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Abstract: Grassland aboveground biomass is crucial for evaluating grassland desertification, degra-
dation, and grassland and livestock balance. Given the lack of understanding of mechanical processes
and limited simulation accuracy for grassland aboveground biomass estimation, especially at the
regional scale, this study investigates a new method combining remote sensing data assimilation
technology and a grassland process-based model to estimate regional grassland biomass, focusing
on improving the simulation accuracy by modeling and revealing the mechanism interpretability
of grassland growth processes. Xilinhot City of Inner Mongolia was used as the study area. The
ModVege model was selected as the grass dynamic simulation model. A likelihood function was
constructed composed of the LAI, grassland aboveground biomass, and daily measurements wherein
the accumulated temperature reached ST2 (the temperature sum defining the end of reproductive
growth). Then, the Markov chain Monte Carlo (MCMC) methodology was adapted to calibrate the
ModVege model by maximizing the likelihood function. The time-series LAI from MOD15A3H was
assimilated into the ModVege model, and the model parameters ST2 and BMGV0 (initial biomass
and green vegetative tissues, respectively) were optimized at a 500 m pixel scale based on the four-
dimensional variational method (4DVar) method. Compared with August 15th, the RMSE and MAPE
of aboveground biomass were 242 kg/ha and 10%, respectively, after calibration. Data assimilation
improved this accuracy, with the RMSE decreasing to 214 kg/ha. Overall, the aboveground grassland
biomass of Xilinhot City shows spatial distribution patterns of high value in the northeast and low
value in the central and southeast areas. Generally, the method implemented in this study provides
an important reference for the aboveground biomass estimation of regional grassland.

Keywords: grassland aboveground biomass; data assimilation; 4DVar; four-dimensional variational;
MCMC; Markov chain Monte Carlo; ModVege model

1. Introduction

Grassland resources cover one-quarter of the Earth’s land area, and the proper use of
grasslands will be essential for feeding the nine billion people that will inhabit planet Earth
by 2050 [1]. It is the most basic material for developing the animal husbandry economy and
an important carrier for maintaining the terrestrial ecosystem balance and guaranteeing the
ecological security of arid and semi-arid areas, especially in the north of China [2]. How-
ever, the grassland ecosystem is fragile, changeable, and degenerating quickly. In recent
years affected by climate changes, human activities, including grazing [3], and natural
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disasters, such as poisonous-weeds growth [4], grassland degradation, and deterioration
in China, have intensified sharply [5], especially in the Xilingol League pastoral areas of
Inner Mongolia [6]. Grassland aboveground biomass is one of the important indexes for
evaluating grassland degradation and grassland ecosystem stability. Rapid and accurate
quantitative inversion of grassland aboveground biomass is significant for promoting
sustainable development in prairies.

Traditional methods, principally field surveys to estimate grassland aboveground
biomass, are time-consuming. There is a high correlation between the remotely sensed
vegetation index, or environmental variables mainly referring to meteorological condi-
tions, and biochemical parameters surrounding leaf area index (LAI) or biomass [7]; there-
fore, establishing a statistical model between the remotely sensed index and measured
grassland aboveground biomass can be effective for large-scale grassland aboveground
biomass monitoring. This involves exploring which kind of vegetation index and empir-
ical models are more advantageous in different grassland types and inverting grassland
aboveground biomass accurately [8], typically using the normalized difference vegetation
index (NDVI) [9], enhanced vegetation index (EVI) [10], soil adjusted vegetation index
(SAVI) [11], and the modified soil adjusted vegetation index (MSAVI) [12] with linear [13]
and power functions [14]. It is essential to mention that this also requires good calibration
during sample collection to govern any material errors. Although the inversion accuracy of
the statistical model is high, it cannot reflect the physiological accumulation processes of
biomass and is highly dependent on a large number of in situ measurements. What’s more,
the established model has a limited ability for generalization and universality in different
regions. Many studies have explained the process of grassland growth via the utilization
of mechanism models. Several mechanism models for grassland simulation have been
developed, such as the Johnson & Thornley model developed in the UK [15], the Brereton
model published in Ireland [16], and the ModVege model designed by Jouven et al. in
France [17,18]. Hurtado-uria et al. [19] conducted comparative experiments in Ireland using
the models above. They found that the mechanism model stood out in biomass simulation
from August to October during the peak growing season. Katata et al. [20] explored the
relationship between grassland aboveground biomass and global warming combined with
the SOLVEG and BASGRA models. They found that a hotter winter led to simulated CO2
uptake, mainly allocated into the belowground biomass and used only to a minor extent for
additional plant growth during early spring. They proved the superiority of the mechanism
model in revealing the interaction between vegetation and the environment. However,
the mechanism models are generally composed of abundant parameters challenging to
calibrate, such as temperature sum of growth, leaf lifespan, and percentage of laminae.
Thus, their application is mostly limited to point scale.

