
  

 

Abstract—Grassland vegetation is an important factor 

relating to the improvement of environment as well as a critical 

source of food for grassland livestock. The long-term Global 

Vegetation Indices (GVIs) derived from earth observation 

projects such as AVHRR, SPOT, and MODIS, along with other 

satellite data, have accumulated huge volume of dataset which 

could be used in applications from terrestrial vegetation 

monitoring to climate changes. In this paper, four GVIs, 

including MODIS EVI, MODIS NDVI, SPOT-VGT NDVI and 

AVHRR NDVI, were explored to map above-ground vegetation 

biomass (AG-Biomass) in the typical grassland located in the 

Xilingol grassland, Inner Mongolia, China. The objective was to 

compare the performance of inversion models (based on linear, 

quadratic, power and exponential functions), mapping scales 

(including 1 km × 1 km, 4.5 km × 4.5 km, and 8 km × 8 km), and 

GVIs in grassland AG-Biomass inversion, and to quantify 

AG-biomass distribution. On-site samples integrated with 

Landsat TM/ETM+ images provided satisfactory dataset for 

inversion evaluation. Results indicated that MODIS NDVI 

outperformed MODIS EVI, SPOT-VGT NDVI and AVHRR 

NDVI to estimate AG-Biomass. Overall, the model through a 

power function and the scale at 4.5 km × 4.5 km achieved the 

highest agreement between the on-site data and the modeled 

output. Considering the temporal features of the AVHRR NDVI 

and MODIS-NDVI, the two products were lastly adopted to 

map AG-Biomass at scale 8 km × 8 km over 20 years 

(1994-2013). This work confirmed that the freely available GVIs 

could be adopted to map the grassland vegetation productivity, 

and the spatio-temporal biomass distribution from the result 

showed great spatial variations. 

 
Index Terms—Biomass,  Grassland,  Inversion, Vegetation 

index,  

 

I. INTRODUCTION 

Grasslands are important resources from both agronomic 

and ecological perspectives, as more than 40% of the global 

terrestrial landscape consists of grasslands and savannas 

[1,2,3]. Above-ground vegetation biomass (AG-Biomass) is 

one of the most important indicators that can show the health 

of the environment [4]. In addition, as AG-Biomass provides 

food for pasture animals on grassland, understanding the 

spatiotemporal dynamics of AG-Biomass is critical 

agriculture development [5]. Direct method to obtain 

AG-Biomass is through field surveys, which is 

time-consuming and expensive; therefore, AG-Biomass data 

acquired through field surveys are often restricted to a very 

narrow scope. Development of advanced geo-spatial 
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techniques raises the possibility for acquiring vegetation 

biomass data in a fast and consistent way [6]. A good case is 

remote sensing which offers an effective means to observe 

the earth surface over large areas in a systematic way [7]. 

When coupled with field surveys, remotely sensed imagery 

can provide affordable and efficient way to map AG-Biomass 

[8]. 

Remotely sensed imagery that collects spectral reflectance 

for vegetation cover varies from spatial and temporal 

resolutions [9]. Various remotely sensed data has been used 

to map vegetation productivity at different spatial 

resolutions. Landsat imagery, for example, provides 

reflectance data at spatial scale of 30 m × 30 m and is widely 

applied for small scale (local or regional) land mapping [10]. 

On the contrary, coarse spatial resolution satellite images 

from AVHRR, SPOT-VGT or MODIS programs are mainly 

used for large scale (regional and global) mapping 

[11,12,13]. One commonly way to quantify AG-Biomass is 

through vegetation index (VI), an index computed from the 

combination of the reflectance bands from the imagery, and 

AG-Biomass can then be estimated through a technique 

called inversion approach [14,15]. Various VIs have been 

proposed to inverse AG-Biomass by series of inversion 

models [16]. A few concerns have been raised regarding to 

AG-Biomass inversion by VIs [17]. For example, due to the 

limited VI availability from any remote sensing imagery, 

identical VI value from different GVIs does not mean 

comparable AG-Biomass on the ground [18]. Further, due to 

the complicated, often nonlinear relationship between VIs 

and AG-Biomass, accurately inversing the latter through VIs 

is difficult, especially in too sparse or over dense vegetated 

areas.  

