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Abstract Qinghai Province is one of the four largest
pastoral regions in China. Timely monitoring of grass
growth and accurate estimation of grass yields are essential
for its ecological protection and sustainable development.
To estimate grass yields in Qinghai, we used the normal-
ized difference vegetation index (NDVI) time-series data
derived from the Moderate-resolution Imaging Spectro-
radiometer (MODIS) and a pre-existing grassland type
map. We developed five estimation approaches to quantify
the overall accuracy by combining four data pre-proces-
sing techniques (original, Savitzky-Golay (SG), Asymme-
try Gaussian (AG) and Double Logistic (DL)), three
metrics derived from NDVI time series (Vlnax, Vieason and
Vinean) and four fitting functions (linear, second-degree
polynomial, power function, and exponential function).
The five approaches were investigated in terms of overall
accuracy based on 556 ground survey samples in 2016.
After assessment and evaluation, we applied the best
estimation model in each approach to map the fresh grass
yields over the entire Qinghai Province in 2016. Results
indicated that: 1) For sample estimation, the cross-
validated overall accuracies increased with the increasing
flexibility in the chosen fitting variables, and the best
estimation accuracy was obtained by the so called “fully
flexible model” with R? of 0.57 and RMSE of 1140 kg/ha.
2) Exponential models generally outperformed linear and
power models. 3) Although overall similar, strong local
discrepancies were identified between the grass yield maps
derived from the five approaches. In particular, the two
most flexible modeling approaches were too sensitive to
errors in the pre-existing grassland type map. This led to
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locally strong overestimations in the modeled grass yields.

Keywords Qinghai Province, grass yield, remote sensing,
MODIS, vegetation index

1 Introduction

For the ecological conservation and management of
pastoral areas, three indicators are essential: (i) vegetation
growth, (ii) grass yields, and (iii) livestock carrying
capacity. Grass yield is the basis for determining grassland
livestock carrying capacity (Xu et al., 2008; Yu et al.,
2010), a precondition for a balanced management of
grasslands.

In recent years, climate change and improper grazing
have led to grassland degradation at different degrees in
Qinghai (Chen et al., 2013; Yin et al., 2014). As indicated
by Yin et al. (2014) there were over 120000 km? of
grasslands in Qinghai which exhibited severe degradation
in 2008, and the grass yield per unit area decreased by
30%—50%, compared to their status in the 1950s. At the
same time, the proportion of high-quality forage grass
decreased by 20%-30%, while the proportion of grass-
lands with poisonous or harmful weeds increased by 70%—
80%. This underlines the importance of a regular (e.g.,
annual) monitoring of grass yields in Qinghai Province (Li
et al., 2015). Similar requirements are also known from
other grassland regions of the world.

The traditional method for measuring grass yields is
labor-intensive and time-consuming, and therefore imprac-
tical for large-scale application. Since the 1990s, research-
ers have estimated regional changes in grass yields or
biomass using statistical models based on remotely sensed
vegetation index data, calibrated against ground observed
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data (Li et al., 1998; Piao et al., 2007; Rusch et al., 2014;
Atzberger et al.,, 2015; Wehlage et al., 2016). Similar
approaches are also employed when evaluating drought
effects on grazing conditions (Klisch and Atzberger, 2016)
and more generally for agricultural yield and production
forecasts (Rojas, 2007; Ren et al., 2008). The studies rely
on the relatively strong correlations between grassland
yields or biomass and spectral vegetation indices (VIs).
Remotely sensed vegetation indices are particularly
suitable for low biomass environments, as the signal is
not yet saturated (Baret et al., 1989).

Among the various vegetation indices, the most
commonly used is the normalized difference vegetation
index (NDVI), which has been proven to be a good
indicator for monitoring vegetation growth and activities
(Zhou et al., 2001; Piao et al., 2006; Mohammat et al.,
2013; Rembold et al., 2013). The index is available across
many different sensors and routinely provided in data
archives (e.g., GIMMS 3g, going back until 1981 (Pinzon
and Tucker, 2010)). Several other vegetation indices were
also used to estimate grassland biomass, including ratio
vegetation index (RVI) (Jordan, 1969), renormalized
difference vegetation index (RDVI) (Roujean and Breon,
1995), enhanced vegetation index (EVI) (Huete et al.,
2002), difference vegetation index (DVI) (Pearson and
Miller, 1972), perpendicular vegetation index (PVI)
(Tukey, 1977), modified soil adjusted vegetation index
(MSAVI) (Qi et al., 1994), and optimized soil adjusted
vegetation index (OSAVI) (Rondeaux et al., 1996). Based
on theoretical considerations, potentials and limits of
several vegetation indices are summarized in Baret and
Guyot (1991) and Xue and Su (2017). For example, RV has
a good correlation with vegetation biomass, but is sensitive
to atmospheric effects. NDVI is the most widely used
vegetation index, but is sensitive to soil optical properties.

