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a b s t r a c t
Remote sensing can be the most effective means of scaling up grassland aboveground biomass (AGB) from
the sample scale to the regional scale. Among the remote-sensing approaches, statistical models based
on the vegetation index (VI) are frequently used to retrieve grassland AGB because of their simplicity and
reliability. However, these types of models have never been comprehensively optimized to overcome VI
insensitivity and soil effects. Because grassland AGB is related to grassland type, in our research the integrated orderly classiﬁcation system for grassland (IOCSG) was used to differentiate grassland types. The
study area, located in Inner Mongolia, China, included desert steppe, typical steppe and meadow steppe.
A pure VI (PVI) was extracted from the normal VI using spectral mixture analysis (SMA). Using a proportional relationship, PVI models were then constructed based on grassland type. The results demonstrated
that the PVI models can have clear advantages over the more commonly used VI models. They simplify
the parameterization of VI models and thus enhance models constructed for different regions with different remote sensing data sources. Notably, detailed differentiation of grassland types can improve the
accuracy of AGB estimates. The methodology proposed in this study is particularly beneﬁcial for AGB
estimates at a national scale, especially for countries such as China with many grassland types.
© 2015 Elsevier Ltd. All rights reserved.

1. Introduction
Grassland is a renewable resource and provides the feed source
for a sizable portion of animal production (Calanca and Fuhrer,
2005; Finger et al., 2010; Soussana and Lüscher, 2006). Furthermore, it plays an important role in biodiversity conservation and
soil protection as well as in the global carbon cycle (Fang et al.,
2010; Lehmann et al., 2004; Piao et al., 2007; Scurlock et al., 2002;
Yang et al., 2009). Unfortunately, due to high-intensity use, grasslands have been degraded worldwide in the past decades (Chen
et al., 2007; Kawamura et al., 2005b; Li et al., 2007). It is reported
that over 90% of grassland in Inner Mongolia is facing substantial
degradation as evidenced by reductions in grassland herbage mass
and area (Jiang et al., 2006).
In a pasture area, the amount of grassland aboveground biomass
(AGB) determines forage availability and herbivore carrying capacity (Jobbágy et al., 2002; Mutanga et al., 2004; Yahdjian and Sala,
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2006). Timely and accurate monitoring of the quantity of grassland AGB can provide the scientiﬁc data to regulate stocking rates
(SR) for sustainable use of grassland resources (Tueller, 1989; Wang
et al., 2006). Although ﬁeld surveys provide the most accurate
method for obtaining grassland AGB data, they are too timeconsuming and costly over large areas (Xie et al., 2009). Satellite
remote sensing offers a more effective means of collecting regional
and global data in a continuous spatio-temporal context (Hall et al.,
1995; Moreau et al., 2003). It has been widely used to estimate vegetation biomass or productivity, particularly at a regional scale (Fang
et al., 2003; Paruelo et al., 1997; Piao et al., 2004).
Using satellite remote sensing to estimate vegetation biomass
can be traced to the 1970s (Rouse et al., 1974). Launch of the NOAA6 satellite in June 1979 was particularly important enabling, for
example, estimates of vegetation biomass for semi-arid grassland
savannas in Senegal (Tucker et al., 1983, 1985) and for woodland
savannas in Botswana (Prince and Tucker, 1986). Later satellites
such as Landsat, SPOT and Terra provided additional choices for
biomass estimation using remote sensing techniques (Anaya et al.,
2009; Li et al., 2013; Roy and Ravan, 1996).
Using remote-sensing to estimate grassland AGB requires establishing a relationship to scale-up from ground surveys of sample
ﬁeld plots to regional scale remote sensing data obtained over the
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same period as the ﬁeld surveys (Anaya et al., 2009; Todd et al.,
