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Abstract

Optimizing nitrogen management is essential for maintaining high spring maize yield
while mitigating nitrous oxide (N2O) emissions in irrigated areas. However, the interactive
effects of total nitrogen application rate and starter nitrogen proportion on yield and
N2O emissions remain insufficiently quantified. Reliable assessment of these interactions
requires well-calibrated DeNitrification–DeComposition (DNDC) simulations, yet existing
calibration studies often emphasize crop parameters while neglecting soil parameters
critical for soil hydrothermal dynamics and N2O production. In this study, field data
from shallow-buried drip-irrigated spring maize in Tongliao during 2024–2025 were used
to conduct Extended Fourier Amplitude Sensitivity Test (EFAST) sensitivity analysis on
12 crop and 13 soil parameters of the DNDC model. Sensitive parameters were calibrated
using the differential evolution algorithm, and 64 nitrogen management scenarios were
simulated by combining eight total nitrogen application rates (100, 150, 200, 250, 300, 350,
400, and 450 kg N ha−1) with eight starter nitrogen proportions (0%, 15%, 25%, 30%, 35%,
40%, 45%, and 50% of the total nitrogen rate). The results showed that DNDC outputs
were jointly controlled by crop and soil parameters, among which maximum yield, leaf
carbon-to-nitrogen ratio, stem fraction, grain carbon-to-nitrogen ratio, thermal degree
days for maturity, grain fraction, soil organic carbon (SOC) decrease rate below topsoil,
soil clay content, soil porosity, wilting point and depth of top soil with uniform SOC
content were dominant. Compared with the conventional crop-parameter calibration,
the sensitivity-screened parameter set improved the simulation of both cumulative N2O
emissions and yield. Across the 64 scenarios, cumulative N2O emissions ranged from 0.42 to
4.87 kg [N]/ha, while simulated maize yield ranged from 1597 to 6347 kg [C]/ha. N2O
emissions increased with total nitrogen rate, whereas yield increased initially and then
reached a plateau. Increasing the starter nitrogen proportion did not substantially enhance
yield but increased N2O emission risk under high nitrogen rates. Overall, the scenario
with 300 kg/ha and no nitrogen applied at sowing achieved a relatively high yield of
5519 kg [C]/ha while maintaining a low cumulative N2O emission of 0.98 kg [N]/ha
and was therefore identified as the preferred trade-off strategy under shallow-buried drip
irrigation. This study provides an EFAST–DNDC framework for optimizing nitrogen
management to sustain spring maize yield while reducing N2O emissions in the West
Liaohe Plain.
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1. Introduction
Against the background of global climate change and the green, low-carbon trans-

formation of agriculture, reducing greenhouse gas emissions from croplands while main-
taining grain yield has become a critical scientific issue in the optimization of crop pro-
duction systems. Nitrous oxide (N2O) is an important greenhouse gas emitted from
agroecosystems [1]. N2O emissions from agricultural soils are closely linked to nitro-
gen fertilizer management, particularly the amount, timing, and placement of nitrogen
application [2]. Maize is a typical crop with a high nitrogen demand, and inappropriate
nitrogen application can intensify the risk of N2O emissions from croplands [3,4]. Under
shallow-buried drip irrigation and integrated water–fertilizer management, nitrogen man-
agement for spring maize involves not only differences in the total nitrogen application
rate throughout the growing season, but also variations in the amount of nitrogen applied
as starter fertilizer at sowing. Therefore, clarifying the effects of total nitrogen application
rate and starter nitrogen rate on yield formation and N2O emissions in spring maize is a
prerequisite for identifying nitrogen management strategies that achieve both high yield
and low emissions.

The irrigated area of the West Liaohe Plain is an important spring maize production
region in northern China. This region has abundant light and heat resources but rela-
tively limited precipitation; therefore, maize production relies heavily on irrigation and
nitrogen fertilizer inputs. In recent years, shallow-buried drip irrigation combined with
integrated water–fertilizer management has been gradually promoted in this region, pro-
viding favorable conditions for precise water and nitrogen supply as well as split nitrogen
application [5]. Under this production system, nitrogen management is determined not
only by the total nitrogen application rate, but also by the proportion of nitrogen applied
as starter fertilizer at sowing. A higher starter nitrogen proportion may increase mineral
nitrogen availability in the root zone during the seedling stage, but it may also cause exces-
sive early-season nitrogen accumulation when crop nitrogen demand is still low, thereby
increasing the risk of subsequent nitrogen losses and N2O emissions [6]. Conversely, a
lower starter nitrogen proportion may reduce early nitrogen supply intensity, but sufficient
nitrogen topdressing at later growth stages may compensate for this reduction and avoid
substantial yield loss [7]. Therefore, the yield and N2O emission responses of spring maize
cannot be fully explained by total nitrogen rate or starter nitrogen proportion alone. It
is necessary to evaluate how different total nitrogen application rates interact with dif-
ferent starter nitrogen proportions to regulate nitrogen supply–demand matching, yield
formation, and N2O emissions.

However, systematically evaluating such interactions through field experiments alone
is time-consuming, labor-intensive, and difficult to extend to a wide range of nitrogen
management scenarios [8]. Process-based crop models can help overcome these limitations
by integrating crop growth, soil hydrothermal dynamics, carbon and nitrogen cycling, and
greenhouse gas emissions into a unified simulation framework [9]. Therefore, they provide
effective tools for extending field observations, conducting scenario simulations, and quan-
titatively assessing the effects of alternative nitrogen management strategies on crop yield
and N2O emissions. Among these models, the DNDC (DeNitrification–DeComposition)
model is a widely used process-based biogeochemical model that can comprehensively
simulate crop growth, soil temperature and moisture, carbon and nitrogen cycling, and
CO2, CH4, and N2O emissions in agroecosystems [10–12]. It has been extensively applied
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across different regions and cropping systems to evaluate the effects of fertilization, irri-
gation, tillage, and other field management practices on crop yield and greenhouse gas
emissions [13]. However, the DNDC model is a high-dimensional, nonlinear model with
multiple interacting processes, and its simulation outputs are jointly affected by various
types of parameters related to climate, soil properties, crop cultivars, and field management.
Direct use of default parameters often fails to accurately represent the soil hydrothermal
conditions, crop growth characteristics, and nitrogen transformation processes of a spe-
cific region. Therefore, before applying the DNDC model to regional assessments of crop
production and greenhouse gas emissions, parameter sensitivity analysis and localized
calibration are essential steps for improving model reliability.

The DNDC model is a process-based model characterized by complex interactions
among multiple parameters [8]. Calibrating all parameters is not only computationally
expensive but may also introduce equifinality problems, thereby reducing parameter ro-
bustness. Global sensitivity analysis can identify key parameters that dominate model
output uncertainty within specified parameter ranges, while explicitly accounting for
nonlinear effects and interactions among parameters [14]. It has therefore become an impor-
tant preliminary step for parameter optimization in complex crop models. The Extended
Fourier Amplitude Sensitivity Test (EFAST), as a global sensitivity analysis method, can
simultaneously estimate first-order and total-order sensitivity indices with relatively high
computational efficiency, making it particularly suitable for screening sensitive parameters
in crop models [15]. Wang et al. [14] applied the EFAST method to conduct global sensi-
tivity analysis of CERES-Maize parameters under different irrigation and fertilizer stress
conditions. Their results further showed that, in addition to maize cultivar parameters,
soil and management-related parameters became important under water-stress conditions.
This study indicates that soil-related parameters, in addition to crop parameters, should
be considered in parameter sensitivity analysis. However, for the DNDC model, studies
that simultaneously conduct global sensitivity analysis of both crop and soil parameters
remain limited.

For DNDC model calibration, crop-related parameters, such as maximum yield,
biomass allocation fractions, carbon-to-nitrogen (C/N) ratios of different plant organs,
and accumulated thermal time for maturity, are commonly adjusted because they directly
influence phenological development, biomass accumulation, and yield simulation [16]. At
the same time, previous DNDC studies have also demonstrated that soil physicochemical
parameters, including soil texture, bulk density, porosity, hydraulic parameters, soil organic
carbon, and initial mineral nitrogen, can strongly affect soil hydrothermal dynamics, nitro-
gen transformation, crop growth, and N2O emissions [17]. Therefore, DNDC calibration
should not be viewed as a crop-parameter-only procedure; instead, the relative importance
of crop and soil parameters may vary with region, soil type, cropping system, irrigation
regime, and nitrogen management practice. However, for shallow-buried drip-irrigated
spring maize in the West Liaohe Plain, particularly in the Tongliao region, localized DNDC
calibration studies that simultaneously screen and optimize both crop and soil parameters
based on global sensitivity analysis remain limited. This gap is important because the inten-
sive fertigation practices and variable starter nitrogen proportions in this area may alter the
dominant controls on yield formation and N2O emissions. Therefore, a sensitivity-based
calibration strategy that jointly considers crop and soil parameters is needed to improve the
reliability of DNDC simulations and subsequent nitrogen management scenario analysis in
this region.

