
(NIR), and NDVI and provided the difference estimate and
polynomial SRF cross-sensor correction coefficients optimized
for boreal ecosystems. However, these studies are for limited
geographic regions, and the coefficients are provided only in
reference to the N9 reference sensor. Trishchenko et al. [21]
and [23] reported that reflectance differences due to SRF can
range from −25% to +12% in the red and −2% to +4% in the
NIR band, even between “same type” AVHRR series sensors on
various NOAA satellites, and that still greater differences can
arise for the other sensor intercomparisons. Steven et al. [25]
provided additional background on the problem of cross calibrating vegetation indices and reported on a simulation study
involving red and NIR spectral bands and vegetation indices
for 15 satellite sensors. Rao et al. [26] presented results on the
cross-sensor correction of MODIS and the European Remote
Sensing satellite-2 Along-Track Scanning Radiometer-2 based
on desert sites as common targets. They emphasized how
crucial it is to take into consideration the spectral characteristics
of the sensors and the scene to avoid compromising the efficacy of SRF cross-sensor correction. van Leeuwen et al. [22]
provided extensive sensitivity analysis for SRF cross-sensor
correction among MODIS, two AVHRR-2 instruments, and
Visible/Infrared Imager Radiometer Suite data from simulated
spectra.
The previous studies usually deal with particular sensors
which are not necessarily relevant for global vegetation studies
or limited for specific geographic regions and land cover types.
However, they show important factors affecting the multisensor
data uses and comparability and also present detailed sensitivity studies such as atmospheric parameters [22]. Practical
and operational uses of satellite reflective data to aid our
understanding of changing environment must be based on a
quantitative appreciation of the biases and uncertainties among
different data sources and sensors as specified for example
by Global Climate Observing System (GCOS) [28]. GCOS
also strongly demands developing satellite-to-satellite crosscalibration algorithms. Therefore, we base our study on the
sensitivity analysis of the previous studies with the intention
that the general approach for global multisensor SRF crosssensor correction of bulk spectra can be devised. In such a way,
we include most of historically and globally relevant sensors
in the last three decades for global vegetation studies and
provide differences in reflectances and NDVI, and their SRF
cross-sensor correction coefficients. Albeit that most previous
studies have focused on NDVI and some with red and NIR
reflectances, there is a strong need also to provide SRF crosssensor correction coefficients for shortwave infrared (SWIR)
spectral band. The use of SWIR spectral band in vegetation

studies such as vegetation water content estimations [29] and
modifying simple red-NIR ratio index to reduce background
and land cover variations in LAI estimation [30] are becoming
increasingly indispensable (for example in UofT GLOBCARBON LAI and fAPAR algorithms [31]). Therefore, the aim of
this study is to evaluate the red, NIR, and SWIR reflectances,
and NDVI SRF cross-sensor comparability among 21 satellite
sensors, and provide land cover independent SRF cross-sensor
correction coefficients for global vegetation monitoring. The
SRF cross-sensor corrections are also compared with previous
studies applied on an independently measured validation data.
The results of this study, previous and ongoing research related
to data variations derived from multiple discontinuous sensors,
should be of significant value if we are going to be able to make
the best informed management decisions and judicious use of
the data set.
II. DATA AND M ETHODS
A. Generation of Synthetic Training Data set
The combined radiative transfer models called PROSPECT
for leaf [32], SAIL for canopy [33], and 6 S for atmosphere
[18] encoded into Interactive Data Language and Fortran were
used to simulate synthetic spectra representing large ranges of
possible global vegetation conditions and atmospheric states
combined with measured backgrounds and canopy view-sun
geometry (Table I). PROSPECT and SAIL are probably the
most widely used radiative transfer models in vegetation for
developing vegetation indices, and making theoretical sensitivity analysis [34] including SRF cross-sensor correction [22].
The measured background includes most possible scenarios
expected in real canopies (Table I). The definitions of all leaf
and canopy variables presented in Table I can be found in
Jacquemoud et al. [35]. In total, 100 spectra were simulated per
background type totaling 800 top-of-canopy (TOC) reflectances
by combination of the random distribution of the input parameters bounded by lower and upper bounds (Table I). The lower
or upper bounds of the input variables, or the constant setting
for some of the variables, were determined based on extensive
review of literature for theoretical and measured values (see
a review, [34]). The LAI ranges from 0 (consisting only the
understorey moss and grass, soil or snow reflectances) to 6
(dense canopy) in order to represent various canopy covers
[Fig. 1(a) and (b)]. In addition to this, the lower LAI values also
provide spectra consisting of mixed background (green, soil and
snow)-vegetation components.
The 6 S radiative transfer model [18] which allows to accurately resolve all spectral features of the targets and sensor
SRF at 2.5 nm wavelength increments was employed for simulation of signals at satellite level under various atmospheric
conditions. Assuming that the surface is of uniform Lambertian
reflectance and the atmosphere is horizontally uniform and
variable with time, the measured quantities expressed in terms
of equivalent reflectance, ρTOA defined as apparent or top-ofatmosphere (TOA) reflectance was calculated as
ρTOA (θs , θv , φs − φv )




ρt
= Tg (θs , θv ) ρr+a +
T (θv )T (θs )
1 − Sρt
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TABLE I
R ANDOM PARAMETER S ETS A PPLIED TO S IMULATE S YNTHETIC T RAINING DATA U SING PROSPECT + SAIL + 6 S R ADIATIVE T RANSFER
M ODELS I NDICATED BY L OWER (LB), U PPER B OUNDS (UP), AND D ISTRIBUTIONS . N O BRDF E FFECT WAS C ONSIDERED

