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Abstract—Long-term global land surface fractional vegetation
cover (FVC) data are essential for global climate modeling, earth
surface process simulations, and related applications. However,
high quality and long time series global FVC products remain
scarce, although several FVC products have been generated us-
ing remote sensing data. This study aims to use the previously
proposed Global LAnd Surface Satellite (GLASS) FVC product
from Moderate Resolution Imaging Spectroradiometer (MODIS)
data (denoted as GLASS-MODIS FVC) to generate a long term
GLASS FVC product from advanced very high resolution radiome-
ter (AVHRR) data (denoted as GLASS-AVHRR FVC) back to year
1981. The GLASS-AVHRR FVC algorithm adopted the multivari-
ate adaptive regression splines method, which was trained using
samples extracted from the GLASS-MODIS FVC product and
the corresponding red and near-infrared band reflectances of the
preprocessed AVHRR reflectance data from 2003 over the global
sampling locations. The GLASS-AVHRR FVC product has a tem-
poral resolution of eight days and a spatial resolution of 0.05°.
Through comparison of the GLASS-AVHRR and GLASS-MODIS
FVC products from 2013, good temporal and spatial consisten-
cies were observed, which confirmed the reliability of the GLASS-
AVHRR FVC product. Furthermore, direct validation using field
FVC measurement based reference data indicated that the perfor-
mance of the GLASS-AVHRR FVC product (R2 = 0.834, RMSE
= 0.145) was slightly superior to that of the popular long term
GEOV1 FVC product (R2 = 0.799, RMSE = 0.174).

Index Terms—Advanced very high resolution radiometer
(AVHRR), climate change, fractional vegetation cover (FVC),
global land surface, long time series data .
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I. INTRODUCTION

G LOBAL climate change has led to a series of problems
such as lack of fresh water, desertification, food short-

ages, and biodiversity losses [1]–[4]. Vegetation, as the core
composition of terrestrial ecosystems, is a sensitive indicator of
climate change and influences climate change by influencing
the energy, water, and carbon cycles [5]–[8]. Fractional vege-
tation cover (FVC), generally defined as the fraction of green
vegetation seen from nadir, is an important variable for char-
acterizing land surface vegetation conditions [9]–[12]. FVC is
also a key biophysical parameter for studying the atmosphere,
land surface, hydrosphere, and biosphere as well as their inter-
actions [16], [17]. The interactions between climate change and
vegetation as well as the interactions among each earth sphere
are processes of long term effects. Therefore, a long term and
global scale FVC data set is of great significance for land surface
processes and climate change studies as well as its extensive ap-
plications in monitoring agriculture, forestry, disaster risks, and
drought [1], [11], [18]–[21].

Remote sensing provides the effective and comprehensive
means for long term and global scale FVC estimation because
of its ability to quickly and repeatedly collect information at a
global scale [13], [22]. The commonly used methods for FVC
estimation using remote sensing data mainly include empir-
ical methods, pixel unmixing models, and physical methods
[23]–[26]. The empirical methods are based on the linear or
nonlinear statistical relationships between FVC and vegetation
indices or spectral reflectance of specific bands [25]. The em-
pirical methods are computationally efficient, but the empirical
relationships usually vary with different vegetation types and
regions. Therefore, the empirical methods are difficult to use
for FVC estimation at continental or global scales because of
the complexity of land surfaces. The pixel unmixing models
assume that each pixel is comprised of several components and
consider the fraction of vegetation compositions as the FVC of
each pixel [24], [28], [29]. The dimidiate pixel model is a widely
used pixel unmixing model that assumes pixels are only com-
prised of vegetation and nonvegetation compositions [19], [24],
[30]. However, it is difficult to determine the endmember and the
spectral responses of endmembers for pixel unmixing models
over larger extents, which limits the application of pixel un-
mixing models to estimate FVC globally. The physical methods
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TABLE I
SEVERAL COMMONLY USED REMOTE SENSING DATA BASED LARGE SCALE FVC PRODUCTS

are based on canopy radiative transfer models that simulate the
physical relationships between vegetation canopy spectral re-
flectance and FVC. Due to the complexity of physical models,
machine learning methods are usually used to simplify the esti-
mation of FVC by training with simulated reflectance databases
from physical models [1], [9], [31]. The machine learning meth-
ods are computationally efficient, robust to noisy data, and can
approximate multivariate nonlinear relationships, which make
them popular choices for large-scale FVC estimation [9], [32]–
[34]. One key issue for machine learning methods is to generate
a comprehensive learning data set for the training process.

