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Soil nutrient depletion is one of the characteristics of steppe degradation. Soil nitrogen (N) storage is
an indicator of ecosystem productivity, and its simulation is necessary to monitor steppe degradation
and for recovery measures. The study presents a simulation framework of soil N storage by integrating

Accepted 30 January 2014 a denitrification-decomposition (DNDC) ecosystem model-based simulation and multi-source remote
sensing data-based inversion. The DNDC model is a key player in the framework, whereas remote sensing
gg’g/cords' prepares the input parameters and verification data. To run a DNDC model spatially, climate, soil, and

vegetation databases were built, and land use, slop, grazing, and mowing parameters were formulated
by remote sensing inversion. A soil N storage prediction model was established with the maximum of
normalized difference vegetation index (NDVI) to provide comparable results with the simulation of
soil N storage with the DNDC model. The results indicate that soil N storage declined from east to west
throughout the study area. From 1990 to 2011, no change in the spatial distribution of soil N storage
was determined, and the spatial heterogeneity of soil N storage decreased with its increase in the low-N
area and decrease in the high-N area. A significant correlation (P<0.01) was determined between soil N
storage data detected by remote sensing inversion and that simulated with DNDC, and both estimation
results of soil N storage matched well. Soil N storage simulated with the DNDC model was more sensitive
to soil organic carbon (SOC), bulk density, pH and N fixation index than other parameters, and using
the most sensitive factor (MSF) method, the range of annual mean soil N storage was determined to be
between 2339.61 and 5484.61 kg ha~'. The variation in regional soil N storage in a typical steppe in Inner
Mongolia, China can therefore be simulated using the DNDC model with support from remote sensing.
© 2014 Elsevier Ltd. All rights reserved.
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1. Introduction

Soil N storage is a nutrient source for vegetative growth
(Galloway et al., 2004; Krug et al., 2002), especially in a natural
steppe ecosystem with low N fixation and N mineralization (Allison
et al., 2010). However, in many of the world’s semi-arid regions,
the steppe ecosystem is currently facing degradation (Verdoodt
et al., 2009), which can significantly affect the carbon (C) cycle,
regional economy, and climate (Kirschbaum et al., 2008; Qi et al.,
2012; Wang et al.,, 2007; Wang et al., 2011). Soil N storage is a
critical indicator of the degradation extent and the recovery poten-
tial of steppes. However, estimation of soil N storage in a steppe
ecosystem is complicated by the influence of many factors, includ-
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ing biodiversity, grazing, topography, and climate (Wang et al.,
2012).

At present, information on soil N storage of steppes is derived
mostly from digging soil profiles by field investigations, with the
location of sampling points obtained by the satellite-based global
positioning system (Ammann et al., 2009; Huang et al., 2007; Liu
etal.,2009; Tianetal.,2006; Yang et al.,2007). Ground-based meth-
ods are not practical for extensive geographic areas, especially in
remote regions (Feng and Zhao, 2011; Veum et al., 2011; Wang and
Chen, 2012).

With remotely sensed data, soil N storage can be inferred from
the N stress of vegetation, which is an important indicator that can
be monitored (Hilker et al., 2012; Ryu et al., 2011). N, phosphorus
(P), and water are the main factors limiting the growth of vegeta-
tion in the typical steppe of Inner Mongolia, China (Liu et al., 2009).
An abundant supply of N can reduce the negative effect of water
stress on the growth and physiology of vegetation in steppes in
semi-arid regions (Zhouetal.,2011). Yuetal.(2006) also confirmed
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that the constraining effect of N on steppe ecosystems in semi-arid
regions is greater than that of water and P. Based on the hypoth-
esis that higher soil N storage leads to better vegetation growth, a
regression model of soil N storage and NDVIax can be built at the
pixel level, and a reversion of soil N storage can be achieved. How-
ever, the method takes the steppe ecosystem as a “black box” and
neglects influencing factors and interaction among them (Feng and
Zhao, 2011). An ecological process model, such as the CENTURY,
Hole-in-the Pipe (HIP), and DNDC models, can conveniently inter-
pret the mechanism by which soil N storage changes. However,
such models usually need a large number of parameters, especially
for the simulation of regional ecological processes. Remote sensing
methods can support process-based ecological models for regional
simulations by providing regional model parameters and verifying
the simulation results with reversion of soil N storage. Integration
of processed-based ecological models and remotely sensed data
analysis is a promising method for the simulation framework for
soil N storage.