Data assimilation technology, an analysis combining temporal observations distributed
over time with the mechanism model, provides a well-understood way of integrating
the advantages of satellite observations with mechanism models to improve the spatio-
temporal ability for simulation or prediction [21,22]. Some encouraging applications have
assimilated remote sensing data into process-based grass aboveground biomass estimation
models. He et al. [23] coupled the MODIS leaf area index (LAI) with the soil-water-air-plant
(SWAP) model through a four-dimensional variational algorithm (4DVar) to estimate the
aboveground biomass of grassland in Ruoergai grassland with an RMSE of 542.52 kg/ha.
Huang et al. [24] simulated grassland growth with the calibrated BASGRA model using the
Bayesian method and an ensemble Kalman filter algorithm (EnKF) to assimilate MODIS
data into a process model, presenting a feasible scheme for grassland growth simulation in
regions lacking enough observation data. Zhang et al. [25] presented EnKF to assimilate
the LAI into World Food Studies (WOFOST) to improve the simulated LAI, which can also
estimate grassland aboveground biomass with an RMSE of 0.94 (m2/m2). Although these
studies have attempted to estimate the aboveground biomass of grassland using mechanism
models coupled with assimilation approaches, there is still a lack of studies on specific
grassland simulation models which depict grassland growth in a more detailed way, rather
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than common vegetation or crop growth models, such as the SWAP Model and WOFOST
models. Moreover, there are no data on grassland aboveground biomass estimates using
assimilation methods in sparse ground sample situations (both spatial and temporal) in
China. It is clear which assimilation strategies will work. Studies on the combination of an
assimilation algorithm and mechanism model have come into maturity [26,27], providing a
valuable reference for this study.

This study, which takes Xilinhot City, Inner Mongolia, as the study area, implements
a mechanistic approach, coupling data assimilation technology, to realize the mechanical
rationality of grassland aboveground biomass estimation in a large area to simulate the
relationship between grassland growth and the environment. It explores the feasibility of
applying data assimilation technology to grassland aboveground biomass estimation. Four-
dimensional variational (4DVar) methodology was used for data assimilation, and Markov
Chain Monte Carlo (MCMC) was adopted to calibrate the model, aimed at improving
the accuracy of simulation as well as showing the process of parameter optimization
and the uncertainty of results, which may provide a possible way to simulate grassland
aboveground biomass at regional scales based on a mechanism approach.

2. Materials and Methods
2.1. Study Area

The Xilinhot City of Inner Mongolia was chosen as the study area; it is located at
43◦02′~44◦52′N, 115◦18′~117◦06′E, covering a total area of approximately 14,785 km2 (Figure 1).
The average altitude is 988.5 m, and the annual average precipitation is 295 mm, approxi-
mately. The annual average temperature is 2.6 ◦C. It is a semi-arid continental climate in the
temperate zone, suitable for developing a grassland agro-ecosystem. A diverse grassland
ecosystem has been formed here from superior geographic and climatic conditions. There
are rich grassland types composed of lowland meadow, improved grassland, temperate
steppe, temperate meadow steppe, and temperate desert steppe, with a wealth of dominant
grass species in this region, including Cleistogenes squarrosa, L. chinensis, S. grandis, etc. In
the past 20 years, the potential degraded area reached 162,200 km2 in Inner Mongolia,
accounting for 20% of the total grassland area in Inner Mongolia, especially considering the
moderately degraded grassland area of 47,600 km2 [28]. The central typical steppe region
is one of the most degraded regions, including Xilinhot City [6]. Additionally, Xilinhot
City is the seat of the Xilingol League region’s administrative center, forming the political,
economic, cultural, and transportation center. Additionally, grassland resources are the
city’s most important economic resource. Thus, it is important to ensure a grassland ecology
balance in this area.
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2.2. Data Collection and Preprocessing

This study collected data (Table 1) for grassland aboveground biomass simulation
and used as direct or indirect inputs for grassland aboveground simulation and mapping,
including observational, meteorology, satellite, and supplemental data.