Furthermore, several large scale FVC products have been gen-
erated using coarse resolution remote sensing data (see Table I).
The POLDER FVC product is generated using neural networks
(NNs) based on the simulations from the Kuusk Model [1]. The
MERIS and CYCLOPES FVC products are generated using
NNs that are trained using learning data sets from simulations of
the PROSPECT+SAIL model [13], [14]. By correcting the un-
derestimation, the GEOV1 FVC product is an improved version
of the CYCLOPES FVC product [9]. However, the accuracy
validations of these FVC products are not satisfactory [35]–
[37]. For example, the MERIS FVC product presents system-
atic underestimations of FVC values of approximately 0.1–0.2
compared to the SEVIRI FVC product over Europe and Africa
[36]. The values of the CYCLOPES FVC product are larger
than those of the SEVIRI FVC product by approximately 0.15
over the Sahel region in the year 2007, but the validation reports
note that the values of the CYCLOPES FVC product are lower
than those values of spatial aggregation from high spatial reso-
lution SPOT data, thus the FVC products of SEVIRI, MERIS,
and CYCLOPES all underestimate FVC to some extent [38].
The GEOV1 FVC product is generated by correcting the sys-
tematic underestimation of the CYCLOPES FVC product and is
considered as being closer to the ground FVC estimates, which
is considered to be the best global FVC product from SPOT
VEGETATION data [35]. However, the GEOV1 FVC product
presents visible missing data, especially at high latitudes in the
northern hemisphere in winter time [11], [27]. For example, the
GEOV1 FVC product presented visible missing data that were
approximately 43.1% and 7.9% of the land surface pixels for
January and July of year 2003, respectively [11]. The Global
LAnd Surface Satellite (GLASS) FVC product from moderate
resolution imaging spectroradiometer (MODIS) reflectance data
(denoted as GLASS-MODIS FVC) is generated using the mul-
tivariate adaptive regression splines (MARS) method, whereas
the training samples are generated from finer resolution remote

sensing data [11], [27]. The validation of the GLASS-MODIS
FVC product presents a comparable accuracy with that of the
GEOV1 FVC product, but the temporal and spatial continu-
ities of the GLASS-MODIS FVC product are much better than
those of the GEOV1 FVC product. Another important limitation
regarding the existing FVC products is that a long term time se-
ries FVC product is lacking. Although the GEOV1 FVC product
from advanced very high resolution radiometer (AVHRR) data
can be backtracked to 1981, its accuracy is not clear due to lack
of validation data. Therefore, a reliable and long-term time se-
ries global FVC product is not sufficient for supporting studies
of long-term global climate change and land surface processes.

Therefore, the objective of this study is to develop a reli-
able FVC product from AVHRR reflectance data (denoted as
GLASS-AVHRR FVC) that is in concert with the GLASS-
MODIS FVC product to form a long-term time series global
FVC product for supporting studies of global climate change
and land surface processes. The GLASS-AVHRR FVC algo-
rithm is based on the GLASS-MODIS FVC product to achieve
continuity of FVC estimates from both AVHRR and MODIS
data. First, training samples over global sampled locations are
extracted from one year overlapped AVHRR reflectance data
and GLASS-MODIS FVC product. Then, the samples are used
for training MARS. The trained MARS is used to estimate time
series global FVC from AVHRR reflectance data, and the per-
formances of the FVC estimates are compared with GLASS-
MODIS and GEOV1 FVC products.

