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ABSTRACT

China is the largest rice producing and consuming country in the world, accounting for more
than 25% of global production and consumption. Rice cultivation is also one of the main
sources of anthropogenic methane (CH,4) and nitrous oxide (N.O) emissions. The challenge
of maintaining food security while reducing greenhouse gas emissions is an important
tradeoff issue for both scientists and policy makers. A systematical evaluation of tradeoffs
requires attention across spatial scales and over time in order to characterize the complex
interactions across agricultural systems components. We couple three well-known models
that capture different key agricultural processes in order to improve the tradeoff analysis.
These models are the DNDC biogeochemical model of soil denitrification-decomposition
processes, the DSSAT crop growth and development model for decision support and agro-
technology analysis, and the regional AEZ crop productivity assessment tool based on agro-
ecological analysis. The calibration of eco-physiological parameters and model evaluation
used the phenology and management records of 1981-2010 at nine agro-meteorological
stations spanning the major rice producing regions of China. The eco-physiological
parameters were calibrated with the GLUE optimization algorithms of DSSAT and then
converted to the counterparts of DNDC. The upscaling of DNDC was carried out within each
cropping zone as classified by AEZ. The emissions of CH, and N,O associated with rice
production under different management scenarios were simulated with the DNDC at each site
and also each 10x10 km grid-cell across each cropping zone. Our results indicate that it is
feasible to maintain rice yields while reducing CH; and N,O emissions through careful
management changes. Our simulations indicated that a reduction of fertilizer applications by
5-35% and the introduction of midseason drainage across the nine study sites resulted in
reduced CH,; emission by 17-40% and N,O emission by 12-60%, without negative

consequences on rice yield.

KEY WORDS: Climate change; agricultural CH, and N,O emissions; rice yield; model

coupling; mitigation tradeoffs; China
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INTRODUCTION

Climate change characterized by global warming has already had observable impact on
the ecological system and human society (Alley et al., 2003). The historical records show that
from 1901 to 2012, the global mean surface temperature increased by 0.89°C. This warming
trend is expected to continue in the forthcoming decades and would impose even more
significant impact on ecosystem and human society (IPCC, 2013). The main cause of current
global warming is the anthropogenic emission of greenhouse gases (GHGs), which has led to
their increased concentration in the atmosphere. Modern intensive farming, which heavily
depends on chemical fertilizer application and irrigation, is the single largest source of
methane (CH,) and nitrous oxide (N,O) emissions (IPCC, 2014; FAO, 2016). Meanwhile, a
warmer climate accompanied by modified water regimes exerts impact on farming practices
and consequently on crop productivity (Verburg et al., 2000; IPCC, 2014). Since the global
warming potential of CH4 and N,O is 25 and 298 times higher than CO,, respectively (IPCC,
2013), it is well recognized that a focus on reducing CH4 or N,O emissions may be an
effective climate change mitigation strategy.

Our ability to pick these “low-hanging fruits” may however be constrained by the
existence of multiple, conflicting objectives. Rice paddy cultivation in China represents a
significant example to this end. On the one hand, China is the major producer and consumer
of rice in the world and maintaining self-sufficiency in rice is extremely important for the
country (FAOSTAT 2016). On the other, China’s rice production generates significant
environmental pressure, as it depends on large-scale basin irrigation and large amounts of
fertilizers applications (Miao et al., 2011). Such practices have resulted in significant
emissions of CH, and N,O to the atmosphere, as well as damages to soil and water systems.
Using IPCC guidelines for GHG inventories (IPCC, 2006), the emissions of CH; from
Chinese paddy fields were estimated at 7.41 Tg (1 Tg = 10* g) CH,-C in 2000, which is well
over 150 Tg CO.eq, accounting for about 29% of world total CH, emission from rice in that
year (Yan et al., 2009). These emissions levels were maintained throughout the last decade
(FAOSTAT, 2016). At the same time, N,O emissions from Chinese paddy fields were
estimated at 0.036 Tg N,O-N in 2007 (Gao et al. 2011), corresponding to roughly 30% of the
total N2O-N emissions from Chinese agriculture (FAOSTAT, 2016).

In the rice cultivation system, rice grain and greenhouse gas are joint products from
paddy fields cultivation and there is a complex relationship between rice growing and GHG

emissions. For example, CH,4 production is influenced by substrate concentrations, which are
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influenced by plant root activities. Plant growth dynamic also influences soil mineral N
through crop N uptake, therefore indirectly affecting N,O emission. This complexity has
attracted significant research attention and various GHG mitigation measures have been
tested using field experiments at paddy sites. For example, Dong et al. (2011) highlighted the
tradeoff relationship between CH4 and N,O emissions, finding that an increasing application
of nitrogen fertilizer will mitigate CH, emission with reference to no fertilization, but
increase N,O emissions at the same time. Itoh et al. (2011) found that employing midseason
drainage as a water management technique in rice fields reduced the combined climate
forcing of CH4 and N,O in comparison with basin irrigation. Based on experimental evidence,
Johnson-Beebout et al. (2009) concluded that simultaneous minimization of both CH, and
N,O emission could not be maintained in rice soils, but that appropriate water and residue
management could nonetheless reduce greenhouse gas emissions. Wu et al. (2008) showed
that employing conservation tillage methods, especially no-tillage, mitigated GHG emission
from rice fields by about 15%. However, it is difficult to extrapolate these field-based results
to large regional scales, because of high inherent variability over space and time. Such
variability may instead be addressed by agricultural systems models that, while capturing the
fundamental soil crop atmosphere dynamics highlighted by field experiments, can be used to
further estimate the regional variability of associated emissions as a function of the wide
range of soil, water and climatic parameters that exists over large scales (Jones et al., 2016).

