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Abstract: As global climate change deeply affects terrestrial ecosystem carbon cycle, it is necessary to
understand how grasslands respond to climate change. In this study, we examined the role of climate
change on net primary productivity (NPP) from 1961 to 2010 in the Hulunbuir grasslands of China,
using a calibrated process-based biogeochemistry model. The results indicated that: Temperature
experienced a rise trend from 1961; summer and autumn precipitation showed a rise trend before
the 1990s and decline trend after the 1990s. Winter and spring precipitation showed an ascending
trend. Simulated NPP had a high inter-annual variability during the study period, ranging from
139 g Cm−2 to 348 g Cm−2. The annual mean NPP was significant and positive in correlation with the
annual variation of precipitation, and the trend was first raised then fell with the turn point at the
1990s. Temperature had a 20–30 d lag in summer, but none in spring and autumn; precipitation had a
10–20 d lag in summer. The climate lag effect analysis confirmed that temperature had a positive
effect on NPP in spring and a negative effect in summer.
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1. Introduction

In response to anthropology causing rapidly rising concentrations of atmospheric greenhouse
gases, the mean global temperature has increased continuously since the 1850s, with even higher
rates after the 1950s [1]. Within the foreseeable future, anthropogenic climate change will lead to
global warming and more variable precipitation. Warming directly influences the precipitation pattern,
such as drier areas become drier and wet areas become wetter especially in the mid to high latitudes.
Since warming leads to an increased risk of drought in summer, but more precipitation occurs with
rain instead of snow and snow melts earlier in spring [2,3]. These changes have pronounced impacts
on terrestrial ecosystems [4], and the response of terrestrial ecosystems to climate change has been a
major research issue of global change [5]. Grasslands are one of the most widespread vegetation types
in worldwide, covering 24 million km2, nearly one-fifth of the world’s land surface [6]. It accounts for
40% of the total land area in the northern temperate zone of China [7]. Moreover, grassland vegetation
is highly sensitive and vulnerable to climate change [8]. Previous work has found that significant
climate change over the past 50 years in temperate grasslands in China has certainly affected the
plant productivity and the carbon budget of this region [9]. Due to their complexity and diversity,
the grasslands of Hulunbuir belonging to the middle latitude area, located in northeastern China,
appear to be more sensitive to climate change, making this ecosystem uniquely suitable for studies of
the effect of climate change on productivity.
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Vegetation net primary production (NPP), defined as the carbon uptake by plant through
photosynthesis, is a key measurement for the carbon cycle and feedback between terrestrial ecosystems
and atmosphere [10–12]. NPP directly measures the energy flowing into an ecosystem, while integrating
climatic, ecological, geochemical, and human influences on the biosphere [11,13]. Therefore, while
NPP is an important indicator to reflect ecosystem performance [14,15], accurate estimation of NPP is
critical to understanding the carbon dynamics within the atmosphere–vegetation–soil continuum and
the response of terrestrial ecosystem to the future climate [16].

Ground based measurements of carbon dynamics in the grassland ecosystem is time-consuming
and laborious, therefore needs an alternative model approach to achieve the measurement easier.
In recent decades, numerous models were introduced to research the carbon balance of terrestrial
ecosystems with changing environmental conditions [17], including statistical models (regression
models) [18], remote sensing based models [19], and process models [10]. Remote sensing based
models relied on historical image record that cannot be used to estimate vegetation NPP during eras
when remote sensing data lacked, therefore the time span of most studies started in the 1980s [20–23].
It is necessary to require a biogeochemical process model for understanding or predicting the impacts
of climate change (past or future) on vegetation dynamics. The Biome-BGC model, as a mechanistic
biogeochemical process model, combines a series of plant biology and ecosystem dynamics function
to simulate carbon, water, and nitrogen exchange between the pedosphere and atmosphere through
vegetation, which is more sophisticated than statistical models [10,24]. After being parameterized,
it could predict ecosystem NPP responses to climatic conditions without remote sensing images.
Due to deriving it from the forest-BGC model, the Biome-BGC model was mainly applied to forest
ecosystems simulation in early stage. In recent years, some studies reported that Biome-BGC was
applied to herbaceous vegetation even crops [25–27], but no detail work has been reported in
Hulunbuir grasslands.