where θv is view zenith angle, θs is sun zenith angle, φv is
view azimuth angle, φs is sun azimuth angle, Tg is total gaseous
transmittance, ρr+a is intrinsic atmospheric rayleigh and
aerosols reflectance, ρt is reflectance of the target, S is spherical
albedo of the atmosphere, T (θv ) is the total transmittance factor
combining the contribution of aerosol and rayleigh along the
diﬀ
view-target path (e−τ / cos(θv) + Esol
(θv)/ cos(θv)ES ), T (θs )
is total transmittance factor combining the contribution of
aerosol and rayleigh along the sun-target path (e−τ / cos(θs) +
diﬀ
Esol
(θs)/ cos(θs)Es ), τ is optical thickness of the atmosphere,
diﬀ
Es is the solar flux at the top of the atmosphere, and Esol
is downward diffuse solar irradiance. The coupling of leafcanopy-atmospheric radiative transfer models involves simply
passing the output leaf reflectance and transmittance of the
PROSPECT model into the SAIL model to simulate the TOC
and using these values as ρt in (1) to simulate TOA reflectances
using 6 S. The measured background reflectances are used as
input to the combined model of PROSPECT, SAIL, and 6 S.
This kind of coupling of three radiative transfer models is scarce
in literature [35].
We have carried out the 6 S simulations for a standard sun-target-sensor geometry, i.e., θv = 0◦ , θs = 45◦ ,
Δφ(relative azimuth angle) = 0◦ . This view-target-sun geometry is selected based on previous studies [21], and is a typical
geometry to normalize satellite observations [36]. The analysis
presented here is limited to a single view-target-sun geometry
in 6 S simulations since the simulations were carried out for

an idealized Lambertian surface (angularly uniform reflectance)
even though they involve different path lengths through the
atmosphere [14], [21]. Above and beyond, the 6 S is parameterized for horizontally uniform atmospheric profiles providing
a plane parallel atmosphere whose effect on SRF would be
only the extended path length for higher zenith angles. A
discussion of the effect of view-target-sun geometry in crosssensor corrections can be found in [15]. It should be noted
that view-target-sun geometry will have effect in SRF crosssensor correction if real satellite measurements are used as
training data due to the anisotropic scattering and transmittance
properties of the atmosphere.
The 6 S was run for three typical atmospheric profiles
namely: US62 [column integrated water vapor concentration
(CH2O ) = 1.42 g/cm2 and column integrated ozone concentration (CO3 ) = 344 Dobson units (DU)]; subarctic winter
(CH2O = 0.419 g/cm2 and CO3 = 480 DU); and tropical
(CH2O = 4.12 g/cm2 and CO3 = 247 DU) atmospheres. The
atmospheric aerosol optical depth (AOD) has weak wavelength
dependence within the considered spectral regions [14], and so
it is not expected to play a significant role in the variations of
SRF (e.g., [22]). Additionally, optical satellite measurements
for surface properties usually employ clear-sky composites
selected for the highest atmospheric transparency; therefore, the
AOD was set to 0.06 [21], [37]. Our aim here is to provide the
bulk cross-sensor correction coefficients to avoid extensive sensitivity analysis; therefore, all the parameter sets are optimized
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Fig. 1. (a) Synthetic top-of-canopy (TOC) data simulated using PROSPECT and SAIL reflectance models, (b) synthetic top-of-atmosphere (TOA) data simulated
using PROSPECT, SAIL, and 6 S radiative transfer models for commonly used US62, subarctic winter and tropical atmospheric profiles, (b) measured TOC data,
and (d)TOA data generated from the measured TOC data and 6 S radiative transfer model for US62 atmospheric profile. Bold lines show the average reflectances,
the dark gray areas show the bounds between 75% and 25% percentiles, and the light gray areas show the bounds between 95% and 5% percentiles. The data
from (a) and (b) are used to generate spectral response function (SRF) cross-sensor correction coefficients whereas the data from (c) and (d) were used to validate
the SRF cross-sensor correction performances.

to be relevant for SRF and representative for possible scenario
of measured satellite data for global vegetation monitoring.
In total, 2400 spectra have been simulated at 2.5 nm spectral
intervals using the measured ground backgrounds and coupling
PROSPECT + SAIL + 6 S radiative transfer models to synthesize a data set for developing SRF cross-sensor correction
coefficients.

TABLE II
M EASURED T OP - OF -C ANOPY VALIDATION DATA F ROM
VARIOUS L AND C OVER C OMMUNITIES

B. Measured Ground Data
The preprocessing of satellite data involves many steps in
order to be able to obtain the physical value of the surface
reflectance without perturbation. Some of these preprocessing
can be done quite accurately. Nonetheless, most of them may
carry unknown uncertainties due to limited knowledge of input information. Therefore, it is often a challenge to do the
training and validation exercise on measured satellite data for
SRF cross-sensor corrections. To this regard, several studies
have implemented the SRF cross-sensor correction on fully
or partially synthetic simulated spectra (e.g., [22]), on ground
measured spectra; or airborne imaging spectrometer measurements [21], [23]. The airborne imaging spectrometer data are
preferable; however, such measurements are limited and do not
represent various conditions of global vegetations. Therefore,
we have compiled freely available TOC ground measurements
from various time periods, instruments, measurement uncertainties, and locations to be used as independent validation data
(Table II). These “bulk” data set are collected using various
field spectrometers, accuracies, and field conditions representing large range of plant communities therefore assumed to be
reasonable independent validation data set [Fig. 1(c) and (d)].
The data set listed in Table II have been extensively used for