On the basis of field and laboratory observations, some pro-
cess models have been developed, such as the “HIP” model
(Firestone and Davidson, 1989), the Carnegie- Ames-Stanford
approach (CASA) model (Potter et al., 1993), the CENTURY model
(Parton et al., 1987), and the NGAS model (Parton et al., 1996).
With these models, the loss of soil N storage as nitric oxide (NO)
and nitrous oxide (N, 0) is calculated as a fraction of rates of either
soil N mineralization or nitrification without consideration of the
kinetics of the relevant biochemical reaction (Li, 2000). The kinet-
ics of production, consumption, and diffusion of NO and N,O in
the sequential reactions may bring about the variation of soil N
storage across climate zones, soil types, or ecosystems at different
temporal scale. The DNDC model is equipped with detailed biogeo-
chemical processes of N turnover to simulate N dynamics (Li et al.,
2006); can simulate and output the daily step variation of different
forms of N, such as ammonium (NH4 "), nitrate (NH3 ), NO, N, O, N>,
and microbial nitrogen; and also output annual variation of N pools
when a multi-year simulation is conducted. Therefore, when a sim-
ulation of soil N storage spans many years, a multi-year variation
of soil N storage can be obtained without revising the structure of
the original model. In addition, the dynamic soil temperature and
moisture are required to run the HIP, Century and NGAS models,
and obtaining these parameters through field experiment is labo-
rious at regional scales. The DNDC model can produce dynamic soil
temperature and moisture profiles and shifts of aerobic-anaerobic
conditions based on climate database (Li et al., 1992). The climate
data are relatively easy to obtain from local meteorological sta-
tions. This can greatly reduce manpower and the cost of field work.
Furthermore, the soil and vegetation data of DNDC can be well com-
bined with GIS technology that provides a good interface for the
remote sensing information, and some parameters, such as slope
and land use parameters, can conveniently obtained by remote
sensing.

The DNDC model was originally developed to simulate N,O
emissions from cropped soils in the US (Li et al., 1992). Later
researchers have modified the model to adapt it to other production
systems, and the DNDC model has been applied widely to farmland,
forest, wetland, and grassland ecosystems (Li et al., 1994, 2005).
Many of these modifications have been incorporated into later ver-
sions of the DNDC model (Giltrap et al., 2010). The DNDC model
is capable of simulating the magnitudes and dynamics of C and N
pools with limited modifications (Li et al., 2011). The emissions of
NO, N,0, N,, and ammonia (NH3), as well as seasonal variations
of NH4*, NO3~, and N leaching in soil, have been independently
simulated by a wide range of studies worldwide during the past
two decades (Butterbach-Bahl et al., 2001; Beheydt et al., 2007,
2008; Li et al., 1992; Li et al., 2006; Wang et al., 1997). Recently, at
the Inner Mongolia Grassland Ecosystem Research Station, Xu et al.

(2003) and Kang et al. (2011) successfully simulated the N,O flux
and C dynamics with the DNDC model. To our knowledge, the use
of the DNDC model in simulating soil N storage variation has not
been documented at a regional scale, and it still needs to be tested
further.

In this paper, with the modified soil and vegetation parame-
ters, the DNDC model, supported by multisource remote sensing
data, was used to simulate regional soil N storage dynamic in Inner
Mongolia, China. This study aims to validate the applicability of the
DNDC model (version 9.5P) in soil N storage simulation in a typical
steppe ecosystem to compare the obtained results with the out-
come of remote sensing inversion and to analyze the uncertainty
of results related to the input parameters.