II. DATA AND PREPROCESSING

A. GLASS-MODIS FVC Product

The GLASS FVC product was supported by China’s Na-
tional High Technology Research and Development Program,
which was generated using the MARS method with training
samples derived from global sampled Landsat data [11], [27].
The direct validation results indicated that the GLASS-MODIS
FVC product (RMSE = 0.149) had comparable performances
to those of the GEOV1 FVC product (RMSE = 0.166) based
on the validation samples from the Validation of Land Euro-
pean Remote sensing Instruments (VALERI) sites. In addition,
the GLASS-MODIS FVC product was spatially and temporally
compared with the GEOV1 FVC product based on monthly
averaged global FVC maps in 2003 and temporal FVC pro-
files over validation sites from 2000 to 2010. The comparison
results indicated that the GLASS-MODIS FVC product pre-
sented good temporal and spatial continuities with no missing
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data observed, whereas the GEOV1 FVC product presented vis-
ible missing data that were approximately 43.1% and 7.9% of
the land surface pixels for January and July of year 2003 [11].
Thus, the GEOV1 FVC product was not suitable for generating
the time series training samples for developing the GLASS-
AVHRR FVC algorithm. Therefore, the GLASS-MODIS FVC
product was the reliable choice and was selected for generating
the time series training samples used to develop the GLASS-
AVHRR FVC product. The temporal and spatial resolutions
of GLASS-MODIS FVC were eight days and 0.5 km, respec-
tively, with a sinusoidal grid projection. For spatial and temporal
matching with AVHRR reflectance data, the GLASS-MODIS
FVC data were reprojected to a spatial resolution of 0.05° with
geographic projection.

B. AVHRR Reflectance Data

The AVHRR land surface reflectance data were acquired from
the AVH09 Surface Reflectance Product (Version 5) generated
by the Land Long Term Data Record project, which aimed
to produce a consistent long-term data set from AVHRR and
MODIS instruments for global change and climate studies [39].
AVH09 was provided in HDF-EOS format and contained daily
surface reflectance at a spatial resolution of 0.05o in a geographic
projection. The AVHRR reflectance data used in this study in-
cluded red (0.58–0.68 µm, channel 1) and near-infrared (NIR,
0.725–1.10 µm, channel 2) spectral channels. The AVH09 re-
flectance data were already atmospherically corrected, as were
Rayleigh scattering, ozone, water vapor, and aerosols.

To obtain high-quality AVHRR reflectance data, the tem-
porally continuous vegetation indices-based land-surface re-
flectance reconstruction (referred to as VIRR) method [40] was
used to detect and reconstruct the remaining cloudy or par-
tially cloudy influenced pixels in the reflectance data. The daily
AVHRR surface reflectance data were first aggregated into 8-
day intervals using the constraint view angle, maximum value
composite method [41] to maintain a temporal resolution con-
sistent with the MODIS data. The 8-day AVHRR surface re-
flectance data then were used to calculate NDVI. Next, a pe-
nalized least-squares regression based on a three-dimensional
discrete cosine transform developed by Garcia [42] was used to
reconstruct continuous and smooth NDVI upper envelopes, and
cloud-contaminated values were detected using the time series
NDVI and their upper envelopes. Finally, the high-quality sur-
face reflectance data along with continuous and smooth NDVI
upper envelopes were used to reconstruct surface reflectance
time series by minimizing cost functions of models fitted to
surface reflectance data [40]. The reconstructed 8-day tempo-
ral resolution AVHRR reflectance data using the VIRR method
would be used to generate the GLASS-AVHRR FVC product.

III. METHODOLOGY

This study extended the MARS method for GLASS-MODIS
FVC product generation to estimate FVC from AVHRR re-
flectance data (see Fig. 1). First, the AVHRR reflectance and
GLASS-MODIS FVC data for year 2003 were preprocessed
for spatial and temporal matching using geographic projection.

Fig. 1. Flowchart of the method used to develop GLASS-AVHRR FVC
product.

Then, the training samples were extracted over the global sam-
pling locations and further refined. Next, the MARS was trained
with the refined training samples and used to estimate FVC
from the preprocessed AVHRR reflectance data. Finally, the es-
timated FVC from AVHRR data were linearly corrected based
on GLASS-MODIS FVC to obtain consistent FVC data with
GLASS-MODIS FVC.