As different grassland types have their own character-
istics, such as grass compositions, soil types, topography,
etc., the optimum indices to estimate grass yields may vary
from study to study. For example, Li et al. (1998)
compared the relationships between RVI as well as NDVI
and the grass yields in Fukang County, Xinjiang Province,
China. They found that fresh herbage yields correlated
better with RVI than NDVI for lowland meadow, hill desert
steppe, and mountain meadow, but not for plains desert
steppe. Duan et al. (2012) investigated the correlations
between six vegetation indices and the above-ground
biomass of alpine grassland in northern Tibet. Their results
showed that OSAVT had the best correlation with grassland
biomass, while RVI had the worst. Yu et al. (2010)
estimated the alpine grassland yields in Golog Prefecture,
Qinghai Province, using NDVTI and EVI data derived from
the Moderate Resolution Imaging Spectroradiometer
(MODIS). The result showed the estimation accuracy
based on NDV1 is higher than that based on EVI. Similarly,
Fu et al. (2013) found that MODIS NDVI-based accuracy
is higher than MODIS EVI-based for all four main
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grassland types in estimating grass yields in Sichuan
Province, China.

The observed lack of agreement between different
studies confirms the well-established fact that statistical
yield/biomass estimation models are generally sensor, site,
and season-specific (Baret et al., 1989; Ali et al., 2016).
The lack of generalization is a direct result of the fact that
natural conditions (such as temperature, precipitation, soil
type, elevation) vary greatly, and therefore “optimum”
models vary over space and time. To cope with those
shortcomings, physically-based radiative transfer models
(RTM) have been used as an alternative for assessing
grassland biomass (Darvishzadeh et al., 2008; Darvishza-
deh et al., 2011). Although RTM are based on physical
principles, they have their own limitations (Baret and Buis,
2008), such as model capacity in accurately describing
radiative transfer in canopies and building a realistic
training data set.

With respect to statistical models, several papers have
shown that nonlinear models often achieve higher accuracy
than linear models, especially exponential and power
function models (Li et al., 1998; Xu et al., 2008; Wehlage
et al.,, 2016). For the Qinghai grassland region, further
research is required to determine which statistical models
provide the most accurate estimation of grass yields. More
research is also warranted to assess if the maximum, or
seasonal/annual accumulation of VI should be used for
grass yield estimation (Yang et al., 2016; Xun et al., 2018).
Most published research uses the maximum vegetation
index value within a given growing season for grass yield
estimation. However, papers such as Schucknecht et al.
(2017) found that a seasonal integration correlates better
with pasture availability.

For the current research, we attempted to analyze
various empirical models using data from Qinghai
Province. As a reference approach, we use the most
common approach which is used to calibrate the remotely
sensed data against all available in situ data while ignoring
grassland types. We call this the “generic approach,”
against which we compare four different alternative
approaches. The chosen alternatives generated grassland
type specific models and moreover vary in terms of applied
pre-processing, metrics and fitting functions. The nested
analysis 1) permits investigation into whether the increase
in flexibility enhances the estimation accuracy; 2)
examines the grass yield maps derived from different
approaches; 3) provides a reference basis for improving
grassland management and animal husbandry develop-
ment in Qinghai Province.

2 Materials and methods
2.1 Study area

Qinghai Province (31°9'N-39°19'N, 89°35'E-103°04'E) is
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located in western China, in the north-east part of the
Qinghai-Tibet Plateau (Fig. 1). Qinghai has two cities and
six prefectures under its jurisdiction. It is the source of
three major river systems (the Yellow, Yangtze, and
Lancang Rivers), and is therefore known as the “Water
Tower of China.” The region’s average elevation is 3000 m
above sea level. It has a typical plateau continental climate
characterized by short summers, with average annual
temperature ranging from —6°C to 9°C and average annual
precipitation of 250-550 mm. The grass growing season
usually starts from early May and ends at the end of
October. According to the second grass resources survey of
Qinghai, its natural grassland covers an area of 41.9
million ha, accounting for 10.7% of China’s total grassland
area, making it the country’s 4th largest pastoral region
(Qinghai Provincial Grassland Station, 2012). The natural
grassland that can be used for grazing or production is 38.6
million ha, which mainly located in the Qinghai-Tibet
Plateau, Qilian Mountain, and Qaidam Basin.