The DeNitrification-DeComposition (DNDC) model is one of the most widely accepted
biogeochemistry process-based models in the world (Wang and Chen, 2012; Gilhespy et al.,
2014). The model has been evaluated against observations worldwide (e.g., Beheydt et al.,
2007; Giltrap et al., 2010; Gilhespy et al., 2014). The development of a GIS coupled to high-
resolution soil maps in recent versions of this model, allows DNDC to also estimate GHG
emissions at regional and national levels, in support of national inventories and including the
impacts of rice rotations (e.g., Gilhespy et al., 2014; Zhang et al. 2016; Li et al. 2005; Chen et
al. 2016).

With the GIS application, an array of weather and soil data could be employed to
support DNDC model-based regional simulations. However, two limitations currently
undermine such simulations. First, the phenological and physiological parameters as the key
input of DNDC are typically calibrated with the subjective optimization method (McCuen,
2003), meaning that parameter values are manually adjusted based on the modeler’s
subjective knowledge of the parameter, model, and data (Wang and Chen, 2012). A

consequence of this limitation is that the default cultivar parameter values in DNDC
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characterize only one rice cultivar for all of China, thus failing to represent the richness and
regional diversity of cultivars that exists in this country. Second, as highlighted in Zhang et al.
(2016), most DNDC studies were conducted at the county level in the case of China or at
large spatial simulation units, with a resolution about 0.5°x0.5° (e.g., Li, 2000; Pathak et al.,
2005; Tang et al., 2006; Gao et al., 2014). This coarseness does not allow to properly capture
the impacts of soil heterogeneity and the associated management measures within a county or
a large spatial unit, resulting in poor spatial performance of the simulation models.

To overcome the above weaknesses of DNDC and to more accurately evaluate the
tradeoffs between maintaining the current level of rice production and reducing GHG
emissions from farming activities, we coupled three state-of-the-art agricultural systems
models in order to capitalize on their individual comparative advantages. They are the
biogeochemistry process-focused DNDC model, the crop growing process-focused model —
Decision Support System for Agro-technology Transfer (DSSAT) (Jones et al. 2003), and the
Agro-Ecological Zone (AEZ) model (Fischer et al. 2012), a widely used regional crop
productivity assessment tool. The two crop simulation models (DSSAT and AEZ) are
designed to assess the impacts of multiple climate factors on crop growth and grain yield.
They are widely employed in climate impact studies (Challinor et al., 2014; Thorp et al.,
2008; Seidl et al., 2001). We investigated how such coupling can improve the spatial
performance of DNDC for the case of paddy rice production in China. Our parameters
calibration and model evaluation used the observed phenology and management records at
nine representative agro-meteorological stations, spanning the major rice producing regions
of China. We first calibrated eco-physiological (cultivar) parameters for rice growth using the
Generalized Likelihood Uncertainty Estimation (GLUE) algorithm provided by DSSAT,
which uses Monte Carlo sampling from prior distributions of the coefficients and a Gaussian
likelihood function to determine the best cultivar coefficients, based on the observation data.
We then followed a procedure as presented in Section 2.4.2 to convert these eco-
physiological cultivar parameters into DNDC required parameters. In this way, we enriched
the value set of cultivar parameters of the DNDC model, which is essential for meaningfully
upscaling, via the assistance of AEZ, the DNDC runs to the rice cropping zones of China.
With such coupling between the three models, we evaluated rice yield levels and the
corresponding CH,4 and N,O emissions under different management scenarios, at a resolution
of 10x10 km, seeking to highlight those water and fertilizer management solutions that could

lead to significant reduction of CH4; and N,O emissions without causing reductions in rice



169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185

186
187
188

189
190
191
192
193
194
195
196
197
198
199
200
201
202

production.

2. MATERIALS AND METHODS
2.1 The study sites

We selected nine agro-meteorological observation stations based on the following
criteria from the original hardcopy records filed in the Data Center of China Meteorological
Administration: (1) each station represents a typical cropping system for rice cultivation in
China; (2) they differ in terms of geographic and climatologic characteristics; (3) each station
has complete records of crop phenology for more than 20 years over the period of 1981-2010;
and (4) each station has complete records of crop management for more than 5 years over the
period of 1981-2010. These records include the 1D, name and location (latitude and longitude)
of each station; date of each major phenological stages (sowing, flowering, maturity, etc.);
yield and yield components (grain weight, grain number per tiller, tiller number per plant,
etc.); date, type and quantity of fertilizer application; and irrigation methods and dates. These
crop phenology and management data are critical for simulating crop growing and
quantifying CH4 and N,O emission from crop fields. Table 1 and Figure 1 report names,

locations, and geographical features of these nine stations.
(Table 1 and Figure 1 are about here)

2.2 Input Datasets at the Grid-cell Level

Observed daily weather data, including minimum and maximum air temperature, daily
sunshine hours, precipitation, relative humidity, and wind speed, for 1981-2010 at over 700
observation stations nationwide were provided by the Data Center of China Meteorological
Administration. Because all three models need solar radiation data, we employed the
empirical global radiation model to calculate daily radiation levels (Pohlert, 2004). These
point-based data are imported to ArcGIS together with the coordinates and then interpolated
into 10 km spatial resolution raster data.

