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ABSTRACT
Global land-cover data are widely used in regional and global models because land cover influences land–
atmosphere exchanges of water, energy, momentum, and carbon. Many models use data of maximum green
vegetation fraction (MGVF) to describe vegetation abundance. MGVF products have been created in the
past using different methods, but their validation with ground sites is difficult. Furthermore, uncertainty is
introduced because many products use a single year of satellite data. In this study, a global 1-km MGVF
product is developed on the basis of a ‘‘climatology’’ of data of Moderate Resolution Imaging Spectroradiometer (MODIS) normalized difference vegetation index and land-cover type, which removes biases associated with unusual greenness and inaccurate land-cover classification for individual years. MGVF shows
maximum annual variability from 2001 to 2012 for intermediate values of average MGVF, and the standard
deviation of MGVF normalized by its mean value decreases nearly monotonically as MGVF increases. In
addition, there are substantial differences between this climatology and MGVF data from the MODIS
Continuous Fields (CF) Collection 3, which is currently used in the Community Land Model. Although the
CF data only use 2001 MODIS data, many of these differences cannot be explained by usage of different years
of data. In particular, MGVF as based on CF data is usually higher than that based on the MODIS climatology
from this paper. It is difficult to judge which product is more realistic because of a lack of ground truth, but this
new MGVF product is more consistent than the CF data with the MODIS leaf area index product (which is
also used to describe vegetation abundance in models).

1. Introduction
Vegetation cover influences the land–atmosphere
exchanges of water, energy, and carbon (e.g., Dickinson
et al. 1986; Sellers et al. 1996; Bonan 1996; Dai et al.
2003). Green vegetation fraction (GVF; Deardorff
1978) is widely used in global models along with many
other applications such as studies of land-cover (LC)
change. Along with leaf area index (LAI; Myneni et al.
2002), GVF is used to describe the abundance of vegetation in most global models. Some models, such as the
Community Land Model (CLM; Lawrence and Chase
2007) represent this abundance with a seasonally varying LAI and a maximum annual GVF at each grid cell
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(or subgrid tiles of a grid cell), and other models, such as
the ‘‘Noah’’ land model (Chen and Dudhia 2001; Ek
et al. 2003), represent this abundance with a constant
maximum LAI and a seasonally varying GVF. As such,
some GVF datasets represent seasonally varying vegetation cover (e.g., Gutman and Ignatov 1998; Miller et al.
2006), while others represent the maximum annual vegetation cover (e.g., DeFries et al. 1999; Zeng et al. 2000,
hereinafter Z00; Hansen et al. 2003).
CLM currently uses estimates of maximum GVF from
‘‘Continuous Fields’’ (CF) data that are based on measurements from the Moderate Resolution Imaging
Spectrometer (MODIS) from 2001 (Hansen et al. 2003).
Basing land-cover data on one year of data is a potential
drawback because anomalous conditions (e.g., flood/
drought) can lead to unusual vegetation greenness in
certain areas. This is especially problematic in semiarid
environments, where vegetation greening is strongly
linked to the availability of water (e.g., Hadley and

DOI: 10.1175/JAMC-D-13-0356.1
Ó 2014 American Meteorological Society
Unauthenticated | Downloaded 01/09/23 05:23 AM UTC

AUGUST 2014

1997

BROXTON ET AL.

Szarek 1981; Weiss et al. 2004). This problem might lead
to inconsistencies with other vegetation data that are used
in the model, especially if the data are from different
years.
Another simpler method to derive GVF, which can be
updated annually, is to use satellite-based vegetation
indices directly. Considerable research has shown that
the widely used normalized difference vegetation index
(NDVI; Tucker 1979) is related to GVF (e.g., Leprieur
et al. 1994; Carlson and Ripley 1997; Wittich 1997;
Gutman and Ignatov 1998; Purevdorj et al. 1998). This
relationship has been used to create maps of GVF for
global studies (e.g., Gutman and Ignatov 1998; Z00;
Zeng et al. 2003), and such implementations have been
tested in global models (Barlage and Zeng 2004; Miller
et al. 2006). The derivation of high-resolution datasets
for maximum GVF using this method [which we refer to
as maximum green vegetation fraction (MGVF)] has
largely relied upon NDVI measurements from previousgeneration Advanced Very High Resolution Radiometer
(AVHRR) sensors, although more advanced satellite
sensors (e.g., MODIS) have better spectral resolutions
and so are more ideal for measuring vegetation indices
such as NDVI (e.g., Fensholt and Sandholt 2005). Therefore these efforts should be updated with newer data.
Building on our prior efforts [Z00, based on 1-km
AVHRR data from April 1992 to March 1993, and Zeng
et al. (2003), based on 8-km AVHRR data from 1982 to
2000], here we develop an updated 1-km MGVF product
for global applications that is based on 12 years of
MODIS data. We both analyze the interannual variability in the new MGVF product and compare it with
data from the CF Collection 3 that are currently used in
CLM.

