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Abstract—Fractional vegetation cover (FVC) plays an impor-
tant role in earth surface process simulations, climate modeling,
and global change studies. Several global FVC products have
been generated using medium spatial resolution satellite data.
However, the validation results indicate inconsistencies, as well as
spatial and temporal discontinuities of the current FVC products.
The objective of this paper is to develop a reliable estimation
algorithm to operationally produce a high-quality global FVC
product from the Moderate Resolution Imaging Spectroradiome-
ter (MODIS) surface reflectance. The high-spatial-resolution FVC
data were first generated using Landsat TM/ETM+ data at the
global sampling locations, and then, the general regression neural
networks (GRNNs) were trained using the high-spatial-resolution
FVC data and the reprocessed MODIS surface reflectance data.
The direct validation using ground reference data from validation
of land European Remote Sensing instruments sites indicated
that the performance of the proposed method (R2 = 0.809,
RMSE = 0.157) was comparable with that of the GEOV1 FVC
product (R2 = 0.775, RMSE = 0.166), which is currently
considered to be the best global FVC product from SPOT VEGE-
TATION data. Further comparison indicated that the spatial and
temporal continuity of the estimates from the proposed method
was superior to that of the GEOV1 FVC product.

Index Terms—Estimation, fractional vegetation cover (FVC),
general regression neural networks (GRNNs), global, Moderate
Resolution Imaging Spectroradiometer (MODIS).

I. INTRODUCTION

V EGETATION is the basic component of the terrestrial
ecosystem and plays an important role in energy exchange

and biogeochemical and hydrological cycling processes on the
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earth surface [1], [2]. Fractional vegetation cover (FVC), which
refers to the fraction of green vegetation as seen from the nadir
of the total statistical area, is an important parameter in surface
process models for numerical weather prediction, regional and
global climate modeling, and global change studies [1], [3]–[5].
Accurate estimation of FVC on the regional and global scales
are required for land surface processes and climate change
studies as well as for its extensive application in agriculture,
forestry, environment management, disaster risk monitoring,
and drought monitoring [6]–[9].

Remote sensing provides the only feasible way to generate
FVC products at the regional and global scales because of its
ability to quickly provide broad, impartial and easily available
data on the land surface [7], [10]–[12]. There are three main
types of methods for estimating FVC from remote sensing data:
the empirical methods; pixel unmixing model; and physical
methods. The empirical methods are based on statistical rela-
tionships between the FVC and vegetation indices or specific
spectral bands [13], [14]. Generally, the normalized difference
vegetation index (NDVI) derived from the reflectance of the red
and near-infrared (NIR) bands is the most frequently used index
for regression models development of FVC estimation. The
empirical methods are computationally efficient in operating
with large amounts of data and widely used in FVC estimation
on a regional scale. However, the empirical methods are highly
dependent on the specific vegetation types in specific regions;
thus, the expanded application of these methods at a large scale
may be invalid.

The pixel unmixing model assumes that each pixel is com-
posed of several components and estimates FVC at a subpixel
level. The linear pixel unmixing model is the commonly used
method, which decomposes each pixel into a linear component
of a reference spectrum and considers the proportion of the
vegetation component as FVC [12], [13], [15], [16]. Among
the various linear pixel unmixing models, the simplest and
most widely used model is the dimidiate pixel model, which
is based on the assumption that pixels are composed of two
parts: vegetation and nonvegetation [6], [17]. Landsat data have
been used to estimate FVC with the dimidiate pixel model and
achieved reliable results at the region scale [18]. However, it is
difficult to determine the endmembers and the spectral of the
endmembers at the global scale for FVC estimation because
the land surface is complex and the spectral characteristics of
objects are varied.
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The physical methods are based on the inversion of canopy
radiative transfer models (RTMs), which contain the physical
relationships between the FVC and the spectral reflectance
of the vegetation canopy. Because physical methods can be
adjusted for a wide range of situations, they are more widely
applicable in the theoretical sense [19]. However, due to the
complexity of physical models, direct inversion is difficult
and artificial neural networks (ANNs), which are based on a
precomputed reflectance database, are the most popular inver-
sion technique [8], [20]. ANNs are well known for their good
performance in land surface parameter estimation using remote
sensing data [21] and are very efficient from a computational
point of view, particularly for operational applications with long
time series of global data. Several global and regional FVC
products have been generated using ANNs and RTM, such
as the POLDER FVC product, which uses the ANNs and the
Kuusk model [8]; the MERIS and CYCLOPES FVC products,
which use ANNs and the PROSPECT + SAIL model [22],
[23]; and the GEOV1 FVC product, which is an improvement
of CYCLOPES [3].