devising spectral bands for vegetation structural and biochemical properties, evaluating the sensitivity of vegetation indices,
for spectral unmixing, and spectral validation of various sensors
to mention a few. The main limitation of the validation data is
that there are not many publicly available plant communities
TOC data set (note that there are many pure leaf spectra
measurements unlike canopy spectra measurements). We have
included all the available TOC data, representing wide varieties
of plant communities for which the spectral range was found
to cover the entire sensor systems considered in this study. The
distribution of the plant communities and their background (soil
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and snow reflectances) are kept to approximate the real global
vegetation distribution scenario.
Table II lists the TOC field measurements used as validation
data sets. The ASTER spectral library consists of various
materials’ spectral compilations from NASA’s Jet Propulsion
Laboratory, Johns Hopkins University, and the U.S. Geological Survey (USGS—Reston). Among the available spectra,
we have chosen those which are relevant for our study such
as soils possible in agricultural and forest ecosystems, and
TOC reflectances of green grass, conifer, and deciduous plant
communities and fine, medium, and coarse granular snow measurements [38]. From the USGS spectral library dry and green
TOC reflectance measurements from various grasses, conifers
and deciduous vegetation were included in the validation data
set [39]. Seedling Canopy Reflectance Spectra, 1992–1993,
together with detailed canopy and leaf biochemical and structural properties have been collected for monospecific canopies
formed from Douglas-fir (Pseudotsuga menziesii) and bigleaf
maple (Acer macrophyllum) seedlings as a part of NASA’s
Accelerated Canopy Chemistry Program (ACCP) [40]. These
ACCP measurements were also included into the validation
data sets. The Analytical Spectral Device (ASD) Fieldspec Pro
spectroradiometer measurements at Barton Bendish, UK, 1997,
1999, 2000 were collected from a field site in Hill Farm, Barton
Bendish, Norfolk (52.62 N 0.54 E), which is a MODIS core
validation site. The Barton Bendish measurements of winter
wheat were also included in the validation data sets, measured
in several fields using an ASD held at 1 m above the canopy top
at 30 m intervals along a transect diagonal to the row direction
within each field in order to characterize within-field variability
which can arise as a result of variable soil quality and uneven
irrigation and application of fertilizer. SAFARI 2000 Sua Pan
salt playa grass land communities in the Magkadigkadi region
of Botswana was collected from August 18 to September 4,
2000, during the SAFARI 2000 Dry Season Aircraft Campaign
using ASD spectroradiometer as a part of MISR validation
activities [41]. Each SAFARI 2000 grassland spectra comprises
a mean reflectance value over 1 km2 area, where the mean represents the average of 570 measurements taken over the 1 km2
area.
C. Measured Satellite Data
To further evaluate the SRF cross-sensor correction results,
we compared two sets of data over an Earth Observing System
(EOS) land validation core site centered on 42.5◦ latitude and
−72.2◦ longitude. The site is called Harvard Forest and selected
among the other EOS sites due to its predominantly Broadleaf
Forest biome which shows seasonal variations on land cover
phonology which is assumed to test our SRF cross-sensor correction on various land cover types and photosynthetic biomass
amount. The area is approximately 160 by 160 km after truncating the western 40 km pixel width from the standard EOS site
due to non vegetated pixels which were replaced with differing
data filling algorithm. In addition to this, all the overlapping
filled values on low-quality NDVI pixels were ignored from the
comparison.
The first data set is the 10-day VGT1 and VGT2 synthesis
(S10), a full-resolution (1 km resolution) maximum-value
composite (MVC) NDVI product. The VGT1 and VGT2 have
an equator-crossing time of 10:30 A . M . local time. Full atmo-
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spheric correction is performed correcting for molecular and
aerosol scattering, water vapor, ozone, and other gas absorption
using measured input data sets such as AOD, subatmospheric
CH2O , CO3 , and digital elevation model for atmospheric
pressure estimation. The S10 NDVI is compiled from VGT1
until January 2003 and VGT2 after that. The SRF of the spectral
bands of VGT1 and VGT2 are not identical [Fig. 2(a) and (b)].
The second data set is 16-day composite from the Terra
MODIS (MD) 1 km NDVI product (MOD13A2, collection
5) which is based on the MODIS level 2 (L2G) daily surface
reflectance product (MOD09 series). The MODIS data is fully
corrected for atmospheric scattering and absorption from atmospheric gases, thin cirrus clouds and aerosols. MODIS crosses
the equator at 10:30 A . M . local time. The MODIS NDVI
compositing algorithm consists of three components: bidirectional reflectance distribution function composite (BRDF-C),
constrained-view angle-MVC, and finally if there are not
enough “good” observations, MODIS uses MVC. The MVCbased approach prefers the off-nadir views in the forward scatter direction which under clear atmospheric conditions results
in higher NDVI values due to relatively darker vegetation
shadows in red than NIR band observed in this direction.
D. Satellite Sensors
Twenty-one Earth observation satellite sensors relevant for
historical and global study of vegetation were considered
(Table III lists the sensor systems, their acronyms, and overall
characteristics). The main criterion for sensor selection was
the coarser spatial resolution satellites for global vegetation
studies. However, we have also included the Landsat 5 TM
and 7 ETM+ due to being best understood sensors for their radiometric performances and historic importance [42]. SRFs for
each sensor systems were obtained from various sources such
as: the operator’s website, personal communication, and values
tabulated in the 6 S atmospheric correction code. As shown
in Fig. 2(a)–(c), [21], and [23], even identical instruments
such as AVHRR-3 series sensors on NOAA-15 to 19 and on
MetO-A satellites have different SRFs. Therefore, it is important to cross calibrate all the relevant sensors. The quasiidentical sensor systems which are replica of the same
instrument such as: AVHRR-1 (N6, N8, N10); AVHRR-2 (N7,
N9, N11, N12, N14), Landsat (5 TM, 7 ETM+), SPOT VEGETATION (VGT1, VGT2) are expected to have negligible SRF
effects among each other.
E. Methods
The sensor-specific band SRF were used to convolve
the simulated training data in order to reproduce the TOC
(PROSPECT + SAIL) and TOA (PROSPECT + SAIL + 6 S
[US62, Tropical, and Subarctic winter atmospheres]) reflectances for red, NIR, SWIR bands, and NDVI ([NIR-red]/
[NIR + red]) for all of the sensor systems considered in this
study. These training data were used to derive SRF cross-sensor
correction coefficients for both TOC and TOA using ordinary
least squares regression models of various forms
yred,NIR = β0 +β1 xred +β2 xNIR +β3 xNDVI +β4 xNDVI2 +ε
yNDVI = β0 +β1 xNDVI +β2 xNDVI2 +ε
(2)
ySWIR = β0 +β1 xSWIR +ε
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Fig. 2. Spectral response function (SRF) of (a) red, (b) near infrared, and (c) shortwave infrared spectral bands for 21 satellite sensors. (d) Examples of
atmospheric transmittance for commonly used US62, subarctic winter and tropical atmospheric profiles, and typical spectral curve of green vegetation, soil, and
snow reflectances.