2. Study area and research methods
2.1. Study area

The study areais located in the central part of the Xilingol League
of Inner Mongolia, China, covering a total area of 97,000 km? and
spanning from 43°2’ to 46°44’ in latitude and from 113°27 to
119°12’ in longitude; the area includes Abag Banner, Xilin Hot,
West Ujimgqin Banner, and the majority of East Ujimqin Banner in
the administrative division (Fig. 1). Dominated by a semi-arid cli-
mate, the region has a mean annual temperature of 2.2 °C (varying
between —2.3 and 5.6°C) and a mean annual rainfall of 270 mm
(varying between 200 and 350mm) (Li et al.,, 2012a). The low-
est and highest mean monthly temperatures occur in January
(=15.4°C--22.4°C) and July (18.2°C-23.4°C), respectively. The
typical steppe is the main ecosystem type, the dominant vegetation
includes Stipa grandis, Stipa krylovii, Leymus chinensis, Cleistogenes
squarrosa, Artemisia frigida, Caragana korshinski, and Agropyron
cristatum, and the growing season is from April to August. Approx-
imately 70% of the annual rainfall falls from June to August, which
coincides with the occurrence of peak temperatures (Feng and
Zhao, 2011). Rainfall gradually decreases from east to west across
the region. The study area is mainly composed of zonal soils, such
as light chernozem, meadow chestnut, dark chestnut, chestnut, and
light chestnut, which is consistent with the transitional character-
istic of the climate. Scattered azonal soils also exist, such as aeolian
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Fig. 1. Location of study area and sample plots.
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sandy, bog, fluvo-aquic, salinization chestnut, and regosols. Graz-
ing and mowing are major land use types, and animal husbandry is
the main industry in the region.

2.2. DNDC model and its implementation

2.2.1. DNDC model

The DNDC model is a process-based ecosystem model involving
in two parts. The first part, which can simulate soil environmen-
tal conditions (temperature, moisture, pH, oxidation-reduction
potential, and substance concentration), is composed of three
submodels, namely, soil and climate, plant growth, and organic
matter decomposition. The second part contains three submodels,
namely, nitrification, denitrification, and fermentation, which are
used to simulate the effect of soil environment on the activity of
microorganisms. With these six submodels, DNDC can simulate the
variations of C and N pools as well as the emissions of carbon diox-
ide (COy), methane, N,O (Li et al., 2005; Li et al., 2011), NH3, NO,
and N, (Lietal.,2012b)in the vegetation-soil system. More detailed
information on the DNDC model can be found in several previous
publications (Li et al., 1992, 1994, 2005).

2.2.2. Simulation framework of DNDC supported by remote
sensing

To simulate regional soil N storage, the DNDC model needs to
divide the region into a series of simulation units and integrate
the obtained climate, soil, vegetation, and management measure
data into a GIS database (Li et al., 2011). The division of simula-
tion units requires that the ecological driving factors in each unit
be relatively consistent. The model takes each simulation unit as a
simulation point and uses the simulation result at each point to rep-
resent the simulation unit (Li et al.,, 2011). Based on the information
in each simulation unit, simulation unit files are built and read by
the DNDC model in batch mode. Therefore, the initial parameters
of climate, vegetation and soil set by the model have an impor-
tant influence on the simulation value in later years. The simulation
results are checked by the inversion of remote sensing, which has
real-time characteristics. The DNDC model is a key player in the
simulation framework, and remote sensing prepares input param-
eters for the DNDC model and verifies the rationality of simulation
results (Fig. 2).

2.2.3. Image data preparation
The images from the Thematic Mapper on NASA’s Landsat 5
satellite (30 m resolution) in the growth season of 1990, 1995,

Simulation
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2000, 2005 and 2010 were classified manually to obtain a land
use map, which was used to provide assistance in dividing the
DNDC simulation units. The advanced spaceborne thermal emis-
sion and reflection radiometer global digital elevation model (30 m
resolution) was used to generate a slope map. The advanced
very-high-resolution radiometer-normalized difference vegetation
index (AVHRR-NDVI) data (1000 m resolution; 1990-2008) and the
moderate-resolution imaging spectroradiometer (MODIS)-NDVI
data (1000 m resolution; 2000-2011) were used to identify the
mowing and grazing regions (see Section 2.2.5). The former and
latter data were respectively synthesized with the 10 and 16 d max-
imum and minimum values from June to August. Relevant analysis
of AVHRR-NDVI and MODIS-NDVI data from 2000 to 2008 indi-
cated a good correlation between the two data sources at the 0.05
significance level. Approximately 74.24% and 89.31% of the total
area of the region had correlation coefficients larger than 0.7 and
0.5, respectively. We assumed that the simultaneous use of the
two data sources will only slightly affect the identification of the
grazing and mowing regions of each year. We also pre-processed
AVHRR-NDVIand MODIS-NDVI data with harmonic analysis of time
series (Jakubauskas et al., 2001) to weaken the influence of cloud
pollution.

2.2.4. Meteorology, plant, and soil parameters

A meteorological database was built based on the 1990 to 2011
meteorological data provided by five weather stations in Abag Ban-
ner, Narenbaolige, West Ujimqin Banner, East Ujimqin Banner, and
Xilin Hot (Fig. 1). The meteorological parameters, such as nitrogen
content in rainfall and the atmospheric background concentration
of NH3 and CO,, were determined with the default values of the
DNDC model.