Therefore, this study focused on spring maize fields in the irrigated area of the West
Liaohe Plain, Tongliao, Inner Mongolia. Based on field experimental data under different
starter nitrogen rates, the EFAST method was used to conduct a global sensitivity analysis
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of crop and soil parameters in the DNDC model, and the differential evolution algorithm
was then applied to calibrate the sensitive parameters. On this basis, scenario combinations
of different total nitrogen application rates and starter nitrogen rates were constructed to
evaluate their effects on spring maize yield and cumulative N2O emissions. The specific
objectives of this study were to: (1) determine whether the dominant sensitive parameters of
the DNDC model for spring maize fields in Tongliao include both crop and soil parameters;
(2) develop a calibrated parameter set suitable for the DNDC model in spring maize systems
in the Tongliao region; and (3) propose an optimized nitrogen fertilizer management
strategy that balances crop yield and N2O emission mitigation. This study provides
a methodological reference for the localized application of the DNDC model in spring
maize systems in irrigated areas, and offers a scientific basis for optimizing nitrogen
fertilizer management to coordinate high spring maize yield with greenhouse gas emission
mitigation in the irrigated area of the West Liaohe Plain.

2. Materials and Methods
2.1. Overview of the Study Area

The field experiments were conducted from May to October in 2024 and 2025 at the
Maize Science and Technology Backyard in Tongliao, Inner Mongolia Autonomous Region,
China (122◦43′ E, 43◦37′ N; altitude: 180 m above sea level). The experimental area has a
temperate continental monsoon climate, characterized by abundant solar radiation. The
annual sunshine duration is approximately 2800–3000 h, the mean annual air temperature
is 5–8 ◦C, the annual precipitation is approximately 280–390 mm, and the frost-free period
lasts 150–170 days. Maize is usually sown in early May and harvested in early October.
The geographical location of the study area is shown in Figure 1.

Figure 1. Geographical location of the experimental site. (a) Location of Tongliao City within
China; (b) location of the field experimental site within Tongliao City, Inner Mongolia Autonomous
Region, China.

2.2. Experimental Design

Three starter nitrogen application treatments were established, corresponding to 15%
(N15), 30% (N30), and 45% (N45) of the total nitrogen application rate. Each treatment was
replicated three times, resulting in a total of nine plots arranged in a randomized block
design. Each plot covered an area of 11 m × 8 m, equivalent to 88 m2. The mineral fertilizer
rates were determined according to the programmed target yield of local high-yield spring
maize production under shallow-buried drip irrigation. The total amounts of pure N, P2O5,
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and K2O applied during the entire maize growing season were 300, 108, and 54 kg/ha,
respectively. Urea (N ≥ 46%) was used as the nitrogen fertilizer, calcium superphosphate
(P2O5 ≥ 16%) as the phosphorus fertilizer, and potassium sulfate (K2O ≥ 52%) as the
potassium fertilizer. All phosphorus and potassium fertilizers were applied as starter
fertilizers at sowing by side-deep placement using a seeder.

Except for the nitrogen applied as starter fertilizer, the remaining nitrogen was fer-
tigated with irrigation water at the jointing stage (V6), twelve-leaf stage (V12), silking
stage (R1), and milk stage (R3) at a ratio of 2:5:2:1. This split ratio was selected based
on the seasonal nitrogen demand pattern of spring maize and local fertigation practices
under shallow-buried drip irrigation. A moderate nitrogen supply at V6 supports early
vegetative growth, the largest proportion at V12 meets the high nitrogen demand during
rapid biomass accumulation, and the smaller applications at R1 and R3 support repro-
ductive growth and grain filling while reducing the risk of excessive late-season nitrogen
accumulation. Irrigation was initiated for all treatments when the soil water content in the
plough layer of any plot reached the lower irrigation threshold, which was set at 70% of
field capacity during the seedling stage and 75% of field capacity during the other growth
stages. The irrigation amount for each event was calculated as follows:

Q = U × ρ × (θ f − θa)× P/∂ (1)

where Q is the irrigation amount per event (mm); U is the planned soil wetting depth at
different maize growth stages, which was set to 30 cm at the seedling stage and 60 cm at
the other growth stages; ρ is the soil bulk density of the planned wetting layer (g/cm3); θf

and θa are the soil field capacity and actual soil water content, respectively; P is the soil
wetting ratio, which was set to 0.70; and ∂ is the irrigation water use efficiency under drip
irrigation, which was set to 0.95 [18]. The irrigation amounts and nitrogen application rates
at different growth stages are shown in Table 1.

Table 1. Irrigation and nitrogen application schedule during the whole maize growing season.

Treatment

Growth Stage

Sowing V6 V12 R1 R3

Nitrogen
Rate

kg/ha

Irrigation
mm

Nitrogen
Rate

kg/ha

Irrigation
mm

Nitrogen
Rate

kg/ha

Irrigation
mm

Nitrogen
Rate

kg/ha

Irrigation
mm

Nitrogen
Rate

kg/ha

Irrigation
mm

N15 45 28.8 51 72 127.5 72 51 72 25.5 72
N30 90 28.8 42 72 105 72 42 72 21 72
N45 135 28.8 33 72 82.5 72 33 72 16.5 72

Note: V6, V12, R1, and R3 refer to the six-leaf stage, twelve-leaf stage, silking stage, and milk stage, respectively.

Before sowing, the field was subjected to deep ploughing to a depth of 30 cm, followed
by land leveling and seedbed preparation. The locally dominant maize cultivar Dika 159
was used in the experiment. Maize was planted in a wide–narrow row pattern, with
narrow and wide row spacings of 40 and 80 cm, respectively, at a planting density of
90,000 plants/ha. This wide–narrow row pattern is the dominant local planting pattern for
spring maize under shallow-buried drip irrigation in the Tongliao region and was therefore
adopted to ensure consistency with local production practices. Irrigation was applied
using a shallow-buried drip irrigation system without plastic film mulching. One drip
irrigation tape was laid along the centerline of each narrow row, allowing precise irrigation
of two adjacent maize rows with a single drip tape. In 2024, maize was sown on 4 May
and harvested on 4 October. In 2025, maize was sown on 4 May and reached maturity on
6 October. The maize planting pattern and drip tape arrangement are shown in Figure 2.
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Figure 2. Schematic diagram of the wide–narrow row planting pattern and drip tape arrangement
for maize.

2.3. Data Collection and Methods
2.3.1. Nitrous Oxide (N2O)

N2O emission fluxes were measured using the static chamber–gas chromatography
method [19]. Each static chamber was used together with a base frame and had dimensions
of 40 cm × 30 cm × 40 cm in length, width, and height, respectively. The outer surface of
the chamber was wrapped with aluminum foil to minimize the influence of solar radiation
on the air temperature inside the chamber. A thermometer was inserted through a rubber
stopper at the top of the chamber, and a gas sampling port was installed on the sidewall
and connected to a three-way valve. The valve was compatible with a 50 mL syringe, and
all chamber interfaces were well sealed to ensure gas tightness. Gas sampling began after
sowing and was conducted at the V6, V12, R1, and R3 stages. At each growth stage, gas
samples were collected for five consecutive days. Sampling was conducted between 10:00
and 12:00 Beijing time, with gas samples collected every 10 min, resulting in four samples
per sampling event. The N2O emission flux was calculated using Equation (2) [16]:

F =
M

22.4
× 273

273 + T
× 60 × H × dc

dt
(2)

where F is the N2O emission flux (mg[N2O]/m2/h); H is the effective height of the sampling
chamber, which was 0.4 m; M is the molar mass of N2O, which was 44 g/mol; T is the air
temperature inside the sampling chamber (◦C); and dc/dt is the slope of the regression
curve between N2O concentration and sampling time. Cumulative N2O emissions were
calculated using Equation (3):

GN =
n

∑
i=1

(
Fi × di ×

24
100

× ε

)
(3)

where GN is the total cumulative N2O emission (kg[N]/ha); Fi is the N2O emission flux at
the ith sampling event (mg/m2/h); di is the interval between the ith sampling event and
the subsequent sampling event (days); 100 is the unit conversion coefficient; ε is the mass
fraction of N in N2O (0.64).