A. Training Samples Generation

The training samples with spatial and temporal representa-
tiveness were essential for modeling the relationships between
FVC and AVHRR reflectance data using the MARS method. In
this study, the training samples were generated over the BEL-
MANIP2.1 sites [9], [43] to enhance the spatial representative-
ness. The BELMANIP2.1 sites contained 445 sites located in
relatively flat and homogeneous areas (at a kilometric resolution
over 10 × 10 km2 domains) with representative global distribu-
tions of vegetation types and conditions [9]. The entirety of
year 2003 was selected to represent the seasonal variability
of vegetation and to enhance the temporal representativeness
of the training samples. The pixel values of the GLASS-MODIS
FVC data and the red and NIR band reflectances of the prepro-
cessed AVHRR data were extracted over each of the global
sampling locations. To refine the original extracted sampling
data for consistency and remove abnormal samples, the sam-
pling FVC values were plotted against NDVI values calculated
from AVHRR reflectance. Then, for each group of NDVI values
(20 classes over the [0, 1] domain of variation), the cases with
FVC values lower than the 5% percentile or higher than the
95% percentile were removed from the training samples (see
Fig. 2). This process could be used to effectively remove abnor-
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Fig. 2. Scatter plots between AVHRR NDVI and the sampling FVC values
from GLASS-MODIS FVC product, and the density map presents the densities
of the selected samples.

mal samples because FVC usually presented approximate linear
relationship with NDVI and then avoid influences in the training
of MARS caused by inaccurate samples. Finally, 17 394 refined
cases with consistent AVHRR reflectances paired with GLASS-
MODIS FVC values were confirmed as the training samples for
the MARS method.

B. Training of MARS

MARS is a nonparametric and multivariate regression analy-
sis model that has been demonstrated to have satisfactory perfor-
mance for FVC estimation from MODIS and Landsat reflectance
data [27], [34], [44]. Therefore, MARS was also selected to
develop the GLASS-AVHRR FVC product given its computa-
tional efficiency and satisfactory accuracy. MARS was capable
of modeling complex nonlinear relationships among variables
by fitting piecewise linear regressions. MARS built models of a
set of basis functions [34], [44]:

f(x) = a0 +
M�

m=1

am Bm (x). (1)

A basis function is the tensor product of the spline functions:

Bm (x) =
Km�

k=1

[Sk,m (x(k, m) − tk,m )] (2)

where a0 is the coefficient of the constant basis function; am
are the coefficients of the model, which are estimated to yield
the best fit to the training data; Bm (x) are the basis functions,
for which x(k, m) is the index of the independent variable used
in the mth term of the kth product; M is the number of basis
functions; Km is the number of splits that generate the mth
basis function; Sk,m takes values of either 1 or −1 and indicates
the right/left sense of the associated step function; x(k, m)

is the independent variable label; and tk,m indicates the knot
locations.

The optimal MARS model was determined by a two-stage
process. First, MARS constructed a very large number of basis
functions to fit the training data, where variables could interact
with each other. Then, the basis functions were deleted in the
order of least importance using the generalized cross-validation
criterion [45]. Additional details regarding the MARS model
building process can be found in the work of Friedman et al. [45].
In this study, the MARS model inputs included the reflectances
of red and NIR bands from the preprocessed AVHRR data, and
the output was the corresponding FVC.

C. MARS Estimated FVC From AVHRR Data

Some reflectances of nonvegetation pixels such as water body
and desert pixels might influence the prediction accuracy of the
MARS model and result in abnormal FVC estimates. Therefore,
it was a good strategy to first identify these nonvegetation pixels
and set their FVC values to zero instead of estimating their
FVC using the trained MARS model. NDVI was always used
to describe vegetation conditions and estimate FVC based on
empirical relationships between FVC and NDVI [19], [24] and
is thus a good choice to identify nonvegetation pixels. In this
study, a conservative NDVI threshold value of 0.05 was used
to determine the nonvegetation pixels, which was also a value
used as bare soil NDVI in the dimidiate pixel model for FVC
estimation from AVHRR data [20]. Thus, FVC values for the
identified nonvegetation pixels would be set to zero, and those
for other pixels would be estimated using the trained MARS
model.