The objective of this study was to compare the 

performance of different models (linear, quadratic, power 

and exponential functions), scales (1 km × 1 km, 4.5 km × 4.5 

km, and 8 km × 8 km), and GVIs (AVHRR NDVI, 

SPOT-VGT NDVI, MODIS EVI and MODIS NDVI) for 

AG-Biomass inversion and evaluate AG-Biomass dynamics 

through GVIs, which can offer rapid and cost-effective ways 

for producing AG-Biomass series and thus provides key 

dataset for evaluating the environment as well as making 

decisions on agriculture production. 

II. METHODOLOGY 

A. Study Area 

This work was done in the typical grassland in Xilingol, 

Inner Mongolia, China (Figure 1). Xilingol River Basin, 

situated 43°26′-44°29′N and 115°32′-117°12′E, is one of the 

most representative steppe zones in northern China and even 

in the vast semi-arid region of Eurasian continent [19,20], 
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with the latter serving as one of the most important areas for 

food production and environmental security in the world 

[20,21,22]. Systematic collections of climate, soil, 

vegetation, and ecosystem data have been conducted since a 

permanent ecosystem observation station (EOB) was 

established in Xilingol in 1979 by the Chinese Academy of 

Sciences, and this has provided comprehensive support for 

grassland and related research activities. 

 

Fig. 1. Study area. 

B. Data collection and analysis 

Field trip conducted in August, 2004 collected 461 

AG-Biomass ground samples. Artificial Neutral Network 

(ANN) was employed to map AG-Biomass distribution using 

the spectral reflectance bands from two concurrent Landsat 

ETM+/TM scenes (at scale 30 m × 30 m). Readers interested 

in detail information about the data collection and 

AG-Biomass mapping using ANN through Landsat 

ETM+/TM imagery can refer to our previous work [23]. Four 

freely available GVIs, namely, AVHRR NDVI, SPOT-VGT 

NDVI, MODIS EVI and MODIS NDVI, were acquired and 

used to evaluate their performance in inversing AG-Biomass. 

The availability of AVHRR NDVI from Global Inventory 

Modeling and Mapping Studies (GIMMS) strides from 1981 

to 2006; SPOT-VGT NDVI is available from 1998 to the 

present; MODIS NDVI/EVI data is available from 2000 to 

the present. Since MODIS EVI/NDVI (MOD13A2, 16-day 

synthesis based on maximum value composite) and 

SOPT-VGT NDVI (10-day synthesis, S10) are both at scale 1 

km × 1 km whereas GIMMS AVHRR NDVI is provided at 

scale 8 km × 8 km, three mapping scales, i.e., 1 km × 1 km, 

4.5 km × 4.5 km, and 8 km × 8 km, were designed to examine 

the scale effect on AG-Biomass inversion. Specifically, in 

addition to the scale at 1 km × 1 km, both MODIS EVI/NDVI 

and SOPT-VGT NDVI were resampled to 8 km × 8 km and 

4.5 km × 4.5 km (the medium level of 1 km × 1 km and 8 km 

× 8 km) by method of the nearest neighbor, making them 

comparable to AVHRR NDVI and enabled us to examine the 

scale effect in the AG-Biomass inversion. The field sampling 

plots and those coarse GVIs are not scale-compatible; 

directly using field collected data to validate the modeling 

results was void. Therefore, the AG-Biomass map (30 m × 30 

m) from the Landsat ETM+/TM was resampled to the same 

scales (1 km × 1 km, 4.5 km × 4.5 km, and 8 km × 8 km), 

offering ―real‖ AG-Biomass data or ground truth samples to 

evaluate GVIs in the AG-Biomass inversion. A simple 

pixel-averaging strategy was employed to downscale 

products (GVI and AG-Biomass map) from the finer 

resolution data [13]. The models of inversing AG-Biomass 

by remote sensing technique vary from simple linear 

regressions to more advanced machine learning algorithms 

(e.g., artificial neutral network or support vector machine); 

some of the models require additional input variables rather 

than VI alone [23,24,25]. Here easy-to-apply ones simply 

using VI as input were tested, considering that it might be 

difficult to obtain additional variables especially when 

historical AG-Biomass mapping is desired [26]. Based on an 

exploratory analysis of bivariate scatter plots (AG-Biomass 

vs. GVIs), four models, i.e., linear, quadratic, power, and 

exponential functions (VI as independent variable and 

AG-Biomass as dependent) were selected with formula 

expressed as Eq. (1) ~ (4), respectively, 

AG-Biomassi=a +b*VIi (1) 

AG-Biomassi=a+b* VIi +c*VIi2 (2) 

AG-Biomassi=a *VIib (3) 

AG-Biomassi=a *eb*VI i (4) 
where i represents the year examined, AG-Biomass is the 

aboveground biomass in the peak growing season of year i, 

VIi is the value of vegetation index from each GVIs for the 

corresponding AG-Biomassi, and a, b, and c are the 

coefficients to be fit. Those functions have been applied 

extensively in similar work and proved to be simple and easy 

to use [27,28]. In the current study, two thirds of the 461 

ground samples (n=310) were used to fit the models while the 

rest (n=151) were used for evaluation purpose. 