2.3.2. Soil Temperature and Water Content

At the seedling, V6, V12, R1, and R3 stages, three sampling points were selected at
equal intervals along the diagonal line of each plot. Soil temperature at 0–10 cm depth and
volumetric soil water content at 0–10 cm depth were measured using a portable integrated
soil temperature and moisture meter (FDS-200 series, Qingyi Electronic (Tianjin) Co., Ltd.,
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Tianjin, China). Because soil water content in the DNDC model is expressed as water-filled
pore space (WFPS) [20], volumetric soil water content was further converted to WFPS using
the following equation:

WFPS =
θv

1 − BD/ω
(4)

where WFPS is the soil water-filled pore space (cm3/cm3), θv is the volumetric soil water
content (cm3/cm3), BD is the soil bulk density (g/cm3), and ω is the mean soil particle
density (g/cm3), which was set to 2.65 g/cm3. In this study, soil water content was
expressed as WFPS.

2.3.3. Yield

At maize maturity, 20 consecutive plants were randomly selected from each exper-
imental plot. After air drying, yield components, including ear number, grain number
per ear, and 1000-grain weight, were measured, and grain dry matter yield was deter-
mined. To facilitate comparison with the simulated grain carbon content from the DNDC
model (kg[C]/ha), the measured grain yield was converted into carbon content using the
following equation:

Yc = Ydry × β (5)

where Yc is the grain carbon content (kg[C]/ha), Ydry is the grain yield on a dry matter basis
(kg/ha), and β is the conversion coefficient between yield and carbon content, typically
taken as 0.45 [21]. Therefore, the yield values reported for model calibration, validation,
and scenario simulation are expressed as kg [C]/ha.

2.4. Sensitivity Analysis of DNDC Model Parameters
2.4.1. Overview of the DNDC Model

In this study, the DNDC model (Version 9.5) was used to simulate maize growth. The
main model input parameters included meteorological data, soil data, crop parameters,
and field management data.

(1) Meteorological data: Daily precipitation (mm), daily maximum air temperature
(◦C), and daily minimum air temperature (◦C) during 2024–2025 were obtained from an
automatic weather station installed at the Science and Technology Backyard. The temporal
dynamics of daily minimum temperature, maximum temperature, and precipitation during
the maize growing season are shown in Figure 3.

Figure 3. Daily maximum temperature, minimum temperature, and precipitation during the maize
growing seasons in 2024 (a) and 2025 (b) at the experimental station.
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(2) Soil data: Soil samples were collected before sowing from the 0–80 cm soil profile
to characterize the root-zone soil hydraulic conditions of maize. Although the DNDC
model requires surface soil hydraulic parameters for the 0–10 cm layer as model input, the
measured soil hydraulic properties for the 0–80 cm profile are provided in Table 2 to more
fully describe the soil conditions for maize growth. Soil texture was determined using
a laser particle size analyzer [22], soil bulk density was measured using the cutting ring
method [23], and soil pH was measured using a pH meter. Saturated water content, field
capacity, and wilting point were estimated using soil water characteristic software. The soil
properties are presented in Table 2.

Table 2. Soil properties at the experimental station.

Soil Layer
(cm)

Soil
Texture pH Bulk Density

(g/cm3)
Wilting Point

(cm3/cm3)
Field Capacity

(cm3/cm3)

Saturated Water
Content

(cm3/cm3)

0–10

Sandy soil

8.1 1.60 0.098 0.165 0.384
10–20 8.1 1.62 0.098 0.166 0.385
20–40 8.0 1.66 0.107 0.174 0.394
40–60 8.0 1.68 0.101 0.169 0.382
60–80 8.0 1.70 0.105 0.170 0.380

(3) Crop parameters: The crop parameters in the DNDC model mainly consist of
cultivar-specific parameters. These parameters include grain fraction, leaf fraction, stem
fraction, accumulated thermal time, and other cultivar-related traits. Owing to differences
in genetic background among cultivars, these parameter values vary among maize vari-
eties, thereby directly affecting the model accuracy in simulating crop growth dynamics,
predicting yield, and representing coupled carbon–nitrogen cycling. The crop parameters
are listed in Table 3.

(4) Field management data: Field management parameters mainly represented man-
agement practices related to planting information, including sowing date, sowing depth,
and planting pattern; irrigation information, including irrigation date, irrigation amount,
and irrigation method; and fertilization information, including fertilization date, fertilizer
application rate, and fertilization method.

Table 3. Crop parameters and soil parameters for the 0–10 cm soil depth used in the DNDC model.

Parameters Type Description Acronym Unit Min Max

crop parameters

Maximum yield MYIELD kg C/ha 2940 5460
Grain fraction GF - 0.30 0.55
Leaf fraction LF - 0.14 0.26
Stem fraction SF - 0.14 0.26

Grain C/N ratio GCN - 25 80
Leaf C/N ratio LCN - 35 80
Stem C/N ratio SCN - 35 80
Root C/N ratio RCN - 35 80

Thermal degree days for maturity THERD ◦C 1785 3315
Water demand WATD g water/g DM 130 325

Nitrogen fixation index NFIX crop N/N soil 0 1
Optimum temperature OPTTEM ◦C 21 35
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Table 3. Cont.

Parameters Type Description Acronym Unit Min Max

soil parameters

Soil clay content CLAY - 0.03 0.63
Soil bulk density BD g/cm3 0.50 2.25

Field capacity FC cm3/cm3 0 1.00
Wilting point WILP cm3/cm3 0 1.00

Saturated hydraulic conductivity SATHC m/h 0.01 0.60
Soil porosity PORO - 0.2 0.8

Soil pH pH - 4.5 9.1
Initial soil organic carbon content ISOC kg C/kg 0 0.5

Depth of top soil with uniform SOC content SOCPU m 0 0.30
SOC decrease rate below top soil SOCDA - 0.5 5.0

Initial soil nitrate nitrogen content NO3
−-N mg N/kg 8.5 15.5

Initial soil ammonium nitrogen content NH4
+-N mg N/kg 0.85 1.50

Soil salinity index SALI - 0 100

2.4.2. Crop Model Input Parameters and Output Response Variables for
Sensitivity Analysis

A crop model is a complex nonlinear dynamic system, and its output variables are
functions of multiple input parameters. Inaccurate input parameter values may lead to
unreasonable or even erroneous simulation results. During crop model parameter cali-
bration, it is generally impractical to estimate all model parameters because of limitations
in observation conditions and sample size. Therefore, it is necessary to identify a sensi-
tive parameter set through sensitivity analysis before model calibration, so that model
parameters can be calibrated in a targeted manner. Previous studies have shown that
sensitivity analysis should be conducted when crop models are applied under different
field management practices and at different locations [14]. Therefore, in this study, param-
eter sensitivity analysis was performed based on field experiments with different starter
nitrogen application rates in the Tongliao region. The DNDC model input parameters used
for sensitivity analysis included 12 maize crop parameters and 13 soil parameters (Table 3).

Based on experimental data from North America and China, the DNDC model has
established a set of default crop parameter values for maize. These parameters are key
inputs for simulating maize phenological dynamics and yield (Table 3). However, a
single parameter set is unlikely to adequately represent maize parameters for both China
and Europe/North America. Therefore, Li et al. [24] calibrated crop parameters suitable
for maize production in China. In the present study, the upper and lower bounds of
crop parameters were set to 130% and 70% of the calibrated Chinese maize parameters,
respectively. It should be noted that the Chinese maize parameters determined by Li
et al. [24] did not distinguish between summer maize and spring maize. Therefore, the
upper bounds of the C/N ratios of grain, leaves, stems, and roots were extended to the
calibrated values reported for spring maize [25]. The lower bound of water demand was set
to 130 kg water/g DM, while the upper and lower bounds of stem, leaf, and grain fractions,
as well as optimum temperature, were set to 130% and 70% of the mean values across
spring maize cultivars, respectively [17]. In addition, Jiang et al. [26] set the N fixation
index to 0, whereas Leng et al. [27] set the N fixation index to 1. Accordingly, the upper
and lower bounds of the N fixation index in this study were set to 1 and 0, respectively.
The ranges of the remaining crop and soil parameters were derived from the study of Qin
et al. [28] and the recommended ranges of the DNDC model.
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The DNDC crop model simulates spring maize growth at a daily time step and
outputs time-varying variables, namely growth-process variables. Accurate simulation
of these process variables is essential for reliably estimating final outputs such as yield.
Therefore, analyzing the effects of parameters on both growth-process variables and final
output variables is important for understanding and applying crop models. In this study,
growth-process variables, including daily soil temperature, daily soil moisture, and daily
cumulative N2O emissions, together with the final output variable, yield, were selected as
output responses for sensitivity analysis (Table 4).

