
Geoinformatics 2004
Proc. 12th Int. Conf. on Geoinformatics − Geospatial Information Research: Bridging the Pacific and Atlantic

University of Gävle, Sweden, 7-9 June 2004

715

INTEGRATION OF GROUND SAMPLING WITH SATELLITE
IMAGING THROUGH GIS DATABASE TO MONITOR

RANGELAND PRODUCTIVITY FOR GRAZING IN NORTH CHINA

Zhihao Qin1,2, Bin Xu1, Wenjuan Li1, Wanchang Zhang2 and Jia Liu1
1MOA key Laboratory of Resource Remote Sensing and Digital Agriculture, Institute of Natural Resources and

Regional Planning, Chinese Academy of Agricultural Sciences, Beijing 100081, China, qinzh@caas.net.cn
2International Institute for Earth System Sciences, Nanjing University, Nanjing 230093, China, qinzh@nju.edu.cn

Abstract
Due to population pressure and over-grazing, ecological degradation of the rangeland in
north China becomes more and more serious in past decades. The degradation has caused
many concerns from both domestic China and nearby countries such as Japan and Korea.
Several big sandstorms invading north China in recent years have been commonly viewed
as the direct results of rangeland desertification and environmental deterioration in the
region. To balance pasture grazing activities and ecosystem sustainability, monitoring
grass productivity of the rangelands is very necessary. In the study, we use gross primary
production (GPP) images generated from MODIS data to integrate with ground truth
measurements for rangeland productivity monitoring in north China. Totally we obtain 991
ground samples taken in different periods in recent years. The samples are divided into two
datasets: 528 for model development and 433 for model validation. The GPP images
obtained from NASA’s global GPP program are used to compute annual GPP image.
Image GPP datasets matching the ground samples are then retrieved from the annual GPP
image using ArcInfo program for model development. Three models are proposed for
estimation of actual grass production: L1, L2 and L3. Coefficients of the models indicate
that ½~¾ of GPP can be converted into actual grass production if the rangeland ecosystem
is under its natural development without disturbance by grazing. A strategic model is
developed using the three models. The model uses L1 when GPP <100 g/m2. It uses
(L1+L2)/2 when GPP is within 100-500 g/m2, and (L2+ L3)/2 when GPP>500 g/m2.
Validation with another independent dataset indicates that the combined model has an
estimation error of ~46 g/m2 and a relative error of 28% for those samplings with light to
middle level of grazing. Application to the rangeland and comparison with current grazing
intensity reveals that overgrazing was a common phenomenon in the region.

INTRODUCTION
Rangelands in north China are very important in terms of both economic development and
ecological function. Economically the rangelands are used as pastures for animal husbandry
that supports the survival of millions of residents in the region. Ecologically the rangelands
function as a buffer area to north China. In recent decades the rangeland ecosystem is
suffering on-going desertification and ecological degradation, which has been commonly
viewed as a direct result of overgrazing and population pressure (Lu et al., 2001; Dong et
al., 2003). Since ecological importance of the rangelands exceeds the border of China, the
degradation has gained many concerns from both China and northeast Asia including Korea
and Japan. To balance grazing activities and to promote ecosystem sustainability, many
efforts have been on the way and current study is one of them. In the study, we intend to
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develop a remote sensing method to monitor the grass productivity and its spatial variation
of the rangelands in north China for administration of pasture grazing. Since MODIS data
have many advantages for dynamic monitoring in regional scale, the specific goal of the
study is to examine the relationship between gross primary production retrieved from
MODIS data and actual grass production obtained from ground sampling campaigns so that
some applicable models can be established for grass production estimation in the region.

METHODOLOGY

Remote sensing data
NASA has set up an on-going MODIS program to monitor the activities of global terrestrial
ecosystems (Running et al., 1999). Estimation of gross primary production (GPP) of
terrestrial ecosystems consists of an important aspect of the program. The program issues
its global GPP products for every 8 days. The GPP products are generated from MODIS
data and global ground meteorological observation data through the terrestrial ecosystem
method developed by NASA research team. Since the computation of GPP is quite
complicated and we lack of many necessary ground data, we download the Asian GPP
products from NASA’s website and use them as our GPP data input in the study.

The GPP products from NASA are not ready for direct application to the issue of our study
and we have to go over several transformations of the products to meet our requirements.
These include mosaic of each GPP product to produce a whole GPP image of the region for
each 8 days, summation of all GPP images for the growing period in the rangelands to give
out an annual GPP image, and coordinate transformation to match the coordinate system of
ground datasets. Due to availability, we use the GPP products of NASA for the period from
September 2002 to August 2003 to produce our annual GPP image. Then image GPP
datasets are retrieved from the annual GPP image using ArcInfo program.