where y and x are the dependent and independent reflectance
or NDVI values from two different sensors, respectively. β0
is the intercept, β1 − β4 are the slopes of different independent variables, and ε is unexplained residual error of the
model. Examination of the regression analysis shows that

the conversion coefficients from a sensor y to sensor x are
not exactly the inverse of the coefficients from sensor x to
sensor y. The differences arise from residual errors (ε) of
the regression; therefore, coefficients are provided for the regression analysis of x versus y and y versus x despite the
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TABLE III
L IST OF S ELECTED S ATELLITE S ENSORS AND T HEIR C HARACTERISTICS BASED ON
T HEIR H ISTORIC S IGNIFICANCE FOR G LOBAL V EGETATION M ONITORING

fact that the sensitivity analysis are shown only for the y
versus x.
The rationale behind using red, NIR, NDVI, and NDVI2
as independent variables for red and NIR SRF cross-sensor
corrections comes from the expected effect of variability of land
cover types and optical thickness of the photosynthetic biomass
on SRF cross-sensor corrections. Trishchenko et al. [21] has
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 SRF effect and the spectral shape of red and NIR band over
vegetated land cover. Other studies [43] have demonstrated that
SRF cross-sensor correction is land cover dependent. However,
land cover is a dynamic phenomenon particularly in seasonally
changing vegetation covers such as temperate and tropical
deciduous forests, agricultural lands, and forests in northern
and southern hemisphere where the land might be dominated
by snow cover in winter times. Thus, providing land cover
specific SRF cross-sensor correction coefficients is not practical
for operational use. The inclusion of both red and NIR for SRF
cross-sensor correction of red and NIR reflectances provides
additional information in the regression model about the land
cover type, and its effect on the spectral curve. NDVI alone
would have provided information about land cover nevertheless
soils may have similar NDVI with sparsely vegetated land cover
although both respond differently for varying SRF. Moreover,
moisture on bare soil and on sparsely vegetated cover may
affect differently the relationship between red and NIR if SRF
cross-sensor correction is purely based on NDVI variations as
used by [21]. Soils, snow, vegetation, and their mixtures are
affected differently by varying SRF among sensors [Fig. 2(d)].
The red and NIR reflectance provide added parameters to
separate the spectral shape of a range of vegetation or land
cover types due to addition information which comes from distance or integration of red-edge region, and various reflectance

responses of distinct cover types in both bands [Fig. 2(d)].
The inclusion for red, NIR, NDVI, and NDVI2 generally characterizes the shape of surface spectra, the magnitude of the
SRF effect, the amount of photosynthetic biomass as a result
will partially eliminates the need for land cover based SRF
cross-sensor correction. The SWIR band on the other hand is
mainly affected by leaf water content and less by vegetation
structure. The best SRF cross-sensor fit was found by using
simple linear regression (2) for SWIR band. NDVI cross-sensor
correction of various SRF is slightly affected by land cover
types since NDVI by itself partially self cancels perturbation
effects. However, NDVI variations are affected nonlinearly by
variations of optical thickness of photosynthetic biomass which
can be represented by NDVI2 (2) [21]. Above and beyond, it is
much worth of use for operational purpose if the NDVI crosssensor correction coefficients are provided based on solely
NDVI itself since most global products do not provide red and
NIR reflectance from which the NDVI is derived. In the cases
of availability of information on red and NIR bands, the NDVI
cross-sensor correction can be made from the SRF cross-sensor
corrected red and NIR spectral bands; although only slightly
better results were obtained by band cross-sensor correction for
NDVI (not presented here).
Finally, the sensor-specific band SRF was used to convolve the measured validation data in order to reproduce
the TOC (Table II) and TOA (Table II+ 6 S [US62 atmosphere]) reflectances for red, NIR, SWIR bands, and NDVI
for all of the sensor systems considered in this study. For
validation data, unlike the training data simulation, only the
US62 standard atmospheric profile is chosen due to being
the common profile for atmospheric corrections [21], [22],
[44]. The regression coefficients for the reflectances and NDVI
developed from training data set using (2) are applied on the
measured validation data set. The SRF cross-sensor correction
fit before and after applying the regression coefficients are
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presented for both TOC and TOA databased on mean percent
bias (Δ%) which measures the average disparity between the
measurements
1  yi − x i
∗ 100
n i=1 yi
n

Δ% =

(3)

where yi and xi are the two corresponding sensors reflectance
or NDVI for the before cross-sensor correction comparison.
Moreover, for after cross-sensor correction comparison, the
yi and xi represent reflectances or NDVI of sensor y with
predicted reflectances or NDVI of sensor based on sensor x,
respectively.
Finally, we have done extensive literature review for satellite
SRF cross-sensor correction in order to make comparisons with
previous studies. Although, previous studies are optimized for
limited geographic regions and/or land cover types, we have
assumed that cross-sensor correction coefficients for NDVI
rather than reflectances from these studies could also be applied
to our compilations of independent validation data set. NDVI
was chosen rather than reflectances because NDVI is assumed
to partially remove the limited optimizations of the previous
cross-sensor correction coefficients. Only TOC NDVI values
were compared since most of the previous studies either solely
focus on TOC reflectances [25], [44] or, the TOA NDVI crosssensor correction coefficients were provided as a function of
various atmospheric profiles [21]–[23]. For comparisons with
previous studies, the results are rather presented based on the
mean absolute difference (MAD), mean bias (Δ), and standard
deviation of bias (δ) in order to make them comparable in
absolute values with published results
1
MAD =
|yi − xi |.
2 i=1
n