Table 4. Output variables for global sensitivity analysis in the DNDC model.

Description Unit

Soil temperature ◦C
Soil moisture cm3/cm3

Cumulative N2O emissions kg N/ha
Yield kg C/ha

2.4.3. Sensitivity Analysis of Model Parameters Based on the EFAST Method

To evaluate the sensitivity of model output variables to input parameters, both local
and global sensitivity analysis methods are widely used. Local sensitivity analysis focuses
on the effect of changes in a single parameter on model outputs and is generally suitable
for linear models. In contrast, global sensitivity analysis quantifies the effects of individ-
ual parameters and their interactions on model outputs by allocating the uncertainty in
output variables to all input parameters. Among global sensitivity analysis methods, the
variance-based EFAST method has been widely applied. This method combines the ability
of the FAST method to account for the effects of parameter interactions with the high
sampling efficiency of Sobol’s method. Therefore, in this study, the EFAST method was
used to analyze the effects of input parameters (Table 3) on model outputs (Table 4). The
EFAST method decomposes the total variance of the model output, V(Y), according to the
contribution of each input parameter to the model output variables [29,30]:

V(Y) =
n

∑
i=1

Vi + ∑
1≤i≤j≤n

Vij + · · ·+ V12···n (6)

where Vi represents the variance in the model output caused by the independent variation
of each parameter, and Vij to V12. . .n represent the variance in the model output caused by
interactions among the n parameters. In this study, the total-order sensitivity index (STi;
Equation (7)) was used to quantify the effects of parameter interactions on model outputs:

STi =
V(Y)− V−i

V(Y)
(7)

where V−i denotes the sum of variances excluding the variance caused by the ith param-
eter. STi ranges from 0 to 1, with higher values indicating a greater influence of model
input parameters on model output variables. At present, there is no universally accepted
threshold for defining parameter sensitivity. In this study, parameters with STi > 0.1
were considered sensitive [14]. The STi values were calculated using SimLab 2.2 software
(https://ec.europa.eu/jrc/en/samo/simlab, accessed on 15 June 2026). The sensitivity
analysis procedure was as follows: (1) Determination of parameter distributions and ranges:
when the distributions of crop model parameters were uncertain, these parameters were
assumed to follow a uniform distribution. The variation ranges of the crop and soil pa-
rameters are shown in Table 3. (2) Generation of parameter sets: when using the EFAST
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method, the number of samples should be at least 100 times the number of parameters [31].
Therefore, based on the assumption of uniform distributions, Monte Carlo sampling was
performed within the range of each parameter. A total of 2500 parameter sets were gener-
ated for the 25 crop and soil parameters for sensitivity analysis. (3) Generation of output
variables: the parameter sets were converted into the input format required by the DNDC
model using Python 3.12.3, and the DNDC crop model was then run to simulate spring
maize growth. Output variables corresponding to the 2500 input parameter sets were
obtained, including daily soil temperature, daily soil moisture, daily N2O emissions, and
yield. (4) Sensitivity analysis: the output variables corresponding to each parameter set
were extracted from the DNDC crop model output files and organized into the file format
required by SimLab. SimLab was then run to calculate the STi.

2.5. Parameter Calibration and Validation of the DNDC Model

In this study, the observed soil temperature, soil moisture, cumulative N2O emis-
sions, and maize yield data from 2024 were used to calibrate the model parameters, and
the observed dataset from 2025 was used to validate the calibrated model. Two param-
eter sets were calibrated separately. Parameter set A included the sensitive crop and
soil parameters identified through EFAST sensitivity analysis, whereas parameter set B
included only the crop parameters commonly used for conventional DNDC calibration.
This comparison was conducted to evaluate the effectiveness of parameter selection
based on sensitivity analysis.

In this study, the differential evolution algorithm [32] was used to calibrate param-
eter set A and parameter set B. Differential evolution is a population-based optimiza-
tion algorithm. It iteratively performs three main operations—mutation, crossover, and
selection—on individuals within the population, thereby gradually eliminating inferior
solutions, retaining and enhancing superior solutions, and ultimately approaching the
global optimum. The core principle of the differential evolution algorithm is to generate
mutant individuals using differential information among individuals in the population,
increase solution diversity through crossover, and then select superior individuals for the
next generation according to the fitness function until the termination criterion is satisfied.
In this study, the population size was set to 60, the crossover probability to 0.7, the scaling
factor to 0.8, and the maximum number of iterations to 200 generations [33]. The fitness
function was defined as follows:

F(x) =
1
12 ∑

[ ∣∣Nsim
t (x)− Nobs

t
∣∣

Nobs
t

+
1

25
×

∣∣Ssim
t (x)− Sobs

t
∣∣

Sobs
t

+
1
5
×

∣∣Hsim
t (x)− Hobs

t
∣∣

Hobs
t

+

∣∣Ysim
t (x)− Yobs

t
∣∣

Yobs
t

] (8)

where Nsim
t (x), Ssim

t (x), Hsim
t (x), Ysim

t (x) are the simulated values of cumulative N2O emis-
sions, soil temperature, soil moisture, and yield under treatment t (t = 1, 2, 3), respectively.
Nobs

t (x), Sobs
t (x), Hobs

t (x), Yobs
t (x) are the corresponding observed values. In Equation (8),

the outer coefficient 1/12 represents averaging across 12 variable–treatment combinations,
namely four output variables—cumulative N2O emissions, soil temperature, soil moisture,
and yield—under three nitrogen treatments (N15, N30, and N45). The coefficients 1/15
and 1/5 represent the number of observations for the corresponding variables within each
treatment and were used to calculate their mean relative errors.

2.6. Scenario Settings

To systematically evaluate the effects of total nitrogen application rate and starter
nitrogen rate on maize yield and cumulative N2O emissions, and to determine an appro-
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priate nitrogen application strategy, the calibrated DNDC model was used to simulate
yield and cumulative N2O emissions under different nitrogen management scenarios.
Eight total nitrogen application rates were established: 100 kg/ha (B1), 150 kg/ha (B2),
200 kg/ha (B3), 250 kg/ha (B4), 300 kg/ha (B5), 350 kg/ha (B6), 400 kg/ha (B7), and
450 kg/ha (B8). In addition, eight starter nitrogen proportions were set, corresponding to
0% (A1), 15% (A2), 25% (A3), 30% (A4), 35% (A5), 40% (A6), 45% (A7), and 50% (A8) of the
total nitrogen application rate. A full-factorial design was adopted, generating a total of
64 scenarios. For the simulation of these 64 scenarios, the meteorological data used
to drive the DNDC model were the mean values of the five-year period from 2021 to
2025. Soil properties during these five years were assumed to be consistent with those
measured in the 2024 field experiment. Except for nitrogen application rate, all other
field management practices were kept consistent with those used in local high-yielding
fields. The values of crop and soil parameters were determined based on the results of
the sensitivity analysis.

2.7. Statistical Indicators

In this study, the root mean square error (RMSE), normalized root mean square
error (nRMSE), and average relative error (ARE) were used to evaluate the simulation
performance of the DNDC model. These indicators were calculated as follows:

RMSE =

√
1
n

n

∑
i=1

(Oi − Si)
2 (9)

nRMSE =
RMSE

O
× 100% (10)

ARE =
1
n∑

∣∣∣∣Oi − Si
Oi

∣∣∣∣× 100% (11)

where Oi and Si denote the observed and simulated values for the ith sample, respectively;
O is the mean of the observed values; and n is the number of samples. RMSE quantifies
the absolute difference between simulated and observed values and therefore reflects the
overall magnitude of model error. nRMSE normalizes RMSE by the mean observed value,
allowing the simulation errors of different variables to be compared on a relative scale.
ARE quantifies the mean percentage deviation of simulated values from observed values
across all samples. For all three indicators, lower values indicate better agreement between
simulations and observations and, consequently, better model performance.

3. Results
3.1. Results of Parameter Sensitivity Analysis
3.1.1. Sensitivity of Daily Soil Temperature to Crop and Soil Parameters

As shown in Figure 4, the parameters with relatively strong effects on daily soil
temperature were PORO, SOCPU, SOCDA, LCN, MYIELD, RCN, NFIX, SATHC, SCN, SF,
ISOC, and NO3

−–N, all of which had sensitivity index values greater than 0.1. Among them,
the global sensitivity indices of PORO, SOCPU, SOCDA, and LCN were all greater than 0.5,
indicating that these parameters exerted substantial influences on daily soil temperature
throughout the entire growing season. The parameters with relatively weak effects included
CLAY, WILP, BD, NH4

+–N, THERD, GCN, SALI, FC, GF, WATD, pH, OPTTEM, and LF,
whose global sensitivity indices were all lower than 0.1. In addition, the starter nitrogen
application level had only a minor effect on the global sensitivity indices.
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Figure 4. Sensitivity of daily soil temperature to crop and soil parameters under different starter
nitrogen application rates. N15, N30, and N45 indicate that starter nitrogen accounted for 15%, 30%,
and 45% of the total nitrogen application rate, respectively.