2. Developing global MGVF data
This study uses MODIS Collection-5 NDVI data
(MOD13A2; Huete et al. 2002) and MODIS Collection5.1 data for land-cover type (MC12Q1; Friedl et al. 2010)
to define MGVF. The MOD13A2 product contains
16-day composites of NDVI from 2001 to 2012 at an
;1-km pixel resolution on the MODIS sinusoidal grid.
Land-cover classes are defined using the International
Geosphere–Biosphere Program (IGBP; Townshend 1992)
LC classification in the Collection-5.1 MCD12Q1 dataset.
Our recent study (Broxton et al. 2014) demonstrated
that there is considerable spurious interannual variability
of the LC data (which have been generated annually since
2001). Therefore, instead of using the MCD12Q1 data
directly, we generate a land-cover ‘‘climatology’’ that is
based on 2001–10 LC data using the confidence scores in
the MCD12Q1 data to weigh the LC classification for

individual years (Broxton et al. 2014). The LC data have
an ;0.5-km spatial resolution on the sinusoidal grid.
We use a linear mixing model with the assumption
that the vegetation-covered fraction for each pixel can be
obtained from measured NDVI by treating this NDVI as
the area-weighted average of NDVI contributions from
vegetated area and from bare soil within each pixel.
Following Z00, we define MGVF between 0 and 1 on the
basis of the annual maximum of NDVI:
MGVF 5

Nmax 2 Ns
.
Nc,y 2 Ns

(1)

Here, Nmax is the annual maximum observed NDVI at
each pixel, Ns represents the annual maximum NDVI of
bare soil, and Nc,y represents the annual maximum
NDVI of the vegetated surface; Ns is a global constant
and is based on the NDVI of ‘‘bare ground’’ pixels, and
Nc,y is computed separately for each vegetation type
(described below). The values that Ns and Nc,y take are
based on histograms of Nc,y for each LC category (which
are generated by grouping all Nmax pixels according to
their respective LC type). To find the histograms, the
;0.5-km LC-type climatology is resized to ;1 km (to
match the spatial resolution of the NDVI data) using
nearest-neighbor resampling, because this method works
with data that are discrete. We use the same rules (with
a couple of exceptions, described below) to determine Ns
and Nc,y that Z00 do, who estimate Ns and Nc,y on the
basis of GVF estimates from 1- and 2-m satellite data.
Here, Ns is taken to be a global constant and is defined to
be the value of the 15th percentile of the Nmax histogram
of the barren IGBP type. The value of Nc,y is unique to
each IGBP land-cover type, and it takes the value of the
75th percentile of the Nmax histogram for most IGBP
types, with the exception of the closed-shrubland, openshrubland, urban, and barren IGBP types. For closed
shrubland, Nc,y is the 95th percentile of the Nmax histogram, for urban, it is the 90th percentile of the Nmax histogram, and the value of Nc,y for open shrubland and
barren is the same as that for closed shrubland. These
rules are summarized in Table 1, and more details on
Eq. (1) and relevant parameters are provided in Z00.
Note that the computed vegetation cover within each LC
class is a function of NDVI, which is variable through
time, and therefore it is possible to have bare ground for
any LC class at some times and not others.
There are a few differences between these rules and
those used by Z00. First, the Nmax histogram percentile
of Ns is adjusted (from the 5th percentile to 15th percentile) to ensure that known desert areas have near-zero
vegetation cover in the new classification. This is possibly
a reflection of better LC classification of barren areas in
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TABLE 1. Percent of land area, Nc,y used in Eq. (1), MG and the
minimum and maximum annual MG values from 2001 to 2012 (in
parentheses), MG01, values for MG reported by Z00 (on the basis
of AVHRR from April 1992 to March 1993), and MGCF (from
2001) for each IGBP land-cover type provided in Fig. 3.
IGBP
type

Area
(%)

Nc,y

MG (min–max)

MG01

MGZ00

MGCF

1
2
3
4
5
6
7
8
9
10
11
12
13
14
16

2.25
10.13
1.44
1.09
6.15
0.11
15.80
8.24
7.57
14.13
1.63
9.45
0.50
6.71
14.78

0.85
0.93
0.84
0.91
0.90
0.85
0.85
0.86
0.81
0.64
0.79
0.82
0.80
0.85
0.85

0.90 (0.89–0.91)
0.97 (0.96–0.97)
0.93 (0.92–0.93)
0.95 (0.95–0.95)
0.95 (0.95–0.96)
0.74 (0.73–0.75)
0.58 (0.58–0.60)
0.91 (0.91–0.92)
0.88 (0.86–0.89)
0.65 (0.63–0.65)
0.83 (0.82–0.84)
0.87 (0.86–0.88)
0.70 (0.69–0.71)
0.91 (0.90–0.91)
0.06 (0.05–0.06)