Although important, the scope of this research does not
include the combined effects of radiometric calibration accuracy, sensor degradation, detector-specific SRF [45], quality
assurance, differences in spatial resolution with view angle
[7], atmospheric uncertainty and variability, topography, and
sampling directions on SRF of spectral band reflectances and
NDVI. The main reason is that this study is aimed at bulk
spectra and NDVI cross-sensor correction for global applications, and some of the factors cannot be readily available or
measurable in order to include them in the SRF cross-sensor
correction regression model. The previous studies have also indicated that the contribution of the aforementioned factors such
as atmosphere and view-sun geometry on combined effect of
SRF are within ±3% for the reflectance differences (Δ) among
several sensors [15], [21]. We have adopted the ±3% relative
difference threshold in both reflectances and NDVI to define
if the two sensors’ measurements are comparable. The ±3%
difference among sensors measurements are usually accepted
as “good” comparability [15]. Any SRF caused uncertainties
within ±3% are comparable to the unseen and uncorrected
causes of variations involved in cross-sensor corrections. This
hypothesis also implies that SRF cross-sensor correction for
reflectance differences within ±3% would not improve the
comparability of the two senor measurements. However, we do
not recommend ruling out the several corrections if it is possible

at all. To contain some of the factors, we have simulated several
atmospheric states and view-target-sun geometry on training
data; therefore, the effects should even be further minimized.
In addition to the obvious limitations of the SRF crosssensor correction among various sensors as discussed in previous sections, there are basic assumptions of SRF cross-sensor
correction among instruments as documented in [15] such as:
differences in radiometric resolution would not affect the SRF
variations; and that the spectral bands were well characterized
prior to launch and that they remain unchanged post-launch.
The focus in this study is on bulk SRF effects, which could arise
regardless of other sources of variations among sensor systems
(Section I).
III. C ROSS -S ENSOR SRF C ORRECTION R ESULTS
The minimum Pearson correlation coefficient (R) of red =
0.979(0.979), NIR = 0.998(0.985), SWIR = 0.997(0.996),
and NDVI = 0.93(0.93), for TOC(TOA), were obtained among
any pair of the sensor systems considered among the training
data set. This shows that the correlations are not different
among the TOC and TOA data set except that the relationships
are not 1 : 1 (Fig. 3), although no statistical confidence could be
inferred from these as the spectral bands of different systems
overlap considerably. The intercepts and slopes show substantial differences between the sensors systems that if uncorrected
would significantly bias the estimates of any physical products
derived from the data set. Among all nominally identical sensor
systems, the AVHRR-3 type sensors on N15–N19 and MetOpA satellites show intercept close to zero and slope close to one
with one another indicating the comparability of these sensors.
This finding is in good agreement with [21] and [23]. Among
these AVHRR-3 sensors, red and SWIR reflectances could be
linearly related to one another. Within nominally identical sensor systems, SRF cross-sensor correction of SWIR reflectance
has shown consistent slopes and near to zero intercepts (e.g.,
AVHRR-3 sensors, Landsat sensors, and SPOT VEGETATION
sensors).
We have selected MR and N8 sensors to showcase throughout the paper since they consistently revealed the highest
disparity in reflectances and NDVI values. The coefficients
between TOC and TOA data vary as a result of the distortion
by the atmosphere. Fig. 3 shows the scatter plots of these two
sensor systems from the training data. The reason for lower
red reflectance from MR than from N8 is that the N8’s red
band SRF involves a considerable amount of wavelength from
red-edge region [Fig. 2(a)]. This is opposite for NIR since
N8 NIR SRF also extends to the red-edge region for which
the reflectance values are relatively smaller than NIR plateau
[Fig. 2(b)]. The combined effect results in higher NDVI value
from MR than from N8. The impact of the three atmospheric
profiles used in the training data can be noted also in TOA
results from Fig. 3. The variations due to the three different
atmospheric profiles are minor compared to the overall effect
of atmosphere on the reflectances and NDVI. The results are
higher red reflectance due to higher atmospheric scattering
in this wavelength range and lower NIR due to water vapor
absorption, resulting in lower overall NDVI. The atmospheric
effect on broad band reflectance and SRF is similar with narrow
NIR band located around the water vapor window (centered at
∼ 0.85 μm) such as MR, MD, and MS sensors.
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Fig. 3. Variations of red, NIR and NDVI between AVHRR-1 on NOAA-8 satellite (N8) and MERIS (MR) sensor systems from training data for top-of-canopy
(TOC) and top-of-atmosphere (TOA) values truncated to the relevant range of vegetation. Diagonal is 1 : 1 line. The mean bias (Δ), standard deviation of the bias
(δ), and correlation coefficient (R) between the two sensors are also provided.

IV. VALIDATION R ESULTS
Validation of the predicted relationships was performed by
comparing the bias reduction obtained after applying the SRF
cross-sensor correction coefficients on independent ground
measurements. The TOA reflectance from ground measurement
is simulated only for the standard US62 base atmosphere unlike
the training data which was simulated for two extremes namely
tropical and subarctic atmosphere and the US62 profiles. Since,
the red reflectances are smaller in value than those of NDVI
and NIR, it is important to note that the small difference in
red band alone can result in large discrepancies for biophysical
parameter estimations. To illustrate the bias of TOC and TOA
presented in Tables IV–VII for both before and after SRF crosssensor correction, we have selected a pair of sensor systems
which showed the highest disparity as before (MR and N8)
(Fig. 4).
The bias before and after SRF cross-sensor correction is
presented in Table IV for red spectral band. The results indicate that all AVHRR-3 instruments (N15, N16, N17, N18,
N19, and Met) are comparable to the extent that SRF crosssensor correction is unnecessary although proportionally large
improvement to small differences were observed after the crosssensor correction. It is expected that these results will be useful
for analysis of consistency in the AVHRR time series for the
last decade after the launch of NOAA-15 in 1998. In addition,
the red, NIR, SWIR, and NDVI also resulted in very small
SRF effects in AVHRR-3 sensor systems (Tables IV–VIII). The
same result was also obtained by [23] for these sensor systems.
Therefore, although the cross-sensor corrections improve the
compatibility of the AVHRR-3 sensors, the reflectance and
NDVI are deemed to be comparable based on very conservative threshold of ±3% bias. AVHRR-1 and AVHRR-2 have
also shown the within ±3% bias reduction after cross-sensor
correction when compared with each other. However, the large
before-cross-sensor correction bias indicates the cross-sensor
correction is necessary among the AVHRR-1 and AVHRR-2