3.1.2. Sensitivity of Daily Soil Moisture to Crop and Soil Parameters

As shown in Figure 5, the parameters with relatively strong effects on daily soil mois-
ture were WILP, FC, SOCDA, NO3

−–N, RCN, and THERD. Among all parameters and
treatments, WILP had the greatest influence on daily soil moisture, with a global sensi-
tivity index of approximately 0.9, and its sensitivity was almost unaffected by changes in
the starter nitrogen application rate. MYIELD, GF, LF, GCN, LCN, SCN, WATD, NFIX,
OPTTEM, CLAY, BD, SATHC, PORO, pH, ISOC, SOCPU, NH4

+–N, and SALI had rel-
atively minor effects on daily soil moisture, with global sensitivity indices lower than
0.1. The starter nitrogen application level had little effect on the global sensitivity in-
dices of the parameters, and the ranking of parameter sensitivity was generally consistent
among treatments.

Figure 5. Sensitivity of daily soil moisture to crop and soil parameters under different starter nitrogen
application rates. The meanings of N15, N30, and N45 are the same as those in Figure 4.
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3.1.3. Sensitivity of Cumulative N2O Emissions to Crop and Soil Parameters

As shown in Figure 6, the parameters that exerted relatively strong effects on cumu-
lative N2O emissions were GF, GCN, RCN, CLAY, BD, WILP, PORO, pH, ISOC, SOCPU,
SOCDA, NO3

−–N, and SALI, with global sensitivity indices greater than 0.1. Among these
parameters, PORO showed the highest global sensitivity index, with a value of approxi-
mately 0.5; however, ISOC also exhibited a relatively high sensitivity index, indicating that
both soil pore structure and initial soil organic carbon content were important factors con-
trolling simulated cumulative N2O emissions. The global sensitivity indices of MYIELD, SF,
LF, LCN, SCN, THERD, WATD, NFIX, OPTTEM, FC, and SATHC were all lower than 0.1,
indicating that these parameters had relatively minor effects on cumulative N2O emissions.
In addition, the starter nitrogen application rate had little influence on the global sensitivity
indices of the parameters.

Figure 6. Sensitivity of cumulative N2O emissions to crop and soil parameters under different starter
nitrogen application rates. The meanings of N15, N30, and N45 are the same as those in Figure 4. The
red dashed line indicates the threshold value of the global sensitivity index at 0.1.

3.1.4. Sensitivity of Yield to Crop and Soil Parameters

As shown in Figure 7, the parameters with relatively strong effects on yield were
MYIELD, SF, CLAY, SOCDA, NH4

+–N, GCN, SALI, THERD, LCN, BD, WATD, GF, FC,
WILP, and RCN, all of which had global sensitivity indices greater than 0.1. Among
them, MYIELD, SF, CLAY, SOCDA, and NH4

+–N were the core parameters affecting yield
simulation, with global sensitivity indices greater than 0.4. MYIELD had the highest
sensitivity index, with a value of approximately 0.65. In contrast, LF, SCN, NFIX, OPTTEM,
SATHC, PORO, pH, ISOC, SOCPU, and NO3

−–N had relatively minor effects on yield,
with global sensitivity indices lower than 0.1. As the starter nitrogen application rate
increased, the effects of GF, RCN, THERD, CLAY, BD, WILP, SATHC, and ISOC on yield
decreased. The global sensitivity indices of SF and GCN increased with increasing starter
nitrogen application rate. The sensitivity indices of NH4

+–N and SCN first increased
and then decreased as the starter nitrogen application rate increased. In contrast, the
global sensitivity indices of MYIELD, LF, LCN, WATD, NFIX, OPTTEM, FC, PORO, pH,
SOCPU, SOCDA, NO3

−–N, and SALI gradually decreased with increasing starter nitrogen
application rate.
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Figure 7. Sensitivity of yield to crop and soil parameters under different starter nitrogen application
rates. The meanings of N15, N30, and N45 are the same as those in Figure 4. The red dashed line
indicates the threshold value of the global sensitivity index at 0.1.

3.2. Calibration and Validation of Model Parameters

In this study, parameter set A and parameter set B were calibrated separately. Pa-
rameter set B consisted of 11 crop parameters commonly calibrated in previous DNDC
studies, whereas parameter set A was determined based on EFAST sensitivity analysis.
The STi of all crop and soil parameters were ranked for soil temperature, soil moisture,
cumulative N2O emissions, and yield. Parameters with STi > 0.1 were regarded as sensitive.
To keep the number of calibrated parameters consistent between the two parameter sets, the
top 11 sensitive parameters were selected to constitute parameter set A (Table 5).

Table 5. Calibrated parameter set A and conventional parameter set B.

Parameter Set A Value Parameter Set B Value

MYIELD (kg C/ha) 4992 MYIELD (kg C/ha) 5150
LCN 37 LCN 39

SF 0.22 SF 0.19
GCN 37 GCN 38

THERD (◦C) 3273 THERD (◦C) 3110
GF 0.38 GF 0.40

SOCDA 2.4 LF 0.17
CLAY 0.42 SCN 57
PORO 0.5 OPTEM (◦C) 27

WILP (cm3/cm3) 0.13 WATD (g/g) 165
SOCPU (m) 0.28 RCN 62

As shown in Table 5, compared with parameter set B, parameter set A retained only
the commonly calibrated parameters MYIELD, LCN, SF, GCN, GF, and THERD, while
additionally including the soil parameters SOCDA, CLAY, PORO, WILP, and SOCPU.

3.2.1. Model Parameter Calibration

Using parameter set A, the RMSE of simulated soil temperature under the N15
(Figure 8a), N30 (Figure 8b), and N45 (Figure 8c) treatments ranged from 1.24 to
1.30 ◦C, the nRMSE ranged from 5.05% to 5.44%, and the ARE ranged from 3.40% to
3.85%. In comparison, when parameter set B was used, the RMSE of simulated soil tem-
perature across treatments ranged from 1.30 to 1.37 ◦C, the nRMSE ranged from 5.26% to
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5.76%, and the ARE ranged from 3.65% to 4.08%. Compared with parameter set B, the
simulated soil temperatures based on parameter set A were more closely distributed along
the 1:1 line relative to the observed values, indicating higher simulation accuracy.

Figure 8. During the calibration stage, performance of the DNDC model in simulating 0–10 cm soil
temperature (a–c) and 0–10 cm soil moisture (d–f) under the N15 (a,d), N30 (b,e), and N45 (c,f) treatments
using parameter set A and parameter set B. Red diamonds and blue triangles represent the simulation
results based on parameter set A and parameter set B, respectively.
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As shown in Figure 8d, Figure 8e, and Figure 8f, when parameter set A was used, the
RMSE, nRMSE, and ARE of simulated soil moisture ranged from 0.02 to 0.03 cm3/cm3,
4.21% to 6.36%, and 3.22% to 5.80%, respectively. When parameter set B was used, the RMSE,
nRMSE, and ARE of simulated soil moisture ranged from 0.03 to 0.05 cm3/cm3, 7.44% to
11.21%, and 7.39% to 9.81%, respectively. Compared with parameter set B, parameter set
A reduced the RMSE, nRMSE, and ARE by 0.02 cm3/cm3, 3.91%, and 4.09%, respectively,
indicating that the model achieved higher accuracy in simulating soil moisture when
parameter set A was used.

As shown in Figure 9a, the observed cumulative N2O emissions differed significantly
among treatments (p < 0.05), following the order N45 > N30 > N15. The RMSE, nRMSE,
and ARE of cumulative N2O emissions simulated by the DNDC model using parameter
set A were 0.01 kg N/ha, 6.58%, and 4.56%, respectively, whereas those simulated using
parameter set B were 0.01 kg N/ha, 12.09%, and 18.16%, respectively. These results indicate
that parameter set A improved the simulation accuracy of cumulative N2O emissions,
as reflected by lower nRMSE and ARE values, which decreased by 5.51% and 13.60%,
respectively. As shown in Figure 9b, the observed yield under N45 was significantly lower
than those under N15 and N30, whereas no significant difference was observed between
N15 and N30 (p < 0.05). The RMSE, nRMSE, and ARE of yield simulated by the DNDC
model using parameter set A were all lower than those obtained using parameter set B.
Compared with parameter set B, parameter set A reduced the RMSE, nRMSE, and ARE of
yield simulation by 415.57 kg C/ha, 8.77%, and 10.17%, respectively.