Table 1. Data overview for grassland aboveground biomass simulation.

Category Dataset Resolution Year

Observational data grassland aboveground biomass observations \ 2012
Meteorology data AgERA5 dataset daily 2012

Satellite data MCD15A3H (LAI) 500 m/4 days 2012

Supplemental data
LUCC dataset 1000 m 2013

Soil texture data 1000 m \
Plant phenological observation dataset \ \

2.2.1. Observational Data

Observational data refers to grassland aboveground biomass data observed in the
field; 25 samples were separated into eight training samples and 17 test samples, distributed
evenly throughout the study area (Figure 1). Observational data were obtained from the
Institute of Agricultural Resources and Regional Planning, China Academy of Agriculture
Sciences, as well as from the large-scale field campaign organized by the Grassland Moni-
toring and Supervision Center Ministry of Agriculture of China (GMSC) [29], primarily
in August 2012, when green grassland was at its peak. Each sampling site had an area
of 1 km2, with three sub-plots in each site measuring a distance greater than 250 m. The
average weights of the three green parts and branches sub-plots were collected. Eight
training samples were used to divide the study area into eight Thiessen zones, each of
which contained only one point, with any position within it being closest to the same
sample point, making full use of sparse observations to calibrate the model. Any location
within a zone shares the exact and specific value of the model parameters.

2.2.2. Meteorology Data

Daily weather data were needed to drive the model in this study. Daily surface
meteorological records of precipitation (Precip, mm), mean temperature (mTEM, ◦C), active
photosynthetic radiation (PAR, MJ m−2), and crop evapotranspiration under standard
conditions (ETC, mm day−1) were obtained from a 0.1◦ × 0.1◦ spatial resolution dataset
named AgERA5. Available online: https://cds.climate.copernicus.eu/ (accessed on 23
May 2022). PAR was acquired from solar radiation flux with a conversion factor of 0.47 [30].
Daily ETC was equal to actual evapotranspiration (ET0), providing a crop coefficient of
1.15 [31], on the condition of obtaining ET0 from the Peman–Mandieth (PM) formula
with several variables: solar radiation flux, 2 m maximum air temperature, 2 m mean
air temperature, 2 m minimum air temperature, mean vapor pressure and 10 m mean
wind speed.

2.2.3. Satellite Data

In this study, the LAI was considered the key state variable of data assimilation. The
LAI time series were obtained from MODIS LAI products composited every four days
at 500 m resolution on a sinusoidal grid named MCD15A3H. Available online: https:
//ladsweb.modaps.eosdis.nasa.gov/ (accessed on 23 May 2022). All the image time series
of the MODIS LAI products were smoothed by fitting envelope and regression methods for
two purposes: improving the daily temporal resolution to match the model and removing
unreasonable or abnormal values.

https://cds.climate.copernicus.eu/
https://ladsweb.modaps.eosdis.nasa.gov/
https://ladsweb.modaps.eosdis.nasa.gov/
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2.2.4. Supplemental Data

The sand and clay content data for Xilinhot City were acquired from the Resource
and Environment Science and Data Center, Chinese Academy of Sciences (CAS). Available
online: https://www.resdc.cn/ (accessed on 23 May 2022). It can be converted to soil
water-holding capacity (WHC, mm) [32]. Additionally, plant phenological information
of grassland in Xilinhot City provided by the National Ecosystem Science Data Center,
National Science & Technology Infrastructure of China, was utilized to modify the sum of
temperatures profiling the period of growth in the simulation process [33].