instruments. Unlike AVHRR-1, AVHRR-2 instruments also
showed a bias reduction to within ±3% after cross-sensor
correction with AVHRR-3 sensors for red spectral band. This
is due to progressively smaller overlapping area of the red band
and red-edge region from AVHRR-1, to -2, and finally the least
overlapping in AVHRR-3 [Fig. 2(a)]. All quasi-identical sensor
systems [AVHRR-1 (N6, N8, N10), AVHRR-2 (N7, N9, N11,
N12, N14), Landsat (5 TM, 7 ETM+), SPOT VEGETATION
(VGT1, VGT2)] have resulted in within ±3% bias among
themselves after SRF cross-sensor correction for all the three
spectral bands and NDVI (Tables IV–VIII). However, SRF
cross-sensor correction is demonstrated to be indispensable
among the quasi-identical sensor systems. An overall analysis shows that the SRF caused percent MAD was reduced
from 33.9% to 9% and from 20.1% to 6% after applying
SRF cross-sensor correction on independent TOC and TOA
data, respectively, for all-embraced-sensors comparison of red
reflectances. Interesting observation for red spectral band is
that, the most narrow band sensors which avoid the red-edge
region (i.e., MS, MR, MD), and the most broad band sensors
which significantly overlap with the red-edge region (i.e., N6,
N8, N10), are the most incomparable sensor systems with
others (Table IV). These show that the red-edge is the most
important factor for red spectral band cross-sensor correction.
Teillet et al. [15] also observed similar result for the red band on
non vegetated reference surfaces which showed that MS is the
most incomparable sensor system. However, even the bias reduction to −10.1% (−0.0015) from −192%(−0.0635) between
MR and N8 cross-sensor correction can be considered as a great
achievement in such a way making the two instruments comparable (see Table IV and Fig. 4). Overall, bias for red SRF crosssensor correction presents exaggerated magnitudes in relative
terms since differences are divided by smaller values which
come from relatively small reflectances of vegetation in red
region.
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TABLE IV
R ED M EAN P ERCENT B IAS (A FTER SRF C ROSS -S ENSOR C ORRECTION , B EFORE SRF C ROSS -S ENSOR C ORRECTION ). B OTTOM -L EFT L ISTS F ROM
D IAGONAL A RE FOR T OP - OF -C ANOPY (TOC) AND T OP -R IGHT L ISTS F ROM D IAGONAL A RE FOR T OP - OF -ATMOSPHERE (TOA) R EFLECTANCES ,
R ESPECTIVELY. DARK G RAY S HADE I NDICATES T HAT B IAS I S R EDUCED TO W ITHIN ±3% A FTER SRF C ROSS -S ENSOR C ORRECTION ,
AND L IGHT G RAY S HADE I NDICATES T HAT B IAS B EFORE SRF C ROSS -S ENSOR C ORRECTION WAS W ITHIN ±3%

Table V presents the bias before and after SRF cross-sensor
correction for TOC and TOA reflectance of NIR spectral
band. Unlike the red, NIR was successfully reduced to within
±3% bias after SRF cross-sensor correction for all of the
sensor systems considered. Except that of some of N6, N7,
and N8 pairs, all AVHRR-1, -2, and -3 resulted in within
±3% bias before SRF cross-sensor correction indicating that
these instruments are comparable in NIR spectral band among
each other. All of the three narrow band instruments (MS,
MR, and MD) and Landsat and SPOT VEGETATION sensor
systems have shown “good” comparability among themselves
and relatively poor comparability with other AVHRR sensor
systems (Table V). NIR reflectance in vegetated landscape is
large therefore although the bias seems comparably low relative
to results obtained for red band, the SRF cross-sensor correction
is advised (Fig. 4) particularly for the TOA reflectance where
the transmittance is varying in NIR region [Fig. 2(d)]. For NIR
spectral band, the absolute mean SRF caused differences were
reduced from 3.2% (8.9%) to 1% (1.1%) after applying the

SRF cross-sensor correction coefficients on independent top
of canopy (top of atmosphere) data for all-embraced-sensor
comparisons.
Table VI presents the before and after SRF cross-sensor
correction bias for TOC and TOA NDVI. Like NIR, bias of
NDVI which can be compared in relative perspective from
Fig. 4 shows relatively smaller values since the differences
are divided by large number in contrast to red spectral band.
NDVI shows the combined effects of red and NIR sensitivity
to SRF variations, although the large discrepancy from red
is expected to play a major role. Table VI shows the two
least comparable groups, i.e., the relatively narrow and broad
band sensor systems which exhibited to be less comparable
with other sensor systems in red spectral region as discussed
above also propagate this effect into NDVI. The first group
includes the sensor systems which significantly overlap the rededge region in red spectral band [AVHRR-1: N6, N8 and N10,
Fig. 2(a)] showing less comparability with other sensors. The
second group includes the narrow band sensor systems (e.g.,
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TABLE V
S AME AS TABLE IV B UT FOR NIR R EFLECTANCES

MS and MR) which have the red band far away from the
red-edge and NIR band approximately located at atmospheric
window away from the red-edge showing less comparability
with other sensors (Table VI). However, all of the biases after
SRF cross-sensor corrections were within ±3% indicating the
regression coefficients can be used for cross-sensor correction
of NDVI among all sensor systems. One of the least comparable
pairs (i.e., MR and N8) successfully reduced to within ±3%
after the SRF cross-sensor corrections. These demonstrate that
NDVI which is most commonly used to monitor global vegetation functioning and change can be successfully corrected for
cross-sensor SRF differences. The absolute mean SRF caused
differences were reduced from 7.1% (9%) to 1.8% (1.7%) for
NDVI after applying the SRF cross-sensor correction coefficients on independent top of canopy (top of atmosphere) data
for all-embraced-sensor comparisons.
Table VII presents the before and after SRF cross-sensor
correction bias for TOC and TOA reflectances of SWIR spectral
band. Overall, SWIR is more comparable and less dependent on
spectral shape for SRF cross-sensor correction compared to red
and NIR spectral bands. All of the AVHRR-3 instruments have