An actual grassland type map (Fig. 1) was obtained from
the Geomatics Center of Qinghai. It was compiled by
Qinghai Provincial Grassland Station and Geomatics
Center of Qinghai. The map reflects the vegetation cover
and soil properties in Qinghai province up to 2011, based
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on survey results of the General Grass Survey Station of
Qinghai (Qinghai Provincial Grassland Station, 2012). The
main grassland types include alpine steppe, alpine
meadow, and alpine desert. As the class “alpine meadow”
occupies more than half of the vegetated area, this
grassland type was split into three sub-strata (alpine
meadow-high, alpine meadow-medium, and alpine mea-
dow-low in Fig. 1) using the natural breaks method
packaged within GIS software (Jenks and Caspall, 1971;
de Smith et al., 2018), according to the elevation.

2.2 Data sources

2.2.1 Ground survey data

The ground survey (in situ) data were collected by the
Qinghai Grassland Supervision Center between July 20
and August 31, 2016. The dates reaching the maximum
biomass are different for grassland in different locations.
As the area of Qinghai Province is vast, the peaking time
differs from south to north, east to west. Field measure-
ments were carried out when the grassland reached its peak
time, according to the monitoring of local grassland
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Fig. 1 Location, elevation and grassland types of research area. The blue dots show the ground survey samples in 2016. Note that the
main grassland biome of “alpine meadow” was sub-divided for this study into three (height-dependent) strata, as this grassland type is

spread over a wide elevation range.
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management units. Information of the survey samples
included locations, grassland types, fresh grass yields, and
altitudes. Samples were randomly located in the unused
homogeneous areas of typical grassland, on the condition
of accessibility. In remote areas with high elevation and no
roads, there were fewer samples. In each 100 m x 100 m
sample, three 1 m x 1 m plots were chosen in different
locations. The fresh grass yields of three plots were then
averaged and recorded as the yield of one sample. To
ensure the reliability of the ground samples, we excluded
any samples lacking latitude, longitude, or grassland type.
In cases where two or more samples fell within one
MODIS pixel, the averaged grass yield was used as one
sample. After this screening, the total number of samples
was 556 (blue dots in Fig. 1). Detailed information about
grassland acreage and available samples within each
grassland type is shown in Table 1.

No ground sample data was available for the following
four grassland types: lowland meadow, mountain meadow,
temperate desert steppe, or alpine desert. Since these
grassland types only cover small areas in Qinghai
province, respectively, and are located in remote areas
(Fig. 1), they were excluded from further analysis.
Therefore, in total, we distinguished seven grassland
types (IDs 1 to 7 in Table 1). Sample density differs
among grassland types due to accessibility. The standard
deviations of grass yields for samples in high production
grassland types generally are higher than that of lower
production types.

2.2.2 Remote sensing data

For analysis, MODO09Q1 time series covering 2016 were
downloaded from the US Geologic Survey (available at
USGS website). The data had a temporal resolution of
eight days and a spatial resolution of 250 m. The MODIS
Reprojection Tool and ENVI software were used for data
pre-processing. Red, near-infrared reflectance bands as
well as the quality band were extracted to compute the
NDVI and assist data processing.

Table 1 Acreage and field samples of each grassland type
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2.3 Smoothing of NDVI time series and metrics

MODIS NDVI time series was processed in four different
ways: the original NDVI time series with only linear
interpolation (denoted as NDVI _O), and NDVI smoothed
with Savitzky-Golay (Chen et al., 2004) (denoted as
NDVI SG), asymmetric Gaussian (Jonsson and Eklundh,
2002) (denoted as NDVI_AG) and double logistic (Beck
etal., 2006) (denoted as NDVI_DL). To detect noises in the
NDVI time series, we used the quality file included within
the data set (Vermote et al., 2015). NDVI with the
reflectance state marked as “clear” was labeled as good
quality, “mixed” as medium quality, and “cloudy” or
“cloud shadow” as poor quality. NDVI O replaced NDVI
values of poor quality with linear interpolation. The three
smoothing algorithms were investigated, which often used
in similar studies (useful comparative studies are provided
in Gao et al. (2008), Hird and McDermid (2009), and
Atkinson et al. (2012)). In this paper when using
TIMESAT 3.3 for NDVI smoothing, the quality flags
were also used to set the weights. For NDVI values with
good quality, medium quality, and poor quality, the
weights were set to be 1.0, 0.5 and 0.1, respectively. In
the filtering process, no spike method was applied. The
number of envelope iterations and adaptation strength were
both set to be 2, because lower parameters tend to
underestimate the NDVT time series and higher parameters
tend to overestimate ND VT time series. These settings were
the same for Savitzky-Golay (SG), asymmetric Gaussian
(AG), and double logistic (DL) filtering. Additionally, the
window size for SG filtering was set to 4, as recommended
by Chen et al. (2004).