D. Linear Correction of the MARS Estimated FVC

Due to the differences of MODIS and AVHRR sensors and
the differences of preprocessing of the MODIS and AVHRR
reflectance data, the FVC estimates from AVHRR data and
MODIS data might differ as well, which was inconvenient for
applications of the long-term FVC product. Therefore, to gen-
erate consistent FVC estimates from AVHRR and MODIS data,
the MARS estimated FVC from AVHRR data were linearly cor-
rected based on the aggregated 0.05° spatial resolution GLASS-
MODIS FVC data. Specifically, each pixel’s linear regression
equation was established using the MARS estimated FVC from
AVHRR data and the GLASS-MODIS FVC data from the over-
lapped years of 2000 to 2015. Then, the MARS estimated FVC
data from 1981 to 2015 were corrected using the established
linear regression equations at each pixel. Finally, the linearly
corrected FVC data from AVHRR data would be denoted as the
GLASS-AVHRR FVC product.

E. Accuracy Assessment and Product Comparison

The direct accuracy assessment of coarse resolution FVC esti-
mates always uses high spatial resolution remote sensing data to
scale the ground measurements up to the low spatial resolution
for comparison [46]. The validation samples based on ground
FVC measurements were acquired from the VALERI sites, the
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TABLE II
CHARACTERISTICS OF THE SITES SELECTED FOR ACCURACY ASSESSMENT

aim of which was to provide high spatial resolution maps of
biophysical variables estimated from ground measurements to
validate products derived from satellite observations (accessed
at http://w3.avignon.inra.fr/valeri/) [35]. The locations of the el-
igible validation sites, measurement information, and FVC val-
ues are provided in Table II. The FVC values (meaning values
from 3 km × 3 km site areas) of the sites were derived from high-
resolution remote sensing data based on an empirical transfer
function between the field FVC measurements and radiomet-
ric signal. Although the area of the sites was smaller than one
AVHRR pixel, considering the homogeneity around the sites, the
FVC values could represent the FVC level of one AVHRR pixel

to some extent. Therefore, the FVC values over these sites were
used to compare the performances of the GLASS-AVHRR and
GEOV1 FVC products. The validation sites contained various
land cover types such as forest, grassland, and cropland. There-
fore, although the 44 validation samples were not so large, they
were representative of the typical vegetation types, and the per-
formances of the two FVC products would be demonstrated. The
GLASS-AVHRR and GEOV1 FVC products were linearly in-
terpolated to the FVC acquisition dates over the validation sites.

An intercomparison with existing FVC products was another
important way to confirm the reliability of the GLASS-AVHRR
FVC product [11], [35]. The GLASS-AVHRR FVC product
for year 2013 was spatially and temporally compared with the
GLASS-MODIS FVC product. For the purposes of this study,
which were to extend the GLASS-MODIS FVC algorithm and
to prolong the temporal coverage of the GLASS-MODIS FVC
product, the comparison of the two FVC products could be con-
sidered as an independent and direct validation of the GLASS-
AVHRR FVC product. The only other existing long-term FVC
product from GEOV1 was also selected for comparison with the
performance of the GLASS-AVHRR FVC product. The monthly
averaged global FVC maps in January and July, which repre-
sent two different vegetation growth seasons, were generated
from different FVC products to compare the spatial consistency
and spatial continuity. To compare the temporal consistency
and temporal continuity of different FVC products, annual FVC
temporal profiles at the sampling sites were also extracted for
evaluation.

IV. RESULTS AND ANALYSIS

A. GLASS-AVHRR FVC Product

The monthly averaged global FVC maps from the GLASS-
AVHRR and GLASS-MODIS FVC products were generated
in January and July of 2013 to compare the two products (see
Fig. 3). By visual observations, there was a good spatial agree-
ment between the GLASS-AVHRR and GLASS-MODIS FVC
products. That result indicated the good spatial consistency be-
tween the two FVC products. The distribution of FVC values
from both products was consistent with the actual conditions
of land cover distributions and seasonal variations. The tropi-
cal rain forest regions presented high FVC values, whereas the
desert regions and glacier regions had FVC values of zero for the
whole year. The temperate zone in the mid-high latitude regions
of the Northern Hemisphere presented high FVC values in sum-
mer and low FVC values in winter, which was coincident with
vegetation growth characteristics in these regions. These results
confirmed that the GLASS-AVHRR FVC were consistent with
GLASS-MODIS FVC, which could indicate the reliability of
the GLASS-AVHRR FVC product. Furthermore, the global land
surface FVC maps generated from the GLASS-AVHRR FVC
product achieved good spatial continuity performance, and no
missing data were observed. These results confirmed that pre-
processing of AVHRR data could obtain continuous reflectance
values and thus generate a spatially and temporally continued
GLASS-AVHRR FVC product.
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Fig. 3. Monthly averaged global FVC maps from the GLASS-AVHRR and GLASS-MODIS FVC products for January and July of 2013. The Antarctic Territories
are not included in the map.