ANNs are the reasonable choice for the operational global
FVC estimation using remote sensing data. However, due to the
complex radiative transfer mechanism and the limitation of the
capability of current physical models, the validation accuracy
of global FVC products is not satisfactory [23], [24]. The
GEOV1 FVC product corrected the systematic underestimation
of the CYCLOPES FVC product using a scaling factor and
then trained the ANNs; the validation accuracy was improved
[3]. Therefore, continued developing high-accuracy global FVC
estimation algorithm with remote sensing data is required for
providing a complete and reliable FVC product.

This paper aims to develop a reliable estimation algorithm
to operationally produce a high-quality global FVC product
from MODIS surface reflectance data. This method attempts
to generate finer spatial resolution FVC samples using Landsat
TM/ETM+ data, which are different because current samples
are usually generated by model simulation. Then, the sam-
ples are used for training general regression neural networks
(GRNNs) with reprocessed MODIS surface reflectance, which
have good quality and spatiotemporal continuity. The trained
GRNNs will be used to estimate the time series global FVC
using the reprocessed MODIS data.

II. ALGORITHM DEVELOPMENT

This paper employed GRNNs to estimate global land surface
FVC from MODIS surface reflectance data with the training
samples generated from global sampled Landsat TM/ETM+
data (see Fig. 1). First, global sampling locations were selected
based mainly on the Benchmark Land Multisite Analysis and
Intercomparison of Products (BELMANIP) sites and high-
quality Landsat TM/ETM+ data at each location were selected
for generating the finer spatial resolution FVC samples. Then,
the Landsat data were preprocessed and used to estimate FVC
using the dimidiate pixel model with the help of the terrestrial
ecoregions of the world and 30-m finer resolution global land
cover data. The MODIS reflectance data were reprocessed
to remove the remaining effects of cloud contamination and

Fig. 1. Flowchart of the global land surface FVC estimation method.

other factors. Training samples were extracted using Landsat
FVC and reprocessed MODIS reflectance data at each global
sampling location. Finally, the GRNNs were trained and used
to estimate global land surface FVC. Detailed descriptions of
the method are given in the following subsections.

A. MODIS Products and Preprocess

MODIS reflectance (MOD09A1, collection 5) and land cover
(MOD12Q1, collection 5) products are used for global FVC
estimation algorithm development. The MOD09A1 product has
provided the surface reflectance for each of the MODIS land
spectral bands with 8 day temporal sampling intervals since
the year 2000. The quality of the MOD09A1 product is influ-
enced by many factors, e.g., clouds, aerosols, water vapor, and
ozone. Although most of the effects have been removed through
atmospheric corrections, the remaining effects can sometimes
be very large and require further processing [11], [25]. In this
paper, the MODIS reflectance reprocessing method developed
by Tang et al. [26], which is used for generating the Global
LAnd Surface Satellite (GLASS) products, is used [27]. The
method first identifies the data contaminated by undetected and
fallout clouds in the MODIS reflectance data using MODIS
snow and cloud mask data, the spectral characteristics of tem-
poral and spatial continuity and correlation as well as other
auxiliary information. Then, the contaminated data are removed
using temporal-spatial filtering methods, and the missing data
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Fig. 2. Number of selected Landsat images for different years.

are filled using an optimum interpolation algorithm to obtain
the final continuous and smooth surface reflectance values for
earth surface parameters estimation [26].