In the present study, our aim is to: (1) Calibrate and localize the Biome-BGC model used in
Hulunbuir grassland community based on field surveyed biomass data and remote sensing derived
NPP; (2) investigate the evidence of NPP change and trends of typical grasslands under five decades of
climate change; and (3) assess how climate change affects grasslands by determining the relationship
between grassland growth and climate variables.

2. Material and Methods

2.1. Study Area

The study sites were dispersed in the Hulunbuir grassland, Inner Mongolia of China. (Figure 1).
This area has a temperate continental climate driven by Asian monsoon, with mean annual precipitation
of 255 mm (average during period of 1961–2010) and most of annual precipitation occurring from
May to September. Mean annual temperature is about −0.5 °C, while monthly mean temperature is
about 19.8 °C in July and −23.3 °C in January. So that the hot and rainfall are in same period (Figure 2).
The landforms from west to east are the Hulunbuir plateau, Great Khingan Mountain, and the west
Nen river plain. Average elevation is 500–900 m above sea level. The native Hulunbuir ecosystem
in the study area is high-quality grassland, representative of Mongolia, northern China. Vegetation
in the study area mainly consists of arid steppe, meadow steppe, wetland and sandy vegetation.
The community species of the region are comprised of Stipa baicalensis, Leymus chinensis, Stipa grandis,
and Stipa krylovii. This area has a continental climate of the mid-latitude zone in the Mongolia plateau
region, and local semiarid climate is deeply impacted by Siberian Mongolia cold and dry air [28].
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Figure 1. Location of the study area in Hulunbiur grassland of Inner Mongolia, China. Abbreviate site 
name (from west to east): XY (Xinbayouqi); MZL (Manzhouli); XZ (Xinbazuoqi); HLE (Hailaer); EEG 
(Eerguna); TLH (Tulihe); BKT (Boketu); ZLT (Zhalantun); XEG (Xiaoergou). 
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Figure 2. Seasonal cycle of average monthly NPP, precipitation, temperature, and solar radiation 
(ordinate axis left-to-right) during the period 1961–2010 for the mean of Hulunbuir at nine sites. 

2.2. Data Aquisition 

Moderate resolution imaging spectroradiometer (MODIS) NPP production (MOD17A1) with 
spatial resolution 1 km was retrieved from NASA (https://lpdaac.usgs.gov). Land use and land cover 
(LUCC) dataset were introduced by WESTDC (2.0) which was produced by Cold and Arid Regions 
Environmental and Engineering Research Institute of China, National Natural Science Foundation of 
China (http://westdc.westgis.ac.cn). Meteorological data were acquired from the China 
Meteorological Data Sharing Service System (http://data.cma.cn/), including daily maximum 
temperature, daily minimum temperature, daily precipitation, and daily solar radiation. Soil texture 
was extracted from the harmonized world soil database (HWSD), which was developed by Food and 
Agriculture Organization of the United Nations (FAO) [29]. Historical CO2 concentration data were 
adopted from the Global Greenhouse Gas reference Network of NOAA 
(www.esrl.noaa.gov/gmd/ccgg/trends). The atmospheric N deposition rate was derived from Zhu et al. 
[30]. Historical field grassland biomass measurements was acquired from the National Agriculture 
Science Data Sharing Center (http://grassland.agridata.cn/). 

2.3. Model Simulation  

Figure 1. Location of the study area in Hulunbiur grassland of Inner Mongolia, China. Abbreviate
site name (from west to east): XY (Xinbayouqi); MZL (Manzhouli); XZ (Xinbazuoqi); HLE (Hailaer);
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Figure 2. Seasonal cycle of average monthly NPP, precipitation, temperature, and solar radiation
(ordinate axis left-to-right) during the period 1961–2010 for the mean of Hulunbuir at nine sites.