1998a). Since vegetation indices (VI) are optical measures of vegetation canopy ‘greenness,’ which is a composite of properties such
as leaf chlorophyll, leaf area and canopy cover (Tucker and Sellers,
1986), VI-based statistical models are frequently used to construct
this scaling relationship (Curran and Steven, 1983; Friedl et al.,
1994; Hunt et al., 2003; Paruelo et al., 1997; Psomas et al., 2011).
Of the many VIs which have been proposed, the ratio vegetation
index (RVI), the normalized difference vegetation index (NDVI), the
modiﬁed soil adjusted vegetation index (MSAVI) and the enhanced
vegetation index (EVI) are most commonly employed (Beeri et al.,
2007; Gao et al., 2013; Jianlong et al., 1998; Todd et al., 1998b).
However, these VIs have been criticized for their relative insensitivity in more heavily vegetated areas (Li et al., 2014; Mutanga and
Skidmore, 2004). The solution proposed here is to incorporate ecological zoning in the VI estimates. Additionally, variability in soil
background reﬂectance has a strong effect on ‘greenness’ indices
(Huete et al., 1984, 1985). The solution proposed for this problem
is to exclude information on the soil from the VIs for a pixel.
Given these issues, the objectives of this study are: (1) to
improve the ability of VI for modeling grassland AGB at a regional
scale by incorporating climate-based ecological zoning, (2) to
establish soil-excluded VI-based models for estimates of grassland
AGB, and (3) to demonstrate the methodology’s effectiveness by
applying it to two different remote sensing products, Moderateresolution Imaging Spectroradiometer (MODIS) and Landsat 8 data.
2. Methodology
2.1. Study area
The study area in the Inner Mongolian grasslands of northern
China (Fig. 1) is characterized by a temperate continental monsoon
climate with mean annual temperatures decreasing from about 9 ◦ C
in the southwest to −5 ◦ C in the northeast. The annual rainfall varies
from 40 to 580 mm, 80% of which occurs during the growing season
(May–October). Topographically, the area is dominated by plateaus
with the Ordos, Xilingole and Hulun Buir plateaus arrayed from
the southwest to the northeast with an overall mean elevations
of about 1000 m. Based on the dominant species, which are primarily determined by rainfall, the grassland can be classiﬁed into
three major types from west to east: desert steppe, typical steppe
and meadow steppe (Gong Li et al., 2000; Kawamura et al., 2005a;
Li et al., 2014). Meadow steppe occurs in the eastern part of the
study area. The dominant species are Stipa baicalensis and Filifolium
sibiricum. Typical steppe is located in the center, dominated by Leymus chinensis and Stipa grandis. Desert steppe is distributed in the
west. Because of limited rainfall, most areas are relatively sparsely
vegetated and the ecological environment is fragile.
2.2. Sampling design and remote sensing data
To enable the comparison of different remote sensing data
sources for estimating grassland AGB, a hierarchical design was
used for selecting ﬁeld plots. Each ﬁrst level sample plot was
100 m × 100 m, which is well-suited for the 250 m resolution
MODIS data. Five 10 m × 10 m sample plots, distributed along both
diagonals of the ﬁrst-level sample plots, comprised the second level
for use with the 30 m resolution Landsat 8 data. Similarly, ﬁve
1 m × 1 m quadrats are arrayed within the second level sample plots
to create the third level (Fig. 1).
The ground survey was executed from July 20 to August
10, 2013. Location of the survey plots relative to the different
vegetation types was guided by vegetation maps (at a scale of
1:1 million) compiled by a committee of the Chinese Academy of

Table 1
Thermal zonal landscapes (Ren et al., 2008).
Thermal grades

>0 ◦ C annual
cumulative temp. (◦ C)

Suitable thermal zone

Frigid
Cold temperate
Cool temperate
Warm temperate
Warm
Subtropical
Tropical

<1300
1300–2300
2300–3700
3700–5300
5300–6200
6200–8000
>8000

(Alpine) Frigid zone
Cold temperate zone
Cool temperate zone
Warm temperate zone
Temperate subtropics
Equatorial subtropics
Tropics