Figure 9. During the calibration stage, performance of the DNDC model in simulating (a) cumulative
N2O emissions and (b) yield using parameter set A and parameter set B. Different lowercase letters
above the measured bars indicate significant differences among treatments at the 0.05 level; bars
sharing the same letter are not significantly different.

3.2.2. Model Parameter Validation

As shown in Figure 10a–c, when parameter set A was used, the RMSE, nRMSE, and
ARE of simulated soil temperature across treatments ranged from 0.96 to 1.14 ◦C, 3.83% to
4.53%, and 2.57% to 3.04%, respectively. When parameter set B was used, the corresponding
RMSE, nRMSE, and ARE values ranged from 1.28 to 1.31 ◦C, 5.11% to 5.23%, and 4.35%
to 4.53%, respectively. Both parameter sets achieved good performance in simulating soil
temperature; however, parameter set A provided higher simulation accuracy. Compared
with parameter set B, parameter set A reduced RMSE, nRMSE, and ARE by 0.27 ◦C, 1.08%,
and 1.69%, respectively. The soil temperature values simulated by the DNDC model using
parameter set A were more closely distributed around the 1:1 line relative to the observed
values, indicating better model performance.
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Figure 10. During the validation phase, performance of the DNDC model in simulating 0–10 cm soil
temperature (a–c) and soil moisture (d–f) under the N15 (a,d), N30 (b,e), and N45 (c,f) treatments
using parameter set A and parameter set B. Red diamonds and blue triangles represent the simulation
results based on parameter set A and parameter set B, respectively.

As shown in Figure 10d–f, when parameter set A was used, the RMSE, nRMSE, and
ARE of simulated soil moisture ranged from 0.02 to 0.03 cm3/cm3, 3.29% to 5.54%, and
2.63% to 4.69%, respectively. When parameter set B was used, the corresponding RMSE,

https://doi.org/10.3390/agronomy16121192

https://doi.org/10.3390/agronomy16121192


Agronomy 2026, 16, 1192 19 of 29

nRMSE, and ARE values ranged from 0.03 to 0.05 cm3/cm3, 7.45% to 11.33%, and 7.39% to
10.17%, respectively. Compared with parameter set B, parameter set A reduced the RMSE,
nRMSE, and ARE by 0.02 cm3/cm3, 4.10%, and 4.50%, respectively, indicating that the
DNDC model achieved higher accuracy in simulating soil moisture when parameter set A
was used.

As shown in Figure 11a, the observed cumulative N2O emissions differed significantly
among treatments (p < 0.05), following the order N45 > N30 > N15. The cumulative
N2O emissions simulated by the DNDC model using parameter set A were closer to the
observed values across the three treatments. The RMSE, nRMSE, and ARE of cumulative
N2O emissions simulated using parameter set A were 0.01 kg N/ha, 14.98%, and 16.31%,
respectively. In comparison, the corresponding values obtained using parameter set B
were 0.03 kg N/ha, 30.16%, and 24.21%, respectively. Thus, parameter set A reduced the
RMSE, nRMSE, and ARE by 0.02 kg N/ha, 15.18%, and 7.90%, respectively. As shown in
Figure 11b, the observed yield under N45 was significantly lower than those under N15 and
N30, whereas no significant difference was observed between N15 and N30 (p < 0.05). The
DNDC model also achieved higher accuracy in simulating yield when parameter set A was
used. The RMSE, nRMSE, and ARE were 163.92 kg C/ha, 3.27%, and 3.05%, respectively,
which were 329.11 kg C/ha, 6.56%, and 6.45% lower than those obtained using parameter
set B, respectively.

Figure 11. During the validation phase, performance of the DNDC model in simulating (a) cumulative
N2O emissions and (b) yield using parameter set A and parameter set B. Different lowercase letters
above the measured bars indicate significant differences among treatments at the 0.05 level; bars
sharing the same letter are not significantly different.

3.3. Scenario Simulation
3.3.1. Effects of Total Nitrogen Application Rate on Cumulative N2O Emissions and Yield

Figure 12a shows the variation in cumulative N2O emissions under the eight total
nitrogen application scenarios. Cumulative N2O emissions increased progressively with
increasing total nitrogen application rate. The lowest cumulative N2O emission was
observed under the B1 scenario, at 0.32 kg N/ha, whereas the highest value occurred
under the B8 scenario, reaching 3.55 kg N/ha. Figure 12b shows the effects of the eight
total nitrogen application rates on spring maize yield. With increasing total nitrogen
application rate, maize yield initially increased and then remained nearly unchanged. From
B1 to B6, spring maize yield continuously increased, with the maximum yield reaching
approximately 5000 kg C/ha. From B6 to B8, yield showed little further change.
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Figure 12. Effects of different total nitrogen application rate scenarios on (a) cumulative N2O
emissions and (b) grain yield in maize fields. B1–B8 indicate total nitrogen application rates of 100,
150, 200, 250, 300, 350, 400, and 450 kg/ha, respectively.

3.3.2. Effects of Starter Nitrogen Proportion on Cumulative N2O Emissions and Yield

The analysis of variance showed that different starter nitrogen rates had significant
effects on both spring maize yield and cumulative N2O emissions (p < 0.05). Figure 13a
shows the variation in cumulative N2O emissions from maize fields under the eight starter
nitrogen scenarios. Overall, cumulative N2O emissions first decreased and then increased.
The lowest value occurred under the A2 scenario, with an average cumulative N2O emis-
sion of approximately 0.97 kg N/ha. From A3 to A8, cumulative N2O emissions increased
markedly, with the highest emission observed under the A8 scenario, reaching approxi-
mately 2.8 kg N/ha. The A1, A2, and A3 scenarios showed relatively low cumulative N2O
emissions, all below 1.3 kg N/ha. Figure 13b shows the variation in maize grain yield
under the eight starter nitrogen scenarios. The highest maize yield was observed under
the A1 scenario, at approximately 4861.4 kg C/ha, which was substantially higher than the
yields under the other starter nitrogen levels. From A2 to A8, yield varied only slightly and
remained clearly lower than that under the A1 scenario.

Figure 13. Effects of different starter nitrogen application scenarios on (a) cumulative N2O emissions
and (b) grain yield in maize fields. A1–A8 indicate starter nitrogen proportions of 0%, 15%, 25%, 30%,
35%, 40%, 45%, and 50% of the total nitrogen application rate, respectively.
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3.3.3. Interactive Effects of the Proportion of Total Nitrogen Applied as Starter Fertilizer
and Total Nitrogen Application Rate on Cumulative N2O Emissions

The interactive effects of starter nitrogen proportion and total nitrogen application
rate on cumulative N2O emissions from maize fields were further investigated (Figure 14).
Overall, cumulative N2O emissions increased with increasing total nitrogen application
rate, as indicated by the gradual color transition from blue to orange-red, suggesting that
higher total nitrogen inputs substantially increased the risk of soil N2O emissions. At low
total nitrogen application rates, differences in cumulative N2O emissions among starter
nitrogen proportions were relatively small. For example, under the B1 scenario, cumulative
N2O emissions across different starter nitrogen proportion levels ranged only from 0.4154
to 0.4329 kg N/ha. As the total nitrogen application rate increased, the emission-enhancing
effect of increasing starter nitrogen proportion became more pronounced. This pattern
was particularly evident under the B6–B8 scenarios, where a higher proportion of nitrogen
applied as starter fertilizer resulted in greater cumulative N2O emissions.

Figure 14. Interactive effects of starter nitrogen proportion and total nitrogen application rate on
cumulative N2O emissions.

The lowest cumulative N2O emission was observed under the A1B1 treatment, at
0.4154 kg N/ha, whereas the highest value occurred under the A8B8 treatment, reaching
4.8714 kg N/ha, approximately 11.7 times higher than the lowest value. Under the highest
total nitrogen application level, B8, cumulative N2O emissions increased from 1.7122 to
4.8714 kg N/ha as the starter nitrogen level increased from A1 to A8. This indicates that,
under high total nitrogen input conditions, increasing the starter nitrogen proportion fur-
ther intensified N2O emissions. In contrast, under relatively low total nitrogen application
rates, the effect of starter nitrogen allocation on N2O emissions was comparatively limited.