C. Result evaluation 

The performance of the GVIs at the three mapping scales 

by each of the models was compared based on two criteria: 1) 

coefficient of determination (R
2
) of each model, and 2) the 

generality agreement between modeled values vs. ground 

samples. The use of R
2
 is to test the goodness of fit for a 

model by the following equation, 

 

(5) 

where ŷi is the modeled value, yi is the ―real‖ value,

_

y is the 

mean value of yi (i=1, 2, …, 310). R
2
 provides a measure of 

how well observed outcomes are replicated by each model. 

The generality agreement was based on the modeled values 

and the ground truth data from the testing samples. This 

agreements were evaluated by RMSE (total 

root–mean–square errors) and RMSEr (relative RMSE), 

which were defined as follows [29]. 

 

(6) 

 
(7) 
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where ŷi is the modeled value, yi is the ―real‖ value,
_

y is the 

mean of yi (i=1, 2, …, 151). 

 

III. RESULTS 

A. Comparison of  AG-Biomass Inversion 

A AG-Biomass map was built on the field samples and the 

concurrent Landsat images using ANN models. Reasonable 

accuracy (RMSEr from 39.88% to 53.20%) was achieved and 

the map was used to extract ―real data‖ to fit each model and 

to test the performance of AG-Biomass inversion from the 

GVIs. The resampled AG-Biomass maps at the three scales 

are shown in Figure 2. Those maps expressed an identical 

distribution trend of AG-Biomass which decreased from the 

south-east to the north-west. When the AG-Biomass maps at 

each scale are compared to the GVIs (e.g., GVI maps at 1 km 

× 1 km in Figure 3 and at 8 km × 8 km in Figure 4), they seem 

to present similar changing mode. 

 
Fig. 2. AG-Biomass resampled to resolutions at (a)1 km × 1 km, (b)4.5 km × 

4.5 and (c) 8 km × 8 km 

 

 
Fig. 3. VI distributions and their histograms at scale 1 km ×1 km 

 

 
Fig. 4. VI distributions at scale 8 km ×8 km 

Table 1 compares the fitting result (functions and their R
2
) 

between the AG-Biomass and the GVIs by different 

inversion models. All the GVIs could be used to map 

AG-Biomass distribution through the models (all were 

significant at p<0.01). The coefficient of determination (R
2
) 

was evaluated from three aspects: mapping scale, inversion 

function, and GVIs. From the perspective of mapping scale, 

the resolution at 4.5 km × 4.5 km showed the best fit, as 

indicated by the highest R
2
. The resolution at 8 km × 8 km 

showed the lowest agreement while the performance at 1 km 

× 1 km was at medium level. Furthermore, the performance 

varied among GVIs and spatial resolutions from the aspect of 

model functions. The best inversion one for MODIS VIs 

(both EVI and NDVI) were the power function at all the 

scales. However, the performance from SPOT-VGT NDVI 

was closely related to the scales: exponential function 

showed consistently better fit at scales of both 1 km × 1 km 

and 4.5 km × 4.5 km (R
2
=0.657) while the power function 

presented best performance at the scale 8 km × 8 km 

(R
2
=0.544). AVHRR NDVI presented similar result to 

MODIS VIs, i.e., power function demonstrated the highest 

consistency at scale 8 km × 8 km (R
2
=0.515). In summary, 

the power function achieved consistently better performance 

at scale 8 km × 8 km for all the GVIs. Among GVIs, the best 

was MODIS NDVI which had consistently highest R
2
 by all 

the models at all scales, followed by MODIS EVI, 

SPOT-VGT-NDVI and AVHRR NDVI, though the latter 

only included a single scale (8 km × 8 km). 

The total root-mean-square errors (RMSE) and the relative 

RMSE (RMSEr) were further compared after the fit models 

were applied on the testing samples (Table 2). RMSE was 

valued within 20~40 g/m
2
 while all the RMSEr were under 

20%, proving that all the models resulted in only a limited 

error. The performance of the models from the RMSE and 

RMSEr were generally consistent with that evaluated from 

the R
2
 values in the model fitting. 