A vegetation database was built according to a Chinese vegeta-
tion type map at the scale of 1:1,000,000, which was based on a
1980 to 2008 vegetation survey. The vegetation parameters were
determined with the dominant vegetation in different steppe types.
The dominant vegetation parameters mainly came from the 2011
field quadrat survey and related reference, which are all listed in
Table 1.

A soil database was built according to the results of the Xilin
Gol League soil survey that was conducted from 1980 to 1987 and
was supplemented with a field soil survey in 2011. The main soil
parameters are listed in Table 2. Because the salinization chestnut
and regosols soils were less than 1% of the total study area, no soil
sampling was conducted. The soil parameters of salinization chest-
nut soil, which was a subclass of the chestnut soil, was set with the
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Fig. 2. Simulation framework of soil N storage with the DNDC model supported by remote sensing.
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Table 1
Values of input vegetation parameters used in the DNDC model.

Parameters Stipa grandis Stipa Leymus Cleistogenes squarrosa Artemisia frigida Caragana korshinski Agropyron cristatum
krylovii chinensis

Maximum biomass production 3323.6 1642.2 3536.67 1670 1200.12 2201.55 2578.88
(kgCha~'year—1)?

Grain fraction of biomass® 0.02 0.04 0.03 0.02 0.06 0.04 0.07

Leaf and stem fraction of 0.55 0.49 0.55 0.51 0.37 0.57
biomass?®

Root fraction of biomass? 0.43 0.47 0.42 0.48 0.43 0.59 0.36

C/N ratio of grain® 29.08 28.23 27.78 29.02 17.72 25.26 31.22

C/N ratio of leaf and stem? 28.04 26.88 24.73 23.51 23.91 19.45 4591

C/N ratio of root? 48.67 42.99 52.03 59.27 55.39 24.65 44.99

Water requirement 250 250 250 250 250 250 250
(kg water kg~! dry matter)®

Max_LAI* 0.5 0.8 2 1 2 1.5

Max_height (m)? 0.95 0.7 0.7 . 0.6 13 0.8

TDD® 2500 2500 2500 2500 2500 2500 2500

N fixation index? 1.01 1.01 1.01 1.01 1.01 1.01 1.01

2 Refers to the parameters derived from the field observation.

b Refers to the parameters derived from Kang et al. (2011).

¢ Refers to the parameters derived from Chen and Wang (2000).

d Refers to the parameters derived from the default values of the DNDC model.

parameters of chestnut soil. The parameters of regosols were set
with the default values of sand soil in the DNDC. In addition, the
slope parameter was the average of pixels of a unit with the slope
image that was extracted from the advanced spaceborne thermal
emission and reflection radiometer global digital elevation model
(ASTER GDEM) image (30 m resolution).

2.2.5. Grazing and mowing intensity parameters

Grazing and mowing are major land use types in the study area
and are also the main human driving factors in simulating a steppe
ecosystem with the DNDC model. Based on the field survey, the
grazing and mowing regions are used separately, i.e., no mowing
occurs in the grazing region, and no grazing occurs in the mow-
ing region. The growing season in the study area is from April to
August, and the aboveground biomass reaches its maximum in July

year during this period. Given the high correlation between NDVI
and land surface biomass (R%=0.74) (Jin et al., 2011) in the study
area, we calculated the change rate of the aboveground biomass
after it was stabilized with Eq. 1. The aboveground biomass has
different change rates because of mowing, grazing, and grazing pro-
hibition measure. Thus, we set the change rate of V=0.3 as the
threshold value for separating the mowing and grazing regions
after several experiments of manual classification combining the
spatial distribution of the mowing region obtained in the field sur-
vey. The regions with V>0.3, 0<V<0.3, and V=0 were taken as
the mowing, grazing, and grazing prohibition/non-steppe regions
of the year, respectively.