The MOD12Q1 land cover product (layer 3) is used as
the priori information to distinguish vegetation and nonvege-
tation regions. The FVC values in vegetation regions, which
include eight main biomes (grasses and cereal crops, shrubs,
broadleaf crops, savannahs, evergreen broadleaf forests, de-
ciduous broadleaf forests, evergreen needleleaf forests, and
deciduous needleleaf forests), are estimated using the GRNNs
method. The FVC values in nonvegetation regions, which in-
clude three nonbiomes (unvegetated, urban, and water), are set
to zero.

B. Landsat TM/ETM+ Data and Preprocess

Archived Landsat 5 TM and Landsat 7 ETM+ data were
selected and downloaded from the USGS GLOVIS website
(http://glovis.usgs.gov) for training sample generation. Because
the scan line corrector (SLC) of the Landsat 7 ETM+ sensor
failed in 2003 and resulted in approximately 22% of the pixels
per scene not being scanned, the SLC-off images of Landsat
7, which referred to images acquired after the SCL failure,
were not selected in this paper. Other Landsat data selection
criteria included images that were not influenced by the cloud
and the selection of one image in each season from each sample
location from the years 2000 to 2011. Finally, 1800 scenes
Landsat TM/ETM+ data were selected in this paper (see
Fig. 2). The number of selected Landsat data for different years
was close to a balanced distribution.

Geometric registration and atmospheric correction were crit-
ical for the application of Landsat data, as they facilitate the
comparison of data through time. In this paper, only Landsat
L1T data were used because of their precise registration. At-
mospheric correction was performed using the Landsat Ecosys-
tem Disturbance Adaptive Processing System (LEDAPS)
atmospheric correction tool, in which the raw digital number
values were converted into surface reflectance [28]. Clouds,
cloud shadows, and snow were masked using an object-based
algorithm called Fmask [29].

C. Dimidiate Pixel Model

The dimidiate pixel model, which had been widely used
to derive FVC [1], [12], was selected to estimate FVC using
the Landsat surface reflectance data for training sample data
generation. It assumed that a pixel consists of only vegetation
and nonvegetation components, and its value was a linear
combination of these two components. If the NDVI, which was
the suitable indicator for plant growth and density of vegetation
spatial distribution [1], [30], was used to represent the spectral
response, the mathematical expression of the mixed pixel model
would be

NDV I = f ×NDV Iv + (1− f)×NDV Is (1)

and then

f =
NDV I −NDV Is
NDV Iv −NDV Is

(2)

where f was the proportion of vegetation area in the mixed
pixel (FVC), NDV I was the NDVI of the mixed pixel, and
NDV Iv and NDV Is were the NDVI of the fully vegetated
and bare soil pixel, respectively.

Ideally, NDV Iv and NDV Is would not change with time
and space. However, the determination of the two parameters
was affected by many factors, such as soil type, soil mois-
ture, vegetation type, and chlorophyll content. Nevertheless,
NDV Iv and NDV Is could be determined through statistical
analysis of spatial and temporal NDVI data, assuming that
fully vegetated and bare soil could be found in the time and
space. For example, NDV Is and NDV Iv were defined as
the lower and upper 2%–5% NDVI for each biome in [31].
In this paper, terrestrial ecoregions of the world [32] and 30-
m finer resolution global land cover data [33] were used to
determinate NDV Iv and NDV Is for each biome using the
statistical analysis method for FVC estimation of Landsat data,
with the assumption that the soil characteristics and vegetation
characteristics of each vegetation type in each ecoregion were
similar and resulted in similar NDV Iv and NDV Is. Vegeta-
tion types were divided into forest, grass-shrub, and crop based
on 30-m finer resolution global land cover in each terrestrial
ecoregion.