Temporal NDVI profiles from temperate steppe, alpine
meadow-steppe, alpine steppe, temperate desert, alpine
meadow-low, alpine meadow-medium, and alpine mea-
dow-high are shown exemplarily in Fig. 2(a). Each curve is
the average calculated over all survey sample pixels.
Overall, the seven grassland types present very similar
growth cycles with, however, some noticeable shifts in the
timing of onset and peak height. The growing season was
from early May to early November in 2016, according to

(Acreage/Sample)/km?

Mean yield/(kg-ha™') Standard deviation/(kg-ha ')

t(;;a::land ID Acreage/km® Sample number
Temperate steppe 1 26603 101
Alpine meadow-steppe 2 3940 21
Alpine steppe 3 96915 50
Temperate desert 4 27469 25
Alpine meadow-low 5 60127 233
Alpine meadow-medium 6 104909 108
Alpine meadow-high 7 111312 18

z 452797 556

263.4 2377.0 1163.0
187.6 1445.6 657.6
1938.3 1687.0 1158.5
1098.8 1279.7 1277.3
258.1 37153 1594.6
971.4 2471.9 1457.1
6184.0 1607.7 1052.1
814.4 2784.8 1644.63
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Fig. 2 (a) Temporal profiles of the seven investigated grassland types. The curves are derived from the Savitzky-Golay smoothed NDVI
time series with 8-day temporal resolution in 2016. (b) schematic drawing of the three metrics, NDVI.x, NDVIieason and ND VI ean.

local grassland monitoring units. It also can be seen in
Fig. 2(a). On average, grass began their rapid growth
around Day of Year (DOY) 219 (that is May 8), reached
the peak of growth around DOY 241 (that is August 28),
and senesced around DOY 313 (that is November 8)
(Fig. 2(b)). Though the peaking time differs largely from
one grassland type to another, the green-up time and
senescence time is quite close. Therefore, based on
Fig. 2(a), the grass growing season is determined from
May 8 to November 8 in 2016.

To model fresh grass yield for each pre-processing, three
metrics (as shown in Fig. 2(b)), were calculated and used
for subsequent analysis:

1) the maximum NDVI value within the growing season,
denoted as ND VI, .;

2) the cumulative NDVI value of the growing season,
denoted as NDVieyeon;

3) the mean value of NDVT for the entire calendar year,
denoted as NDVIcan-

2.4 Empirical modeling

The general flowchart and the various models assessed in
this study are shown in Fig. 3. The figure highlights the
four pre-processings, three NDVI metrics, four fitting
functions and two categories of models leading to five
estimation approaches (Table 2): 1) the generic approach,
2) the fixed fitting function approach, 3) the fixed metric
approach, 4) the fixed pre-processing approach and 5) the
fully flexible approach:

e pre-processings: NDVI O, NDVI AG, NDVI DL and
NDVI SG

e metrics: NDVI ., NDVIjnnual and NDVIason

o fitting functions: linear, 2nd order polynomial, power
and exponential

e models: generic models, grassland type-specific
models

In total, we analyzed four pre-processed NDVI time
series: NDVI O, NDVI _AG, NDVI DL, and NDVI SG.
Based on these four pre-processings, we calculated three
kinds of metrics, i.e. NDVI ., NDVIcan and NDVigason
(Fig. 2). Thus, the maximum NDVI value derived from the
SG-smoothed data was for example denoted as NDVI SG-
max- Four fitting functions were explored: the linear model,
the 2nd order polynomial model, the power model, and the
exponential model.

Two categories of models were calibrated (Table 2):
generic models and grassland type-specific models. We
first calibrated models that did not differentiate grassland
types, called “generic” models. Grass yield estimation was
afterwards done for each grassland type separately, as type-
specific grass yield models generally outperform those that
pool all the data together (Xu et al., 2008; Duan et al.,
2012). For all models, the calibration was conducted based
on the input pre-processing, metric, and fitting function
using cross-validation by the coefficient of determination
(R?) and the relative root mean square error (RMSER) for
assessing the model performance (Lobell and Asner,
2004). After that, we investigated overall grass yield
estimation accuracy (R’ and the root mean square error
(RMSE)) of all available ground samples through five
different approaches (Table 2). Then we produced the best
yield estimation maps using the five approaches. Finally,
we obtain an averaged grass yield map from the five best
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Fig. 3 Flowchart of the study.