2.2. Data Aquisition

Moderate resolution imaging spectroradiometer (MODIS) NPP production (MOD17A1) with
spatial resolution 1 km was retrieved from NASA (https://lpdaac.usgs.gov). Land use and land cover
(LUCC) dataset were introduced by WESTDC (2.0) which was produced by Cold and Arid Regions
Environmental and Engineering Research Institute of China, National Natural Science Foundation of
China (http://westdc.westgis.ac.cn). Meteorological data were acquired from the China Meteorological
Data Sharing Service System (http://data.cma.cn/), including daily maximum temperature, daily
minimum temperature, daily precipitation, and daily solar radiation. Soil texture was extracted
from the harmonized world soil database (HWSD), which was developed by Food and Agriculture
Organization of the United Nations (FAO) [29]. Historical CO2 concentration data were adopted
from the Global Greenhouse Gas reference Network of NOAA (www.esrl.noaa.gov/gmd/ccgg/trends).
The atmospheric N deposition rate was derived from Zhu et al. [30]. Historical field grassland
biomass measurements was acquired from the National Agriculture Science Data Sharing Center
(http://grassland.agridata.cn/).
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2.3. Model Simulation

2.3.1. Biome-BGC Model Description

Biome-BGC is a process-based mechanistic model that is used to simulate the storage and fluxes of
water, carbon, and nitrogen within the vegetation, litter, and soil components of a terrestrial ecosystem
with a daily time step [31]. The model originally was developed from Forest-BGC models, designed to
describe seven natural biomes, including C3 and C4 grasses [32,33]. In this model, NPP was computed
as the difference between gross photosynthesis and autotrophic respiration. Gross photosynthesis on a
unit projected leaf area basis was estimated independently for the sunlit and shaded canopy fractions
using the Farquhar photosynthesis routine [34]. The maximum rate of carboxylation was calculated
as a function of the specific activity of the Rubisco enzyme (itself a function of leaf temperature), the
weight fraction of nitrogen in Rubisco enzyme, the specific leaf area, and the leaf C:N ratio. Autotrophic
respiration was the sum of maintenance and growth respiration of the different parts of the plant
(canopy, stem, and roots). Maintenance respiration of each plant component was calculated as a
function of tissue mass, tissue nitrogen concentration, and tissue temperature. Growth respiration was
a simple proportion of total new carbon allocated to growth. More details of the modules description
could be found in Thornton 2010 [35].

This model requires three types of datasets: Daily climate data (maximum and minimum
temperature, precipitation, solar radiation, and vapor pressure deficit (VPD)), site parameters
(i.e., soil texture, active soil depth, annual nitrogen deposition, elevation, latitude), and eco-physiological
characteristics of vegetation parameters [36]. MTCLIM (version 4.3) was used to reprocess the daily
meteorological data to match the Biome-BGC model data input [37,38].

2.3.2. Model Calibration

In the present work, we tuned eco-physiological parameters for adjusting model simulating
processes referring to the site grass composition structure. Based on mechanisms of Biome-BGC
modules described in the above section, we mainly refined the parameters that closely related
to NPP simulation, such as allocation, maintenance, respiration, etc. Biome-BGC is considered a
“big-leaf” model: It treats the landscape canopy as a single leaf layer with a given thickness and is
neither individual nor species-based [39]. In the study area, grass community was composed of four
constructive species (Stipa baicalensis, Leymus chinensis, Stipa grandis, and Stipa krylovii). We assumed
that the “big-leaf” canopy was a homogeneous mixture of these species (averaging each species’
eco-physiological properties). Additionally, the eco-physiological parameters of each species were
measured in the growing season at Xilin area [40]. We refined the parameter based on weighted
average of characteristics of four species. Thus, the parameter settings for grasses will be adapted
to conditions in Hulunbiur. Field measured grass biomass in the HLE region was used to assess the
model performance. All field survey data were only collected aboveground the biomass enclosure plot
in late August or beginning of September of each growing season, and no underground biomass of
grass was measured. Therefore, we calculated the NPP by using the equations as follows [26,27]:

NPP = DMAG × 0.45 + DMBG × 0.36 (1)

DMAG
DMBG

=
1
3

(2)

where DMAG and DMBG indicate aboveground biomass (dry matter) and belowground biomass,
respectively. 0.45 and 0.36 represent carbon content (gC/m2kg).