2.3. Methods

Three main procedures were involved in this study for the realization of grassland
aboveground biomass estimations (Figure 2): driving the ModVege model with param-
eter calibrations conducted through the MCMC method and assimilating the LAI from
MCD15A3H products into the ModVege model to improve grassland aboveground biomass
estimation. The ModVege model was mainly driven by four meteorological factors, in-
cluding PAR, ET0, Precip, and mTEM, to simulate the dry weight of different grassland
components. The likelihood functions of aboveground biomass (BM), leaf area index (LAI),
and days when the accumulated temperature reached ST2, were constructed to generate
multiple parameter combinations to drive the ModVege model. The MCMC algorithm
was used to find the maximum likelihood values of the calibration parameters in different
calibration zones, divided by Thiessen polygons according to the location of training points.
The assimilation cost function was established according to 4DVar, and the state variable
LAI (MOD15A3H products) was assimilated into the ModVege model pixel by pixel. The
results of grassland aboveground biomass at a regional scale were then generated.

Figure 2. Flowchart of the study methods. Noted abbreviations are: PAR (photosynthetic active radiation),
Precip (precipitation), mTEM (mean temperature), ET0 (actual evapotranspiration), LAI (leaf area index),
MCMC (Markov chain Monte Carlo), BM (biomass), and 4DVar (four-dimensional variational)).

2.3.1. ModVege Model

The ModVege model is a mechanism model specializing in simulating the grassland
growth process and its seasonal dynamic change, published by Jouven et al. [17,18]. The
aboveground biomass is calculated daily between senescence and green compartments, ac-
cording to the functions describing relationships between growth, senescence, and abscission
with the environment. In this study, the ModVege model was developed in the programming

https://www.resdc.cn/
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language R, version 4.0.4, to simulate the aboveground biomass (BM) and leaf area index
(LAI) [30]. The main parameters of the model and their values are shown in Table 2.

Table 2. Main parameters of the ModVege model.

Notation Unit Description Value

SLA m2/g Specific leaf area 0.0256
minSEA - The minimum value of the seasonal factor 0.67

LAM % Percentage of laminae 0.68
RUEmax g/MJ Maximum radiation use efficiency 3
maxSEA - The maximum value of the seasonal factor 1.33

T0
◦Cd Minimum temperature for photosynthesis 4

T1
◦Cd Minimum temperature for maximum photosynthetic rate 10

T2
◦Cd Maximum temperature for maximum photosynthetic rate 20

KGV
◦Cd Senescence rate, green vegetative tissues 0.002

KGR
◦Cd Senescence rate, green reproductive tissues 0.001

KlDV
◦Cd Abscission rate, dead vegetative tissues 0.001

KlDR
◦Cd Abscission rate, dead reproductive tissues 0.0005

SGV d−1 Rate of biomass loss with respiration, green vegetative tissues 0.4
SGR d−1 Rate of biomass loss with respiration, green reproductive tissues 0.2
NI - Nutrition index 0.88

Grassland had low growth with flat and low values of LAI in the early (90 days) and
latter (66 days) days of 2012. A rapid change period of LAI corresponding to all sampling
points in the study area was selected as the time window for model simulation (Figure 3),
occurring approximately from between the returning green stage to the seeding stage (DOY
90~DOY 310 of 2012).
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2.3.2. Markov Chain Monte Carlo (MCMC)

Bayesian theory can infer the posterior distribution of parameters according to prior
knowledge and the likelihood of model outputs. The relationship can be described as the
following:

P(θ|D) =
P(D|θ)P(θ)

P(D)
(1)

P(θ|D) and P(D|θ) represent the posterior distribution of parameters and likelihood
function, respectively. P(θ) is the prior distribution of parameters, and P(D) stands for
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evidence, also known as the normalization constant. In the case of the ModVege model in
this study, Equation (2) can be simplified as follows:

P(θ|D, m) =
P(D|θ, m)P(θ|m)

P(D|m)
∝ P(D|θ, m)P(θ|m) (2)

MCMC is a family of Bayesian analysis methods that provide an indirect way to
sample from the posterior distribution. Firstly, a Markov chain (the first MC in MCMC) is
identified, with its stationary distribution used as the posterior, thus sampling from this
Markov chain. When it converges to its equilibrium distribution, the goal of sampling is
essentially achieved. Unlike widely used point-estimate methods, such as the least square
method and maximum likelihood estimation, the MCMC method can simultaneously
provide unbiased estimates based on expectation and biased estimates from maximum
likelihood and some mathematical statistics, such as quantile, covariance, and the spatial
structure of parameters.