relatively comparable SWIR reflectance without SRF crosssensor corrections. This study has provided the SWIR SRF
cross-sensor correction for the first time. Generally speaking,
the absolute mean SRF caused differences were reduced from
2.9% (3.6%) to 1.9% (1.6%) for SWIR spectral band after
applying the SRF cross-sensor correction coefficients on independent top of canopy (top of atmosphere) data for allembraced-sensor comparisons.
V. A PPLICATION ON R EAL S ATELLITE DATA
Given the compositing period and method, and other inherent
variations (Section I) among the sensor systems, we have postprocessed the VGT1, VGT2, and MD NDVI data set for spatial
and temporal aggregations. All filled pixels were removed from
analysis, and all negative NDVI values were replaced by zero
since the data set treat them separately. To reduce the influence
of sampling technique including the differences in VGT and
MD point-spread function on this specific data sets [47], and
spatial resolution on NDVI although the latter is more severe
for high resolution sensors [48], we further averaged the NDVI
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TABLE VI
S AME AS TABLE IV B UT FOR NDVI

TABLE VII
S AME AS TABLE IV BUT FOR SWIR R EFLECTANCES

values over the entire study area (160 by 160 km) and selected
the monthly mean values of the growing seasons for one-onone comparison and the downscaled NDVI of 16-day MD and
10-day VGT1 and VGT2 for each image scene time profile.
Then, the VGT1 and VGT2 were converted to equivalent
MD NDVI values based on TOC SRF cross-sensor correction
coefficients.

Fig. 5(a) shows the NDVI profile of the sensor systems
before SRF cross-sensor correction. The major and perhaps the
spurious differences for both original and SRF cross-sensor corrected NDVI values occur during the winter season. This could
be due to several factors such as different quality screening
methods, varying preferences of pixels for different compositing methods for non vegetated surfaces, and variations of data
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Fig. 4. Variations of red, NIR, and NDVI between AVHRR-1 on NOAA-8 satellite (N8) and MERIS (MR) sensor systems from validation data for top-of-canopy
(TOC) and top-of-atmosphere (TOA) values truncated to relevant range of vegetation before and after spectral response function (SRF) cross-sensor correction.
This case example shows the worst performance of SRF cross-sensor correction using the (2). Row 1: TOC before SRF cross-sensor correction, row 2: TOC after
SRF cross-sensor correction, row 3: TOA before SRF cross-sensor correction, and row 4: TOA after SRF cross-sensor correction. Diagonal is 1 : 1 line. The mean
bias (Δ), standard deviation of the bias (δ), and correlation coefficient (R) between the two sensors are also provided.

filling algorithms for missing or contaminated NDVI values.
However, for the growing season between April and October
(which is the main aim of this study), VGT and MODIS NDVI
values varied by mean bias of 4.9% (0.037242) before SRF
cross-sensor correction (Fig. 6). The variation is reduced to
−0.58% (−0.00436) after NDVI SRF cross-sensor correction
(Fig. 6). Unexplained variation can come from several factors
as discussed before (Section I). The modeled NDVI from VGT1
and VGT2 sensors follow that of the measured MD NDVI very
well [Fig. 5(b)].
VI. C OMPARISON W ITH P REVIOUS S TUDIES
We have established a threshold based on the MAD value
whereby the absolute difference of NDVI is less than 0.025
corresponding to bias of within ± 0.025 to be acceptable. This
arbitrary threshold is derived from results of [49] on MODIS
NDVI accuracy as MODIS is assumed to be the best performing
sensor system with on-board radiometric and spectral calibration facility.
Our results agree well with those of [22] and [25] whereby
both improving the MAD after SRF cross-sensor correction as
does this study (Table VIII). Both [22] and [25] use simple
sensor-to-sensor linear least squares regression of yNDIV =
β0 + β1 xNDVI form. Steven et al. [25] training data were
designed to provide a full range of canopy covers, at least
two levels of leaf color, a range of soil background brightness
and contrasting canopy architectures. Whereas [22] includes

large sets of measured background (soil and snow backgrounds)
and leaf spectra as input to SAIL model to simulate canopy
spectra for a range of LAI values (simulating different vegetation cover types). The good agreement found between our
result and that of [22] and [25] indicates that the training
data configuration whereby the use of large dynamics of
vegetation range to produce SRF cross-sensor correction is
indispensable.
The other two data sets that of [21], [23] and [44] have
used similar approach (xNDVI − yNDVI ) = β0 + β1 xNDVI +
β2 xNDVI2 for developing cross-sensor correction coefficients.
The formers used very few measured aircraft observations
from the PROBE-1 instrument, whereas [44] used a satellitebased hyperspectral Hyperion image acquired in the dry season
in order to develop polynomial cross-sensor correction coefficients of NDVI differences. While the regression approach
for SRF cross-sensor correction was analogous to our study,
the results in Table VIII indicate that their coefficients may
not be applicable for vegetation from other or unknown land
cover composition. The main reason for this is that their training data (1) may not represent the large range of vegetation
distribution as was aimed in their respective studies, and (2)
using air- and spaceborne instruments as a SRF cross-sensor
correction training data set may not yield high quality data set
due to intrinsic problems in the instrument and measurement
operational environments (Section I). Our approach thus provides coefficients for a wide range of bulk SRF cross-sensor
correction.
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TABLE VIII
M AD , THE M EAN B IAS (Δ), AND S TANDARD D EVIATION OF THE B IAS (δ) BASED ON R EGRESSION C OEFFICIENTS F OUND IN L ITERATURE AND
T HIS S TUDY FOR TOC NDVI C OMPARISONS . T HE M AD , Δ, AND δ B ETWEEN THE NDVI OF THE T WO PAIR OF S ENSORS A RE A LSO ,
G IVEN B EFORE SRF C ROSS -S ENSOR C ORRECTION . T HE C OEFFICIENTS F ROM L ITERATURE W ERE A PPLIED ON
THE VALIDATION DATA IN T HIS S TUDY. L IGHT G RAY: MAD >= 0.025