B. AG-Biomass Dynamics from GVIs 

Significant temporal differences indicated by the standard 

deviation (std) of AG-Biomass over the 20 years were 

observed. There are 5 categories in terms of the temporal 

AG-Biomass trajectory pattern, including extremely 

substantial reduction (ESR), substantial reduction (SR), 

non-substantial (NS), substantial increase (SI) and extremely 

substantial increase (ESI). The significance analysis revealed 

spatial distribution of those changing patterns. Areas with 

substantially increased vegetation NPP trend (including SI 

and ESI, totaled about 18% of the area) were found to be 

mainly distributed in the central part. Nearly one third of the 

study area (34%) which were located primarily in the western 

and southern part showed non-substantial changing pattern in 

NPP. About half of the study area, including most part of the 

north-eastern area as well as part of the southern area in the 

central part, showed substantial decreased NPP trend 

indicating severe grassland ecosystem deterioration.  

IV. DISCUSSION AND CONCLUSION 

The GVIs have been applied to investigate long-term 

vegetation productivity (AG-Biomass). Though there are 

some advanced approaches to derive other forms of 

vegetation index from remotely sensed imagery, publicly 

available VI time series (e.g., MODIS EVI, MODIS NDVI, 

SPOT-VGT NDVI and AVNHRR NDVI) have provided 

convenient proxy for cost-effective AG-Biomass mapping at 

regional or global scale [26]. To make informed decision on 

the selection of GVIs, one needs to understand the pros and 

cons of each product since the VIs may demonstrate different 

characteristics under different contexts of mapping purposes 
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[18]. The study revealed that the most suitable VIs for 

mapping AG-Biomass in the grassland was MODIS NDVI. It 

is known that the remotely sensed imagery from MODIS 

contains more spectral information and MODIS EVI/NDVI 

are produced through more advanced data preprocessing 

techniques as compared to the counterparts like SPOT-VGT 

NDVI and AVHRR NDVI [28,30]. The advantage of 

MODIS VIs was confirmed in this study, as they (both 

MODIS NDVI and EVI) showed more promising result 

compared to SPOT-VGT NDVI and AVHRR NDVI. 

MODIS EVI is usually believed to be an improved version of 

NDVI and has been used for estimating AG-Biomass such as 

forestry [31]. Interestingly, the study showed that MODIS 

NDVI had better performance than MODIS EVI. This 

finding seems to be consistent with the previous study, which 

showed that AG-Biomass had better correlation to vegetation 

index NDVI than EVI in grassland area [32]. Nevertheless, 

MODIS EVI was designed to overcome the background 

effect and greenness saturation of vegetation, it showed a 

more compressed and narrower histogram (from 0.08 to 0.59) 

than that of MODIS NDVI (from 0.11 to 0.87) (Figure 3). 

This narrower distribution might make MODIS EVI less 

sensitive in response to the AG-Biomass changes than 

MODIS NDVI. This assumption might be reasonable 

considering that the mapped AG-Biomass was concurrent to 

the growing peak of the grassland vegetation which exhibited 

moderate cover density (neither too sparse to avoid 

background effect, nor too dense to be affected by greenness 

saturation).  

The mapping scale is another consideration in 

AG-Biomass inversion through remote sensing datasets [33]. 

Different performances were observed at the three scales 

(i.e., 1 km × 1 km, 4.5 km × 4.5 km and 8 km × 8 km). Neither 

scale at 1 km × 1 km nor scale at 8 km × 8 km achieved the 

highest mapping consistency; instead, the intermediate level 

(4.5 km × 4.5 km) demonstrated best agreement between the 

inversed AG-Biomass and ―real data‖. Scale effect on 

AG-Biomass inversion is complicated. Small scale VIs from 

remotely sensed imagery could bring detail information 

about grassland ecosystem but they might be too sensitive to 

noisy data; conversely, large scale mapping through spatial 

averaging has the advantage of minimizing local anomalies 

but may smooth out important spatial heterogeneity of 

mapping features[13,34]. This study found that mapping 

scale at 4.5 km × 4.5 km could bring the best result. Thought 

only limited scale levels were tested, it does suggest that an 

appropriate intermediate mapping scale located within the 

range of 1 km × 1 km and 8 km × 8 km might be used for 

better AG-Biomass inversion from GVIs for the grassland.  