0.91
0.97
0.93
0.95
0.95
0.74
0.59
0.91
0.89
0.64
0.83
0.87
0.71
0.91
0.06

0.90
0.93
0.92
0.90
0.88
0.72
0.39
0.86
0.81
0.71
0.85
0.86
0.74
0.85
0.11

0.99
1.00
0.98
1.00
1.00
0.87
0.69
0.98
0.96
0.61
0.97
0.92
0.85
0.97
0.03

the MODIS-based classification than in the previous
AVHRR-based classification (including fewer areas with
vegetation). Nevertheless, we feel it is justified because
Nmax is higher than that given by the 5% threshold (0.07)
for large portions of the Gobi Desert and almost all of the
Atacama and Sahara Deserts, whereas it is only higher
than that given by the 15% threshold (0.09) for limited
portions of the Atacama and eastern Gobi Deserts and
large portions of the Sahara Desert. In addition, the Nmax
histogram percentile of Nc,y for closed shrublands is adjusted (from 0.90 to 0.95), partly because a much smaller
proportion of the earth’s surface is covered by closed
shrublands in the new MODIS LC classification.
MGVF maps are created using this method for each
calendar year from 2001 to 2012 (annual values of
MGVF will henceforth be referred to as MG). Values of
MG are computed for each ;1-km pixel as the average
of MG values using the four 0.5-km LC-type values in
each 1-km Nmax pixel because it visually softens hard
edges created by the fact that different LC types have
different values of Nc,y. This has a minimal impact on the
MG maps at the global scale, though, versus just taking
a single LC type to be representative within an Nmax
pixel. In this study, comparisons are made between the
12-yr averaged annual MG (denoted as MG), MG from
2001 (denoted as MG01), and the 2001 bare-ground percentage map [with 1 2 (bare percentage) denoted as
MGCF] in the CF Collection-3 product (MOD44B.003;
Hansen et al. 2002, 2003). We do not do a comparison
with newer versions of the CF product (i.e., Collection
4v3 or Collection 5) because the newer versions only
provide tree-cover fraction (without bare-soil fraction).
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The CF data (Collection 3) as used here were generated
using a regression tree with MODIS surface-reflectance
data, MOD09A1, as input from November 2000 to
November 2001. The MGCF is downloaded as tiles on the
MODIS sinusoidal grid, and maps of MG01, MG, and
MGCF are regridded using bilinear resampling to a 0.018
(or ;1 km) pixel resolution for comparison.
For consistency check, we also compare these products
with Collection-5 MODIS LAI product (MOD15A2;
Myneni et al. 2002) that is retrieved from the same
MODIS surface-reflectance data used in CF and our
MGVF development. The methods for the development
of these three products, however, are largely independent
of each other. The LAI data, whose native resolution is
;1 km on the sinusoidal grid, are also regridded (using
bilinear resampling) to a 0.018 pixel resolution for analysis. In this study, we compare MG01 and MGCF with the
maximum annual LAI from 2001 (LAImax,01; computed
for each pixel by finding the maximum LAI value from
the 8-day MOD15A2 LAI composites for 2001).

3. Results
a. Characteristics of our MGVF
Overall, the MG values computed in this study are
similar to MGVF values obtained by Z00 for most LC
classes (Table 1), despite significant differences between
LC abundances and Nc,y values. Values of Nc,y and Ns
from this study are significantly higher than those reported by Z00. The average of Nc,y values for all LC types
in this study is 0.84 as compared with 0.62 in Z00, and our
Ns value here is 0.09 as compared with 0.05. Some LC
types are much more abundant in our newer LC classification: on the basis of the MODIS data used in this
study, types 5, 10, and 13 (mixed forest, grassland, and
urban) make up 6.15%, 14.13%, and 0.50% of global land
areas, whereas Z00, who used an AVHRR-based classification, reported that these classes cover 4.86%, 8.53%,
and 0.2% of land areas. Other MODIS LC classes are
much less abundant: we find that types 1, 3, 6, and 14
(evergreen needleleaf, deciduous broadleaf, closed
shrubland, and cropland/natural vegetation) make up
2.25%, 1.09%, 0.11%, and 6.71% of global land areas,
whereas Z00 found their percentages to be 5.03%, 2.50%,
2.01%, and 10.80%, respectively. The average MG values
for most LC classes are within 0.07 of those found by Z00,
however, with the exception of type 7 (open shrubland),
which we find to have an average MG of 0.58 (as compared with 0.39). The larger difference for open shrubland
is partially caused by the more abundant MODIS openshrubland areas (by including some closed-shrubland
pixels with higher MGVF) than in the original AVHRR
LC data.

Unauthenticated | Downloaded 01/09/23 05:23 AM UTC

AUGUST 2014

BROXTON ET AL.

1999

FIG. 1. (a) Average annual MG from 2001 to 2012 (MG), (b) standard deviation of MG from 2001 to 2012, (c) MG01 2 MGCF (from
2001), and (d) difference between the absolute difference of MG 2 MGCF and the absolute difference of MG01 2 MGCF, along with the
locations of the zonal cross sections that are referred to later in Table 3. In (d), redder colors indicate better agreement between MG01 and
MGCF than between MG and MGCF, and bluer colors indicate better agreement between MG and MGCF than between MG01 and MGCF.
To reduce data volume, the original data on an ;1-km sinusoidal grid in (a) and (b) and a 0.018 grid in (c) and (d) are projected to
geographic coordinates at a 0.18 resolution from 608S to 808N.