The root mean square error (RMSE) was used as an indice to evaluate the model performance
when parameters tuning. The lower RMSE indicates higher accuracy of NPP estimate. After the manual
tuning model, the optimized parameters were shown in Table 1, and the model performance in HLE
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was depicted in Figure 3. Then, we initialized at all nine sites with the same set of eco-physiological
parameters to simulate the NPP.Sustainability 2019, 11, x FOR PEER REVIEW 5 of 16 
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the dot means measured year, i.e., 89 is 1989, and 85, 90 data were missed in the field survey record).

Table 1. Eco-physiological parameters for site community.

Eco-Physiological Parameters. Values

Soil depth (m) 1 [40]
Annual leaf and fine root turnover fraction (1/a) * 1
New fine root C:new leaf C (ration) * 1.5
C:N of leaves (kgC/kgN) * 16.82
C:N of leaf litter (kgC/kgN) * 26
C:N of fine roots (kgC/kgN) * 30
Leaf litter labile proportion (DIM) 0.563
Leaf litter cellulose proportion (DIM) 0.369
Leaf litter lignin proportion (DIM) 0.068
Fine root labile proportion (DIM) 0.34
Fine root cellulose proportion (DIM) 0.44
Fine root lignin proportion (DIM) 0.22
Dead wood cellulose proportion (DIM) 0.75
Canopy water interception coefficient (1/d/LAI) 0.01
Canopy light extinction coefficient (DIM) 0.48
Canopy average specific leaf area (m2/kgC) 17.86
Maximum stomatal conductance (m/s) 0.006
Cuticular conductance (m/s) 0.00006
Boundary layer conductance (m/s) 0.04
Leaf water potential: start of conductance reduction (MPa) −0.73
Leaf water potential: complete conductance reduction (MPa) −2.7
VPD: start of conductance reduction (Pa) 1250.0
VPD: complete conductance reduction (Pa) 5000.0

* asterisk indicates the main eco-physiological parameter tuned in model calibration.

2.4. Model Validation of Other Sites

Without sufficient field-measured data, it is difficult to validate the model result in a regional
scale. Here, the Biome-BGC simulations were compared with MODIS NPP which has been used for
evaluating biomass or NPP dynamic of grassland [41–43]. In consideration of MODIS NPP based on
remote sensing raster data, the LUCC raster mask was used to extract the grassland area of MODIS
data. In order to calculate the regional mean NPP where the Biome-BGC site was located, we estimated
the MODIS NPP derived as the median value of 10 × 10 km windows centered on each site.
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2.5. Lag of Climate Effect on Grass NPP

In order to quantify the time lagged effects of climatic factors on grassland NPP, we divided each
month during the growing season into thirds: First 10 days, second 10 days, third 10 days (for months
of 28 or 31 days, the third period is defined as 8 or 11 days, respectively). We then calculated correlation
coefficients for each 10 d NPP to climate factors (temperature and precipitation) averaged over the
current 10 d and the previous four 10 d intervals. We identified the maximum value of these five
coefficients as “peak lag”, which is the time period when the climate has the strongest effect on NPP
(Figure 4).
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2.6. Statistics

Temporal trends in the data variables were examined by the linear least squares regression and
F-test was used for the significance testing. CV (coefficient of variation) is the ration of standard
deviation and mean value, which evaluates temporal amplitude of variation. The anomaly was
calculated from the time-series values minus averaged values and divided by these average values.
Pearson correlation coefficient was applied to calculate the relation between two variables. Moving
average method was applied to eliminate abnormal values for featuring trend in time series data.
All statistics were carried out in the R program (version 3.4).