(NDVImax — NDVIpin) (NDVpo > 0)

. . ; V= NDVIppin , (M
or August (Bai et al., 2004, 2007; Wu and Loucks, 1992). Little vari-
ation is observed in biomass, and the herdsmen mow grass once a 0 (NDVlpin < 0)
Table 2
Values of input soil parameters used in the DNDC model and the range of sensitivity parameters
Parameters Light chernozem  Meadow chestnut  Dark Chestnut Light Aeolian Bog Fluvo-
chestnut chestnut sandy aquic
Texture S_loam? S_loam S_loam S_loam S_loam Sand S_loam S_loam
SOC at surface soil (0-5cm) (kgCkg~')  0.0252 0.0147 0.0198 0.0171 0.0085 0.0038 0.0211 0.0168
0.0122- 0.0116- 0.017- 0.01- 0.0095- 0.0003- 0.0137- 0.0009-
0.0446 0.038 0.0227 0.0224 0.0149 0.0107 0.03 0.0347
Clay fraction® 0.143 0.139 0.086 0.070 0.03 0.03 0.1087 0.0682
(0-1)°
Bulk density (gm~3)° 1.273 1.472 1.393 1.449 1.54 1.53 1.419 1.53
0.94-1.61 1.38-1.56 1.05-1.80 1.12-1.74 1.39-1.69 1.10-1.77 1.39-1.45 1.24-1.82
pH* 7.495 8.635 7.759 7.725 8.24 8.14 7.6 8.28
7.45-8.47 7.77-9.50 6.20-9.19 6.21-9.26 6.40-10.07 7.30-8.63 7.1-8.16 7.09-9.46
Field capacity (wfps, 0-1)¢ 0.320 0.320 0.320 0.320 0.320 0.150 0.320 0.320
Wilting point 0.15 0.15 0.15 0.15 0.15 0.10 0.15 0.15
(wfps, 0-1)4
Porosity (0-1)¢ 0.435 0.435 0.435 0.435 0.435 0.395 0.435 0.435
Hydro- 0.208 0.208 0.208 0.208 0.208 1.050 0.208 0.208
conductivity
(lTl h-! )(I

2 S_loam is the abbreviation of sandy loam.

b Refers to the parameters derived from Soil Fertilizer Workstation of Xilingol League, 1989.

¢ Refers to the parameters derived from field observation.

d Refers to the parameters derived from the default values of the DNDC model; the values with bold font are the change range of the sensitivity parameters.
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Table 3

Sensitivity indexes of soil N storage on the main parameters of climate, soil, vegetation, and anthropogenic activity in different vegetation type steppes.

Parameters Stipa grandis  Leymus chinensis  Stipa krylovii ~ Cleistogenes squarrosa  Artemisia frigida  Caragana korshinski  Agropyron cristatum
Rainfall 0.0024 0.0027 0.0049 0.0048 0.0047 0.0018 —-0.0026

Daily temperature —0.0006 —0.0006 0.0001 0.0002 —0.0005 —0.0001 0.0030

N concentration in Rainfall 0.002 0.002 0.004 0.004 0.004 0.002 0.001

Clay fraction 0.0001 0.00003 0.0005 0.0005 0.0005 0.0002 0.0067

Initial SOC 0.996 0.997 0.995 0.996 0.997 0.997 0.974

Bulk density 0.499 0.499 0.498 0.498 0.499 0.499 0.489

pH —-0.006 —-0.006 —-0.004 —-0.003 —0.005 —-0.007 —-0.002

N fixation index 0.268 0.269 0.251 0.252 0.183 0.256 0.076

Grazing or mowing —-0.0026% —-0.00244 —-0.0021° —-0.0025° —0.0038*° —0.0024° —0.0002°

The parameters with bold font are the sensitivity parameters.
2 The sensitivity index of soil N storage on the grazing.
b The sensitivity index of soil N storage on the cutting.

where Vis the change rate of NDVI, and NDVIy,x and NDVI,;,are
the maximum and minimum values of NDVI, respectively, in the
same pixel from July to August.

The sheep units were calculated (Yu et al., 2010) based on the
number of heads of livestock recorded in the statistical yearbook
of the Xilingol League (1990-2011) in June in Abag Banner, Xilin
Hot, West Ujimqin Banner, and East Ujimqin Banner. The grazing
intensity of the study area can be obtained with Eq. 2 based on the
grazing steppe area of each administrative region and annual sheep
units.

SU
Gl = CA® (2)
where Gl is the grazing intensity (headsha=1); SU is the sheep
units (heads); GA is the grazing area (ha).

According to the field survey, the stubble height in the study
area varied between 5 and 8 cm, and the height of the dominant
species ranged from 60 cm to 80 cm. Therefore, we set the mowing
coefficient to 0.75, indicating that the aboveground biomass after
mowing was 25% of that before mowing.