Sciences in 2001. The primary content of the survey included aboveground biomass (AGB) and fractional vegetation cover (FVC). AGB
was acquired by weighing fresh grass harvested in the quadrats,
whereas FVC was acquired by classifying ﬁsheye camera photographs. The AGB values for the 10 m × 10 m sample plots were
obtained by averaging the fresh grass measures over the ﬁve
1 m × 1 m quadrats, and then the 10 m × 10 m sample plots were
averaged up to the 100 m × 100 m level. A Trimble Geo XT 6000
GNSS receiver, capable of providing real-time positioning with submeter accuracy, was used to obtain the coordinates for these sample
plots. In total, data for 48 100 m × 100 m sample plots and 240
10 m × 10 m sample plots were obtained.
The remote sensing data were derived from the MODIS 8-Day
product (MOD09Q1), which has two reﬂectance bands, a red band
(620–670 nm) and a near-infrared band (841–875 nm), at a spatial
resolution of 250 m. The Landsat 8 Level 1 Operational Land Imager
(OLI) data products, the second remote sensing data source, have
a resolution of 30 m. For this study, the MOD09Q1 data were collected on the accrued days of 97 (April 7) and 217 (August 5), 2013,
and the OLI data for the period July 20–August 15, 2013 (Li et al.,
2014).
The MOD09Q1 data have undergone atmospheric radiometric
correction. For the OLI data, atmospheric radiometric correction
was conducted using the FLAASH module in the ENVI 5.0 sp3 software package. Then, spectral reﬂectance values were extracted for
the MOD09Q1 and OLI data using, respectively, 72 m and 7.2 m radii
drawn from the coordinates of the center of the sample plots.
2.3. Determination of grassland types
The accuracy of AGB estimates from satellites is limited by
the spatial, spectral, and radiometric resolutions inherent in the
remotely sensed data (Lu, 2006). However, incorporation of grassland type should improve these estimates. This is particularly
valuable at the regional scale, especially in China, which has many
grassland types, including alpine meadow, tundra, steppe and
desert (Ren et al., 2008).
A grassland ecosystem is highly inﬂuenced by climate, land form
and soil type, fauna and ﬂora, and human activities. Ren et al. (2008)
analyzed the relative stability of these parameters in grassland classiﬁcation and suggested that bioclimate has a greater stability than
soil characteristics and vegetation. Consequently, grassland types
in China were classiﬁed using indictors of bioclimate following the
integrated orderly classiﬁcation system of grassland (IOCSG) proposed by Ren et al. This system quantiﬁes bioclimate using >0 ◦ C
annual cumulative temperature and a moisture index (i.e., K-value)
expressed as
K=

r
0.1





(1)



 is the >0 ◦ C annual cumulative
where r is annual rainfall, and
temperature, that is, bio-temperature. Zonal landscapes are then
related via gradations based on >0 ◦ C annual cumulative temperature (Table 1) and the K-value (Table 2). Table 1 mainly reﬂects
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Fig. 1. The design of sample plots and climatic characteristics for Inner Mongolia, China.

Table 2
Humidity zonal landscapes (Ren et al., 2008).
Humidity grades

K-value

Suitable natural landscape

Extrarid
Arid

<0.3
0.3–0.9

Semiarid

0.9–1.2

Subhumid

1.2–1.5

Humid
Perhumid

1.5–2.0
>2.0

Desert
Semidesert (desert steppe,
steppe desert)
Typical steppe, xerophytic
forest, savanna
Forest, forest steppe,
meadow steppe, savanna,
meadow
Forest, tundra, meadow
Forest, tundra, meadow

changes in landscape features by latitude from the polar region to
the equator. Table 2 reﬂects moisture conditions which in China are
mainly affected by longitudinal variation from the ocean moving
inland. Grassland types are determined by integrating the thermal
and humidity zones (Table 3).
2.4. Pure vegetation index model
Using remote sensing to detect vegetation is likely inﬂuenced by
the soil background (Huete, 1988; Huete et al., 1997; Qi et al., 1994).
If the vegetation signal can be enhanced while minimizing the soil
signal, vegetation detection should be improved (Chen and Zhou,