The Harmonized World Soil Database (HWSD, cf. FAO/IIASA/ISRIC/ISSCAS/JRC,
2009) provides reliable and harmonized soil information at the grid cell level for the world,
with a spatial resolution of 1 km x 1 km for China. The soil is divided into topsoil (0-30 cm)
and subsoil (30-100 cm). Each grid cell in the database is linked to commonly used soil
parameters. Most of the minimum soil properties required by the DSSAT and DNDC models
can be extracted directly from the HWSD soil database. For the missing soil surface albedo,



203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236

we used the soil color from the World Inventory of Soil Emission Potentials (WISE) soil
database (Batjes, 2009) and determined the soil surface albedo with the standard given by
Ritchie et al. (1989). We calculated other missing soil properties with extracted soil properties
and procedures provided in the DSSAT literature (Gijsman et al., 2002, 2007), such as USDA
curve number (Lane, 1982) and drainage rate, root growth factor, upper and lower limit of
plant extractable soil water.

The map of paddy fields is extracted from the National Land Cover database (100 m x
100 m) provided by the Institute of Geographical Sciences and Natural Resource Research
(IGSNRR) of the Chinese Academy of Sciences. The reference year for the map is 2000. This
land cover database is produced from visual interpretation of Landsat ETM/ETM+ satellite
images and grouped into ten categories. Paddy field is one of the major categories (Liu et al.,
2005).

2.3 Agricultural Systems Models
2.3.1 The DNDC model

The DeNitrification-DeComposition (DNDC) model simulates soil carbon (C) and
nitrogen (N) biogeochemical processes in crop growth cycle. It was originally developed for
simulating C sequestration and emissions of greenhouse gases from agricultural soils in the
USA (Li et al., 1992; Li et al., 1994). During the last 25 years, the DNDC model has been
developed to simulate C and N transformations in different ecosystems, such as forest,
wetlands, pasture, and livestock farms. It has incorporated a relatively complete suite of
biophysical and biogeochemical processes, which enables it to compute the complex
transport and transformations of C and N in terrestrial ecosystems under both aerobic and
anaerobic conditions (Gilhespy et al., 2014; Li 2007).

DNDC is comprised of six interacting sub-models: soil climate, plant growth,
decomposition, nitrification, denitrification, and fermentation. The soil climate, plant growth,
and decomposition sub-models convert the primary drivers into soil environmental factors.
The nitrification, denitrification, and fermentation sub-models simulate C and N
transformations that are mediated by soil microbes and controlled by soil environmental
factors (Li 2000; Li et al., 2012). In DNDC, crop biomass and yield are simulated at daily
time steps by considering the effects of several environmental factors on plant growth,
including radiation, air temperature, soil moisture, and N availability. Methane flux is
predicted by modeling CH, production, oxidation, and transport processes. CH, production is

simulated by calculating substrate concentrations (i.e., electron donors and acceptors)
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resulting from decomposition of SOC (soil organic carbon) as well as plant root activities
including exudation and respiration, and then by simulating a series of reductive reactions
between electron donors (i.e., H, and dissolved organic carbon) and acceptors (i.e., NOs,
Mn**, Fe**, SO,%, and CO,). Redox potential, temperature, pH, along with the concentrations
of electron donors and acceptors are the major factors controlling the rates of CH,4 production
and oxidation. DNDC simulates CH, transport via three pathways, including plant-mediated
transport, ebullition, and diffusion (Fumoto et al., 2008; Zhang et al., 2002). N,O is simulated
as a by-product of nitrification and denitrification. As microbial-mediated processes, both
nitrification and denitrification are subject to complex regulation of numerous environmental
factors, such as concentrations of mineral N, availability of dissolvable organic carbon
(DOC), redox potential, and temperature in DNDC (Li, 2000). Farming management
practices, such as synthetic fertilizer application, manure use and irrigation, have been
parameterized to regulate the soil N dynamics, DOC availability, and/or soil environments,
and therefore regulate N,O emissions from soils. In this research, we use the latest version of
DNDC (DNDC 95).

2.3.2 The DSSAT model

The Decision Support System for Agro-technology Transfer (DSSAT) model (Jones et
al., 2003; Hoogenboom et al. 2010) is a popularly-employed model for simulating crop
growing dynamics (Challinor et al., 2014). The core of the DSSAT system consists of 17 crop
simulation models. This research employs the Crop Environment Resource Synthesis
(CERES) model, which simulates cereal crops such as wheat, rice and maize. The CERES
model calculates daily phenological development (i.e., vegetative growth, flowering, grain
growth, maturity and senescence phases) and biomass production in response to
environmental (soil and climate) and management (crop variety, planting conditions, N
fertilization, and irrigation) factors.

The crop cultivar parameters, which are named genetic coefficients in DSSAT,
quantitatively describe how a particular genotype of a cultivar responds to environmental
factors (Penning de Vries et al., 1992), thus enabling the integration of genetic information on
physiological traits into crop growth models. Each crop in the model has a specific set of
parameters, values of which characterizes the genetic information of different cultivars. In the
CERES-rice model, 8 parameters are essential for describing the genetic information of
different rice cultivars (Prasada Rao, 2008, Table 14.1). Because each station belongs to a

specific cropping zone/cropping system for rice cultivation in China as we presented in
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Section 2.1, we have nine cultivars, each at one station. We employ the DSSAT-provided
Generalized Likelihood Uncertainty Estimation (GLUE) method (He et al., 2010) to estimate
the parameter values of the given cultivar. GLUE is a Bayesian estimation method. GLUE
uses Monte Carlo sampling from prior distributions of the coefficients and a Gaussian
likelihood function to determine the best coefficients based on the observation data. It has
been widely used in crop and hydrological modeling (Blasone et al. 2008; He et al., 2010;
Wang et al. 2015). The technical details of the GLUE estimation and a part of the estimation
results were published in Tian et al. (2014). The procedure on translating DSSAT’s genetic
coefficients into the format of DNDC’s cultivar parameters will be presented in sub-section
2.4.2.