Table 2 Summary of the five different approaches examined for grass yield estimation

Fixed parameters in each model

Flexible parameters in each model

Fitting coefficients Type of fitting function Metric

None

Pre-processed data

Approaches Grassland type-specific
Generic approach No

Fixed fitting function Yes
approach

Fixed metric approach Yes

Fixed pre-processing Yes
approach

Fully flexible approach Yes

Type of fitting function Metric Pre-processed data

Metric Pre-processed data

Pre-processed data

Fitting coefficients

Type of fitting function Fitting coefficients

Metric Type of fitting function Fitting coefficients

None Pre-processed data Metric Type of fitting function

Fitting coefficients

estimation maps and analyzed their inconsistencies.

2.4.1 Accuracy assessment of models

To evaluate the performance of the two types of models,
cross-validation was used, and two statistics were derived:
R? and RMSE. The R* between measured and modeled

grass yield is a common statistical measure which
discriminates a ‘good’ from a ‘bad’ fit (Spiess and
Neumeyer, 2010). After fitting, for the validation samples,
the estimated yields and the ground observed yields
should be linearly related. Therefore, R?’, RMSE and
RMSER were adopted as means to evaluate the accuracy, as

Egs. (1)-(3):
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) COV(Y,?)Z )
B var(Y)var(Y)’
m - T . 2
RMSE — M’ Q)
RMSER = %, 3)

where Y denotes the observed fresh grass yields of all
validation samples, ¥ stands for the estimated fresh grass
yields of all validation samples, m is the number of
validation samples, ¥; is the observed fresh grass yield of
the jth validation sample (kg/ha), Y ;s the estimated fresh
grass yield of the jth validation sample (kg/ha) and Y is the
mean of Y.

Since there were less than 30 samples for three classes,
i.e., alpine meadow-steppe, temperate desert, and alpine
meadow-high (Table 1), 5-fold cross-validation was done
for these three types. For the remaining four grassland
types, 10-fold cross-validation was used. For both types of
models, the calibration was conducted based on the input
pre-processing, metric and fitting function. We ran the
cross-validation ten times, and recorded the mean values of
R? and RMSEy. At the same time, we also recorded the
optimum fitting coefficients for each specific model. The
mean R? and RMSEy were used for model selection in the
next step and the coefficients were used when investigating
the overall estimation accuracy and also for producing the
estimation maps.

2.4.2  Summary of different empirical modeling approaches

After calibrating, we investigated the overall accuracy
across all samples. To investigate the overall estimation
accuracy, we designed five different approaches to produce
the overall estimation in the order of increased flexibility in
inputs (Table 2):

e The generic approach: estimated all available
samples while ignoring grassland types, with all samples
sharing the same coefficients. The generic approach
essentially yields one model fitted across all grassland
types, with one set of fitting coefficients.

e The fixed fitting function approach: estimated all
available samples by estimating each grassland type
separately with the same fitting function, as well as metric
and pre-processing. Compared to the generic approach,
however, each grassland type is modeled separately, with
different fitting coefficients.

e The fixed metric approach: estimated all available
samples with the same metrics for all grassland types, but
using different fitting functions. The fitting function for a
specific grassland type was selected according to the
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averaged R* and RMSE derived from cross validation.
Sometimes, two or more fitting functions presented very
close accuracy, then we chose one of them in the order of
exponential > power > 2nd order polynomial > linear.

e The fixed pre-processing approach: estimated all
available samples using the same pre-processing of data
across grassland types, but using different metrics and
fitting functions. The metric and fitting function for each
specific grassland type was selected by examining the
averaged R* and RMSE derived from cross validation.
Sometimes, there were different combinations with very
close accuracies, and we just randomly selected one
combination.

e The fully flexible approach: estimated all available
samples with fully variable inputs (pre-processings,
metrics, fitting functions) for each grassland type in order
to achieve the highest estimation accuracy. We examined
the recorded cross-validation results, and selected the best
combination to estimate grass yield of each grassland type.

After estimating the yield of all samples using the five
approaches described above, we computed the overall
estimation accuracy using R? and RMSE. The formulas
were the same as Egs. (1)—(2), except that all samples were
adopted this time.

3 Results

3.1 Estimating grass yields of all samples

3.1.1 Generic approach

The generic approach estimated all available samples by
ignoring the respective grassland type. Figure 4 shows the
results of generic models for 12 different data inputs.
Among the four fitting functions, the linear function
presented the poorest results, with low R* and high RMSE.
In contrast, the 2nd order polynomial model, power model,
and exponential model achieved better results, with higher
R? and lower RMSE. Among the four pre-processings, the
original NDVT and the SG-smoothed NDVI performed best,
in particular when combined with NDVI.0,. In most
cases, NDVI,., yielded the poorest accuracies. Overall,
among the three metrics, NDVIason produced the best
estimations no matter which pre-processing was used. In
this scenario, the highest overall estimation accuracy was
achieved by NDVI Ogeason and NDVI SGgeason When using
the exponential function, with R* of 0.52 and RMSE of
1214 kg/ha.