Ground sampling
Since animal husbandry is very important economic sector in the region, grassland
monitoring has long been a concern of local governments such as counties and banners. In
order to estimate ground grass production for pasture animal husbandry, the administration
agencies of local governments in the region such as grassland monitoring stations and
animal husbandry departments has conducted a number of ground sampling campaigns in
recent years at various places of the rangelands. From these agencies we totally obtain 991
ground samples taken in different periods in recent years. Careful examination to the
samples finds that 31 of them have extremely low productivity (<10 g/m2) and may not be
the representatives, hence have been kicked out from our further analysis. The rest samples
are divided into two datasets: 528 for model development and 433 for model validation.
Average GPP of all samples is 310 g/m2, with a maximum of <1 kg/m2. Actual grass
production of these samples is only 147 g/m2 on average, with maximum of <700 g/m2. To
get annual grass production (AGP) of the samples, calibration has been conducted using a
sine function of grass growth with time. Generally speaking growing period of pasture
grass is mainly concentrated on the period from mid-April to mid-October. Calibration
coefficients for each 10-days are first computed from the function and then applied to the
ground sampling data to calibrate into AGP of the samples.

Estimation model of gross primary production
Though we directly use the GPP products of NASA for the study, we also need to
understand how the GPP products are generated. NASA’s GPP estimation method is quite
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complicated. Basically it is based on the photosynthetic principles of green vegetation
(Running et al., 1999). Actually GPP of a terrestrial ecosystem is defined as the ideal
photosynthesis amount of green plants within a period of time. Therefore, GPP can be
estimated through the absorption of incident solar energy by the plants within the period
using remote sensing data (Sellers et al., 1992). Mathematically, the formula of GPP is
expressed as follows (Running et al., 1999):

GPP=ε*APAR (1)

where APAR represents the absorbed photosynthetically active radiation (PAR); and ε is the
coefficient of green plant to transform solar energy into biomass, which is variable among
different plant communities. The APAR is computed as

APAR=FPAR*IPAR (2)
where IPAR is the incident PAR on vegetation surface, which can be roughly estimated as
IPAR=SWRad*0.45 in which SWRad is the incident short-wave radiation from ground
datasets of meteorological observation. FPAR is the fraction of incident PAR absorbed by
the vegetation surface. The coefficient ε in equation (1) is determined by such factors as
vegetation type, temperature and air vapor pressure, and can be estimated as follows:

ε=εmax*TMINscalar*VPDscalar (3)

where εmax is maximum ε of the plant; TMINscalar and VPDscalar are the polarization
coefficients of temperature and vapor pressure, computed as

TMINscalar=(TMIN-TMINmin)/(TMINmax-TMINmin) (4)

VPDscalar=(VPD-VPDmin)/(VPDmax-VPDmin) (5)

where TMIN is daily minimum temperature; TMINmax and TMINmin are TMIN at ε=εmax and
ε =0; VPD is daylight average vapor pressure deficit; VPDmax and VPDmin are the VPD at
ε=εmax and ε=0. When TMINscalar>1, then TMINscalar=1; when TMINscalar <0, then TMINscalar
=0. Similar rule is applicable to VPDscalar for the computation.

It has been demonstrated that FPAR is closely related to normalized difference of
vegetation index (NDVI). However, different ecosystems may have different relationships
between FPAR and NDVI (Prince 1991; Prince and Goward 1995). Table 1 shows the
relationship for arid grassland ecosystem, which is applicable to our study region.
Climatologically the rangelands in north China can be classified as cold arid region due to
its annual precipitation of <200 mm with daily temperature of <10°C for about half year.

Table 1: Relationship between FPAR and NDVI for arid grassland ecosystem (after Running et al., 1999).
NDVI FPAR NDVI FPAR NDVI FPAR
0.025 0 0.375 0.3930 0.725 0.8336
0.075 0 0.425 0.4425 0.775 0.8913
0.125 0.1179 0.475 0.4839 0.825 0.8972
0.175 0.1554 0.525 0.5315 0.875 0.9169
0.225 0.2180 0.575 0.5846 0.925 0.9169
0.275 0.2731 0.625 0.6437 0.975 0.9169
0.325 0.3395 0.675 0.6991

Model development and validation for estimation of actual grass production from GPP
After image GPP datasets have been established through data extraction from the annual
GPP image, we then match the datasets with the ground sampling datasets for model
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development and validation. First of all, the dataset for model development is examined to
understand their correlation between the GPP and AGP of the samples. Then we try to use
different regression equations to fit into the distribution of the GPP and the ground data.
According to the distribution patterns, both linear and nonlinear equations have been
utilized to the regression fitting of the distribution. Impact of grazing on ground sampling is
also considered for model development. A strategic model is constructed for estimation of
actual grass production from GPP image in the region using the combination of the
regression models developed. Finally we validate the models using another independent
dataset to demonstrate their applicability to estimation of AGP in the rangelands.