2.3.3 The AEZ model

In contrast to the process-based crop growth model like DSSAT, the Agro-Ecological
Zone (AEZ) model, which was jointly developed by the International Institute for Applied
Systems Analysis (IIASA) and the Food and Agricultural Organization (FAO) of the United
Nations, is a regional scale model to simulate land resource and crop production potential
(Fischer et al., 2012). AEZ provides a standardized crop-modeling and environmental
matching procedure, which classify a region into cropping zones based on climate, soil, and
terrain characteristics relevant to specific crop production, and identify crop-specific
limitations of prevailing agro-ecological resources under assumed levels of inputs and
management conditions. This procedure in AEZ makes it well suited for crop suitability,
zoning, and productivity assessments at regional, national and global scales (cf., among
others, FAO, 2007; Fischer et al., 2005; Gohari et al., 2013; Masutomi et al., 2009; Tian et al.,
2012, 2014; Tubiello and Fischer, 2007). In each rice-cropping zone identified by the AEZ,
we have one representative observation station (Fig. 1). We assume that the rice cultivar
parameters we have calibrated at the representative station are applicable for DNDC

simulations across grid cells within this rice cropping zone.

2.4 Implementation Procedure of Model Coupling

The flowchart for effectively linking DSSAT, AEZ, and DNDC models are presented in
Fig. 2. As shown in Fig.2, the central purpose of the model coupling is for finding feasible
ways to reconcile the two policy goals of maintaining rice production and mitigating methane
(CH,) and nitrous oxide (N2O) emissions from paddy fields in China. The reconciliation
would become more convincing if both rice production and the corresponding CH4 and N,O
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emissions are outputs of one model, and the most suitable model for this purpose is the
DNDC. However, despite that DNDC model has the designed comparative advantage in
simulating biogeochemistry process during crop growing cycle and it is also capable of
simulating crop growing process, its simulations are subject to the condition that the
representative phenological and physiological parameters related to crop growth simulations
with DNDC are available as the key input information (User's Guide for the DNDC Model,
http://www.dndc.sr.unh.edu/model/GuideDNDC95.pdf). To produce such representative

phenological and physiological input parameters for DNDC, DSSAT has clear comparative
advantage because the DSSAT model is designed for simulating very detailed crop-growing
process, including phenological details. The central steps for enriching the parameter value
set of rice cultivars in the DNDC model and to enable the smooth up-scaling runs of DNDC
within each rice-cropping zone of China’s rice growing region are as follows. (1) calibrating
rice genetic coefficients at the nine agro-meteorological stations using the DSSAT model and
its GLUE algorithms; (2) converting the newly calibrated genetic coefficients into the format
of DNDC; (3) reclassifying the cropping zones based on the spatial relationship between
observed cropping practices at the nine stations and the two-digit classification of the AEZ
cropping zones, so that each rice cropping zone has only one set of DNDC parameter values;
and (4) simulating CH, and N,O emissions under different scenarios using the DNDC model
with the calibrated values of crop cultivar parameters remaining stable in each of the
reclassified cropping zones, under the historical climate conditions from 1981 to 2010.

(Figure 2 and Table 2 about here)

2.4.1 Scenarios configuration

In order to find one or more feasible management methods which can meet the dual goal
of maintaining the current level of rice production and reducing GHG emissions from the
current emission level, we set up 4 management scenarios and simulate rice growing and
GHG emission processes for a single rice growing season under each scenario.

The first one is the “Traditional Management” (TM) scenario, in which the application of
chemical fertilization follows the existing practice and irrigation follows the current
continuous flooding, with the timing and intensity as recoded in the observation data of the
nine study sites.

Excessive application of nitrogenous fertilizer has been widely recognized as an
important source of excessive N,O emission from rice paddy fields, as discussed in the

10
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339 introduction. We define a threshold/balanced fertilizer amount which guarantees the best
340 attainable yield with the minimum amount of necessary fertilizer application, meaning that an
341 application amount smaller than this threshold will lead to yield reduction even under ideal
342  weather and water management conditions, and an application amount larger than this
343  threshold will not lead to an increase in yield. In order to find this threshold, the maximum
344  amount of the observed fertilizer application at each station was employed as the starting
345  point. Then we ran DNDC simulations stepwise and at each step we cut down this maximum
346 amount by 5% and check its impact on the best attainable yield. In this way we found the
347  ratio of the threshold/balanced fertilizer amount to the real maximum application amount at
348  each of the 9 stations. We call this ratio the ‘balanced fertilizer ratio’ (Table 2). Consistent
349  with the acknowledgement in the literature, excessive application is present in all nine
350  stations, being 5-35% higher than the requirement for supporting the best attainable yield.
351 While the SCCD and JXNC sites reported a moderate extent of excessive fertilizer
352 application, all other sites showed significant room for reducing fertilizer application amount.
353  The above search procedure leads to the establishment of the second scenario, which consists
354  of the balanced fertilizer application and continuous flooding irrigation method. We call it the
355  “Balanced Fertilizer” (BF) scenario.

356 With the development of new crop management and cultivar breeding technology,
357 increasing number of farmers are using the midseason field drying method to replace the
358 traditional basin irrigation method, which could mitigate CH, emission effectively. We name
359  this scenario “Midseason Drainage” (MD), in which the application of fertilizer is as the
360  observed, but irrigation management takes the midseason field drying method.