3.1.2 Fixed fitting function approach

The fixed fitting function approach was conducted for each
grassland type separately. The results are presented in
Fig. 5. Compared to the generic approach (Fig. 4), a
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Fig. 4 Estimating grass yields based on the generic approach using (a) linear function, (b) 2nd polynomial function, (c) power function

and (d) exponential function.

significant increase in accuracy was found across all fitting
functions. 2nd order polynomial and the exponential
functions performed well, in particular if combined with
NDVigeason- The NDVI ., also gave acceptable results, but
only with AG- and DL-smoothed NDVT data. The highest
accuracy was achieved by NDVI Ojgeas0n Using exponential
function, with R* approaching 0.54 and RMSE of
1174 kg/ha. Our findings confirm other studies (Xu et al.,
2008; Schucknecht et al., 2017) which demonstrated that
improved estimation accuracies can be obtained by
differentiating grassland types or growth conditions.

3.1.3 Fixed metric approach

In the fixed metric approach each grassland type is
modeled separately using different fitting functions but
with fixed metrics. Results presented in Fig. 6 show that
four combinations of metrics and pre-processings outper-
form the others (in decreasing order): NDVI Ogeason >
NDVI AGpax > NDVI Opean > NDVI _DL,,.x. These four
models reach R* of almost 0.55 with RMSE <1200 kg/ha.
The best estimation was achieved by NDVI Ogcason, With
R? of 0.55 and RMSE of 1173 kg/ha. However, compared
to the best estimation of the fixed fitting function approach

(Section 3.1.2), the accuracy was not improved signifi-
cantly.

3.1.4 Fixed pre-processing approach

In the fixed pre-processing approach, metrics and fitting
functions can vary per grassland type but not the type of
data pre-processing. The results are presented in Fig. 7 and
show that this additional flexibility leads to a drastic
decrease in RMSE across the four pre-processings. This
decrease can be well seen when comparing Figs. 6 and 7.
Best results were obtained using the original NDVI,
followed by the DL-smoothed NDVI. However, models
using SG- and AG- smoothed NDVI were only slightly
worse compared to the two best performing pre-proces-
sings. The highest accuracy was achieved by NDVI O,
with R? of 0.55 and RMSE of 1163 kg/ha.

3.1.5 Fully flexible approach

In the fully flexible approach, the data, metrics, and fitting
functions used in fitting each grassland type were selected
from the best performance of the cross-validation (inputs
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Fig. 7 Modeling grass yield based on the fixed pre-processing approach.

and fitting functions are shown in Table 3). With the fully
flexible approach we obtained a R* of 0.57 and RMSE of
1140 kg/ha. Compared to the estimation using the generic
model (3.1.1), this is a significant improvement. With
respect to the other three more or less flexible approaches,
the improvements are only minor (Table 3).

In addition to Table 3, Fig. 8 also provided scatterplots
between the observed and the estimated grass yields of all
samples using different approaches. Though generally
similar, the relationships between the observed and
estimated grass yields of the fully flexible approach are
closer to 1:1 line than that of the generic approach,

Table 3 Formula and accuracy of the best estimation model in each approach

Approaches Best estimation models

Formulas R? RMSE/(kg-ha ")

Generic approach NDVI Opgeqson With exponential function

Fixed fitting function approach NDVI Ogenson With exponential function

Fixed metric approach NDVI Ogeason With different functions

Fixed pre-processing approach NDVI_O with different metrics and
fitting functions

Fully flexible approach

Y = 314.862 x ¥ 192 NPVT_Oseason 0.52 1214

Y= 516'9XeO.142><NDVI_Oseason 0.54 1174
- Y= 307.4><60.156><NDVIfOseason

1

2

3. Y=2623 ><60.221><NDV1705ea\scn
4: Y= 247.7XeO.ZSOxNDVIfOscason
5-Y=479.1 ><60.165><NDV1705eason
6: Y= 371.3XeO.l(a4><NDVIfOseason
7- Y= 388.3XeO.17OXNDVlioseason

1: Y = 516.9x 0 142"NDVI Oseason 0.55 1173
2: Y =-374.2 + 187.6XNDVI Ogeason

= 89.6X(NDVI_Oyequon)
247.7% eO.250><NDVIfOseason

=1371.3 ><e(),164><NDVLOscason

Y
Y
Y =479 1XeO.165XNDV17055ason
Y
Y

— 388'3XeO.]7O><NDVIfOseason

Y = 4264.0x(NDVI s)'*8 0.55 1163
= 8114.0X(NDVI_Opean)' >

67.2X(NDVI_Ogegson)'>*®

1:
2:Y

3: Y=

4: Y= 247.7XeO.ZSOXNDVIfOseascn
5:Y=

4791 x g0 165> NDVI_Oseason

6: Y =13353.0X(NDVI_Opnean)***
7: Y =2957.1-10326.0XNDVI Opax
+ 13526.0X(NDVI_Opax)