The global distribution of our MG product is shown in
Fig. 1a. In many places MG is similar from year to year,
but in some places there is a substantial amount of interannual variability. Over the globe, the standard deviation of MG (Fig. 1b) from 2001 to 2012 is less than
0.05 for 64% of land areas, is between 0.05 and 0.15 for
34% of land areas, and is greater than 0.15 for 2% of
land areas. Certain LC classes are also prone to more or
less interannual variability of MG than others (Table 2).
Types 1–5, 8, 14, and 16 (the five forest classes, woody
savanna, cropland/natural vegetation, and barren) have
a lower amount of interannual variability than do the
remaining classes as the median (95th percentile) of the
standard deviation maps for these classes is less than 0.04
(0.08). Types 7, 9, 10, and 12 (open shrubland, grassland, savanna, and cropland) have a high degree of interannual variability and are globally abundant, and
so much of the interannual variability shown in Fig. 1b
is found in these classes. Despite the sometimes
substantial amount of interannual variability in some
land-cover types, we find that MG for each land-cover
class is (averaged across all pixels of a given type)

consistent from year to year (the range never exceeds
0.03; Table 1).
The interannual variability of MG also changes systematically with MG: it is more pronounced at lower to
intermediate MG values. In general, the highest variability of MG occurs where MG is 30%–60% (Fig. 2a).
At lower MG, this interannual variability is limited by
the fact that MG is low. For higher MG (primarily for
forests), it is limited as well. In fact, when viewed relative
to MG, the variability of MG decreases nearly monotonically (Fig. 2b). The amount of interannual variability for a given MG varies widely for different LC classes.
For example, the barren class (type 16) exhibits a high
amount of interannual variability (relative to the MG
value) throughout the entire range of MG values that are
common for barren, whereas the forest classes (types 1–5)
exhibit a low amount of interannual variability throughout the entire range of MG values. The interannual variability in other LC classes, such as shrublands (types 6–7)
and grasslands (type 10), decreases relative to MG, albeit
at different rates. As a result of this higher interannual
variability at lower MG, we find that, even on a 0.58
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TABLE 2. Median and 95th-percentile values for the standard
deviation of MG map (Fig. 1b) and the absolute value of the
MG01 2 MGCF map (Fig. 1c) for each IGBP land-cover class.
Fig. 1b

Fig. 1c

IGBP type

Median

95th

Median

95th

1
2
3
4
5
6
7
8
9
10
11
12
13
14
16

0.03
0.02
0.02
0.02
0.02
0.06
0.05
0.03
0.04
0.07
0.04
0.06
0.05
0.03
0.01

0.07
0.04
0.06
0.05
0.05
0.11
0.12
0.07
0.10
0.17
0.08
0.13
0.11
0.08
0.07

0.06
0.02
0.03
0.02
0.03
0.13
0.12
0.05
0.06
0.08
0.10
0.05
0.14
0.04
0.04

0.22
0.09
0.14
0.18
0.12
0.29
0.30
0.20
0.21
0.29
0.34
0.22
0.32
0.19
0.13

climate-model grid (e.g., that used by CLM), the average
absolute difference between MG for a particular year and
MG is over 20% of the value of MG for 11% of global
land areas.

b. Comparison with bare-ground continuous fields
Comparison between MG and MGCF [i.e., 1 2 (baresoil fraction)] is complicated by two factors. First, MG is
based on data from 2001 to 2012, whereas MGCF is based
on data from 2001 only. In some places, the difference
between MG and MGCF reduces dramatically by comparing MG01 and MGCF. For example, in a region in the
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Great Plains of southern Canada (508–558N, 1058–1108W),
MGCF of 0.76 is more similar to MG01 (0.75) than to MG
(0.84). In another instance, in eastern Saudi Arabia (278–
298N, 448–468E), MGCF of 0.20 is different from MG of
0.07 but is very close to MG01 of 0.18. The fact that
some of the differences between MG and MGCF are
related to interannual variability also partly explains
some of the codependence between the standard deviation of MG (Fig. 1b) and differences between MG01
and MGCF (Fig. 1c). After all, many of the LC classes
with larger differences between MGCF and MG are the
same classes with large variability of MG (Table 3).
In many places, though, the fact that MGCF is based
on 2001 MODIS data and MG is based on 2001–12
MODIS data cannot explain the differences between
MG and MGCF. Not only are there many differences
between data for a comparable time period (shown by
the comparison of MG01 and MGCF in Fig. 1c), but these
differences are not much smaller than those between
MG and MGCF in many areas in Fig. 1d. In addition,
there are many global systematic differences between
MG01 and MGCF. Consistent with the conclusion from
Fig. 1c and Table 2 that MGCF is, in general, larger than
MG01, MGCF is usually higher for a given Nmax (from
2001; referred to as Nmax,01) than MG01 in Fig. 3. In fact,
for the forest types, MGCF is close to 1 (100% cover) for
nearly the entire range of Nmax,01 that occurs in these
classes. The relationship between Nmax,01 and MGCF is
similar to that between Nmax,01 and MG01 only in types
10 and 16 (grasslands and barren).
In a similar way, for most LC classes (again except for
grasslands and barren), MGCF is higher than corresponding