2014). Spectral mixture analysis (SMA) suggests that a remotely
sensed pixel signal can be decomposed to obtain a pure vegetation
signal (Adams et al., 1995; Rashed et al., 2003; Roberts et al., 1998;
Wu and Murray, 2003). The formula is expressed as follows:
VR = MR − (1 − FVC) × SR

(2)

where VR is the pure vegetation reﬂectance, MR is the total
reﬂectance for a pixel which is generally a mix of reﬂectances from
multiple sources including green vegetation and soil, FVC is the
fractional vegetation cover which can be inferred using a pixel
dichotomy model (Li et al., 2014), and SR is the soil reﬂectance.
In the case of grasslands, remotely sensed data acquired before
the growing season commences (here, the data for April 7) provide
an information base for initial grass growth. Eq. (2) can then be
expressed as
VRti = MRti − (1 − FVCti ) × SRt0

(3)

where ti represents the acquisition time of the remotely sensed
data, which is generally indexed to the time of peak live biomass
identiﬁed by changes in VI, and SRt0 represents the reﬂectance of
the land surface at the beginning of the growth season (t0 ). To a certain degree at least, VI decreases the inﬂuences of the atmosphere,
topography and soil background while enhancing vegetation
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Table 3
Grassland types in the IOCSG (Ren et al., 2008).
K-value
0–0.3
>0 ◦ C Annual cumulative temperature .
IA Frigid-extra-arid
0–1300
frigid desert, alpine
desert

0.3–0.9

0.9–1.2

1.2–1.5

1.2–2

>2

IB Frigid-arid frigid
zonal semidesert,
alpine semidesert

IC Frigid-semiarid
dry tundra, alpine
steppe

IE Frigid-humid
tundra, alpine
meadow

I Frigid perhumid
rain tundra, alpine
meadow

IIC Cold temperatesemiarid montane
steppe

ID Frigid-subhumid
moist tundra,
alpine meadow
steppe
IID Cold temperate
subhumid montane
meadow steppe

IIE Cold
temperate-humid
montane meadow

IIF Cold temperate
perhumid taiga
forest

IIIC Cool
temperatesemiarid temperate
typical steppe

IIID Cool
temperatesubhumid meadow
steppe

IIIF Cool temperate
perhumid mixed
coniferous broad
leaved forest

IVC Warm
temperatesemiarid warm
temperate typical
steppe
VC Warm-semiarid
subtropical
grasses-fruticous
steppe

IVD Warm
temperatesubhumid forest
steppe

IIIE Cool
temperate-humid
forest steppe,
deciduous broad
leaved forest
IVE Warm
temperate-humid
deciduous broad
leaved forest

VD
Warm-subhumid
deciduous broad
leaved forest

VE Warm-humid
evergreendeciduous broad
leaved forest

VIC Subtropicalsemiarid
subtropical brush
steppe
VIIC
Tropical-semiarid
savanna

VID Subtropicalsubhumid
sclerophyllous
forest
VIID
Tropical-subhumid
tropical xerophytic
forest

VIE
Subtropical-humid
evergreen broad
leaved forest
VIIE
Tropical-humid
seasonal rain forest

1300–2300

IIA Cold
temperate-extrarid
montane desert

2300–3700

IIIA Cool
temperate-extrarid
temperate zonal
desert

IIB Cold
temperate-arid
montane
semidesert
IIIB Cool
temperate-arid
temperate zonal
semidesert

3700–5300

IVA Warm
temperate-extrarid
warm temperate
zonal desert

IVB Warm
temperate-arid
warm temperate
zonal semidesert

5300–6200

VA Warm-extrarid
subtropical desert

VB Warm-arid
warm subtropical
semidesert

6200–8000

VIA Subtropicalextrarid
subtropical desert

VIB Subtropical
arid subtropical
desert brush

>8000

VIIA
Tropical-extrarid
tropical desert

VIIB Tropical arid
tropical desert
brush

information. To take advantage of this, reﬂectance in Eq. (3) is
replaced with VI, and Eq. (3) becomes
PVIti = VIti − (1 − FVCti ) × VIt0