1: Y = 366.0x ¢>856>NDVI DLmax 0.57 1140
2: Y= 953x(NDVI_SGgeason)"'

3: Y = 4356.9X(NDVI_AGumay)" "
4: Y=2477x eO.250><NDVIfOseason

5. Y= 479.0XeO.]GSxNDVIfOseason
6: Y= 192.4><63.228><NDVLSGmax

7: Y =4819.9-44035.6XNDVI DLycan
+ 115798.5X(NDVI_DLpean)?

Note: Grassland types: 1: temperate steppe; 2: alpine meadow-steppe; 3: alpine steppe; 4: temperate desert; 5: alpine meadow-low; 6: alpine meadow-medium; 7: alpine

meadow-high.
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especially for temperate steppe and alpine meadow-low,
the improvement is obvious. However, the relationship of
alpine meadow-medium is not greatly improved, probably
it needs further division of the group, or maybe grass yields
cannot be well explained by NDVI only in this region.
Multivariate approaches are something to consider in
future studies, combining more factors such as tempera-
ture, precipitation, aspect, and solar radiation.

3.2 Modeling grass yields over the whole area

Though we already investigated the overall accuracies of
different approaches using cross-validated statistics, we
also checked the resulting spatial patterns of grass yields
over the entire Qinghai Province. To do so, we modeled the
grass yields with the best estimation models listed in
Table 3. Figure 9(a) shows the mean grass yields from the
five approaches and its standard deviations. The modeled
yields are closely related to the spatial distribution of the
seven grassland types (see Fig. 1 for comparison), but
shows more spatial details. High production areas ( > 3000
kg/ha) were mainly distributed in the alpine meadow-low
in the east. Medium production areas (1200-3000 kg/ha)
were predominantly found in the temperate steppe and
alpine meadow-medium in the south and east. Low
production areas ( < 1200 kg/ha) were mainly distributed
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in the alpine meadow-high, alpine meadow-steppe, alpine
steppe, and temperate desert in the center and west.
Standard deviation map (Fig. 9(b)) shows grass yields
derived from the five approaches agreed with each other
well. The standard deviation of most grasslands is less than
200 kg/ha. Combined with Fig. 1, it is quite clear that
grassland with high standard deviation ( > 500 kg/ha) are
concentrated in alpine meadow-medium and alpine
meadow-high.

Existing regional discrepancies in grass yields between
the five approaches are further detailed in Fig. 10 for the
small area denoted with the red box in Fig. 9. In Fig. 10(a)
to Fig. 10(c), results were relatively consistent with each
other. In Figs. 10(d)-10(e), however, we allowed different
metrics and even different pre-processings to be used in the
estimations of each grassland type. This additional
flexibility reduced on one hand the cross-validated error
statistics (Figs. 6 and 7) but resulted in highly unrealistic
yield estimates in the areas classified as alpine meadow-
high (Fig. 11). Considering the natural conditions and by
examining the NDVI time series, it is highly doubtful that
this area could output such high yields. Thus, we further
calculated the histograms of alpine meadow-high and
alpine steppe in Fig. 10(d), the results are shown in Fig. 12
(a). These two classes within the red box show almost the
same data distribution. Either the grassland type had been
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Fig. 8 Scatter plots of the best estimation models of the five approaches as listed in Table 3. (a) generic approach, (b) fixed fitting
function approach, (c) fixed metric approach, (d) fixed pre-processing approach, (e) fixed pre-processing approach.
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Fig. 9 (a) Mean and (b) standard deviation of the modeled grass yields for research area using the five approaches listed in Table 3. Red

box indicates region of high standard deviations.

misclassified in this area, or the yield model was not
appropriate for producing a yield map. Further, we draw
samples and the fitted formula used to model alpine
meadow-high and alpine steppe in Fig. 10(d). It can be
seen in Fig. 12(b), NDVI value of the samples within alpine
meadow-high ranges from 0.35 to 0.8. However, if this
formula is used to estimate pixels with values < 0.3, it will
produce unexpected high production. In this area, the yield

model had to extrapolate far beyond the NDVI values seen
in the calibration data set.