2.2.6. Uncertainty analysis method

The uncertainties in up-scaling soil N storage estimation come
mainly from the spatial heterogeneity of input parameters of the
DNDC model. To bring the uncertainty under control for DNDC, Li
et al. (2004) developed the most sensitive factor (MSF) method.
According to the approach, the DNDC model was run twice for each
simulation unit with the maximum and minimum values of the
most sensitive soil factors commonly observed in the simulation
unit. The simulated two values formed a range, which was wide
enough to include the “real” value from the simulation unit with a
high probability.

In this study, the sensitivity of modeled soil N storage on vari-
ations in input parameters was determined with the sensitivity
index method (Friend et al., 1993; Werner et al., 2007). The vari-
ation range was set to+20% of the baseline value of a given
parameter except the bulk density, which was set to & 10% of the
baseline value because it has a lower standard deviation ratio than
other parameters. The mean of the increasing sensitivity index and
decreasing sensitivity index of a given parameter was taken as the
final sensitivity index. The sensitivity index was calculated as fol-
lows

[ (SNp)—(SNg) ]
_ SNo

B=

[ (Pll:oPO) ]

where f is the sensitivity index; SN; is the soil N storage level with
the maximum or minimum of a sensitivity parameter; SNy is the
soil N storage with initial value of a sensitivity parameter; P, is the
maximum or minimum of the sensitivity parameter; Py is the initial

value of the sensitivity parameter. If the 8 is positive, the soil N
storage and a given parameter change toward the same direction,
whereas they change toward two opposite directions otherwise.
For a given parameter, the greater the absolute value of f is, the
more sensitive soil N storage is. If 8 is 0, a given parameter has no
effect on soil N storage.

To weaken the effect of the vegetation type difference on the
sensitivity of soil N storage on input parameters, the sensitiv-
ity index of each vegetation type was calculated. The main input
parameters and the sensitivity indexes of different vegetation type
steppes are listed in Table 3. SOC, Bulk density, N fixation index, and
pH were selected as the most sensitivity factors. The variation range
of SOC was determined with the maximum and minimum in the
same soil type using the soil survey database, and the bulk density
and pH were determined with the soil samples of the same soil type.
The variation range of SOC, bulk density and pH are listed in Table 2.
The minimum of the N fixation index is 1, which assumes that the
vegetation had no N fixation. Kangetal.(2011) obtained a N fixation
index of 1.5 in a Leymus chinensis steppe site, which has been fenced
off for more than 25 years. Based on the field vegetation investiga-
tion, the grazed steppe generally has fewer nitrogen-fixing plants
than the fenced steppe without grazing. Therefore, we took the
1.5 as the maximum of the N fixing index of the study area and
determined that the range of N fixing index is between 1 and 1.5.
When modeling soil N storage in the typical steppe ecosystem, we
selected the minimum SOC content, minimum bulk density, mini-
mum N fixation index, and maximum pH to form a scenario for the
DNDC model, which is assumed to produce a low value of soil N
storage for a simulation unit, and then selected the maximum SOC
content, maximum bulk density, maximum N fixation index, and
minimum pH to form another scenario, which is assumed to pro-
duce a high value of soil N storage for the simulation unit. Thus, the
DNDC model will run twice with the two scenarios for each simu-
lation unit to produce two values. The two values will form a range,
which is assumed to be wide enough to cover the “real” value with
a high probability.

3. Results
3.1. Temporal-spatial variation in soil N storage

Fig. 3A to Fig. 4C illustrate the spatial distribution of soil N stor-
age from 1990 to 2011. The area with high soil N storage (high-N
area), which accounts for 7.65% of the whole study area, is mainly
in the east. The area with medium soil N storage (medium-N area),
which accounts for 65.07% of the whole study area, is mainly in
the middle. The area with low soil N storage (low-N area), which
accounts for 27.28% of the whole study area, is mainly located in the
west and partly in the middle. The spatial pattern of soil N storage
does not change much throughout the region from 1990 to 2011.
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Variation in soil N storage mainly occurred in the high-N and low-
N areas (Fig. 3D and E). At a temporal pattern, the soil N storage
increased in the low-N area, and the growth rate varied between
0.31and 3.21% from 1990 to 2000 and between 0.31 and 2.82% from
2000 to 2011. By contrast, the soil N storage decreased in the high-N
area, and the growth rate varied between —8.89 and 0% from 1990
to 2000 and between —1.87 and 0% from 2000 to 2011.
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3.2. Result comparison