VII. P OTENTIAL A PPLICATIONS AND L IMITATIONS
The SRF cross-sensor correction analyses presented here
were limited to the application for global vegetation conditions
and common atmospheric states. The TOC SRF cross-sensor
correction coefficients can be used for long-term regional and
global monitoring of vegetation using 8 or more days of reflectance composites. This is in line with historical and current
archiving of coarse resolution satellite data sets such as SPOT
VGT, MODIS, and MERIS for which atmospheric corrections
are performed and data sets are composited using a minimum
of 8 days reflectances. Wavelength-dependent factors such as

aerosol variability and BRDF can affect the accurate use of
the TOA SRF cross-sensor correction approaches presented
here. However, it can be argued that most application of coarse
resolution satellite data sets relies on atmospherically corrected
time series composites. Additionally, once the satellite data
sets are corrected for atmospheric effects, the TOC SRF crosssensor correction coefficients can be used instead of the use
of TOA coefficients priori to atmospheric corrections. Although previous studies have addressed the problem of SRF
cross-sensor corrections (e.g., [15], [16], [21]–[26]), one can
argue that the use of the previous results has been limited to
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Fig. 5. Multitemporal scene-averaged NDVI profile from the SPOT VGETATION (VGT1 and VGT2) and MODIS Terra (MD over Harvard Forest. (a) Original
NDVI profile and (b) NDVI profile after spectral response function cross-sensor correction between MD and VGT1/VGT2.

Fig. 6. Variations of NDVI between SPOT VGETATION (VGT1 and VGT2) plotted against the corresponding value of MODIS Terra (MD) from mean monthly
growing season measured satellite data before spectral response function (SRF) cross-sensor correction (Row 1 left), and after SRF cross-sensor correction (Row 1
right). Row 2 left: before SRF cross-sensor correction from measured top-of-canopy validation data. Row 2 right: after SRF cross-sensor correction from measured
top-of-canopy validation data. The mean bias (Δ), standard deviation of the bias (δ), and correlation coefficient (R) are also provided. Broken diagonal is
1 : 1 line.

SRF cross-sensor coefficient generation data sets, or geographic
regions. It should be acknowledged to this regard that we have
used larger spectral information and representative training data
sets in regression coefficients in order to remove these limitations. Currently, the SRF cross-sensor correction coefficients
developed here are successfully applied in generating longterm leaf area index products in GLOBCARBON physically
based LAI algorithm by using a combination of data sets
from Landsat TM5, MODIS, and SPOT VGT [50]. The SRF
cross-sensor correction coefficients can be used for a number
of applications ranging from long-term vegetation phenology
studies, generation of large-scale biophysical and biochemical
parameters (e.g., leaf area index, fAPAR, chlorophyll), and
monitoring land surface moisture particularly using the SWIR
spectral bands. Historical products such as AVHRR NDVI time
series can also be converted to recent satellite missions with
careful correction of satellite orbital drifts. In addition to the ob-

vious limitations of our SRF cross-sensor correction approach
as discussed in previous sections (Sections I and II-E), the
scope of this research does not include the individual or
combined effects of sensor calibration accuracy, scanning and
sampling systems, BRDF, and atmospheric variability for crosssensor reflectance or NDVI corrections.
VIII. C ONCLUSION
Large-scale vegetation assessment strategies are increasingly
incorporating spaceborne remotely sensed information to monitor current and historical vegetation dynamics and often rely
on the combined use of multisensor data due to the relatively
short life span of satellite sensors. Practical and operational uses
of satellite reflective data to aid our understanding of changing
environment must be based on a quantitative appreciation of
the uncertainty between different data sources. SRF, describing
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the relative sensitivity of the sensor to different wavelengths,
has been recognized as one of the most important uncertainty sources for comparability of multisensor monitoring of
global vegetation. Twenty-one Earth observation satellite sensors which are relevant for historical and global studies of vegetation were considered for SRF cross-sensor correction. Our
SRF cross-sensor correction approach was found to be robust
through including the polynomial regression and spectral curve
information derived from red and NIR reflectances generated
from a large data set representing a wide dynamics of vegetation
distributions to minimize land cover specific SRF correction
coefficient variations. This new SRF cross-sensor correction
approach was evaluated based on independent ground measurements, real satellite data, and previous studies. This study not
only provides SRF cross-sensor correction approach, it also
highlights the differences of red, NIR, SWIR, and NDVI from
various satellites due to SRF variations.
The implications of this study are that reflectances and NDVI
from different satellite sensors cannot be regarded as directly
equivalent. SRF cross-sensor correction coefficients from this
study can nevertheless be applied on any land cover types
aimed at extracting vegetation information, and are better suited
for prevalently vegetated than bare surfaces. For the red band,
sensor systems with the most narrow bandwidth (e.g., MS,
MR, MD) which avoids the red-edge, and with the most broad
bandwidth (e.g., N6, N8, N10) which overlaps with the rededge, are the most incomparable to each other. The major SRF
variation arises from the overlap of red and NIR bands with
the red-edge, while the red band is the most incomparable
spectral region due to SRF variations among sensor systems.
This incomparability is however reduced from 33.9% (20.1%)
to 9.4% (6%) after applying the SRF cross-sensor correction
coefficients on independent top of canopy (top of atmosphere)
data for all-embraced-sensor comparisons. All AVHRR-3 data
can be used without SRF cross-sensor correction. TOA SRF
cross-sensor correction coefficients can be used to TOA data of
a single day or short interval composites. However, for 10 days
or longer composites, the TOC SRF cross-sensor correction
coefficients perform better. All the SRF cross-sensor correction
presented in this study should be interpreted as bulk SRF crosssensor correction which particularly for NDVI will significantly
improve the comparability of data set from various sensors. The
results from this study provides novel opportunities for monitoring crops through the growing season and better continuity of
long-term monitoring of vegetation responses to environmental
change.
Both TOC and TOA SRF cross calibration coefficients can be obtained by email to the second author or
at http://ortelius.geog.utoronto.ca/data/Research/chenres/SRF_
cross_sensor_coefficient.pdf.
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