3. Result

3.1. Model Validation

The comparison of Biome-BGC simulated NPP against MODIS NPP was shown in Figure 5a.
The correlation coefficient suggested that Biome-BGC performed well in assessing the effect of climate
on NPP in the study area (R2 = 0.67, slope = 0.9045, p < 0.01). The comparison of multi-year mean NPP
of each site was depicted in Figure 5b. The differences of Biome-BGC simulated and MODIS NPP are
small and most of them showed as non-significant in statistics, which also indicates that the result of
the simulation was reliable.
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3.2. Trend of Climate Change

Across all sites, the annual accumulated temperature (AT) was monotonic significantly increasing
at a rate of 8.12 ◦C/a with slight fluctuation. In contrast, there was no constant significant trend in
annual precipitation (AP), but wide inter-annual variability was apparent (ranging from −33.1% to
77.8%), especially after the 1990s (Figure 6 and Table 2).

To assess the changes in each season, the five-year moving average temperature and precipitation
from 1961 to 2010 were depicted in Figure 7. Temperature displayed a noticeable increasing trend for
each season. The temperature of spring, summer, and autumn increased approximately 0.04 ◦C/a,
while winter displayed a more rapid rising trend at 0.06 ◦C/a. Remarkably, summer and autumn
temperatures have been warming dramatically at a rate of 0.082 and 0.068 ◦C/a, respectively since the
beginning of the 1990s. Meanwhile, it is notable that precipitation increased in spring and winter and
deceased in summer and autumn after the 1990s.

3.3. Dynamic Changes of NPP

Most of the sites showed that NPP slightly decreased but with no significant trend in the past
five decades at all sites (Table 2). The inter-annual variation of averaged NPP of the nine sites are
shown in Figure 6. Annual NPP exhibited inter-annual range variability in the past five decades and
the amplitude of variation before the 1990s was larger than after the 1990s. NPP slightly increased to
the highest point around the 1990s and then declined sharply. The annual mean NPP from highest
to lowest are ZLT, XEG, BKT, TLH, EEG, HLE, MZL, XZ, XY, with a decreasing trend from southeast
to northeast which was according to precipitation distribution, due to monsoon moisture decreasing
from near coastal area to inland (Figure 1).
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Table 2. General characteristic of nine study sites and trends in AT, AP, and NPP.

Site. Elevation
AT AP NPP

Mean Trend CV p mean range CV Trend p mean range CV Trend p

BKT 740 2253 5.2 0.05 <0.01 463 −52%–62% 0.19 −0.13 0.89 275 –37.1–39.0% 0.19 –0.26 0.60
EEG 581 2360 10.6 0.08 <0.01 356 −42%–52% 0.20 −0.33 0.67 246 –32.3–45.7% 0.20 –0.19 0.70
HLE 610 2549 8.8 0.06 <0.01 347 −64%–56% 0.22 0.93 0.24 235 –54.5–49.8% 0.21 0.67 0.14
MZL 662 2492 8.9 0.07 <0.01 284 −51%–107% 0.31 −1.51 0.09 209 –59.3–59.6% 0.23 –0.64 0.19
TLH 733 1903 5.2 0.06 <0.01 442 36%–47% 0.17 −0.81 0.30 240 –31.8–12.5% 0.10 –0.22 0.32
XEG 286 2586 9.1 0.06 <0.01 496 −42%–102% 0.23 0.85 0.46 299 –38.7–21.3% 0.13 –0.04 0.91
XY 554 2818 8.5 0.06 <0.01 241 −57%–145% 0.37 −0.81 0.38 196 –48.1–71.9% 0.27 –0.46 0.40
XZ 642 2745 8.0 0.06 <0.01 272 −54%–117% 0.29 −0.03 0.97 200 –44.2–68.2% 0.23 –0.28 0.53
ZLT 307 2972 8.8 0.05 <0.01 487 −56%–128% 0.27 0.47 0.73 296 –56.4–35.9% 0.19 –0.04 0.94