In this study, a differential evolution adaptive metropolis algorithm (DREAM) [34] was
used to realize MCMC sampling through a Python package named SPOTPY [35]. Available
online: https://github.com/thouska/spotpy.git (accessed on 23 May 2022).

(1) Parameters for calibration
LAI and BM are affected by five highly sensitive parameters, including ST1, ST2,

LLS, BMGV0, and BMD0, which are selected as calibration parameters, with their prior
distribution set to a uniform distribution. The prior distribution of calibration parameters
is shown in Table 3.

Table 3. Prior distribution of calibration parameters.

Parameter Description Range

LLS (◦Cd) Leaf lifespan [600, 900]
ST1 (◦Cd) Temperature sum defining the start of reproductive growth [600, 1600]
ST2 (◦Cd) Temperature sum defining the end of reproductive growth [1600, 5000]

BMGV0 Initial biomass, green vegetative tissues [0.01, 4.0]
BMD0 Initial biomass, dead vegetative and reproductive tissues [0.01, 1500]

(2) Likelihood function
In this study, a likelihood function for BM and LAI was constructed, also includ-

ing days when the accumulated temperature reached ST2. The likelihood function is
shown below.

like1 =
1√

(2π)k|Σ|
exp

(
−1

2
(LAIsim − LAIobs)

TΣ−1(LAIsim − LAIobs)

)
(3)

like2 =
1√

2πσBM
exp

(
− (BMsim − BMobs)

2

2σBM
2

)
(4)

like3 =
1√

2πσDOY
exp

(
− (DOYsim −DOYobs)

2

2σDOY
2

)
(5)

L = log(like1) + log(like2) + log(like3) (6)

where L is the global likelihood function, like1, like2, and like3 are related to LAI, BM, and
the day when the accumulated temperature reaches ST2, respectively. LAIsim and LAIobs
are LAI simulated values and observed values when DOY is 228, BMsim and BMobs are
BM simulated values and observed values, and DOYsim and DOYobs are the simulated
day and actual day when the accumulated temperature reached ST2. K is the number
of observations. ∑ is the covariance matrix of LAI, for which the standard deviation
is assumed to be 30% of LAI. σBM is the error of observation and equal to 10% of the

https://github.com/thouska/spotpy.git
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observation in this study. σDOY is the error of the day when the accumulated temperature
reached ST2, which is set to 2d.

2.3.3. Four-Dimensional Variational (4Dvar) Data Assimilation

The cost function of 4Dvar comprehensively considers the uncertainty of the model
parameters and the uncertainty of remote sensing observations. In this study, the cost
function of 4Dvar is as follows:

J(x) =
1
2
[x− xb]

>B−1[x− xb] +
1
2
(LAIsim − LAIobs)

TΣ−1(LAIsim − LAIobs) (7)

where x and xb both represent an array indicating ST2 and BMGV0, while x and xb are
values after optimization and calibration, B is the covariance matrix of ST2 and BMGV0, and
LAIsim and LAIobs are simulated and observed LAI time series. ∑ is the covariance matrix
of MODIS LAI, simplified to a diagonal matrix here, and the standard deviation is defined
as 30% of the corresponding observed values. Minimizing the cost function is based on
a Python package named NLOPT. Available online: https://github.com/stevengj/nlopt
(accessed on 23 May 2022).

2.3.4. Accuracy Evaluation Indexes

The mean absolute percentage error (MAPE) and root mean square error (RMSE) were
used in this study to evaluate the simulation results of grassland aboveground biomass.
The formulas are shown as follows:

MAPE =
100%

n

n

∑
i=1
| ŷi − yi

yi
| (8)

where n is the number of measurements, ŷi and yi are the simulated and measured values,
respectively. The closer MAPE is to 0, the higher the simulation accuracy is.

RMSE =

√
1
n

n

∑
i=1

(ŷi − yi)
2 (9)

where n is the number of measurements, ŷi and yi are the simulated and measured val-
ues, respectively. In this study, if the RMSE is a low value, it indicates a considerable
simulation accuracy.