361 The forth scenario, we call it “Comprehensive Mitigation” (CM), combines the balanced
362  fertilizer application and the midseason field drying irrigation method. Because changes in
363  water management method will affect nitrification and denitrification processes, under the
364 MD and CM scenarios, the balanced fertilizer application amount at JXNC decreases from 90%
365 t080% and at LNTT increases from 80% to 95% (Table 2, BFR-1 and BFR-2).

366

367  2.4.2 Calibration of cultivar parameters and DNDC validation

368 Key rice cultivar parameters related to the simulation of crop growth and GHG
369  emissions in DNDC include maximum biomass and C:N ratio of grain, leaf, stem and root,
370  respectively; optimum rice growing temperature; and the required accumulative degree days
371 (TDD) from sowing to maturity. In order to improve the information on rice cultivars in the

372 DNDC model, we first calculate the maximum grain biomass based on the yield records at

11
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each observation site. We determine the best attainable yield based on the maximum value of
the multi-year yield components records, which includes the maximum grain number per
tiller and the corresponding grain weight, maximum tiller number per plant and the optimum
plant density. This way of determining the maximum grain biomass is in line with the
corresponding requirements in the DNDC setting. It also guarantees that the ways we find for
reducing CH, and N,O emission are able to maintain the best attainable yield. Second, we
employ the GLUE module in the DSSAT model to calibrate the rice genetic coefficients by
targeting at the maximum grain biomass at each station. We used the outputs of DSSAT
model calibrated to calculate, for each site, the maximum biomass and the C:N ratio for each
part of the rice plant, and also the harvest index (HI). In the calculation of the C:N ratio, we
also take reference from the relevant information in the AEZ database to justify the range of
our calculations. Third, optimum temperature for rice growing is translated from reference
temperature in AEZ directly and the TDD is calculated based on the daily weather data during
each rice growing season over the period of 1981-2010. Table 3 reports the results of the

above calibration.

(Tables 3-5 about here)

We then ran the DNDC model using the newly calibrated cultivar parameter values
(Table 3), and validated the model by comparing the simulations against the observed best
attainable yield at the site level. The ideal field management practices are used to ensure that
the growing process is free from water and nitrogen stress, and only influenced by weather
and soil. We report both the ranges of simulated yields and the Relative Absolute Error
(RAE), as presented in Eg. (1), to evaluate the consistency between the observed and the
simulated values.

__ |Obs—Simu|

RAE Obs

x 100% , (1)

where “obs” refers to the observed value and “simu” the result of DNDC model simulation at
the give site. Because the focus of DNDC is on the interactions between the C and N
biogeochemical cycles and the primary ecological drivers in the cropping process, rather than
on simulating the detailed crop growing process, the major phenology information such as
plating and maturity days are the input of DNDC. This means that the performance
evaluation of DNDC should be based on the comparison between observed and simulated

yield and emissions.
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Table 4 reports the observed best attainable yield, the minimum, mean, and maximum of
the simulated yields, and the average RAE at the nine stations for the period of 1981-2010. It
shows that while at 6 of the 9 stations, the observed attainable yield lies within the
uncertainty range of the simulated yields, the observed yield at JLYJ is 119 kg higher (with an
average RAE at 4.69%) than the simulated maximum and that at SDLY and GDGZ is 313 kg
(average RAE 7.72%) and 290 kg (average RAE 8.13%) lower than the simulated minimum,
respectively. Given that the gap between the observed yield and the nearest border value of
the simulated yield is less than 5% at these 3 stations, we can accept that that the simulated
attainable yield matches the observed best attainable yield relatively well. This means that the
DNDC model with our enriched value set of cultivar parameters is able to simulate rice
production level with relatively good accuracy at each of the nine stations.

We do not directly test the DNDC simulations of CH, and N,O emissions against the
corresponding field records because there is no observations on CH4 and N,O emissions at
the nine stations. Instead, we employed the experiment records at the Nanjing station
presented in Cai (1997) to validate the performance of the updated DNDC model. The same
experiment records were also used to validate the DNDC model by Cai et al. (2003) and
Fumuto et al. (2008). We ran DNDC using daily weather, soil and farming management data
from Cai et al. (2003) and Fumuto et al. (2008) for the same experimental site. For cultivar
parameters, we used the calibrated values at Zhengjiang station, which is 65 km to the east of
Nanjing, on the same Yangtze River bank area. Table 5 compares our results with those of Cai
et al. (2003) and Fumuto et al. (2008). Our simulated yield is 7782.5 kg ha*, which is 12%
higher than the observed vyield. In contrast, there is no yield validation results in Cai et al.
(2003) and Fumuto et al. (2008). Our CH, emission result of 77 kg C ha™ is 1/3 higher than
the observed value but still 11 kg C ha™ lower than the result of Fumuto et al. (2008). Our
N,O emission result of 0.5 kg N ha™ is much closer to the observed value than that of Cai et
al. (2003), which is 8 times higher than the observed value (Table 5).