3.3.4. Interactive Effects of the Proportion of Total Nitrogen Applied as Starter Fertilizer
and Total Nitrogen Application Rate on Maize Yield

The interactive effects of starter nitrogen proportion and total nitrogen application
rate on maize yield were further analyzed (Figure 15). Overall, maize yield increased
with increasing total nitrogen application rate, but yield responses differed among starter
nitrogen proportion levels. Under low total nitrogen application rates (B1–B3), treatments
with lower starter nitrogen proportions produced higher yields. In the A1 treatment, yield
increased from 2464 kg C/ha under B1 to 3976 kg C/ha under B3, and these values were
higher than those observed under treatments with higher starter nitrogen proportions. At
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the same low nitrogen level, yield generally decreased as the starter nitrogen proportion in-
creased. For example, under B1, yield decreased from 2464 kg C/ha in A1 to 1597 kg C/ha
in A8, indicating that allocating a larger proportion of total nitrogen as starter fertilizer
was unfavorable for yield formation under low total nitrogen input. As the total nitrogen
application rate increased to moderate levels (B4–B5), yield increased markedly across treat-
ments. Under B5, most treatments approached or reached 5000 kg C/ha, with the highest
yield observed in A1B5, reaching 5519 kg C/ha. When the total nitrogen application rate
further increased to B6–B8, yield under treatments with higher starter nitrogen proportions
remained relatively stable at approximately 5000 kg C/ha showing a clear plateau effect.
In contrast, the treatment without starter nitrogen application, A1, maintained relatively
high yield levels, reaching 6322, 6347, and 6347 kg C/ha under B6, B7, and B8, respectively.

Figure 15. Interactive effects of starter nitrogen proportion and total nitrogen application rate on
crop yield.

Overall, the B5A1 scenario, corresponding to a total nitrogen application rate of
300 kg/ha with no nitrogen applied as starter fertilizer, achieved relatively high yield while
maintaining low cumulative N2O emissions. Therefore, this scenario can be recommended
as an appropriate nitrogen application strategy for maize production in the Tongliao region.

4. Discussion
4.1. Sensitivity Analysis

In this study, a global sensitivity analysis method was used to systematically evaluate
the effects of crop and soil parameters in the DNDC model on the simulation of soil
temperature, soil moisture, cumulative N2O emissions, and maize yield under different
starter nitrogen application proportions in the Tongliao region.

Soil temperature simulation was mainly affected by parameters such as PORO, SOCPU,
and SOCDA, among which PORO had the highest global sensitivity index. This indicates
that soil pore structure is a key factor influencing the simulation of soil thermal processes
in the DNDC model [34]. Soil porosity affects soil heat capacity, thermal conductivity,
and coupled water–heat transport processes by altering the relative proportions of solid
phase, water, and air in the soil. Therefore, changes in soil porosity can modify the model-
simulated dynamics of soil temperature [35]. SOCPU and SOCDA also showed high
sensitivity to soil temperature, suggesting that the distribution of soil organic carbon within
the soil profile can influence the soil thermal environment [36]. On the one hand, organic
matter content and its distribution can alter soil aggregate structure, bulk density, and
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pore composition [36]. On the other hand, their effects on soil water-holding capacity and
water redistribution can indirectly regulate heat conduction processes [36]. Therefore, in
this spring maize system, calibrating only crop growth parameters may be insufficient
to adequately represent variations in soil temperature. Soil porosity and soil organic
carbon profile parameters should therefore be considered important targets for localized
model calibration.

Soil moisture was most sensitive to WILP and FC, particularly WILP, which showed
consistently high sensitivity indices across all treatments. WILP and FC represent the lower
limit of soil water availability and field water-holding capacity, respectively, and are key
hydraulic parameters used by the DNDC model to calculate soil water balance and crop-
available water [35]. The high sensitivity of WILP indicates that, under the soil conditions
and shallow-buried drip irrigation system of the study area, the lower threshold of soil
water availability strongly affected the model’s estimation of soil moisture dynamics [37].
The relatively high sensitivity of FC suggests that soil water-storage capacity determines
the extent to which irrigation and precipitation inputs are retained in the root zone, thereby
affecting WFPS, crop water stress, and subsequent nitrogen transformation processes [38].
Therefore, accurate measurement or calibration of soil hydraulic parameters is fundamental
for improving the DNDC model’s ability to simulate soil moisture in irrigated maize fields.

Cumulative N2O emissions showed high sensitivity to PORO, ISOC, CLAY, BD,
SOCDA, SOCPU, NO3

−–N, and several crop carbon–nitrogen allocation parameters, in-
dicating that N2O emission processes are jointly regulated by soil aeration status, carbon
and nitrogen substrate availability, and crop nitrogen uptake [39]. PORO and ISOC were
both important sensitive parameters for simulating N2O emissions. PORO showed the
highest sensitivity, suggesting that soil pore structure affects nitrification–denitrification
processes by regulating soil moisture, gas diffusion, and oxygen supply [34]. Meanwhile,
the high sensitivity of ISOC indicates that initial soil organic carbon content strongly affects
N2O production by regulating carbon substrate availability for microbial activity and
denitrification [40]. In general, well-aerated conditions favor nitrification, whereas
higher WFPS and restricted gas diffusion are more conducive to denitrification and N2O
production [41]. The sensitivity of CLAY and BD further indicates that soil texture and com-
paction alter the soil microbial environment by affecting pore connectivity, water retention
capacity, and gas transport rates, thereby influencing the intensity of N2O emissions [34].
The high sensitivity of ISOC, SOCPU, and SOCDA suggests that soil organic carbon content
and its vertical distribution are important factors controlling N2O emissions [42]. This is
because organic carbon can serve as an electron donor for denitrifying microorganisms and
can also affect mineral nitrogen availability by regulating microbial activity and nitrogen
mineralization processes [43]. Meanwhile, crop parameters such as GF, GCN, and RCN
also showed certain sensitivity to N2O emissions, indicating that crop biomass allocation
and plant nitrogen demand can indirectly regulate N2O emissions by influencing crop
nitrogen uptake capacity and residual soil mineral nitrogen. Therefore, the simulation of
N2O emissions is not determined solely by nitrogen application rate, but rather by the
combined effects of soil physical structure, carbon and nitrogen substrate supply, and crop
nitrogen uptake.

Yield was most sensitive to parameters such as MYIELD, SF, CLAY, SOCDA, and
NH4

+–N. Among them, MYIELD directly represents the potential productivity of the
cultivar, and its high sensitivity is consistent with the structural characteristics of the crop
growth module in the DNDC model. Biomass allocation parameters, such as SF and GF,
affect the partitioning of assimilates among stems, leaves, and grains, thereby determining
final grain yield [44]. Notably, soil parameters, including CLAY, SOCDA, BD, FC, and WILP,
also showed relatively high sensitivity to yield, indicating that soil water-holding capacity,
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root-zone aeration, organic carbon distribution, and initial nitrogen supply jointly influence
yield formation in spring maize [45]. The high sensitivity of NH4

+–N suggests that initial
mineral nitrogen availability plays an important role in model-based yield simulation.
This may be particularly relevant under varying starter nitrogen proportions, where the
coordination between nitrogen supply during the seedling stage and nitrogen uptake from
subsequent topdressing may alter the model response to yield formation processes.

Therefore, in the localized application of the DNDC model, crop growth parameters
should be incorporated together with soil hydraulic parameters, pore structure parameters,
and soil organic carbon distribution parameters into the calibration parameter set. This
approach can reduce parameter uncertainty and improve the applicability of the model
under different nitrogen management scenarios.

4.2. Analysis of DNDC Model Simulation Accuracy

In this study, both parameter set A, selected based on sensitivity analysis, and the
conventional crop parameter set B were calibrated. The results showed that, compared
with parameter set B, parameter set A provided better simulations of soil temperature, soil
moisture, cumulative N2O emissions, and yield in shallow-buried drip-irrigated spring
maize fields in the Tongliao region.

For soil temperature simulation, both parameter sets showed good fitting performance,
but the simulated values obtained using parameter set A were closer to the observed values.
Compared with parameter set B, parameter set A reduced the RMSE, nRMSE, and ARE by
0.27 ◦C, 1.08%, and 1.69%, respectively (Figure 10). This result indicates that optimization
of soil parameters can also improve the model simulation of soil thermal processes. After
soil parameters such as PORO, SOCPU, and SOCDA were incorporated into parameter
set A, the model was better able to represent soil heat transfer and coupled soil water–
heat processes in the study area [46], thereby improving the accuracy of soil temperature
simulation. For soil moisture simulation, parameter set A reduced the RMSE, nRMSE, and
ARE by 0.02 cm3/cm3, 4.10%, and 4.50%, respectively, compared with parameter set B.
Soil moisture dynamics are generally regulated by irrigation input, evapotranspiration,
infiltration, and root water uptake across different irrigation systems. In the present shallow-
buried drip irrigation system, the localized wetting pattern and repeated irrigation events
may further increase the temporal variability of root-zone soil moisture. The inclusion of
soil hydraulic parameters such as WILP, CLAY, and PORO in parameter set A improved the
model response to changes in root-zone soil moisture, thereby enhancing the simulation
performance for soil moisture [47].