Fig. 4. Histograms of difference values between GLASS-MODIS and
GLASS-AVHRR FVC products for January and July of 2013.

To quantitatively evaluate the performance of the GLASS-
AVHRR FVC product, histograms of difference values between
the GLASS-MODIS and GLASS-AVHRR FVC data in January
and July of 2013 were generated for the land surface (see Fig. 4).
The peak values were located around zero, which indicated very
small differences between the two FVC products. Quantitatively,
more than 97.96% of the difference values were located between
–0.1 and 0.1, and more than 99.81% of the difference values
were located between –0.2 and 0.2. These observations further
confirmed that the differences between the two FVC products
were small and indicated that the performance of the GLASS-
AVHRR FVC product was satisfactory.

Fig. 5 provides the monthly averaged GLASS-AVHRR and
GLASS-MODIS FVC maps over the Amazon River Basin for
January and July of 2013 to show their detailed differences.
Generally, the spatial distributions and the magnitudes of the
two FVC products are highly consistent, which confirms their
consistency. Furthermore, the two FVC products show high FVC
values over most areas of the Amazon River Basin. In addition,
the Amazon River Basin is characterized by a dry season and
wet season. January belongs to the wet season, and July belongs
to the dry season. Generally, the vegetation cover in July is
greener than that in January in the central and eastern Amazon

Fig. 5. Monthly averaged GLASS-AVHRR and GLASS-MODIS FVC maps
over Amazon River Basin for January and July of 2013.

rainforests, which is consistent with the current research results
[47], [48]. That is because sunlight may exert more influence
than rainfall on rainforest phenology and productivity during
the dry season [47]. These results confirmed that the GLASS-
AVHRR FVC were consistent with GLASS-MODIS FVC and
could reflect the actual vegetation cover conditions, which could
indicate the reliability of the GLASS-AVHRR FVC product.

In total, 445 FVC temporal profiles at the pixels of each
of the BELMANIP2.1 sites in the year of 2013 were gener-
ated to compare the temporal consistencies and continuities
of the GLASS-AVHRR and GLASS-MODIS FVC products.
Because of the limited space, several representative FVC tem-
poral profiles, including woodland, shrubland, grassland, and

Authorized licensed use limited to: Beijing Normal University. Downloaded on April 03,2023 at 02:24:32 UTC from IEEE Xplore.  Restrictions apply. 



514 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 12, NO. 2, FEBRUARY 2019

Fig. 6. Temporal profiles of the FVC from the GLASS-AVHRR and GLASS-
MODIS FVC products over sampling sites for year 2013.

cropland, are shown in Fig. 6. The temporal profiles from the
GLASS-AVHRR FVC product presented a similar magnitude
and dynamic range as those derived from the GLASS-MODIS
FVC product. There was also clear seasonality in different veg-
etation types in both products, which could clearly describe the
vegetation growth characteristics. For example, in the cropland
sites, the FVC rapidly increased with the rapid growth of crops,
reached the peak value in the vigorous growth period, and fi-
nally decreased with the maturation and harvesting of the crops.
In addition, the temporal profiles from the GLASS-AVHRR
FVC product show some slight fluctuations. These slight fluctu-
ations were inevitably affected by the atmosphere and could be
effectively smoothed in specific applications of FVC using tem-
poral filter methods such as the Savitzky–Golay filter method
and locally adjusted cubic-spline capping method [49], [50].
Therefore, it could be confirmed that the temporal consistency
of the two FVC products was good and further indicated the
satisfactory performance of the GLASS-AVHRR FVC product.