In summary, AG-Biomass, as an indicator for vegetation 

productivity, provides key insight for understanding the 

impact on the environment from grassland. However, to 

obtain reliable AG-Biomass data from remotely sensing 

imagery through inversion approach, a few considerations 

should be made. This work showed that all the publically 

available GVIs could be used to inverse AG-Biomass. In 

terms of the selection of the VI datasets, MODIS NDVI 

proves to be the superiority followed by MODIS EVI. The 

scales at 1 km × 1 km, 4.5 km × 4.5 km and 8 km × 8 km can 

all be used to inverse the AG-Biomass distribution in the 

study region. The smallest scale, namely 1 km × 1 km did not 

produce the best result and the most suitable mapping scale 

was located between 1 km × 1 km and 8 km × 8 km. The 

inversion model with a power function showed the best 

result. We used AVHRR NDVI and MODIS-NDVI to make 

long-term AG-Biomass which showed great spatio-temporal 

variations. Overall, the work demonstrates that a promising 

outcome to map the long-term AG-Biomass in the grassland 

could be achieved by applying the optimal inversion model at 

the suitable mapping scale simply with data input from the 

GVIs and the combination of GVIs could provide acceptable 

data sources for estimating vegetation biomass which is the 

main food for the grassland livestock. 
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TABLE 1. AG-BIOMASS INVERSION FROM GVIS BY DIFFERENT FUNCTIONS (N=310)

All inversion models are significant at p<0.0 

 

TABLE 2. MODEL VALIDATING USING SAMPLED DATA (N=151) 

Scale Model type 
MODIS EVI MODIS NDVI SPOT-VGT NDVI AVHRR NDVI 

RMSE RE (%) RMSE RE (%) RMSE RE (%) RMSE RE (%) 

8km 

× 
8km 

Linear 33.16 17.70 31.92 16.46 34.65 18.34 34.66 18.02 

Quadratic 32.48 17.30 31.68 16.35 34.44 18.91 34.51 18.24 

Power 33.16 16.61 31.94 15.78 34.83 17.95 34.81 17.69 

Exponential 35.04 17.72 33.13 16.34 35.79 17.60 35.64 17.85 

4.5km 

× 
4.5km 

Linear 25.02 13.83 22.95 12.17 27.97 16.16  

Quadratic 24.78 13.86 22.94 12.12 27.62 15.31  

Power 25.01 13.61 23.13 12.19 28.26 15.88  

Exponential 27.50 14.34 23.74 12.26 27.86 14.98  

1km 

× 
1km 

Linear 25.71 14.66 23.60 12.70 28.14 16.12  

Quadratic 25.44 14.67 23.59 12.66 27.77 15.34  

Power 25.79 14.34 23.86 12.72 28.44 15.82  

Exponential 28.39 15.24 24.34 12.79 27.94 15.00  

Scale Model type 
MODIS EVI MODIS NDVI SPOT-VGT NDVI AVHRR NDVI 

Function R2 Function R2 Function R2 Function R2 

8km 

× 
8km 

Linear 28.83+411.03x 0.502 31.89+243.11x 0.539 4.15+250.75x 0.458 33.03+208.47x 0.456 

Quadratic -34.55+888.75x-828.66x2 0.523 -2.94+412.08x-184.99x2 0.547 -48.93+467.36x-206.77x2 0.464 2.14+336.72x-121.84x2 0.461 

Power 412.52x0.84 0.588 258.34x0.77 0.616 246.42x0.96 0.544 228.29x0.76 0.515 

Exponential 57.66e3.07x 0.542 58.68e1.83x 0.590 46.03e1.94x 0.534 59.14e1.57x 0.500 

4.5km 
× 

4.5km 

Linear 18.67+444.26x 0.696 19.47+267.96x 0.743 -9.23+275.70x 0.617   

Quadratic -8.90+654.83x-366.58x2 0.701 24.23+243.89x+26.77x2 0.743 47.47+36.91x+233.36x2 0.626   

Power 434.08x0.88 0.725 269.26x0.82 0.763 253.99x1.00 0.633   

Exponential 53.41e3.32x 0.691 53.18e2.03x 0.754 41.66e2.13x 0.657   

1km 

× 
1km 

Linear 20.27+437.71x 0.673 20.08+266.79x 0.725 -7.21+272.63x 0.609   

Quadratic -9.54+661.41x-384.19x2 0.680 26.14+237.03x+32.84x2 0.725 53.01+18.83x+248.38x2 0.618   

Power 425.20x0.87 0.695 267.58x0.82 0.737 252.62x0.99 0.637   

Exponential 54.79e3.23x 0.666 54.15e1.99x 0.733 42.56e2.10x 0.657   
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