D. Training Sample Generation

Selection of global sampling locations representing the
global distribution of vegetation types and conditions was one
of the most important steps for global FVC estimation method
development. In this paper, the BELMANIP sites, which were
located in relatively flat and homogeneous areas (at a kilometric
resolution over 10× 10 km2 domains) with global represen-
tativeness and homogeneity, were selected as the basic global
sampling locations [3], [20]. To prevent the sample number
being insufficient, some sites in FLUXNET, which were not
overlaid and were very near to the BELMANIP sites, and vali-
dation of land European Remote Sensing instruments (VALERI)
sites with ground-measured FVC data were added to enrich the
global sampling locations. Finally, approximately 500 global
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Fig. 3. Global sampling locations used to generate the global FVC estimation method.

sampling locations were selected and the spatial distribution of
the locations is shown in Fig. 3.

Pixels (5× 5 = 25) in the reprocessed MODIS reflectance
data around each of the global sampling locations were ex-
tracted, and then, the corresponding FVC values of the Landsat
pixels compared with each extracted MODIS pixel were av-
eraged as the sampling FVC of the MODIS reflectance data.
If any of the corresponding Landsat pixels compared with one
MODIS pixel was identified as a cloud by the Fmask process,
the MODIS pixel would be removed from the sampling data
set. To further verify that the resulting sampling data set was
consistent and to remove the unstable samples, the sampling
FVC values were plotted against the NDVI values, which were
computed from the MODIS reprocessed surface reflectance in
the red and NIR bands. Then, for each class of NDVI value
(20 classes over the [0, 1] domain of variation), the cases with
FVC values that were lower (respectively higher) than the 5%
percentile (respectively 95%) were rejected for training the
GRNNs [3]. This process further improved the consistency of
outputs with input reflectance values through NDVI, as shown
in Fig. 4. Finally, 16 980 cases with consistent MODIS surface
reflectance were paired with refined sampling FVC values and
were confirmed as the sampling data set of GRNNs. The large
number of sampling samples used for GRNNs allowed for the
generation of better representativeness of the surface types and
conditions. The sampling data set was randomly split into a
training data set composed of 90% of the data available, and the
remaining 10% of the sampling data set was used to evaluate the
theoretical performances of GRNNs.

E. FVC Inversion Using GRNNs

GRNNs were the generalization of radial basis function net-
works and probabilistic neural networks, which were developed
by [34] and extensively applied in pattern recognition, adaptive
control, and surface parameter prediction [11]. The GRNNs
approximated the map inherent in any sample data set, and the
GRNNs process did not require iterative training; the functional

Fig. 4. Relationship between NDVI and the sampling FVC values. The density
map presents the densities of the points, which are used in this paper, and the
gray points correspond to the rejected cases that are outside the [5%, 95%]
percentile range.

estimate was computed directly from the training data. The
general architecture of the GRNNs included four layers, which
were the input layer, the pattern layer, the summation layer, and
the output layer. The input layer provided the input variables
to the GRNNs for retrieving FVC in this paper, including the
reprocessed MODIS reflectance values in the red and NIR
bands. The output layer computed the GRNNs predicted value
of the output variable, which was the corresponding FVC
for the input red and NIR reflectance. A Gaussian function
was selected as the kernel function of the GRNNs, and the
fundamental formulation was expressed as follows:

Y′(X) =

∑n
i=1 Y

i exp
(
− D2

i

2σ2

)

∑n
i=1 exp

(
− D2

i

2σ2

) (3)