(5)

A simple functional form for Eq. (5) could be the commonly used
linear relationship:
AGB = a × PVI + b

(6)

where a and b are the coefﬁcients of a straight line relating PVI
to AGB. However, since PVI is the result of ﬁltering-out soil background, an even simpler functional form may be appropriate,
namely a proportional relationship, expressed as
AGB = M · PVI

EVI = 2.5 ×

r=

NDVI =

RNIR − Rred
RNIR + Rred



n

x2 −
i=1 i

n
i=1

n
RE =

RNIR
Rred

n

n

2.5. Model evaluation

RVI =

RNIR − Rred
RNIR + 6Rred − 7.5Rblue + 1

 n

RMSE =

To extract PVI, several different indices were explored for VIti
and VIt0 in Eq. (4). These included VIs developed in early research,
such as the RVI (Pearson and Miller, 1972) and the NDVI (Rouse
et al., 1974), as well as VIs suggested later for improving sensitivity
to vegetation, such as the EVI (Huete et al., 1997) and the MSAVI (Qi
et al., 1994). They were calculated using the following formulas:

(2RNIR + 1)2 − 8(RNIR − Rred )

(10)


(11)

where RNIR is the reﬂectance at the near-infrared wavelength, Rred
is the reﬂectance at the red wavelength, and Rblue is the reﬂectance
at the blue wavelength.
Standard criterion, namely the correlation coefﬁcient (r), root
mean square error (RMSE) and relative error (RE), were used to
evaluate how well the various pure VI models predicted AGB. They
were calculated as

(7)

where M is a single conversion factor measured in g/m2 .







MSAVI = 0.5 × 2RNIR + 1 −

(4)

where PVI represents a pure vegetation index. The pure VI model
of grassland AGB is thus abstracted as
AGB = f (PVI)



IVF Warm
temperate
perhumid
deciduous broad
leaved forest
VF
Warm-perhumid
deciduousevergreen broad
leaved forest
VIF Sub-tropical
perhumid
evergreen broad
leaved forest
VIIF
Tropical-perhumid
rain forest

i=1

xy
i=1 i i

n

x
i=1 i

x
i=1 i

2


·

·

n

n

n

y
i=1 i

y2 −
i=1 i

n

y
i=1 i

(12)
2

(pi − yi )2
n

(|pi − yi |/yi )
n

n

−

· 100%

(13)

(14)

where xi represents PVI, yi is the measured value of AGB for the
sample plots, n is the number of sample plots, and pi is the value
for yi predicted by the model.
3. Results

(8)

3.1. The spatial variation of grassland AGB in Inner Mongolia

(9)

Raster maps of >0 ◦ C annual cumulative temperature and the
K-values were used to categorize grassland types based on the
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Fig. 2. Spatial distribution of grassland types and frequency histograms of grassland AGB for each grassland type in Inner Mongolia.