FIG. 2. Box plots showing (a) the relationship between MG and the standard deviation of MG
[SD(MG)] and (b) the relationship between MG and the ratio of SD(MG) over MG. Each box
plot is broken into 100 bins from 0 to 1, and the shaded areas capture the 25th–75th percentile
range for each bin. Also shown at 0.05 increments are median SD(MG) and SD(MG)/MG for
grassland (IGBP type 10) pixels (green circles), shrubland (types 6–7) pixels (yellow circles),
barren (type 16) pixels (red circles), and forest (types 1–5) pixels (blue circles).
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TABLE 3. The R2 values (the coefficient of determination, or
squared correlation coefficient) that show the strength of the regression between LAImax,01 and MG01 or MGCF for the indicated
land-cover type in each 0.58 grid box over the zonal cross sections in
Fig. 1d.
Cross section
A
B
C
D
E
F
G
H
I
J
K
L
M
N
O
P
Q
Avg

2001

BROXTON ET AL.

Type

MG01 2 LAImax,01

MGCF 2 LAImax,01

7
13
10
7
7
7
7
7
7
7
7
10
10
10
13
7
7

0.85
0.90
0.92
0.97
0.92
0.86
0.84
0.96
0.95
0.86
0.79
0.93
0.74
0.83
0.84
0.86
0.75
0.87

0.65
0.80
0.76
0.82
0.68
0.44
0.73
0.94
0.93
0.41
0.69
0.68
0.67
0.78
0.55
0.54
0.37
0.67

MG01 at a given LAImax,01 (Fig. 4). In fact, for most LC
classes, MGCF is close to 1 for LAImax,01 values as low as
2, and in some cases (e.g., types 1 and 11; evergreen
needleleaf and permanent wetland), MGCF is above 0.9
for LAImax,01 values as low as 1. At the same time, MG01
is below 1 for all except very high LAImax,01 values for
some LC classes (e.g., 6 for types 4 and 5; evergreen
broadleaf and mixed forest), although usually MG01 is
greater than 0.9 above LAImax,01 5 4. The relationships
between MG and the average annual Nmax from 2001 to
2012 (Nmax ), and between MG and the average value of
LAImax from 2001 to 2012 (LAImax ) are almost identical
to those between MG01 and Nmax,01 and between MG01
and LAImax,01.
There is better spatial agreement between MG01 and
LAImax,01 than between MGCF and LAImax,01. Table 3
presents the coefficient of determination (or squared
correlation coefficient R2) between the spatial variability
of LAImax,01 and MGCF/MG01 along zonal cross sections shown in Fig. 1d. Cross sections are 0.58 wide, have
a variable length, and are located to measure spatial
variability in areas with homogenous LC classes but with
poor agreement between MG01 and MGCF. Each cross
section is divided into 0.58 increments (to match the
spatial resolution of the land-cover data used in CLM),
and values of LAImax,01, MGCF, and MG01 are averaged
for each 0.58 grid cell. Linear regression is performed on
the collection of averaged values for each 0.58 grid cell for
each cross section, because most relationships are linear
or only weakly nonlinear.

The agreement between MG01 and LAImax,01 is higher
than that between MGCF and LAImax,01 for almost all
zonal cross sections, and the average R2 of 0.87 is 0.20
higher for the former than the latter (Table 3). The R2
differences are usually significant, as the 95th confidence
intervals for each trend line (which are found using
a Fisher Z transformation) do not overlap with the other
trend line except for cross sections B, H, I, M, and N. For
comparison, the R2 value between MG01 and LAImax
is 0.85, and the value between MGCF and LAImax is 0.59
(a difference of 0.26).