The quantitative measurement of the rationality of the sim-
ulation of a large temporal-spatial scale is difficult because of
insufficient historical verification data. With a significant regres-
sion relation between NDVI,2x and the observed soil N storage in
2011(Fig. 4), the remote sensing inversion values of soil N stor-
age can be obtained, which provided a comparable result for the
simulation soil N storage with the DNDC model. Quantitative eval-
uation of the rationality of the results was performed using the
correlation coefficient (r), root mean square error (RMSE), and
relative root mean square error (RMSE%). There is a significant cor-
relation (P<0.01) between the soil N storage obtained by remote
sensing inversion and that simulated with DNDC in 1990, 1994,
1998, 2002, and 2006, with 45 verification points extracted ran-
domly at the pixel level (Fig. 5). The correlation coefficients (r)
in all years were greater than 0.5, except in 1998. The RMSE did
not exceed 2000 kg ha~1, and the RMSE% did not exceed 40% with
all verification points, except in 2002 and 2010. Thirty verifica-
tion points were extracted, with an RMSE between 548.64 kg ha~!
and 1078.75 kgha~! and RMSE(%) between 14.97 and 22.36% in all
years. These results suggest that DNDC simulation matches well
with those of obtained with remote sensing inversion.

3.3. Uncertainty of results

There was a large difference between the simulated soil N stor-
age with the upper value and that with the lower value of sensitivity
parameters. The mean soil N storage simulated with the DNDC
model varied from 2339.61 to 5484.61 kgha~!, and the mean dif-
ference was 3145 kgha~! from 1990 to 2011. Furthermore, when
the sensitivity parameters change from the upper value to the
lower value, there was a trend change. There was opposite trend
between the soil N storage simulated with the upper value and
with the lower value. The former has an approximate linear upward
trend, whereas the later has an approximate linear downward trend
between 1990 and 2011. The simulated soil N storage with the base-
line value decreased before 2001 year and then increased slowly
(Fig. 6).
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4. Discussion

Steppe ecosystem degradation is a major pressure on sus-
tainable ecosystem development in the arid and semi-arid areas
throughout the world (Reynolds et al., 2007). The simulation of
soil N storage is of significance to monitoring steppe degrada-
tion and make countermeasures. This study provided a simulation
framework at the regional scale by integrating the DNDC model
and multi-source remote sensing data through a case study in the
typical steppe of Xilingol League of Inner Mongolia, China. In this
framework, soil N storage was calculated with the biogeochemical
processes of N turnover in the DNDC, and remote sensing data were
input into the DNDC model as driving factors. Simulation results
provide an important reference for steppe management, and the
simulation framework can be applied to other similar areas.

Soil N storage declined from the east to west in the study area
in this work, which is in accord with the rainfall distribution of the
region. The relation between soil N storage, and rainfall was pre-
viously confirmed by Abreu et al. (2011). This association can be
attributed to the fact that the study area is a steppe under natural
conditions in a semi-arid region of China. Rainfall is a main limiting
factor in vegetative growth and one of key factors controlling the
rate of the decomposition of organic matter (Li et al., 1992). The
nutrients of the steppe under natural conditions mainly come from
decomposing litter. Therefore, in the study area, the more rain-
fall there is, the better vegetation grows, and the more vegetation
roots in the soil and the soil surface litter there are, the more soil
organic matter and soil N storage are produced (Liu et al.,2006). The
corresponding order of soil N storage in zonal soil types was light
chernozem > meadow chestnut>dark chestnut>chestnut>light
chestnut from east to west in the study area. This result is agree-
ment with the results of Tian et al. (2006) and Yang et al. (2007) for
the soil N storage of different soil types in China.