IOCSG system. Three primary grassland types in the IOCSG system are distributed from west to east across Inner Mongolia:
cool temperate-arid temperate zonal semi-desert, cool temperatesemiarid temperate typical steppe and cool temperate-subhumid
meadow steppe (Fig. 2). These three grassland types are located
at the same annual cumulative temperature level, with a thermal
grade of 2300–3700 ◦ C deﬁned as a cool temperate zone. However,
the K-values cover three humidity grades encompassing arid, semiarid and humid zones (Table 3). Due to the moisture differences,
the natural landscape varies from semi-desert, to typical steppe to
meadow steppe from west to east.
Fig. 2 presents frequency histograms of the in situ measurements of grassland AGB for each grassland type, along with the
spatial distribution of each type as determined by the ICOSG system. For the cool temperate-arid temperate zonal semidesert (IIIB
in Fig. 2), the mean grassland AGB is approximately 106.5 g/m2 ,
but the great majority of areas are less than 70 g/m2 . For the
cool temperate-semiarid temperate typical steppe (IIIC in Fig. 2),
the mean grassland AGB is approximately 132.7 g/m2 , with most
areas ranging from 22 to 152.8 g/m2 . For cool temperate-subhumid
meadow steppe (IIID in Fig. 2), the mean grassland AGB is
303.65 g/m2 , and most areas are above 82 g/m2 . These values suggest that moisture availability is a key determinant of the spatial
pattern of AGB. Indeed, numerous studies use rainfall to index the
spatial variation of biomass (Burke et al., 1997; Fang et al., 2005;
Jobbágy et al., 2002; Lauenroth, 1979; Ni, 2004; Sala et al., 1988).
3.2. PVI model performance
Following Eq. (4), “pure” versions of the standard VIs were
created, namely pure RVI (PRVI), pure NDVI (PNDVI), pure EVI
(PEVI) and pure MSAVI (PMSAVI). Both the proportional relationship (Eq. (7)) and the linear relationship (Eq. (6)) were then used to

externalize the models for the estimation of grassland AGB, and r,
RMSE and RE were calculated to evaluate the performances of these
PVI models. For the MOD09Q1 data, only RVI and NDVI could be calculated since only two reﬂectance bands (red and the near-infrared)
are available.
Table 4 presents the results for the MOD09Q1data. All relationships were statistically signiﬁcant at the 99% conﬁdence level.
Grassland AGB has a high positive correlation with both PRVI and
PNDVI, with PRVI performing slightly better. Over the entire study
area, r for the linear PRVI model is 0.94, compared with 0.92 for
PNDVI, and the RMSE is correspondingly lower (44.7 for the PRVI
model versus 49.6 for the PNDVI model). Evaluating each grassland type separately, for the cool temperate-arid temperate zonal
semidesert and cool temperate-semiarid temperate typical steppe,
the linear PRVI and PNDVI models differ little. But for the cool
temperate-subhumid meadow steppe, the linear PRVI model outperforms its PNDVI equivalent (0.92 vs. 0.89 for r, and 56.61 vs.
67.49 for RMSE). The same relationships hold when RE is used to
assess model performance. Furthermore, the ability of the proportional PVI models to estimate grassland AGB is very close to that of
the linear PVI models. This suggests that the simpler Eq. (7), with
its single parameter conversion factor, M, can substitute for Eq. (6)
to model grassland AGB.
For the Landsat 8 OLI data results shown in Table 5 additional
two, widely used, VIs (EVI and MSAVI) were calculated to build the
PVI models. All four PVIs have a high ability to model grassland AGB,
with no r below 0.75. In general, PRVI, PNDVI and PEVI performed a
little better than PMSAVI, but all relationships were statistically signiﬁcant at the 99% conﬁdence level and differences among the four
PVIs are not large. Again, as with PVIs calculated from the MOD09Q1
data, the more straightforward proportional relationship between
the PVIs and grassland AGB performed at least as well as a linear
relationship.
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Table 4
The performance of PVI models for estimating grassland AGB: PVIs calculated from MODIS data.
Grassland type

PVI

PVI model

r

RMSE (g/m2 )

RE (%)