3. Results
3.1. Calibration of ModVege Model

Based on the stationary distribution parameter samples being sampled by MCMC, the
parameter uncertainty and posterior distribution can be inferred. The optimal parameter
set of each zone is shown in Table 4. The posterior probability density of the parameters
calibrated in Zone 8 (Figure 4) is taken as an example to quantitatively evaluate the
ModVege model’s calibration effects. The five subgraphs on the diagonal of Figure 4
represent the posterior edge density of each parameter, and the two-dimensional projection
between different parameters is the visualization of each parameter’s covariance. The
solid lines in blue correspond to the maximum likelihood estimation of each parameter,
and the black dashed lines demonstrate the 50% quantile of the posterior probability
density distribution. Firstly, the posterior probability density distributions of ST1, ST2,
BMGV0, and BMD0 are in the shape of a normal distribution, which is consistent with the
hypothesis that the posterior distribution of MCMC is a normal distribution. At the same
time, the posterior distribution of LLS has an abnormal distribution. The reason for this
is that LLS is less sensitive than other parameters on the premise of a given observation
and prior constraint as a concrete manifestation of large posterior uncertainty. Secondly,
the maximum likelihood values are adjacent to the high-density area of each parameter

https://github.com/stevengj/nlopt
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distribution, which means that the calibration of the ModVege model can be taken as the
optimal parameter values.

Table 4. The optimal parameter values of different zones after calibration.

Zones
Parameters

ST1 (◦Cd) ST2 (◦Cd) LLS (◦Cd) BMGV0 BMD0

1 1062.00 2500.00 793.50 0.19460 519.50
2 1350.00 2628.00 796.50 0.07556 1327.00
3 619.00 2168.00 752.00 3.97300 479.20
4 862.00 2356.00 770.50 0.52600 63.53
5 696.50 2328.00 821.50 3.87500 312.80
6 1393.00 2672.00 752.50 1.07100 139.50
7 1370.00 2674.00 751.00 1.37400 1471.00
8 1160.00 2544.00 771.50 0.53100 44.50
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Figure 5 illustrates LAI and BM simulation uncertainties after calibration, with the
shaded areas representing 95% confidence intervals of LAI and BM simulated by all
the posterior calibration parameter assemblies and the solid lines indicating the point
estimation results of LAI and BM obtained by only the maximum likelihood values of the
parameters calibrated. As a whole, the uncertainty of the LAI gradually increases from
the returning green stage (DOY is about 150) to the flowering stage (DOY is about 210),
and the uncertainty reaches the maximum when the LAI curve peak is reached. With the
decrease in LAI, its uncertainty also diminishes. The uncertainty of BM changes slightly in
all periods and is relatively small in the period of rapid growth. The LAI simulated curve is
consistent with the trend of MODIS LAI, increasing in the beginning and then decreasing
and reaching a peak around DOY 200 in 2012.
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The BM simulated curve remains stable and gradually increases from the turning
green stage to the flowering stage and then decreases slightly after the flowering stage due
to the biomass consumed by respiration being greater than that stored by photosynthesis.
The simulated value of BM is close to the field observation value when DOY is 228, which
confirms that the calibration of the ModVege model works.

The calibrated ModVege model was given 17 test samples; the accuracy is shown in
Figure 6. Figure 6 shows that the BM observed value at the test points agrees with the
simulated value, with R2 = 0.66. The overall simulation accuracy is great, with MAPE at
10% and an RMSE of 242 kg/ha. The simulation error may be caused by the difference
between the test points and training points under soil, climate, and phenology conditions.
It is hard for the model calibrated by the training points to perfectly simulate the test
points. In addition, the operation of the model is mainly driven by weather factors, whose
spatial resolution is relatively coarse, resulting in the mixed pixel effect that also affects the
simulation accuracy.
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3.2. The Spatial Variability Optimization of ST2 and BMGV0 Improve the Accuracy in Assimilation

Results of regional BM simulation illustrate an obvious spatial variability because,
after assimilation at the pixel scale using the 4DVar algorithm, the spatial variability of
ST2 and BMGV0 parameters increases significantly, as shown in Figure 7. The covariance of
ST2 and BMGV0 can be calculated from posterior samples after calibration, valued between
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± 25% of their maximum likelihood values. Compared with the results of parameter
optimization before assimilation, ST2 and BMGV0 show obvious spatial heterogeneity after
assimilation, which could effectively weaken the boundary effect after assimilation. In this
study, ST2 indicates the accumulated temperature of grassland reaching the seed maturity
stage. It can be concluded from Figure 7a that ST2 in the central regions of Xilinhot is
higher than in other areas and reached the seed maturity stage later than grassland when
compared to other regions with similar climatic conditions. In contrast, grassland in the
northeast appears much earlier. BMGV0 represents the total aboveground biomass of leaves
and leaf sheaths at the beginning of the simulation. As shown in Figure 7b, on DOY 90,
BMGV0 in Northeastern regions is higher than in other areas, resulting from grassland
having a relatively early turning greening stage.
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3.3. Grassland Aboveground Biomass Estimation with the ModVege Model Using 4DVar
Assimilation Xilinhot City