Although this study demonstrated the feasibility of monitor-
ing temporal-spatial variation of soil N storage by integration of
the DNDC model and remote sensing data, some uncertainty still
remains to be addressed. Input parameters and scale are the main
factors affecting the uncertainty of the simulation results (Wang
and Chen, 2012). According to the uncertainty analysis, SOC, bulk
density, pH, and the N fixation index are the most sensitive param-
eters. SOC is a sensitivity parameter for carbon sequestration (Li
et al., 2004), and C and N move through terrestrial ecosystems in
coupled biogeochemical cycles (Li et al., 2005). Therefore, the vari-
ation of SOC have an impact on the soil N storage. Bulk and pH are
the sensitivity parameters of N, O emission because of their effects
on nitrification and denitrification (Kiese et al., 2005; Werner et al.,
2007). Nitrification and nitrification are the main soil N biochem-
ical process, in which the organic N can be converted to inorganic
N that can be uptaken by plants, and some will be lost to the atmo-
sphere in gaseous form or be leached to the deep soil. Therefore,
the sensitivity of soil N storage to the bulk density and pH may
be due to the effects of bulk density and pH on nitrification and
denitrification. The pronounced sensitivity of soil N storage to the
N fixation index is due to the fact the N fixation of vegetation is
the main N input for the natural steppe. In the long term, the sen-
sitivity parameters could affect the change tendency of mean soil
N storage as well as the level of mean soil N storage throughout
the study area (Fig. 6). However, the SOC, pH, soil bulk density and
other soil parameters were determined according to the soil type
profile data, and the vegetation N fixation index and other vegeta-
tion parameters were determined according to the default value of
DNDC or the quadrat survey at the sample spot scale. These input
parameters introduce uncertainty for the upscaling of the spatial
scale (Giltrap et al., 2010; Heuvelink, 1998).

Rainfall, temperature, and grazing or mowing were not the sen-
sitivity parameters of soil N storage. There might be a lag response

of soil N storage to the variation of these parameters. At a large
temporal-spatial scale, there may be a pronounced impact on the
soil N storage. Therefore, these parameters may also introduce
uncertainty to the simulation results. Furthermore, the study area
is between the meadow steppe and the desert grassland, and the
climate transition characteristics are important. Rainfall and tem-
perature diminish from southeast to northwest. For the simulation
units far from a weather station, the actual weather might be differ-
ent from the input climate data and might show more uncertainty
than near the weather station. In addition, grazing intensity was
determined according to the ratio between the livestock amount
and grazing area recorded by relevant banners (county). In fact,
grazing intensity is closely related to the residential location of
the herdsmen, location of water source, and grazing route (Wang
et al., 2012). Taking the average grazing intensity as the regional
grazing intensity may increase the uncertainty of the simulation
results. The mowing coefficient was determined according to the
stubble amount obtained in the sample plot survey. The stubble
amount is influenced by landform and stone particle amount in
the land surface. Thus, the uniform mowing coefficient may affect
the accuracy of the simulation result. In addition, the grazing and
mowing regions, which were separated with the change rate of
NDVI in the study area from July to August, may be influenced by
the intensity of human activities in the region. For a pasture with
a rotational grazing system, a grazing region with too much live-
stock in a short period may be wrongly classified as a mowing
region, and a mowing region with a comparatively high stub-
ble may also be wrongly classified as a grazing region. Incorrect
grazing and mowing parameters lead to a deviation in simulation
results.

There are still limitations of the simulation framework of the
DNDC model supported by remote sensing. The temporal-spatial
scale is different between the resolution of remote-sensed imagery
and the simulation units, which may influence the accuracy of input
parameters and the verification of the results (Giltrap et al., 2010; Li
etal.,2011).For example, the annual rainfall anomalies may have an
important effect on the remote sensing inversion of soil N storage
but have little effect on the simulation results. The match between
the soil N storage determined by remote sensing inversion and that
simulated with DNDC was poorer in 1998, 2002 and 2010 than
in other years (Fig. 5). The reason might be rainfall anomalies in
those three years. The large difference in spatial scale between the
simulation unit and the resolution of remote sensing imagery may
have effect on the match between the simulation of soil N storage
and that determined by remote sensing inversion. In summary, the
simulation of soil N storage on the regional scale is feasible with
the DNDC model supported by remote sensing, but there is still
much uncertainty that requires systematic analysis in future work
to resolve.

5. Conclusions

Soil N storage is an important indicator for monitoring steppe
degradation. In this research, the DNDC model supported by
remotely sensed parameters was tested for soil N storage sim-
ulation, and the simulation results were comparable to the data
obtained by remote sensing inversion. The soil N storage decreased
in the low-N area and increased in the high-N area. The annual
mean soil N storage rapidly decreased before the year 2001, and
then, the declining trend disappeared, and a slowly increasing trend
emerged. The MSF method can be employed to identify the sen-
sitivity parameters of soil N storage variation and determine the
range into which the “real” value of soil N storage may fall with
a high probability. Thus, the integration of remote sensing and
the DNDC model in the simulation of soil N storage variation is
feasible.
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