IIIB Cool
temperate-arid
temperate zonal
semidesert

PRVI

y = 124.86x + 19.48
y = 138.14x
y = 633.53x + 8.68
y = 663.87x

0.94
0.93
0.93
0.93

33.14
36.02
36.24
36.71

33.14
37.19
41.74
39.70

y = 137.71x + 26.78
y = 159.27x
y = 808.48x − 8.32
y = 773.08x

0.90
0.88
0.90
0.90

40.51
43.75
40.45
40.67

36.23
34.30
35.60
34.25

y = 135.01x − 20.94
y = 127.63x
y = 1041.38x − 114.12
y = 782.85x

0.92
0.92
0.89
0.86

56.61
57.20
67.49
75.78

14.66
12.67
19.75
18.24

y = 122.52x + 27.91
y = 136.67x
y = 783.13x − 8.16
y = 757.62x

0.94
0.93
0.92
0.92

44.70
48.57
49.60
49.83

33.18
32.24
34.73
33.92

IIIC Cool
temperate-semiarid
temperate typical
steppe

PNDVI
PRVI
PNDVI
PRVI

IIID Cool
temperate-subhumid
meadow steppe

PNDVI

Entire study area

PRVI
PNDVI

4. Discussion
Over the past decades NDVI and RVI have been widely used
to estimate biomass at a regional scale (Gao et al., 2013; Jiang
et al., 2015; Todd et al., 1998a). However, they have been criticized,
particularly for saturation problems at high-density vegetation levels (Li et al., 2014; Wang et al., 2005). Later, a number of studies
focused on improving these VIs by minimizing the inﬂuence of the
soil background (Huete et al., 1997; Qi et al., 1994). Also, EVI and
the MSAVI were successively proposed to enhance sensitivity to
high-density vegetation (Huete et al., 1999, 2002). However, for
modeling grassland AGB in Inner Mongolia, these four VIs themselves differ relatively little in their effectiveness for PVI modeling,

as discussed in the previous section. However, as Fig. 2 clearly
demonstrates, the density of grassland AGB is related to grassland
type. After the stratiﬁcation of the study area by grassland types,
the performance of the PVI models in estimating grassland AGB
for areas with low-density vegetation (such as the cool temperatearid temperate zonal semidesert and the cool temperate-semiarid
temperate typical steppe) was not improved. But for the relatively high density vegetation area (the cool temperate-subhumid
meadow steppe) the RE values are noticeably lower indicating that
the PVI models provide superior performance for higher density
vegetation. This suggests that an effective method to resolve the
saturation of VIs is to differentiate grassland types. This will be particularly important at the national scale for countries such as China,

Table 5
The performance of PVI models for estimating grassland AGB: PVIs calculated from Landsat 8 OLI data.
Grassland type

PVI

PVI model

r

RMSE (g/m2 )

RE (%)

IIIB Cool
temperate-arid
temperate zonal
semidesert

PRVI

y = 139.18x + 37.91
y = 163.95x
y = 780.72x + 2.24
y = 788.65x
y = 1434.43x + 4.63
y = 1465.24x
y = 617.25x + 17.91
y = 670.32x

0.91
0.88
0.92
0.92
0.89
0.89
0.88
0.87

47.59
54.84
46.81
46.83
52.80
52.87
55.61
56.78

43.46
38.07
35.16
34.40
54.15
51.83
54.67
49.70

y = 99.23x + 44.84
y = 126.79x
y = 554.57x + 17.22
y = 611.53x
y = 1180.84x + 12.17
y = 1263.19x
y = 545.15x + 8.48
y = 572.14x

0.81
0.76
0.77
0.76
0.80
0.80
0.75
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Fig. 3. Relationship of normal and pure VIs to grassland AGB.

which has a large area of grassland and an abundance of grassland types. The IOCSG system (Ren et al., 2008) can be effective
for categorizing grasslands since it speciﬁcally targets grassland
ecosystems. It relies on two bioclimatic conditions, annual cumulative temperature and a moisture index, which highly inﬂuence
the distribution of grassland types as well as the spatial variation

of grassland AGB (Lin et al., 2012). And data for their calculation are
readily available.
Eqs. (4)–(7) show that the PVI models used here derive from
normal VI models. Since PVI excludes the soil signal from VI, PVI
has a more straightforward relationship with grassland AGB than
VI and in theory should produce superior modeling results. Fig. 3
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Fig. 4. Frequency histogram of AGB/Landsat-PRVI: (a) entire study area; (b) type IIIB grassland ecosystem; (c) type IIIC; and (d) type IIID (see Table 3). The green dotted line
represents the calibrated conversion factor, M, in Eq. (7). (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of the
article.)