RESULTS AND ANALYSIS

Relationship between GPP and actual grass production
In order to reveal the relationship between GPP and actual grass production (AGP) that is
useable for animal husbandry, we plot the image GPP against the ground AGP for the
sampling locations of the rangeland in north China (Figure 1). Figure 1 shows that the GPP
is obviously much greater than AGP, which is reasonable because vegetation community
also need some energy for its growth. Difference locations have different ability to
transform GPP into AGP. Direct correspondent relationship is not very clear in the figure in
spite of some trends existing. When GPP is very small, the AGP is also very small. This
indicates that their relationship has an intercept at zero. Using this feature to fit the spatial
distribution of GPP against AGP into a linear regression, we obtain

L1: AGP=0.4936GPP (6)

The correlation square of the equation is 0.6818, indicating that about 2/3 of the variation in
AGP can be explained by GPP. Standard estimation error of the equation is SEE=71.45.
Since both GPP and AGP are with dimension of g/cm2, the value of SEE implies that an
error of 71.45 g/cm2 may occur if the equation is used for estimation. However, F test
(F=1129.3) indicates that the equation is statistically significance at α=0.001. The
regression coefficient illustrates that, on average, the possible transformation of GPP into
AGP is about at a rate of 0.494, implying that about half of GPP can be transformed into
AGP in the rangeland ecosystem.
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Figure 1: Relationship between GPP and dried weights of the samples in north China.



Integration of ground sampling with satellite imaging through GIS database

719

As we can see from Figure 1, a linear equation may not be the best to describe the spatial
distribution of GPP against AGP. The trend shows that AGP increases very slowly with
GPP when the later is at small values. On the other hand, when GPP is in large values, the
increase of AGP is quite remarkable. This makes us to think that a quadratic equation may
be better for the distribution. Regression of AGP against GPP with this quadratic equation
gives in the following model:

L2: AGP=37.7108-0.0033GPP+0.0008GPP2 (7)

Correlation square of this equation is R2=0.7592, which is higher than that of linear
equation. This indicates that the quadratic equation has better fitting into the distribution.
Accordingly standard estimation error of the equation (SEE=62.28g/cm2) is better than the
above linear equation.

One factor influencing the relationship between GPP and AGP may be the sampling
locations. In the rangeland, ownership system is not very clear in many places. This
encourages the herders in the region to freely graze their cattle in the places with better
grass and water supply. Thus uneven grazing without restrict control is a common grazing
phenomenon in this region. When ground samplings were conducted, specific locations can
be selected but many sampling places may locate at the grazing area. This implies that the
sampling results may not well represent the actual grass production of the location at
sampling. In Figure 1 many points with similar GPP have great variation of AGP. Those
with high AGP may be the representatives of grass production at their natural conditions
without impact of severe grazing disturbance, while those with low AGP for the same GPP
may be the representatives of severe grazing impact. Considering this difference in the
sampling location, we develop the 3rd model using only those with high AGP for similar
GPP to represent the maximal grass production at natural condition of the ecosystem. And
this produces the following result:

L3: AGP=-13.1629+0.7629GPP (8)

The regression coefficient of the equation indicates that, under natural conditions, the
rangeland ecosystem in north China may have capability to transform about 2/3 of its gross
primary production into actual grass production. Of course, this represents the maximal
grass productivity of the terrestrial ecosystem in the region.

Development of strategic model for AGP estimation in the region
In reality, gazing is unavoidable and pasture is always with some levels of grazing.
Therefore, estimation of grass production with assumption of natural status may not well
represent the actual grass production capability for planning grazing administration. On the
other hand, using the equation with currently grazing impact may also not well represent
the actual production because the grazing will surely make the estimation to bias into small
production. Therefore, we propose a combined model for strategic estimation of actual
grass production capability in the rangeland ecosystem as follows:

When GPP<100 g/cm2, AGP is estimated with model L1. When GPP is within 100-500
g/cm2, AGP is estimated as (L1+L2)/2. When GPP is above 500 g/cm2, AGP is
estimated as AGP=(L2+L3)/2.