Figure 8 illustrates the spatial distribution of the LAI time series in of Inner Mongolia
after assimilation in 2012. LAI shows a gradual increase from DOY 90 to DOY 270, a period
of growth at the greatest rapidity. With the yellowing and withering of roots, stems, and
leaves, LAI decreases, which is consistent with the growth cycle of grassland. When DOY
is 180, 210, and 240, LAI presents prominent spatial differentiation characteristics that LAI:
(1) features a spatial pattern that the high values concentrate in the southwest and east of
Xilinhot City, while the western area is relatively low when DOY is 180; (2) is relatively high,
but of the western areas is still lower than other areas, with the northwest area covered by
high values, when DOY is 210; (3) shows a downward trend when DOY is 240. In other
periods, grassland growth is slow, and LAI distributes relatively balanced.

Figure 9 illustrates the spatial distribution of the BM time series after assimilation for
2012. From DOY 90 to DOY 150, the aboveground biomass of grassland shows obvious
spatial variability, and the biomass is higher in the western and northeastern areas but
lower in other areas. BM changes dramatically from DOY 180 and gradually becomes stable
after DOY 210. Overall, the northeast grassland aboveground biomass is higher than in
other areas, especially central and southeastern. The reason for this is that the central areas
are close to urbanized land and frequent human activities, meaning climate conditions for
grassland growth are susceptible to disturbance, and the southeastern areas covered desert
steppe are generally occupied by drought-resistant and low-yielding grassland.
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Figure 9. Spatial distribution of BM in Xilinhotcity of Inner Mongolia after assimilation.

The simulation results of LAI and BM show an apparent boundary effect in spatial
pattern, especially when grassland grows slowly, resulting from that LAI values as state
variables are stable and low for a long time during this period, which has a little con-
straint on assimilation trajectory. The main factor affecting the simulation results is the
meteorological input of the ModVege model, which is highly uniform in space for its
coarse resolution, making it easy to cause insignificant differences in BM and LAI between
adjacent pixels but apparent variation in the regions. During the period of rapid growth,
the blocking phenomenon and boundary effect gradually weaken for the state variables
(remotely sensed LAI) at play in the assimilation, giving rise to the spatial variability
enlargement of simulated LAI and BM.

As shown in Figure 10, all testing points are distributed near the 1:1 trend line, in-
dicating that the simulated value of BM after assimilation is in great agreement with the
observed, with an R2 value of 0.62. The accuracy improved after the assimilation, with
MAPE at 10% and RMSE rising to 214 kg/ha.
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4. Discussion

In this study, a mechanism approach was compromised and applied to estimate
aboveground biomass in large grassland areas using the assimilation method. The essence
of this was to use strict mathematical theory to optimize the parameters to conform to the
vegetation growth mechanism. The implemented approach provides a feasible means to
estimate the grassland aboveground biomass. With this approach, BM and the LAI can be
qualified efficiently. This approach could simulate LAI and vegetation BM by assimilating
leaf area index into the model. This study proves the applicability of the remote sensing
data assimilation method to simulate and predict grassland aboveground biomass at a large
scale based on the machine model available. Previous studies of grassland aboveground
biomass estimation at a large scale were usually conducted via empirical models instead of
mechanism models, in which the parameters are hard to estimate and the accuracy tended
to be questionable [36].