D2
i =(X−Xi)T (X−Xi) (4)
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where D2
i represents the squared Euclidean distance between

the input vectors X and the ith training input vector Xi,
Y i is the output vector corresponding to Xi, Y ′(X) is the
estimation corresponding to X , n is the number of samples,
and σ is a smoothing parameter that controls the size of the
receptive region. The training of the GRNNs was essentially
the optimization of the smoothing parameter σ because the
architecture and weights of the GRNNs were determined by
the input. The smoothing parameter significantly affected the
GRNNs prediction accuracy and [34] suggested the holdout
method to find a suitable smoothing parameter. The holdout
method for a particular σ consisted of removing one sample
from the training data at a time and then constructing GRNNs
based on all of the other training samples. The GRNNs were
then used to estimate Y for the removed sample. By repeat-
ing this process for each sample and storing each estimate,
the mean-squared error between the actual sample values Y i

and the estimates could be evaluated. The value of σ giving
the smallest error should be used in the final GRNNs [11],
[34]. The training processes were completed when the min-
imum of the cost function of the smoothing parameter was
reached

f(σ) =
1

n

∑n

i

(
Ŷi(Xi)− Yi

)2

(5)

where Ŷi(Xi) is the estimation corresponding to Xi using the
GRNNs trained over all of the training samples, except the ith
sample. The widely used shuffled complex evolution method,
developed by the University of Arizona, was selected to obtain
the optimal smoothing parameter of the GRNNs, which was
not susceptible to being trapped by small pits and bumps on the
function’s surface [35], [36].

According to the MODIS land cover product, FVC values
in the vegetation regions, which included eight main biomes,
were estimated using the trained GRNNs with the reprocessed
MODIS surface reflectance. The FVC values in nonvegetated
regions were set to zero.

F. Accuracy Assessment and Product Comparison

Assessment and validation of the moderate-resolution FVC
products was usually difficult to achieve because ground point
measurements were not suitable for direct comparisons due to
the surface heterogeneity. Using high-spatial-resolution remote
sensing data to scale the ground measurements up to moderate
spatial resolution pixels for comparing and evaluating was
always a suitable choice [37]. VALERI (accessed at: http://
w3.avignon.inra.fr/valeri), which provided a set of validation
sites with high-resolution FVC maps between 2000 and 2008,
was selected to compare and evaluate the proposed method
and the GEOV1 FVC product [3] with values derived from
the aggregated high-resolution FVC maps. The location of the
validation sites, land cover types, dates of ground measurement,
and mean FVC values from 3 km × 3 km site areas are
provided in Table I. These selected sites contained many land
cover types, including grassland, cropland, shrubs, and forest.
Therefore, the validation covered various land cover types and

TABLE I
CHARACTERISTICS OF THE SELECTED SITES

FOR ACCURACY ASSESSMENT

had representativeness. The proposed method in this paper and
the GEOV1 FVC product were linearly interpolated to the
acquisition date of the ground measurements for direct ground
validation.

Intercomparison with existing FVC products was another
important way to confirm the reasonability of the proposed
method. The newly released GEOV1 FVC product [3], [24],
which was an improved version of the CYCLOPES FVC
product, was selected to compare with the result of the pro-
posed method. The monthly averaged global FVC maps in
January and July of 2003 were generated using the GEOV1
FVC product and the proposed method to investigate the spa-
tial consistency and spatial continuity of the two products
through visual analysis. To investigate the temporal consistency
and temporal continuity of the GEOV1 FVC product and the
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TABLE II
NDV Iv AND NDV Is VALUES IN THE DIMIDIATE PIXEL MODELS

FOR DIFFERENT ECOREGION AND VEGETATION TYPES

proposed method, the FVC temporal profiles at each validation
site were extracted from 2000 to 2010. For a better evaluation of
the quality of the two FVC products, the ground measurements
are also shown in the figure of the FVC temporal profiles.