Overall, the comparisons between the GLASS-AVHRR and
GLASS-MODIS FVC products indicated that the FVC esti-
mation algorithm was reliable and could generate long term,
spatially and temporally continuous global FVC products from
AVHRR data. These global FVC products would extend the
GLASS-MODIS FVC product to the year 1981 and provide
consistent and high-quality FVC estimates for related studies.

B. Comparison With the GEOV1 FVC Product

Comparison with other existing FVC products is another
important means to validate the performance of the pro-
posed GLASS-AVHRR FVC product. The GEOV1 FVC from
AVHRR data was spatially and temporally compared with the
GLASS-AVHRR FVC product and was directly validated using

ground measurements based reference FVC data. The monthly
averaged global FVC maps from the GLASS-AVHRR and
GEOV1 FVC products in January and July of 1993 are presented
in Fig. 7. The spatial consistency between the two FVC products
was good in most regions of the land surface, which indicated
the reasonability of the GLASS-AVHRR FVC product. There
were more evident differences between the two FVC products
in the equatorial region and the mid-high latitude regions of the
Northern Hemisphere than in other regions for both January and
July (see Fig. 7). Both FVC products presented good seasonal-
ity of FVC, which corresponded to the actual vegetation growth
characteristics. In addition, a small number of missing data was
observed for the GEOV1 FVC product, whereas there were no
missing data for the GLASS-AVHRR FVC product. Therefore,
the comparable spatial distributions of the two FVC products
could indicate the reasonability of the GLASS-AVHRR FVC
product and the good spatial continuities of the estimated FVC
in this study.

The histograms of difference values between the GEOV1 and
GLASS-AVHRR FVC products in January and July of 1993
are presented in Fig. 8. Meanwhile, the peak values were lo-
cated around zero. However, compared to the comparison be-
tween FVC from the GLASS-AVHRR and GLASS-MODIS
FVC products, a certain number of pixels showed larger dif-
ferences between these two products, especially for the FVC
estimates in July. There were many negative difference values,
the main reason being that the GLASS-AVHRR FVC product
presented obviously higher values than the GEOV1 FVC prod-
uct in the tropical rainforest regions of equatorial regions, which
was consistent with that seen in Fig. 7. The high FVC values
of this study might be reasonable because of the thick peren-
nial vegetation cover of the tropical rainforest. Quantitatively,
approximately 69.0% of the difference values were located be-
tween –0.1 and 0.1, and approximately 90.7% of the difference
values were located between –0.2 and 0.2. Therefore, although
the two FVC products had similar spatial distributions, there
were also certain differences between the two products in spe-
cific regions.

Fig. 9 provides the monthly averaged GLASS-AVHRR and
GEOV1 FVC maps over the Amazon River Basin for January
and July of 1993 to show their detailed differences. Generally,
the spatial distributions and the magnitudes of the two FVC
products were highly consistent. However, most of the FVC
values of the GLASS-AVHRR FVC product are higher than
those of the GEOV1 FVC product. Because of the high veg-
etation coverage in the Amazon Rainforest, the higher FVC
values of the GLASS-AVHRR FVC may be reasonable. These
results demonstrated that the spatial distributions of the GLASS-
AVHRR and GEOV1 FVC products are comparable and that
the GLASS-AVHRR FVC product is more reliable. Further-
more, the GLASS-AVHRR FVC for July is higher than that for
January, while the GEOV1/AVHRR FVC for July is lower than
that for January. From that mentioned above, there is a “green
up” over Amazon forests during the dry season. Therefore,
GLASS-AVHRR FVC is more reliable in terms of seasonality.

Temporal profiles of FVC from the GLASS-AVHRR and
GEOV1 FVC products in 1993 over each of the BELMANIP2.1
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Fig. 7. Monthly averaged global FVC maps generated from the GLASS-AVHRR and GEOV1 FVC products for January and July of 1993. The Antarctic
Territories are not included in the map.

Fig. 8. Histogram of difference values between the GEOV1 and GLASS-
AVHRR FVC products for January and July of 1993.

sites were also generated to compare the temporal consistencies
and continuities (see Fig. 10). The representative FVC temporal
profiles showed the similar seasonal variations between the two
FVC products. These temporal profiles could clearly reflect the
actual vegetation growth characteristics. The performances of
the temporal profiles could confirm the reasonableness of the
two FVC products.