4 Discussion

Overall, the RMSEs of all models listed in Table 3 are
lower than the standard deviation of all samples as shown
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in Table 1 (1644.63 kg/ha). The estimation accuracies in
this study are also comparable to existing studies covering
Qinghai province. For example, Xu et al. (2008) modeled
the dry grass yields with NDVI in the six major grassland
regions of China during 2004 and 2005, their model RMSE
for areas covering Qinghai was 594 kg/ha. As the
conversion coefficient from dry grass yield to fresh grass
yield ranges from 2.5 to 3.5 in this area (Department of
Agriculture, Animal Husbandry and Animal Husbandry
and Veterinary of the People’s Republic of China and
General Animal Husbandry and Veterinary Station of
China, 1996), the corresponding RMSE of fresh yield
ranges from 1485 kg/ha to 2079 kg/ha. Therefore, the
RMSE of our study is lower than their findings. Zhang et al.
(2017) estimated the aboveground biomass of Qilian
County, a county located in the north-east of Qinghai
Province, in 2014. Their modeled RMSE was 1713.4 kg/
ha. Considering most of the grassland in Qilian County is a
high production type (alpine meadow-low), this RMSE is
acceptable. Since we modeled both low and high
production types in our study, it is quite reasonable that
the RMSE of our model is lower. Feng et al. (2011)
modeled grass yields of five provinces in the north-west
and south-west of China including Qinghai during 2005—
2006. They used the generic approach and the best
accuracy was obtained with NDVI and the exponential
model, with R* of 0.51 and RMSE of 2595.21 kg/ha.
Considering most of their ground samples were located in
Qinghai Province, their results can be served as a contrast,
and our RMSE is much lower than theirs.

In our study, we found that grass yields estimation
accuracy increased step by step with the increased
flexibility in different approaches. Compared with the
generic approach, there was an obvious increase in R* and
an obvious decrease in RMSE of the estimation accuracy,
by means of modeling each grassland type separately (the
fixed fitting function approach). In contrast, there was only
a small increase in R* of the estimation accuracy, in terms

of using different fitting functions (the fixed metric
approach). And there was only a small decrease in RMSE
of the estimation accuracy by using different metrics (the
fixed processing approach). Finally, the estimation accu-
racy improved greatly if given full flexibility in choosing
input variables (the fully flexible approach). Though the
fully flexible approach presented the best estimation
accuracy, there are two issues with this method. One is
that there are too many variables that need to be computed
or processed in this approach which will inevitably
increase the workload. The balance between accuracy
and workload should be considered. The second is the
over-fit problem. Though accuracy based on samples may
be very high, but when the model is applied to regions, the
results may contain unexpected errors. A better way is to
check the sample set and the data set before designing
estimation models.

Though we considered different approaches to improve
grass yields estimation accuracy, it is still region-specific
and is not directly transferable to other regions. Ketzer
et al. (2017) developed a GIS-based model to assess
grassland biomass potentials for energy. Their model
linked geospatial data (soil data, land cover, digital
elevation model) with agricultural statistical data (grass-
land areas, animal number) (Haase et al., 2016). It provided
improved quality and consistency in biomass assessment at
different scales and different regions in the European
Union. Since many geospatial data and agricultural
statistical data are readily available or can be obtained
from local authorities, their model can easily be improved
and adopted to other regions. However, the potentials of
the model in estimating grass yields remains to be explored
in other regions.

5 Conclusions

The accurate estimation of grass yield over large areas is of
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great importance in grassland-related research. To evaluate
the impact of several methodological choices, we con-
sidered four commonly used pre-processing techniques,
four fitting functions, and three NDVI metrics (V1 ax,
VI neans Viseason). The assessment was based on two model
assessment criteria (R* and RMSE) calculated over 556
reference samples in a 5 to 10-fold cross validation. In our
assessments, we also considered and evaluated the impact
of using pre-existing grassland type maps for stratified
modeling. In general, we found that MODIS coarse
resolution NDVI time series were suitable for large scale
mapping of grassland biomass. The Qinghai grasslands
cover almost 42 million ha, and despite this size, we were
able to achieve satisfactory accuracies (R* = 0.57 and
RMSE = 1140 kg/ha) against 556 reference samples spread
over the province. Results also show that our proposed
approaches yielded acceptable accuracies when compared
with existing studies.

The impacts of all the variables considered in this study
to the final modeled grass yield map were discussed. As a
conclusion, better study of the sample range and the image
range are needed before the estimation and one should be
cautious when selecting fitting functions. Though data
filtering did not present an increase in accuracy in this
study, it may still need to produce grass yield maps with
good continuity. In the end, we recommend to use either
the “fixed fitting function” approach or “fixed metric”
approach. The two approaches permit some flexibility with
respect to the respective grassland type, but use the same
NDVI metric.
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