III. RESULT AND DISCUSSION

The determined NDV Iv and NDV Is values for the dimidi-
ate pixel models of FVC estimation using Landsat data in
each ecoregion and for different vegetation types are shown
in Table II. Then, the Landsat FVC was estimated using the
dimidiate pixel models based on the determined NDV Iv and
NDV Is values. The GRNNs for global FVC estimation were
trained using the training samples extracted from reprocessed
MODIS surface reflectance and Landsat FVC values. The
derived optimal smoothing parameter of the GRNNs in this
paper was 0.0042 using the shuffled complex evolution method
in the training procedure. The theoretical performance of the
trained GRNNs was evaluated over the randomly selected in-
dependent samples (see Fig. 5). The results indicated that the
training of the GRNNs was very efficient for the FVC esti-
mation (R2 = 0.963, RMSE = 0.064). Moreover, the scatters
were all distributed around the 1:1 line and nearly no bias
was observed over the whole range of variation of the FVC
values. In addition, the randomly selected validation samples
were independent from the training samples. Therefore, the
theoretical validation could be considered to be a direct val-
idation and a good supplement of the low number of ground
truth data, although it would not be as reliable as the ground
truth data. Thus, the theoretical performance of the trained
GRNNs indicated a stable method for global land surface FVC
estimation using the MODIS surface reflectance data. In total,
44 ground-measured samples from VALERI sites were used to

Fig. 5. Comparison between the independent validation samples and the values
estimated from the trained GRNNs.

directly validate the result of the proposed method, as well as
to compare to the result from the GEOV1 FVC product (see
Fig. 6 ). A good agreement between the FVC estimated from
the GRNNs method and from the ground measurements was
observed, as well as that between the GEOV1 FVC and the
ground measurements. The performance of the GRNNs method
(R2 = 0.809, RMSE = 0.157) in this paper was comparable
with that of the GEOV1 FVC product (R2 = 0.775, RMSE =
0.166), noting that the number of GEOV1 FVC samples was
less because of invalid data existing in the period of the ground
measurements. Moreover, there was a much better agreement
between the FVC estimated from GRNNs method and the
GEOV1 FVC product (R2 = 0.895), which indicated a good
consistency between the two moderate-resolution FVC estimat-
ing results, and FVC estimation at an equal spatial resolution
might weaken the influence from the upscale of the ground
measurements.

The monthly averaged global FVC maps of the proposed
method and the GEOV1 FVC product were generated in
January and July of 2003 to visually compare the spatial conti-
nuity and consistency of the two data sets (see Fig. 7). A good
agreement between the FVC estimations obtained from GRNNs
method and from the GEOV1 FVC product was observed,
which indicated the good spatial consistency between the FVC
estimated from the proposed method and the GEOV1 FVC
product. However, similar to what was presented by the GEOV1
product validation report [24], the GEOV1 FVC product pre-
sented missing data across the spatial range. The percentage of
the invalid data of the GEOV1 FVC product in land surface
pixels for January and July 2003 was approximately 43.1%
and 7.9%, respectively. For example, the GEOV1 FVC product
presented a higher percentage of missing values at the high
latitudes in the northern hemisphere in the map of January, and
the equatorial region also presented a large fraction of gaps
in both the maps of January and July (see Fig. 7), which was
similar with the validation report of the GEOV1 products [24].
The main cause of the data missing for the GEOV1 FVC prod-
uct was attributed to the use of the preprocessed SPOT/VGT
data, which contained missing reflectance data [24], [38]. The
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Fig. 6. Comparison of the GRNNs derived FVC, GEOV1 FVC product and field FVC. Because there was invalid data in the GEOV1 FVC product during the
period of field data acquisition, the samples of the GEOV1 FVC product were less than the field FVC.

Fig. 7. Monthly averaged global maps of the GRNNs derived FVC and GEOV1 FVC products corresponding to January and July of 2003. The Antarctic
Territories are not included in the map.

detailed information regarding the percentage of the missing
data in the GEOV1 FVC product could be seen in [24]. In
contrast, the FVC maps generated by the GRNNs method had
a better performance of spatial continuity, and no missing data
were observed. The reprocessed MODIS data with continuous
and smooth surface reflectance values [26], [27] made a great
effort in generating the spatial continued FVC data using the
GRNNs method. Therefore, the global FVC maps generated
from GRNNs method had a comparable spatial consistency
with the GEOV1 FVC data, and the spatial continuity of the
GRNNs derived FVC data were superior to that of the GEOV1
FVC product.