The simulation results for cumulative N2O emissions further demonstrate the impor-
tant role of soil process parameters in DNDC-based greenhouse gas emission simulation.
During the validation period, parameter set A reduced the RMSE, nRMSE, and ARE by
0.02 kg N/ha, 15.18%, and 7.90%, respectively, compared with parameter set B (Figure 11a).
These results indicate that calibration based only on conventional crop parameters is in-
sufficient to fully capture the complexity of N2O production and emission processes. By
simultaneously accounting for key factors such as soil structure, soil water status, and soil
organic carbon distribution, parameter set A more accurately represented the response of
soil nitrogen transformation processes to nitrogen management [34]. For yield simulation,
parameter set A also outperformed parameter set B. During the validation period, the
RMSE, nRMSE, and ARE of yield simulated using parameter set A were reduced by
329.11 kg C/ha, 6.56%, and 6.45%, respectively, compared with parameter set B
(Figure 11b). This suggests that yield formation is controlled not only by crop param-
eters such as MYIELD, GF, SF, and THERD, but also by soil water supply, the root-zone
environment, and nitrogen availability [48]. By incorporating sensitive soil parameters,
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parameter set A improved the model representation of the crop growth environment and
therefore showed greater stability in yield simulation.

4.3. Analysis of Scenario Simulation Results

Based on the calibrated DNDC model, 64 nitrogen management scenarios were con-
structed by combining different total nitrogen application rates and starter nitrogen pro-
portions to analyze their effects on spring maize yield and cumulative N2O emissions.
Regarding starter nitrogen proportion, the lowest cumulative N2O emissions occurred un-
der the A2 scenario, whereas the highest emissions were observed under the A8 scenario. In
contrast, yield was highest under the A1 scenario, while yields under A2–A8 were markedly
lower and showed only minor differences among these scenarios. These results indicate
that, under shallow-buried drip irrigation and split topdressing conditions, increasing
the proportion of nitrogen applied as starter fertilizer did not substantially promote yield
formation, but instead may have increased nitrogen accumulation in the root zone during
the seedling stage, thereby enhancing the risk of subsequent N2O emissions. During the
seedling stage, spring maize has limited nitrogen uptake capacity. Concentrating excessive
nitrogen fertilizer at sowing can easily lead to asynchrony between nitrogen supply and
crop demand [49]. Therefore, appropriately reducing the starter nitrogen proportion and
shifting nitrogen supply to the rapid growth stages of maize may help improve nitrogen
use efficiency and reduce nitrogen losses [49]. Regarding total nitrogen application rate,
N2O emissions were relatively low under low nitrogen input, but yield was limited by
insufficient nitrogen supply. Under moderate nitrogen input, yield increased markedly.
Under high nitrogen input, however, the yield increase diminished and gradually reached
a plateau, whereas N2O emissions continued to increase. Previous studies have also shown
that N2O emissions often exhibit a nonlinear response to nitrogen fertilizer input, and exces-
sive nitrogen application can substantially amplify emission risks without a corresponding
increase in yield [45].

The interaction between total nitrogen application rate and starter nitrogen proportion
markedly affected N2O emissions. At low total nitrogen application rates, differences in
N2O emissions among treatments with different starter nitrogen proportions were relatively
small. As the total nitrogen application rate increased, the emission-enhancing effect of
a high starter nitrogen proportion became increasingly pronounced. The lowest N2O
emission was observed under A1B1, whereas the highest emission occurred under A8B8,
with the latter being approximately 11.7 times higher than the former. This indicates that
the combination of high total nitrogen input and a high starter nitrogen proportion can
substantially increase the risk of soil nitrogen surplus and N2O emissions. The interaction
between total nitrogen application rate and starter nitrogen proportion also markedly
affected yield. Under low nitrogen application levels, B1–B3, a higher starter nitrogen
proportion reduced yield. For example, under B1, yield decreased from 2464 kg C/ha in
A1 to 1597 kg C/ha in A8, indicating that when total nitrogen input is limited, allocating
an excessive proportion of nitrogen to the early growth stage may weaken nitrogen supply
during the middle and late growth stages, thereby adversely affecting yield formation [50].
As the total nitrogen application rate increased to B4–B5, yield under different treatments
increased substantially and gradually approached a high level, with relatively high yield
observed under A1B5. Further increases in nitrogen input resulted in limited additional
yield gains but increased N2O emissions, suggesting that reducing the starter nitrogen
proportion and strengthening topdressing during the middle and late growth stages are
more conducive to synchronizing nitrogen supply with the peak nitrogen demand of
maize [51].
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Overall, A1B5, corresponding to a total nitrogen application rate of 300 kg/ha with
no nitrogen applied as starter fertilizer, was selected as the preferred trade-off strategy.
Although further increasing total nitrogen input may produce higher yield under some
scenarios, it requires additional nitrogen fertilizer and increases cumulative N2O emissions.
In contrast, A1B5 maintained a relatively high yield while keeping N2O emissions at a
comparatively low level, thereby providing a better balance between yield performance,
nitrogen input, and emission mitigation. Therefore, A1B5 can be considered a preferred
nitrogen management strategy for achieving high yield and low emissions in spring maize
production in the study area. It should be noted that A1B5 does not imply that starter
nitrogen should be completely eliminated under all production conditions. Rather, it
emphasizes that, under shallow-buried drip irrigation and split topdressing conditions,
reducing the proportion of nitrogen applied at sowing and strengthening precise nitrogen
supply during the middle and late growth stages can enhance the synergy between yield
formation and N2O emission mitigation.

4.4. Limitation

Several limitations of this study should be acknowledged. First, a no-fertilizer control
was not included in the field experiment because the main objective was to evaluate
the effects of different starter nitrogen proportions under the same total nitrogen input
and to provide field data for DNDC model calibration under local high-yield fertigation
conditions. This represents a limitation of the field experimental design, and future studies
should include a no-fertilizer control to further quantify the absolute crop response to
fertilizer application.

Second, the DNDC model was calibrated and validated using two years of field
experimental data, with one year used for calibration and the other for validation. Al-
though the calibrated model showed good performance in this study, long-term field
observations under different weather conditions are still needed to further confirm the
robustness of the scenario simulation results and the stability of the recommended nitrogen
management strategy.

Third, the field experiment included starter nitrogen proportions of 15%, 30%, and 45%,
whereas the scenario simulation further explored 0% and 50% starter nitrogen proportions.
Therefore, the A1 and A8 scenarios represent model extrapolations beyond the calibration
data. Although using a calibrated process-based model to explore broader management
scenarios is a common approach in DNDC-based studies, the uncertainty associated with
these extrapolated scenarios is expected to be higher than that of scenarios within the
observed treatment range. Future field experiments should include no-starter-nitrogen and
higher-starter-nitrogen treatments to further validate the simulated responses.

5. Conclusions
This study integrated EFAST-based global sensitivity analysis, the differential evolu-

tion algorithm, and the DNDC model to evaluate parameter sensitivity, model calibration,
and nitrogen management optimization for shallow-buried drip-irrigated spring maize in
the Tongliao region. The main conclusions are as follows: (1) DNDC model outputs were
jointly controlled by crop and soil parameters. Soil temperature, soil moisture, cumulative
N2O emissions, and yield were affected by different parameter groups, indicating that
both crop and soil parameters should be considered in sensitivity analysis and localized
calibration for spring maize systems in this region. (2) The sensitivity-screened parameter
set A performed better than the conventional crop-parameter set B. By incorporating key
crop parameters and sensitive soil parameters, parameter set A improved the simulation
accuracy of soil temperature, soil moisture, cumulative N2O emissions, and yield. There-
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fore, it can provide a localized parameter set for DNDC applications in shallow-buried
drip-irrigated spring maize systems. (3) Total nitrogen application rate and starter nitro-
gen proportion jointly affected spring maize yield and N2O emissions. Increasing total
nitrogen input continuously increased N2O emissions, whereas yield increased initially
and then tended to plateau. A higher starter nitrogen proportion did not markedly im-
prove yield but increased N2O emission risk under high nitrogen input. Considering yield
performance, nitrogen input, and emission mitigation together, A1B5, corresponding to
300 kg N ha−1 with no nitrogen applied as starter fertilizer, was identified as the preferred
trade-off strategy for achieving high yield and low emissions in the irrigated area of the
West Liaohe Plain.
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