As expected, the estimation strategy may avoid possible overestimation of model L3 for
natural status and underestimation of model L1 due to the impacts of simultaneous gazing
during ground sampling campaigns.
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VALIDATION OF THE MODELS
Another independent dataset has been used for validation of the above models for
estimation of grass production in the region. The validation dataset has 433 samples. Figure
2 compares the fitness of the models for the samples in the validation dataset. The diagonal
in the figure indicates no bias of the estimation with the actual grass production. The
samples lying on area above the diagonal are those with overestimation. As a contrast,
those samples representing underestimation are in the triangles below the diagonal.
Therefore, Figure 2a indicates that the samples with AGP less than 300 g/cm2 have quite
good estimation but those with AGP beyond this threshold are obviously in bias to
underestimation. Figure 2b shows similar trends for L2 but the fitness beyond the threshold
of 300 g/cm2 is better than that in Figure 2a. Since L3 represents the ideal production, the
comparison shown in Figure 2c clearly has a bias to overestimation. Similar comparison
results can also be seen for the strategic model shown in Figure 2d.
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Figure 2: Comparison of estimated grass production and the actual grass production in North China, using the
various models. (a) for model L1, (b) for model L2, (c) for model L3 and (d) for the strategic model.

Numerical comparison can be done through absolute error (root mean square error) and
relative error computed as follows (Qin et al., 2001):

∑ −= NAGPAGPRMSE ii /])([ 2' (9)

∑ −= NAGPAGPAGPREE iii /]]/)[([ 2' (10)

where RMSE is root mean square error (absolute error); REE is relative error; AGPi is the
actual grass production; AGPi’ is the estimated grass production; and N is the number of the
samples. Given that the average grass production of the sampling points is about 147 g/cm2,
the estimation accuracy of the strategic model to grass productivity may not be very
accurate because its relative estimation error is high up to 48% and its absolute error is 67

(d)(c)

(b)(a)
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g/cm2. Considering the possible grazing effects in the sampling, we only compare the
estimation error of the strategic model for two types of sampling places: those with
moderate-to-low grazing and those with low-to-no grazing. The results indicate that the
model has much higher estimation accuracy for those places with low grazing activities
under natural status. For moderate-to-low grazing sampling places, the root mean square
error is about 46 g/cm2, with a relative error of 28%. This accuracy demonstrates the
applicability in estimation of grass productivity for grazing administration in the region for
sustainability of both economic development and ecosystem.

APPLICATION TO NORTH CHINA
We apply this strategic model to estimate the grass production in rangelands of North China
and compare with current grazing intensity. The cattle loading balance can then computed
from the comparison. Figure 3 shows the result of cattle loading balance in the rangeland of
North China. In the figure classes 1-3 are overgrazing with various severities (high,
moderate and slight) and only classes 4-5 represents the direction of sustainable grazing
(balance and under grazing). As we can see, over-grazing is a common phenomenon in the
rangeland ecosystem. The severe over-grazing is mainly concentrated in such regions as
western Jilin and Liaoning provinces, southern Inner Mongolia, Hexi Corridor of Gansu
Province, eastern Qinghai Province and West Xinjiang Autonomous Region.

Figure 3: Cattle loading balance in rangelands of North China.

CONCLUSION
Rangeland ecosystem degradation in north China has been widely concerned as a top
environmental issue in northeastern Asian region (Lu et al., 1998). It has been a common
viewpoint that the issue may be partially released through campaigns of balancing the
intensity of pasture cattle grazing with grass productivity of the ecosystem. Three models
have been developed in the study to develop models for grass productivity monitoring of
the rangeland ecosystem. Model L1 is a linear equation, representing the average conditions
of all sampling points. The coefficient of the model indicates that on average about 50% of
GPP can be converted into actual grass production for cattle utilization in the rangelands of
north China. Model L2 is a second-power equation having overestimation for small GPP
and underestimation for median GPP. Variation of actual grass production is really big for
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the sampling points with similar GPP. Those with greater grass production may represent
the natural status of rangeland ecosystem, while those with low productivity may be under
heavy grazing. With this consideration, we propose model L3 to represent grass
productivity of the rangeland ecosystem under its natural conditions. The coefficient of
model L3 indicates that ~¾ of grassland GPP can be converted into actual grass production
if the ecosystem is under its natural development without grazing disturbance. However,
the reality is that grazing is unavoidable in most cases. Therefore, a combined model is
developed for strategic estimation of grass productivity to provide policy proposals of
grazing administration. Validation with another independent dataset with 433 samples
indicates that the strategic model has an estimation error of ~46 g/m2 and a relative error of
28% for those samplings with light to middle level of grazing. Application of this model to
the rangeland and comparison with current grazing intensity reveals that over-grazing is a
common phenomenon in many regions such as the southwest and northeast Inner
Mongolia. Reasons leading to the common overgrazing in these regions are multiple,
including obscure rangeland ownership, population pressure, and the lack of proper
legislative administration. Some possible policies such as ownership reform may need to
formulate a better rangeland ecosystem and grazing administration.
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