Note: Elevation (m); AT (◦C) is accumulated temperature; AP (mm) is annual precipitation; mean indicated average of 50 years; CV is coefficient of variation; Trend is the slope of unary linear
regression for past 50 years.
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Figure 7. Five-years moving average time series of seasonal NPP variables and two key climate
variables. Note: (a) Spring, (b) Summer, (c) Autumn, (d) Winter. Double asterisks (**) indicate
extremely significant correlation (p < 0.01)

3.4. Lag Effect of Climate Factors

Temperature exhibited a negative effect on NPP in summer, while positive in spring and autumn
(Figure 8). At the beginning and end of the growing season (April to May), the peak lag was short
(0–10 d). In other words, current temperature directly impacted current grass growth in these periods.
From mid-May to early July, the response of NPP to all time slices of temperatures was nonsignificant.
From mid-July to September, there is a prominent lag in NPP response to temperature, and the lag
length is overlapped. Unlike temperature, precipitation mainly exhibited a positive effect on NPP
over the whole year, except for a weak negative correlation during the early growing season, and the
significant lag effects emerge in June until the end of the growing season. The highest contemporaneous
correlation coefficient has almost a 10 or 20 d lag.
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4. Discussion

4.1. Model Validation

In this study, our simulations indicated that the Biome-BGC after optimized parameters is an
appropriate model to estimate NPP of the Hulunbiur grassland ecosystem. The correlation of coefficient
between field measured and simulated NPP was high (R2 = 0.66) so that the accuracy of the simulation
was in agreement with other studies [27,44,45]. Then, the simulated NPP by the parameterized
Biome-BGC model was compared to MODIS NPP data. The result confirmed that the accuracy of the
model is adequate in regional scale. The ability to accurately simulate the productivity of the study
area supported us to analyze the long-term grassland carbon budget dynamics in response to historical
climate change.

4.2. Response of Grassland NPP to Climate Change

The coefficient of correlation between annual NPP and precipitation was extremely significant
(r = 0.82, p < 0.01), while with the annual mean temperature it was a nonsignificant correlation in the
view of the whole region for the time period 1961–2010 (Figure 6). Comparing 50 years of annual NPP
with temperature in each season, the results indicated that the climate factors impact of grass growth
varies with seasons: The correlation coefficient of temperature and NPP are 0.41, −0.43, and −0.02 in
spring, summer, and autumn, respectively; and the correlation coefficient of precipitation and NPP are
0.11, 0.81, and 0.44 in spring, summer, and autumn, respectively. Temperature and precipitation are
both key factors influencing grasslands worldwide [46]. Temperature is a fundamental regulator of
physiology and biochemistry processes. However, temperature effects on plant growth is complicated:
On one side it can accelerate photosynthetic rates, enhance water use efficiency, and prolong the
growing season; on the other side it can increase respiration, speeding up evapotranspiration that causes
soil water stress [47]. In addition, warming temperature may increase the microbial decomposition N
mineralization [48,49]. Our study indicated that temperature showed significant positive effects on
grass growth in spring and significant negative effects in summer. Higher temperatures will enhance
grass productivity in spring but reduce it in summer. AT, as the heat index of plant growth, was detected
that the parallel rising global temperature was approximately at a rate of 8 ◦C/a [50]. This means that
effective temperature during the growing season increased approximately 400 ◦C/a (nearly 17%) from
1961 to 2010. Although temperature has a weaker effect on annual NPP than precipitation, the effects
of temperature on NPP could not be neglected [51–53]. Under global temperature continuously rising,
many studies reported that plants have shifted to begin their growing season earlier in response to
rising temperature in the northern hemisphere over the past several decades [54].