2.4.3 Reclassifying the rice cropping zones

The cropping zone system defines the land use units in the AEZ by climate, soil and
terrain characteristics that are relevant to specific crop production. Cropping zones typically
represent the spatial distribution of crop cultivars in historical climate conditions (Tian et al.,
2012). In this research, the original two-digit rice cropping zone map of China as defined by
the AEZ model is employed. There are 14 rice cropping zones. For 9 of these 14 zones, we

directly established one-to-one correspondence between the zone and the station within the
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zone. For each of the other 5 zones, the closest suitable cultivar station was chosen for the
zone. In this way, we reclassified the existing 14 zones into 9. The map of the reclassified rice

cropping zones, overlaid with the paddy field map of China in 2000, is presented in Figure 1.
(Figures 3-7 about here)

3. RESULTS
3.1 The yield prediction performance of the original and updated DNDC models at the

regional level

To show the improvement brought about by the cropping-zone specific enrichment of
rice cultivar parameters in terms of yield prediction at the regional level, we ran the DNDC
model with both the default and the enriched/updated value set of cultivar parameters across
paddy grid-cells for the best single season of rice. The two maps in Figures 3 show the results
on yield predictions from the DNDC model by using the default and enriched cultivar
parameter values, respectively. The predicted yields in both maps are presented as the
averages over 1981-2010. Figure 3-a shows that the single season rice yield is less than
4000kg ha™ in a very large part of the middle and lower reaches of the Yangtze River Basin,
which is much lower than observations in this most important rice producing region of China.
In sharp contrast, this undesirable gap does not show up in Figure 3-b. In terms of the
cropping zone average, the predicted yields in Figure 3-b range from 7000kg ha™ to 10000kg
ha™*. These results validate our previous argument that using a single set of cultivar parameter
values cannot represent the richness of rice cultivars in a large rice producing country like
China and can result in poor prediction. This comparison confirms the necessity to calibrate
parameter values for more cultivars at multiple representative sites and to employ the

enriched parameter values to drive DNDC for the model applications over a large region.

3.2. Site-level simulations

The results of site-level simulations under the field management scenario of Traditional
Management (TM), Balanced Fertilizer (BF), Midseason Drainage (MD) and Comprehensive
Management (CM) are summarized into boxplots as presented in Figures 4 and 5. Figure 4
shows that these four field management methods are able to maintain the best attainable yield
under the condition without water and nitrogen stress. Formal t-tests also confirm this.

Figures 5-a and 5-b show the results on CH,4 and N,O emissions, respectively. We first
focus on the comparison between TM and BF. The set of boxplots for CH,4 does not suggest
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any significant change when moving from TM to BF. For example, at sites HNXY, JXNC and
LNTT, the mean CH,4 emission decreased by less than 1% when adopting the balanced
fertilizer technique, whereas at other six stations, CH, emission barely increased, in the range
0.11%-4.25%. In contrast, the set of boxplots for N,O shows significant mitigation of N,O
emissions at all stations in relation to the balanced application technique, with reductions in
emissions that ranged 10%-69% and an average reduction across all sites of 33%.

Second we compare the results between TM and MD. Figures 5-a and 5-b show that
employing midseason drainage irrigation method mitigated CH,4 emission significantly, with
a reduction ratio ranging 18%-39% and an average reduction across all sites by 25%.
However, this new water management measure did not yield consistent results in terms of
changes in N,O emissions. At sites JSZJ and JXNC, N,O emissions in fact increased by 24%
and 20%, respectively, whereas at the other 7 stations, N,O emissions decreased in the range
4%-32%.

The third comparison is between TM and CM. Figures 5-a and 5-b show significant
reductions in both CH, (18%-40%) and N,O emissions (12%-60%). The mitigation impacts
of this management scenario outperformed the other scenarios at all nine stations, as a result
of positive interactions between the water and fertilizer management measures tested. We
further carried out formal t-tests to check the level of statistical significance of the differences
between TM and CM at each site. The t-test results indicate that the reduction of CH,4
emission is consistently significant at the 1% level across all sites, and the reduction of N,O
is statistically significant at the 5% (at LNTT site) or 1% level (at other 7 sites), with the only
exception at JXNC.

3.3 Regional-level simulations

We extended the simulations of comprehensive mitigation (CM) scenario to the paddy
grid-cells in each of the 9 re-classified rice cropping zone to quantify the regional effect of
the comprehensive mitigation measure. Figure 6 shows the changes in the predicted yields
under the CM scenario versus TM scenario at the grid-cell level. It shows that the CM
measure resulted in yield increases in China’s major rice producing regions — the Sichuan
Basin and the middle and lower reaches of the Yangtze River Basin; yield losses of 5%-10%
in parts of Northeast China, Ningxia’s Hetao irrigation district and the northeast part of
Jiangsu province; and no changes or slight yield losses of less than 2% in other areas. At the
same time, the CM measure led to significant reductions in CH, and N,O emissions (Figure

7), thus resulting in significant decreases in the GHG emission intensity (emissions per unit
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510  product) of rice.

511 In terms of total annual CH,4 emissions from paddy fields under traditional water and
512  fertilizer management practices, DNDC simulated an annual mean value of 7892 Gg (1 Gg =
513 10°g) C per year over 1981-2010. A nationwide switching from the traditional practice to the
514  comprehensive mitigation measure reduced CH4 emissions by 1940 Gg C, or 25% in total,
515 and by 8% to 35% across most paddy grid-cells, as shown in Figure 7a. The reduction effect
516  was highly significant in the north part of Jiangxi province, large parts of Hunan and
517  Zhejiang provinces and the south part of Anhui province.

518 In terms of total annual N,O emissions under traditional management practices, DNDC
519  simulated an annual mean value of 44 Gg N per year over 1981-2010. The nationwide switch
520  of water and management practice from TM to CM reduced N,O emissions by 17 Gg N or 38%
521 in total, and by 10% to 75% across most paddy grid-cells as shown in Figure 7b. The most
522  significant mitigation effect was simulated in Northeast China, Jiangsu and Ningxia
523  provinces, while there no significant changes in emissions were simulated in Hubei province.
524

525 4 DISCUSSION AND CONCLUSION

526 Our site simulations suggest that comprehensive mitigation measures that combine
527  midseason drainage and balanced fertilizer applications can significantly reduce CH, and
528  N,O emissions from paddy rice fields, without rice yield losses. This result is in line with
529  field experiment results from the Nanjing station presented by Cai et al. (1997). Our site
530 simulations for obtaining a balanced N fertilizer application ratio highlighted a 25%
531  excessive application rate in Zhenjiang station of Jiangsu province, very close to the 23.6%
532  estimate that resulted from the field experiments of Chen et al. (2016) and the 15-25%
533  estimate made by Hofmeier et al. (2015) in the same province.