4. Discussion and conclusions
We have created a MODIS-based MGVF product for
global applications. This product uses 12 years of MODIS
satellite data of NDVI and land-cover type, which have
a higher spectral resolution and an overall better quality
than previous-generation AVHRR-based data. We find
that, for most LC classes, values of MG are similar to
those found by Z00 (upon which this work is based),
despite significant differences between LC abundances
and Nc,y values, demonstrating the robustness of the
method used in Z00. The exception is type 7 (open
shrubland), for which MGVF is substantially higher
than that found in Z00. This is probably a reflection of
the fact that the MODIS open-shrubland areas are more
abundant (by including some closed-shrubland pixels
with higher MGVF) than in the original AVHRR LC
data. In general, Nc,y values are lower in Z00 because
the AVHRR NDVI used in Z00 is lower than MODISbased NDVI. In addition, the LC type products that are
based on AVHRR data (e.g., the version-2 Global Land
Cover Classification dataset that is widely used in regional and global models) are substantially different, and
they ‘‘validate’’ worse than the MODIS LC-type data
(Broxton et al. 2014).
The MGVF values computed in this study are highly
variable from year to year in some parts of the world. It
is unlikely that uncertainty of NDVI values can lead to
the amount of interannual variability that characterizes
MG, suggesting that the variability is largely real, perhaps reflecting variability in climatic conditions for
a given year. We also find that in many parts of the world
much of the interannual variability of MG occurs in the
open-shrubland, grassland, savanna, and cropland classes. This is consistent with Zeng et al. (2003), who found
that these four classes are among the most variable
classes from 1982 to 2000.
Furthermore, areas with lower MG are more likely to
have higher interannual variability of MG. The standard
deviation of MG is highest for MG that is close to 0.5.
For low values of MG, interannual variability of MG is
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FIG. 3. Comparison between Nmax,01 and MGCF (the ordinate on the left shows the scale) in each IGBP land-cover class. Black dots
denote the median value of MGCF data for each 0.01 Nmax,01 bin, and the shaded areas capture the 25th–75th percentile range. Gray lines
show Nmax,01 histograms (the ordinate on the right shows the scale). Comparisons between Nmax,01 and MGCF are only shown where the
histogram of Nmax,01 is greater than 0.0025. Also shown are values of Ns and Nc,y (vertical dotted lines) and the conversion between Nmax,01
and MG01 (red lines).

limited by the fact that there is not much vegetation
cover. There is also less variability of MG for morevegetated regions (e.g., forests), however. In fact, relative to MG, the standard deviation of MG decreases
nearly monotonically with MG. This result is probably
a reflection of the fact that vegetation is more responsive to climatic factors (especially precipitation) in drier,
water-limited environments (e.g., Hadley and Szarek
1981; Weiss et al. 2004). More vegetated regions, which
are not water limited, are less affected by interannual
variability in precipitation (unless, e.g., a severe drought
or forest fire leads to a large-scale forest die-off). Some of
the regions with higher interannual variability of MG are
the same as those that are thought to have strong coupling
with the atmosphere (Koster et al. 2004; Zeng et al. 2010),
further underscoring the need to have vegetation products that encompass multiple years (rather than just a
single year).
This interannual variability can explain some, but not
all, differences between MG and MGCF. In some parts
of the world, the differences between MG and MGCF are
much larger than those between MG01 and MGCF, suggesting that these differences are more likely to reflect

real differences between 2001–12 ‘‘average’’ conditions
and those during 2001. A majority of the differences between MG and MGCF remain in the comparison between
MG01 and MGCF, however, and so cannot be explained by
the different years of data used. In most regions, MGCF is
higher than MG01, and, for most LC classes, MGCF is
higher than MG01 for a given value of Nmax. It is difficult
to judge whether the ‘‘greener’’ or ‘‘less green’’ representation of MGVF is more accurate because of a lack of
ground truth. For example, MGCF for most LC classes
is close to 1 for unrealistically low LAImax,01 values (as
low as 1–2); at the same time, however, for some classes
MG01 does not approach 1 until very high LAI values (as
high as 5–6), although most of the time MG01 is higher
than 0.9 for LAI values from 3 to 4. In addition, there is
uncertainty in the way that both products relate Nmax to
MGVF.
On the other hand, the method that we use (which is
based directly on NDVI) has one clear advantage over
the CF data: its spatial variability is significantly more
consistent with LAI. Along zonal cross sections that
are located in areas with a homogenous land-cover type
but where there is poor agreement between MG01
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FIG. 4. Comparison between LAImax,01 and MGCF (black dots and blue bars) and MG01 (black dots and red bars) for each IGBP landcover class (the ordinate on the left shows the scale). Black dots denote the median MGCF or MG01 value for each 0.01 LAImax,01 bin, and
the blue and red bars capture the 25th–75th percentile range. Gray lines show histograms of maximum LAImax,01 in each category (the
ordinate on the right shows the scale). Comparisons between MGCF or MG01 and LAImax,01 are only shown for LAImax,01 categories where
the histogram of LAImax,01 is greater than 0.0025.

and MGCF, we find that the spatial variability of MG01
is more consistent with that of LAImax,01 than is that
of MGCF. This consistency is important because both
MGVF and LAI are used by global models to describe
vegetation abundance. In the ideal case, the spatial variability of MGVF and LAImax should be relatively consistent within a given land-cover type, as they are
both measures of vegetation abundance. For example,
for grasslands, it does not make sense to have LAImax
decrease as MGVF increases (across space) and vice
versa because vegetation structure is probably not highly
variable at the 1-km scale. For other LC classes, such
as open shrublands, where one would expect more diversity in terms of vegetation structure, it is a little more
realistic to have differing spatial variability for MGVF
and LAImax, but the two should still probably be very
closely related. It is not surprising that there are high
correlations between MG01 and LAImax,01 (with an average R2 of 0.80); it is more surprising that the correlations between MGCF and LAImax,01 are significantly
lower. Note that MGCF from an older version of the
MODIS CF data is used because the bare-ground fraction
field is not available in more recent versions. Such fields