The FVC temporal profiles of the validation sites in Table I
were generated to compare the temporal consistency and con-
tinuity between the GRNNs derived FVC and GEOV1 FVC
products, and some representative FVC temporal profiles are
shown in Fig. 8. The temporal consistency of the proposed
method and the GEOV1 FVC product was good, and the similar
magnitude and dynamic range was observed. Furthermore,

there was a clear seasonality of different vegetation types in
both data sets, such as the crop growth characteristics, which
were clearly described by the FVC seasonality changes in crop
regions (Fundulea and Romania sites), and the seasonality char-
acteristics of forest and grassland at the Jarvselja and Gourma
sites. The ground-measured data presented in Fig. 8 were also
very close to the FVC temporal profiles, except for a few valida-
tion sites with distinct discrepancies that might be caused by the
different measure scales of ground measurement and satellite
observation. The presented vegetation seasonality changes and
the temporal consistency between the proposed method and
the GEOV1 FVC product indicated that these products were
reliable and could reveal the actual earth surface variations. In
regard to the temporal continuity of FVC products, there were
also some missing data in the GEOV1 FVC product (see Fig. 8),
the same as with those missing in the spatial continuity analysis
of the GEOV1 FVC product. The temporal continuity of FVC
derived by the proposed method was good and no missing data
were observed. These results indicated that the proposed FVC

Authorized licensed use limited to: Beijing Normal University. Downloaded on March 21,2023 at 03:07:30 UTC from IEEE Xplore.  Restrictions apply. 



4794 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 53, NO. 9, SEPTEMBER 2015

Fig. 8. Temporal profiles of the GRNNs derived FVC and GEOV1 FVC products over validation sites from 2000 to 2010.

estimation method in this paper could generate temporal and
spatial continuous FVC product.

The quality assessment of the proposed FVC estimation
method indicated that the method could produce reliable global
FVC maps, and the spatial and temporal continuity was superior
to that of the GEOV1 FVC product. The direct validation
results using the VALERI sites data also showed the consistency
between the proposed method and the GEOV1 FVC product,
and the performance of the proposed method was comparable
with that of the GEOV1 FVC product. Therefore, there is a plan
to produce the global FVC product using this method based on
the reprocessed MODIS reflectance data from the year 2000 to
the present. This data set will be freely available to the public
at a temporal resolution of 8 days and a spatial resolution of
0.5 km in the sinusoidal projection.

Although the performance of the proposed method is com-
fortable, much more ground reference data that represents
different biomes and geographical areas are required to better
assess the uncertainty at a regional scale and in areas across the
world. Validation of the moderate-resolution FVC products is
difficult to perform because ground measurements are difficult
to match to the pixel of the remote sensing product due to
the surface heterogeneity. An appropriate strategy is to use
high resolution remote sensing data as a bridge to link the
ground FVC measurement and the moderate spatial resolution
FVC product. However, acquiring and processing high-spatial-
resolution remote sensing data at a large scale is costly, which
is also why there is limited ground reference data for validating
the moderate spatial resolution FVC product. Thus, the further
work will locate and generate more ground reference data for a
better and extensive assessment of the existing moderate spatial
resolution FVC products. Furthermore, the GRNNs were built
for FVC estimation using MODIS data, when applied to other
data sets, the architecture and parameters should be changed.

IV. CONCLUSION

A method using the GRNNs has been developed to estimate
FVC from MODIS reflectance data in this paper. The GRNNs

were trained using the samples from Landsat TM/ETM+ data
derived FVC by using the dimidiate pixel model at the global
sampling locations. The direct validation and comparison with
the GEOV1 FVC product indicated that the performance of the
GRNNs derived FVC was comparable with the GEOV1 FVC
product. Furthermore, the initial results from GRNNs retrieval
presented a much better spatial and temporal continuity, which
was convenient for users from different research fields. In sum-
mary, the proposed method is reliable for FVC estimation and is
being implemented to generate a long time series of global FVC
product from MODIS reflectance data. Further work should
focus on an extensive assessment of the performance of the
proposed method using more ground data.
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