is a comparison of normal VI and PVI over the entire study area for
the two remote sensing data sources. For the MODIS data, the r and
RMSE values show that normal and pure RVI and NDVI generally
have equivalent abilities to model grassland AGB, and RVI even performs slightly better than PRVI for the high-density vegetation zone
of cool temperate-subhumid meadow steppe (IIID). These results
do not support the expectation of higher performance from the
pure VI models. For the Landsat 8 OLI data, which also includes
EVI and the MSAVI indices, again there is no compelling evidence
to support the superiority of the PVI models. However, the simpler functional form of the PVI models, with a single conversion
factor, M, can at least match the ability of the normal VI models
with two parameters. With respect to differences between the VIs
themselves, RVI, NDVI, and EVI are equally effective but MSAVI is
slightly less capable (Table 5 and Fig. 3c–f). Finally, comparing the
two remote sensing data sources, the r and RSME values for Landsat are lower than for MODIS on each of the two indices (PRVI and
PNDVI) that they have in common. The likely reason is that the
Landsat images are composed of 13 scenes acquired from multiple orbits; thus data acquisition times differ and do not correspond
exactly with the timing of in situ measurements, and thus degrade

the models performance. In contrast, the single MODIS image has
a larger wide swath which covers the whole study area.
For the entire study area, Tables 4 and 5 show that the PRVI
model performed slightly better for modeling grassland AGB, with
a higher r and lower RMSE and RE values for both the MODIS and
Landsat data compared with the other PVI models. Fig. 4 uses the
Landsat-PRVI data as an example to interpret the meaning of the M
parameter in Eq. (7). It shows the frequency histograms for the ratio
of AGB to Landsat-PRVI (AGB/Landsat-PRVI) for the entire study
area as well as for each of the three vegetation zones (IIIB, IIIC and
IIID) separately. It suggests that M is just the center of a gamma
distribution (the green dotted line in Fig. 4) ﬁtting these frequency
histograms. Ideally, AGB/Landsat-PRVI should be a constant when
the study area is well stratiﬁed by grassland type. However, since
grassland characteristics are likely related, not only to general bioclimatic conditions, but also to local terrain, soil type and water
conditions, the AGB/PRVI ratio will vary spatially within a zone even
after the grassland types are partitioned using IOCSG. This implies
that differentiating grassland types using IOCSG will mostly beneﬁt AGB estimates at the national scale (that is, over all of China)
where signiﬁcant differences in grassland types are present. At
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the regional scale (such as Inner Mongolia), further improvements
to PVI models will likely require a more precise differentiation of
grassland types which takes local conditions into account.
5. Conclusion
The spatial variation of above ground biomass (AGB) for grassland is directly related to grassland type. This statement is
particularly true of Inner Mongolia, where desert steppe, typical
steppe, and meadow steppe grassland are present and differ signiﬁcantly from each other in species type, fractional vegetation
cover (FVC) and other important characteristics. To improve our
ability to model grassland AGB with standard vegetation indices
(VIs) such as RVI, NDVI, EVI and MSAVI, the integrated orderly classiﬁcation system for grassland (IOCSG) was used to determine the
distribution of grassland types in Inner Mongolia. Pure VIs (PRVI,
PNDVI, PEVI and PMSAVI) were extracted from the normal VIs using
FVC in conjunction with spectral mixture analysis (SMA), and linear
and proportional functions were used to establish the relationship
between PVI and grassland AGB based on grassland type. The results
indicated that the PVI-based proportional relationship, with only
one conversion factor, simpliﬁed the model for estimation of grassland AGB while maintaining the estimate accuracy of the model
compared with normal VIs. When the study area was stratiﬁed by
grassland types, the PVI models performed better. The results also
suggested that a more detailed categorization of grassland types
should further improve the accuracy of grassland AGB estimates
from remote sensing data.
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