Fig. 11 provides several representative FVC temporal profiles
from 1981 to 2015 to show the long-term FVC variations. For
different vegetation types, GLASS-AVHRR FVC can reflect the
growth characteristics and seasonal change properties of veg-
etation, which confirmed the reasonability of GLASS-AVHRR
FVC. Furthermore, none of the temporal profiles have missing
data, further confirming the temporal continuity of GLASS-
AVHRR FVC.

In total, 44 reference FVC data that were based on field mea-
surements and could represent different vegetation types were
used to directly validate the GLASS-AVHRR FVC product,
as well as to compare the performance with the GEOV1 FVC
product (see Fig. 12). Good agreements between the FVC val-
ues from the GLASS-AVHRR FVC product and the reference
FVC data were observed, whereas those between the GEOV1
FVC and ground measurements were slightly inferior. The per-

Fig. 9. Monthly averaged GLASS-AVHRR and GEOV1 FVC maps over
Amazon River Basin for January and July of 1993.

formance of the GLASS-AVHRR FVC product (R2 = 0.834,
RMSE = 0.145) was slightly superior to that of the GEOV1
FVC product (R2 = 0.799, RMSE = 0.171). Though the num-
ber of the validation samples was not large, the validation sam-
ples contained various vegetation types and could reflect the
performance of the GLASS-AVHRR FVC product to some ex-
tent. Therefore, the direct validation results indicated the reliable
performance of the GLASS-AVHRR FVC product.

In all, the temporal and spatial comparisons between FVC
from the GLASS-AVHRR and GEOV1 FVC products showed
the comparable performance of the two products, though cer-
tain differences were presented in some specific regions such
as the tropical rainforest regions of South America. In addition,
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Fig. 10. Temporal profiles of the FVC from the GLASS-AVHRR and GEOV1
FVC products over sampling sites for year 1993.

Fig. 11. Temporal profiles of the GLASS-AVHRR FVC over four sites with
different vegetation types from 1981 to 2015. (a) Grasslands. (b) Croplands. (c)
Evergreen broadleaf forests. (d) Deciduous broadleaf forests.

the GLASS-AVHRR FVC product achieved a slightly better
performance based on the direct validation using the field FVC
measurements data than the GEOV1 FVC product. Furthermore,
the spatial and temporal continuities of the GLASS-AVHRR
FVC product were good, and no missing data were observed.

Fig. 12. Comparison of the FVC from the GLASS-AVHRR FVC product
(Left), the GEOV1 FVC from VGT data (Right), and the FVC values over the
validation sites.

Therefore, all the comparisons further confirmed the reasonabil-
ity and reliability of the GLASS FVC product.

V. CONCLUSION

A long-term global GLASS FVC product from MODIS and
AVHRR data was introduced in this study. The GLASS-AVHRR
FVC algorithm adopted the MARS method with training sam-
ples extracted from the GLASS-MODIS FVC product from
year 2003 over the global sampling locations. The temporal and
spatial consistency between the GLASS-MODIS and GLASS-
AVHRR FVC products for year 2013, which could be consid-
ered as an independent validation, confirmed the reliability of
the GLASS-AVHRR FVC estimation algorithm. Furthermore,
the accuracy assessment of the GLASS-AVHRR FVC product
using field FVC measurements based reference data indicated
that the GLASS-AVHRR FVC algorithm could achieve reliable
FVC estimation results when compared to the popular long-term
GEOV1 FVC product. In summary, the GLASS FVC product
was shown to be reliable and to have good spatial and temporal
continuities, thus providing a temporally and spatially consis-
tent, long-time series FVC data set for supporting studies of
global climate change and land surface processes. Further work
would focus on collecting more field FVC measurements to ex-
tensively validate the GLASS FVC product and assessing its
performance in climate models, hydrological models, and other
related applications. The GLASS FVC product will be released
by National Earth System Science Data Sharing Infrastructure of
China (http://www.geodata.cn/thematicView/GLASS.html) and
Global Land Cover Facility (http://glcf.umd.edu/data/).
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