Precipitation is the essential limiting factor in arid and semi-arid regions [55,56]. Our results
confirm that previous studies reported a significant and positive correlation between inter-annual
variation of precipitation and NPP at site level studies [57,58]. In this study area, grass grows rapidly
in summer when it is hot and rains at the same time, so that NPP in summer was approximately 60%
proportionate in the current year, meanwhile that showed a strong relationship with the current season
precipitation [59] (Figure 2). This means that precipitation from June to August is essential for grass
growth. Zhang [5] researched the same conclusion in Inner Mongolia. Jobbagy and Sala [60] studied
the relationship of grass aboveground NPP and precipitation in Patagonian steppe and suggested
that the effect of seasonal precipitation on grass growth is more important than annual precipitation,
which implies that grass growth concentrates on a relative short suitable physiological stage. Thus,
the warming climate and decreased precipitation lead to soil moisture deficit, which may be the
primary factor limiting grass productivity from the 1990s.

4.3. Lag Effects

Similar to its effect on inter-annual grass NPP, temperature exhibits two sides: Higher temperature
directly stimulates grass growth in re-green stage and accelerates evapotranspiration causing water
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stress that restrains growth in summer. Water is not a primary limitation in the beginning of the
growing season because water availability could be supplemented by thawing frozen snow/earth in
cooler and wetter regions at meadow steppe. Additionally, grass is sensitive to temperature at this
stage. Therefore, temperature is the basic environment factor. On the other hand, water consumption
by grass is low at the beginning of the growth period because the grass leaves are small with lower
evapotranspiration. Thus, the temperature peak lag is less than 10 d and there is no significant
correlation with precipitation early in the growing season. Shen [61] found analogous results in cooler
and wetter regions, which can explain that grass growth has no significant correlation to precipitation
in the re-greening stage. Zhang [62] noted that both ecosystem photosynthesis and respiration have
closer relationships with temperature in the early months of the growing season at a 10 d scale, which
is in agreement with our results.

In the summer, excessive heat accelerates evapotranspiration resulting in a soil moisture deficit,
which indirectly affects plants as a negatively limiting factor. Generally, there is a time lag for rainfall
to be utilized, as the rainfall moves through the soil, absorbed by the roots, and finally used by the
plant body. On the contrary, heat-driven water stress has a longer lag time due to the water-holding
capacity of the soil. This could explain why precipitation showed 10–20 d lag, while temperature had a
20–30 d lag in summer. This finding reinforces the concept that precipitation is a major limiting factor
influencing biomass in arid and semi-arid grassland ecosystems [63,64].

4.4. Uncertainty

Field harvest measurement was widely used to model validation [27,59,65]. In general, the field
biomass measurements that represented NPP depends on the number of samples and the homogeneity
of field vegetation. More attention was paid to choose homogeneous field samples that represented
a wider area with similar vegetation growth, coverage, and species mixture ration, which played a
significant role on model calibration. That is one of the reasons reliable remote sensing derived NPP
data were introduced as auxiliary data for spatial validation [42]. Another uncertainty is that the best
model parameters group for target site simulation is hard to obtain. The parameters optimization
deeply depends on experts experience [66]. We just tuned model accuracy that was acceptable. In future
study, machine learning algorithm should be applied in model calibration, for searching best parameter
groups [67]. Lastly, the responses of grassland growth NPP to climate changes are the product of
complicated interactions among environment factors, such as nitrogen deposition changes, human
disturbance, and land use change [68,69]. It is necessary to integrate these factors for improving the
precision of the model and that could apply on short-term simulation.

5. Conclusions

In this study, a mechanic biogeochemical model was calibrated under the parameters optimization
framework, localized to estimate NPP of grassland in Hulunbuir, and examined the carbon dynamics
and its response to climate change in a long-term period (1961–2010). In the view of the whole
region, NPP exhibited substantial yearly variation and slightly ascending trend before the 1990s while
descending after the 1990s. Precipitation was a dominant factor affecting NPP variation, while rising
temperature promoted grass growth in spring and restrained it in the summer. The lag effect analysis
reinforced the relationship between NPP and climate factors. In summary, this study provided a
profound understanding of grassland growth response to climate change through reestablishment
of carbon dynamic in the past decades by using a mechanic model, which could serve as a scientific
reference for rational utilization and management of the pasture.
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