534 Our aggregated results across all paddy fields in China show that mean annual total CH,4
535  emissions under prevalent traditional management practices is 7892 Gg C yr™ over the period
536 of 1981-2010, well within the range of 6000 to 12000 Gg C yr* simulated by Li et al. (2005)
537 based on DNDC runs using county-level data, but still about double the levels estimated
538 under the IPCC Tier 1 methodology by FAOSTAT (FAOSTAT, 2016). In terms of average
539  CHy, fluxes per hectare under traditional management practices, our result is 186 kg C ha™ yr’
540  *for the period of 1981-2010, which is in the interval of 9 to 725 kg C ha™ yr*indicated by a
541  field validation of the DNDC model in Cai et al. (2003) and the interval of 90 to 214 kg C ha

1

542 yr' produced by DNDC simulations at two sites in Liaoning and Jiangsu Provinces

543  (Frolking et al., 2004). Our results also show that the annual total N,O emission from paddy
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fields under traditional management practices is 43.9 Gg N yr, which is close to the result of
35.7 Gg N as calculated for China’s paddy fields as a whole by Gao et al. (2011), but
significantly lower than the simulation results of 290 to 410 Gg N yr™ as presented in Li et al.
(2005). In terms of average N,O fluxes per hectare per year under the traditional management
practice, our result is 1.04 kg N ha™ yr* during 1981-2010, which is located in the interval of
0.14 to 4.42 kg N ha™ yr as reported in Akiyama et al. (2005) based on the a summary of the
observed data.

The contribution of this research is not limited to confirming the existing assessments on
CH, and N,O inventories. It aims to quantify, at both the site and regional levels, the extent to
which the major alternative water and fertilizer management methods can lead to significant
reduction of CH4 and N,O emissions without causing yield reduction. For this purpose, this
research enriches the value set of cultivar parameters of the DNDC model by effectively
communicating with the DSSAT-rice model and the AEZ model, and up-scales the DNDC
runs within each of the AEZ rice cropping zones.

More importantly, our systematic assessment focused on the effect of comprehensive
mitigation measures, which combines a balanced fertilizer application approach with the
midseason field drying method, and their evaluation against corresponding impacts on food
production potential. Our results show that switching from traditional fertilizer and water
management practices to comprehensive mitigation measures can lead to significant
reductions in both CH,4 and N,O emissions. CH4 emission can be reduced by 18-40% across
the nine representative stations, by 8-35% across almost all paddy grid-cells of China, and by
25% at the national level. N,O emission can be reduced by 12-60% across the nine
representative sites, by 10-75% across a vast majority of grid-cells in China’s paddy fields,
and by 38% at the national level. These findings indicate that there is significant room for
reducing GHG emissions in the Chinese rice producing sector. Measures such as midseason
drainage and balanced fertilization, based on crop requirements and soil testing, can achieve
the triple benefits of maintaining or even in some cases increasing production, while lowering
agricultural input costs and reducing GHG emissions. In future research, more mitigation
management methods, such as alternate wetting and drying water management for rice
(AWD), and returning straw and zero tillage, could be evaluated at both site and regional
scale, providing the necessary observation records become available for model calibration.

Several limitations characterize this study, some of them generically applicable to all
similar modeling exercises involving up-scaling in space from experimental field station

results. These include uncertainty in many of the assumptions used to distribute local weather,

17



578
579
580
581
582
583
584
585
586
587

588

soil and management parameters information over grid-cells. Two limitations are specific to
this study of paddy rice in China. First, only the most important single rice rotation was
considered, while double cropping rice was not studied. This may lead to biased estimation
because single cropping system typically require less N fertilizer, with weaker soil
denitrification reactions in cases where there is no additional crop and fertilizer inputs in the
fallow season. Future studies should investigate GHG emissions dynamics in double rice
cropping systems and other rotations with rice. Second, although the nine stations we chose
are representative at the two-digit cropping zone level, cultivar differences are present even
within individual two-digit cropping zones. The methodology presented in this research will

nonetheless be applicable to introduce more local rice cultivars into the DNDC model.
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Table 1. Information of the nine representative observation stations

Site Location Soil texture ~ Mean daily Precipitation Mean
temperature range  range (mm) precipitation
(°C) (mm)
AHHF  31.87°N 117.23°E ~ Loam 24.2-27.3 228.4-1064.2 578.6
HNXY 32.12°N 114.08°E  Silty-clay 24.2-27 151.7-1161.4 677.0
JLYJ  42.88°N 129.47°E  Clay-loam  15.2-18.4 331.7-790.0 467.4
JSZ] 32.18°N 119.47°E ~ Clay-loam  25-27.1 269.8-1327.0 669.1
JXNC 28.55°N 115.95°E  Clay-loam  23-25.6 501.4-1341.2 820.2
LNTT 41.42°N 123.32°E  Sandy-clay- 19-22.3 354.1-916.3 569.5
loam
SCCD  30.7°N 103.83°E Clay-loam  22-24.1 488.1-1050.2 733.8
SDLY  35.05°N 118.35°E  Clay-loam  22.5-24.9 441.8-1106.7 715.6
GDGZ 23.05°N 113.47°E  Clay-loam  18.9-25.8 570.1-1640.7 1012.5

Notes: The statistics on temperature and precipitation is for the single rice growing season over the period of
1981-2010.