in future CF data might show differences with the previous CF data.
In this study, we develop a global 1-km MGVF product
based on a climatology of MODIS NDVI and LC-type
data. The MGVF climatology is better than the product
for a single year because it removes biases associated with
unusual greenness and inaccurate land-cover classification for a specific year. Its spatial variability is also more
consistent with that of annual maximum LAI (which is
also used to describe vegetation abundance in models and
therefore should be relatively consistent with MGVF)
than are the CF data. Therefore, we believe that it is
a good candidate for global-modeling applications that
use MGVF to describe vegetation abundance. The data
are freely available from the authors.
Acknowledgments. This work was supported by NASA
(NNX09A021G) and the U.S. Department of Energy
(DE-SC0006773). Land-cover type (MCD12Q1), NDVI
(MOD13A2), and Continuous Fields (MOD44B.003)
data used in this study were obtained from the USGS’s
Land Processes Distributed Archive Center (https://
lpdaac.usgs.gov/products).

Unauthenticated | Downloaded 01/09/23 05:23 AM UTC

2004

JOURNAL OF APPLIED METEOROLOGY AND CLIMATOLOGY
REFERENCES

Barlage, M., and X. Zeng, 2004: The effects of observed fractional
vegetation cover on the land surface climatology of the Community Land Model. J. Hydrometeor., 5, 823–830, doi:10.1175/
1525-7541(2004)005,0823:TEOOFV.2.0.CO;2.
Bonan, G. B., 1996: A land surface model (LSM version 1.0) for
ecological, hydrological, and atmospheric studies: Technical
description and user’s guide. NCAR Tech. Note NCAR/TN4171STR, 150 pp. [Available online at http://nldr.library.
ucar.edu/repository/assets/technotes/TECH-NOTE-000-000000-229.pdf.]
Broxton, P. D., X. Zeng, D. Sulla-Menashe, and P. A. Troch, 2014: A
global land cover climatology using MODIS data. J. Appl. Meteor. Climatol., 53, 1593–1605, doi:10.1175/JAMC-D-13-0270.1.
Carlson, T. N., and D. A. Ripley, 1997: On the relation between
NDVI, fractional vegetation cover, and leaf area index. Remote
Sens. Environ., 62, 241–252, doi:10.1016/S0034-4257(97)00104-1.
Chen, F., and J. Dudhia, 2001: Coupling an advanced land surface–
hydrology model with the Penn State–NCAR MM5 modeling
system. Part I: Model implementation and sensitivity. Mon.
Wea. Rev., 129, 569–585, doi:10.1175/1520-0493(2001)129,0569:
CAALSH.2.0.CO;2.
Dai, Y., and Coauthors, 2003: The Common Land Model. Bull. Amer.
Meteor. Soc., 84, 1013–1023, doi:10.1175/BAMS-84-8-1013.
Deardorff, J. W., 1978: Efficient prediction of ground surface temperature and moisture, with inclusion of a layer of vegetation.
J. Geophys. Res., 83, 1889–1903, doi:10.1029/JC083iC04p01889.
DeFries, R. S., J. R. G. Townshend, and M. C. Hansen, 1999: Continuous fields of vegetation characteristics at the global scale
at 1-km resolution. J. Geophys. Res., 104, 16 911–16 923,
doi:10.1029/1999JD900057.
Dickinson, R. E., A. Henderson-Sellers, P. J. Kennedy, and M. F.
Wilson, 1986: Biosphere–Atmosphere Transfer Scheme (BATS)
for the NCAR Community Climate Model. NCAR Tech. Note
NCAR/TN-2751STR, 69 pp. [Available online at http://nldr.
library.ucar.edu/repository/assets/technotes/TECH-NOTE-000000-000-527.pdf.]
Ek, M. B., K. E. Mitchell, Y. Lin, E. Rogers, P. Grunmann,
V. Koren, G. Gayno, and J. D. Tarpley, 2003: Implementation
of Noah land surface model advances in the National Centers
for Environmental Prediction operational mesoscale Eta Model.
J. Geophys. Res., 108, 8851, doi:10.1029/2002JD003296.
Fensholt, R., and I. Sandholt, 2005: Evaluation of MODIS and
NOAA AVHRR vegetation indices with in situ measurements
in a semi-arid environment. Int. J. Remote Sens., 26, 2561–2594,
doi:10.1080/01431160500033724.
Friedl, M. A., D. Sulla-Menashe, B. Tan, A. Schneider,
N. Ramankutty, A. Sibley, and X. Huang, 2010: MODIS
Collection 5 global land cover: Algorithm refinements and
characterization of new datasets. Remote Sens. Environ., 114,
168–182, doi:10.1016/j.rse.2009.08.016.
Gutman, G., and A. Ignatov, 1998: The derivation of the green
vegetation fraction from NOAA/AVHRR data for use in
numerical weather prediction models. Int. J. Remote Sens.,
19, 1533–1543, doi:10.1080/014311698215333.
Hadley, N. F., and S. R. Szarek, 1981: Productivity of desert ecosystems. Bioscience, 31, 747–753, doi:10.2307/1308782.
Hansen, M. C., R. S. DeFries, J. R. G. Townshend, R. A. Sohlberg,
C. Dimiceli, and M. Carroll, 2002: Towards an operational
MODIS continuous field of percent tree cover algorithm: Examples using AVHRR and MODIS data. Remote Sens. Environ., 83, 303–319, doi:10.1016/S0034-4257(02)00079-2.