In addition, compared with other research, the accuracy of the empirical model was
improved by approximately 20% [37]. After assimilation, this study improved the RMSE
from 242 kg/ha to 214 kg/ha. Several studies with mechanism models have also been
conducted to quantify BM, but only at the point scale without being generalizable to other
regions [38,39] with an RMSE greater than 500 kg/ha. This study realized the regional
application of the grassland growth process model and the data assimilation method on a
regional scale, which had not been realized in previous studies. The assimilation method
was adopted for regional extension. Still, the crop model was used instead of the grassland
model [25], and the accuracy from He et al. [23] is less than that of this study, with an RMSE
of 617.94 kg/ha without considering the point scale [24]. is less than that of this study with
RMSE = 617.94 kg/ha. Or even make it to the point scale [24]. In general, very few studies
have been carried out using mechanical models in the region. This study has realized the
shortcomings of the above studies and has potential for regional application.

The most valuable advantage of the mechanism model is that it can quantify the causal
relationship between environment and growth, which provides a concept to study and
deal with grassland governance within the context of global climate change in the future.
It can help decision makers and landowners gain a timely understanding of grassland
distribution, growth status and environmental dynamics compared with the same period
from previous years, and facilitating the adoption of management measures, or be utilized
as important information for agricultural insurance. The method implemented in this study
mainly relies on meteorological data [40]. Therefore, it can be applied to other regions with
well-calibrated processed-based models. It can also provide early warnings for grassland
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management by combining future climate data with real-time predictions. In addition,
it can be applied to a larger area under suitable computational conditions and sufficient
sample data [41,42]. Moreover, the relationship between the growth trend and growth
factors revealed by the model can also provide directions for governing, preventing, and
improving grassland ecology.

In this study, grassland species were not strictly distinguished, and the assimilation
accuracy was limited due to the lack of multi-temporal growth information on grassland.
Grassland management measures (such as harvesting, etc.), phenological information, and
soil characteristics of different grassland types should also be focused on to overcome the
bottleneck of various grassland-type simulations in the future. Moreover, to improve the
accuracy of assimilation, the spatial resolution of remotely sensed images needs to be finer,
and the corresponding computing pressure also needs to be solved synchronously. At the
same time, the deep learning method constrained by the mechanism model provides a
promising approach to improving accuracy [43,44]. The errors in this study were mainly
caused by the input data and initial values of the parameters in the ModVege model.
(1) In terms of input data quality, the observed BM values are obtained from the wet
weights to corresponding dry weights with 15% water content to match the simulated BM
from ModVege, according to the grassland type [45]. However, due to the uncertainty
of de-watering, there will be errors in the accuracy of verification results. The spatial
resolution of MODIS LAI data is rough [46]. At the same time, the process models such as
the ModVege model are relatively precise and have high accuracy at the point scale if the
inputs are fairly accurate. Pixels maxed with different features exist in MODIS LAI, and
outliers affected by cloud and rain cannot meet the process model’s precision requirements,
leading to uncertainty of the simulation results. (2) Only one period of observed BM time
series was captured. To ensure that the trajectory of calibration converges well in the
whole simulation time series, MODIS LAI, the same as that in the assimilation process,
was added into the cost function, resulting in minimal space for improving the accuracy
after assimilation. (3) In the case of uncertainty from the parameter values of the ModVege
model, there is a lack of in-field reference of the initial values for some parameters that are
less sensitive to the results, such as BMR0 endowed with default values and WHC obtained
by the conversion of soil texture [47]. Although the simulation result has a slight impact,
errors are still accumulating in the simulation process.

5. Conclusions

In this study, a data assimilation approach was implemented to simulate grassland
aboveground biomass using the ModVege model using the four-dimensional variational
algorithm (4DVar), with the city of Xilinhot, Inner Mongolia, used as the study area. MCMC
was used to calibrate the ModVege model effectively, and five parameters highly sensi-
tive to the results were selected to be calibrated. The uncertainty of the BM estimates,
formed by random and systematic effects, are quantitatively described, further revealing
the interpretability of mechanism models used for grassland growth simulation and in-
tuitively showing the range of possible simulation results on the entire time series. The
BM simulated by the calibrated model was close to that of the field observation values.
The uncertainty was small in the rapid growth period of grassland, demonstrating that the
assimilation strategy with the ModVege model used in this study is feasible for estimating
the aboveground biomass of grassland. To better use the assimilation method for the
retrieval of large-scale grassland growth and the pursuit of accurate biomass estimates for
further improvement, methods for quantifying the uncertainty of the observations should
be introduced, allowing for quality-conscious input data to be generated.
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