Table 2. Observed level of fertilizer application and the balanced fertilizer ratio (BFR) at the
nine stations

Site AHHF  HNXY JLYJ  JSZJ JXNC LNTT SCCD SDLY GDGZ
Fertilizer ADD 3355 2553 3305 2730 3345 2036 2529 1860 250.0
(kgN ha™)

BFR-1 (%) 85 80 65 75 90 80 95 70 65
BFR-2 (%) 85 80 65 75 80 95 95 70 65

Notes: BFR-1 refers to the BFR under continues flooding scenario and BFR-2 under the midseason drainage and

comprehensive management scenarios.
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783  Table 3. Calibrated values of cultivar parameters for DNDC at the nine representative sites

Site GB HI GF LF SF RF ND oT TDD
AHHF 11436.33 0.5273 0.448 0.201 0.201 0.15 209.588 27  3859.00
HNXY 11597.39 0.5179 0440 0.205 0.205 0.15 215382 25 3776.00

JLYJ 10761.25 0.5311 0.452 0.199 0.199 0.15 168919 22  2965.00
JSZ] 11539.50 0.5078 0.432 0.209 0.209 015 217479 25 3884.30
JXNC 9055.58 0.6058 0.514 0.168 0.168 0.15 150.094 30 2594.95
SCCD 9883.21 0.5644 0.480 0.185 0.185 0.15 172349 25 3873.80
SDLY 9900.00 0.4958 0.422 0.214 0.214 015 158480 25 3808.60
LNTT 9528.57 05521 0470 0.190 0190 0.15 146.662 22  3471.55

GDGZz 7801.40 05486 0.466 0.192 0.192 0.15 138.883 30 3351.45

784 Notes: GB denotes grain biomass (kg/ha/yr), HI harvest index, GF grain-fraction, LF leaf-fraction, SF stem-
785 fraction, RF root-fraction, ND N demand (kgN/ha/yr), OT optimum temperature (°C), TDD accumulative
786 degree days from emergence to maturity (°C).

787
788
789
790

791  Table 4. The observed best attainable yield, the minimum, mean, and maximum of the
792  simulated yields, and the average RAE at the nine stations (1981-2010)

Observed yield Simulated attainable yield (kg) Average RAE
Site (kg) Minimum mean maximum (%)
AHHF 10,815 8,869 10,266 10,952 5.086
HNXY 10,024 9,141 10,125 10,992 0.998
JLYJ 10,500 9,249 10,009 10,381 4.686
JSZ) 10,140 8,891 10,494 10,852 3.491
JXNC 8,812 8,268 8,623 8,892 2.156
SCCD 9,240 8,861 9,240 9,631 0.000
SDLY 8,580 8,893 9,242 9,582 7.716
LNTT 9,184 8,276 8,752 9,195 4,704
GDGZ 6,945 7,235 7,511 7,677 8.135
793
794

795
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Table 5. Rice yield, CH4 and N,O emissions at the Nanjing site in 1994.

Observed (Cai et Simulated with DNDC

al., 2003) Our results Cai et al. (2003) Fumuto et al. (2008)
Yield (kg hat) 6918.8 77825
CH, (kg C ha™) 57.8 77 471 88
N,O (kg N hat) 0.62 0.5 5.70

Note: Observation records and simulation results are for the same single rice growing season in 1994.
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817  Figure 3. The grid-cell results of rice yield simulation from the original DNDC (left, denoted as Figure 3-a) and coupled DNDC (right, Figure 3-
818  b) model, average over 1981-2010
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Figure 4. The boxplots of rice yields under field management scenarios of Traditional
Management (TM), Balanced Fertilizer (BF), Midseason Drainage (MD) and Comprehensive
Management (CM).


https://doi.org/10.1016/j.agsy.2017.04.006
https://creativecommons.org/licenses/by-nc-nd/4.0/
http://eprints.soas.ac.uk/24041/

This accepted version of an article published by online by Elsevier on 25 April 2017 in Agricultural Systems. Published version available from: https://doi.org/10.1016/j.agsy.2017.04.006
Accepted version made available under CC-BY-NC-ND 4.0 International License from SOAS Research Online: http://eprints.soas.ac.uk/24041/

828
CH4 emissions under different field m N20 emissions under different fild%n:
= 300 N
> >
3 3
< <
O >
2 2
c c
o o
F; 3
g Scenario g 4 Scenario
<
5 20 BF Q BF
© Fcm z Fcm
Edwmp 3 mD
™ N ™

. F ARy

AHHF GDGZ HNXY JLYJ JSZJ JXNC LNTT SCCD SDLY AHHF GDGZ HNXY JLYJ JSZJ JXNC LNTT SCCD SDLY
Station Station

830  Figure 5. The boxplots of methane emission (left, denoted as Figure 5-a.) and nitrous oxide emission (right, Figure 5-b.) under field management
831 scenarios of Traditional Management (TM), Balanced Fertilizer (BF), Midseason Drainage (MD) and Comprehensive Management (CM).
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835  Figure 6. Changes of the simulated best attainable yields at the grid-cell level under the

836  comprehensive mitigation scenario versus the traditional management scenario
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839  Figure 7. Changes in CH4 emission (left, denoted as Figure 7-a.) and N,O emission (right, Figure 7-b.) at the grid-cell level under the

840  comprehensive mitigation scenario versus traditional management scenario
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