VOLUME 53

——, ——, ——, M. Carroll, C. Dimiceli, and R. A. Sohlberg, 2003:
Global percent tree cover at a spatial resolution of 500 meters:
First results of the MODIS vegetation continuous fields algorithm. Earth Interact., 7, doi:10.1175/1087-3562(2003)007,0001:
GPTCAA.2.0.CO;2.
Huete, A., K. Didan, T. Miura, E. P. Rodriguez, X. Gao, and
L. G. Ferreira, 2002: Overview of the radiometric and
biophysical performance of the MODIS vegetation indices. Remote Sens. Environ., 83, 195–213, doi:10.1016/
S0034-4257(02)00096-2.
Koster, R. D., and Coauthors, 2004: Regions of strong coupling
between soil moisture and precipitation. Science, 305, 1138–
1140, doi:10.1126/science.1100217.
Lawrence, P. J., and T. N. Chase, 2007: Representing a new MODIS
consistent land surface in the Community Land Model (CLM
3.0). J. Geophys. Res., 112, G01023, doi:10.1029/2006JG000168.
Leprieur, C., M. M. Verstraete, and B. Pinty, 1994: Evaluation of the
performance of various vegetation indices to retrieve vegetation cover from AVHRR data. Remote Sens. Rev., 10, 265–284,
doi:10.1080/02757259409532250.
Miller, J., M. Barlage, X. Zeng, H. Wei, K. Mitchell, and D. Tarpley,
2006: Sensitivity of the NCEP/Noah land surface model to the
MODIS green vegetation fraction data set. Geophys. Res. Lett.,
33, L13404, doi:10.1029/2006GL026636.
Myneni, R. B., and Coauthors, 2002: Global products of vegetation leaf area and fraction absorbed PAR from year one of
MODIS data. Remote Sens. Environ., 83, 214–231, doi:10.1016/
S0034-4257(02)00074-3.
Purevdorj, Ts., R. Tateishi, T. Ishiyama, and Y. Honda, 1998:
Relationships between percent vegetation cover and vegetation indices. Int. J. Remote Sens., 19, 3519–3535, doi:10.1080/
014311698213795.
Sellers, P. J., S. O. Los, C. J. Tucker, C. O. Justice, D. A. Dazlich,
G. J. Collatz, and D. A. Randall, 1996: A revised land surface
parameterization (SiB2) for atmospheric GCMs. Part II:
Generation of global fields of terrestrial biophysical parameters from satellite data. J. Climate, 9, 706–737, doi:10.1175/
1520-0442(1996)009,0706:ARLSPF.2.0.CO;2.
Townshend, J. R. G., 1992: Improved global data for land applications: A proposal for a new high resolution data set. International
Geosphere-Biosphere Program Global Change Rep. 20, 87 pp.
Tucker, C. J., 1979: Red and photographic infrared linear combinations for monitoring vegetation. Remote Sens. Environ., 8,
127–150, doi:10.1016/0034-4257(79)90013-0.
Weiss, J. L., D. S. Gutzler, J. E. A. Coonrod, and C. N. Dahm, 2004:
Seasonal and inter-annual relationships between vegetation
and climate in central New Mexico, USA. J. Arid Environ., 57,
507–534, doi:10.1016/S0140-1963(03)00113-7.
Wittich, K.-P., 1997: Some simple relationships between landsurface emissivity, greenness and the plant cover fraction for
use in satellite remote sensing. Int. J. Biometeor., 41, 58–64,
doi:10.1007/s004840050054.
Zeng, X., R. E. Dickinson, A. Walker, M. Shaikh, R. DeFries, and J. Qi,
2000: Derivation and evaluation of global 1-km fractional vegetation cover data for land modeling. J. Appl. Meteor., 39, 826–839,
doi:10.1175/1520-0450(2000)039,0826:DAEOGK.2.0.CO;2.
——, P. Rao, R. DeFries, and M. C. Hansen, 2003: Interannual
variability and decadal trend of global fractional vegetation
cover from 1982 to 2000. J. Appl. Meteor., 42, 1525–1530,
doi:10.1175/1520-0450(2003)042,1525:IVADTO.2.0.CO;2.
——, M. Barlage, C. Castro, and K. Fling, 2010: Comparison of land–
precipitation coupling strength using observations and models.
J. Hydrometeor., 11, 979–994, doi:10.1175/2010JHM1226.1.

Unauthenticated | Downloaded 01/09/23 05:23 AM UTC

