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Executive Summary

Rice provides livelihood to ~150 million households, is a staple for half of humanity and
uses 11% of arable land and a third of irrigation water. Continuously flooded rice farms function
like wetlands and produce ~12% of total anthropogenic emissions of methane (CHa), a short-lived
greenhouse gas (GHG). Currently, CHs4 from global rice farms accounts for ~50% of all crop
related GHG emissions and rice has the highest climate impact of any crop per unit calorie. Based
on an as of yet unverified assumption that almost all irrigated rice fields are continuously flooded
and that >90% of the climate impact of rice production results from CH4 emissions, the global
climate mitigation community has focused heavily on water management of rice (i.e., intermittent
flooding) to reduce CHa. These efforts had until recently ignored the potential of large adverse
impacts of intermittent flooding regimes on emissions of nitrous oxide (N20), a long-lived GHG.

A recent peer-reviewed study by Environmental Defense Fund (EDF) and partners showed
that N2O emissions per unit area could be three times higher than ever reported before and that
these emissions increase inversely with the degree of flooding. This study also suggested that
intermittent flooding at rice farms is likely much more common (especially in South-Asia, Africa
and South America) than acknowledged in existing studies and/or in UNFCCC reports. In other
words, N20 emissions from rice cultivation could be much higher than previously reported, with
the net effect of increasing both the short- and the long-term climate impacts of rice production.
These N20 emissions could also increase very significantly as a result of efforts to mitigate CHa
emissions through intermittent flooding. An extrapolation of experimental findings to Indian
subcontinent has already suggested that under intensely-intermittent flooding scenarios, Indian
rice farms can produce 530,000-790,000 tons N20 year? which is 30-45 times higher than
emissions under continuous flooding. This peer-reviewed EDF study showed that high N20
emissions can be reduced through shallow (mild-intermittent) flooding along with co-management
of fertilizers resulting in reduced net climate impacts of rice cultivation in both the long and the
short term. The potential global implications of the discovery of high N2O fluxes need to be
assessed given the rapid uptake of intermittent flooding based CH4 mitigation strategies.

In this white paper, within the limitations of currently available data, we quantify the
potential global risk of a large climate impact due to N2O emissions from rice paddies globally
through a geospatial extrapolation. We limit our interpretation to caution (but not claim) that N2O
emissions from global rice cultivation could be very high and inadvertently increased through
current climate mitigation policies and practices being implemented for this sector. The scale of
this N20O problem could be large (450 — 700 MMT COze1o0), equivalent to annual CO2 emissions
from 200 coal power plants, potentially making the net climate impact from global rice cultivation
as high as 1930 MMT COczeico0. If future research upholds the findings of this white paper, the
climate impact of N2O from global rice cultivation could be tens of times larger than previous
estimates for continuous flooding scenario. Given the limited availability of high resolution global
flooding regime maps and N20 data from a range of intermittently flooded rice farms from various
geographies, we strongly encourage the scientific and policy community to undertake further
research to ensure that long-term perverse outcomes of CHa4 mitigation efforts do not undercut
their value.



Introduction

Rice is a critical global cereal. Currently, methane (CH4) emissions from global rice
cultivation (here-after rice-CH4) accounts for ~50% of all crop related GHG emissions and rice
has the highest climate impact of any crop per unit calorie generated. Continuously flooded rice
fields function like wetlands and are known to produce ~12% of total anthropogenic CHa
emissions. Rice-CHa is currently estimated to contribute ~0.1 Wm™ to the radiative forcing (Ciais
et al., 2014; Kirschke et al., 2013; Turner et al., 2016). Nitrous oxide, (N20) traps more heat over
all timeframes as compared with CH4 on a weight basis (GWP100-years 0f 298 vs 34; GWP20-years Of
268 vs 86) (Myhre et al., 2013), and it has a longer atmospheric lifetime (121 vs 12 years) (Myhre
etal., 2013). While recent scientific research recognizes N2O emissions from rice farms (here-after
rice-N20) need to be addressed (Carlson et al., 2017; Lagomarsino, 2016; Li et al., 2011; Linquist
etal., 2012; Smith et al., 2007), guidelines for reducing climate impacts of rice continue to assume
that rice-N20 is negligible or small at <10% of the total COze100-years €ven under intermittently
flooded conditions (CCAC, 2014; CCAFS, 2017; Richards and Ole-Sander, 2014). None of the
major rice-producing countries report rice-N20 in their national GHG inventories submitted to the
United Nations (Smith et al., 2007). Crucially, most policy recommendations on rice management
that include consideration of climate impacts focus on reducing rice-CH4 by alternate wetting and
drying (AWD), also called intermittent flooding. Water levels during intermittent flooding are
typically allowed to fall to 15 cm below the soil surface before another round of irrigation (CCAC,
2014; CCAFS, 2017; Richards and Ole-Sander, 2014).

Despite being one of the few crops whose climate impacts have been studied over two
decades, the potential of high N2O emissions from rice cultivation from non-continuously flooded
rice farms had been under appreciated. This is because most research done to capture rice-N20 to
date has been performed at farms with continuous or mild-intermittent flooding under the
assumption that these flooding regimes are representative of most rice cultivation, given their weed
and pest control benefits (GRiSP, 2013). Under continuous flooding, redox conditions are
conducive for methanogenesis, but not ideal for formation of N20O. Mid-season drainage (a form
of mild-intermittent flooding that causes a single long aeration event) brings redox conditions to
levels that limit methanogenesis but are still lower than suitable for large amounts of N20
formation (Hou et al., 2000; Johnson-Beebout et al., 2009). However, more intense forms of
intermittent flooding cause multiple drying and wetting events and increase the potential for high
N20 emissions. Such multiple aeration events are common at both irrigated and rainfed rice farms
in many parts of the world as a result of temperature/rainfall regimes, unreliable water/electricity
supply, soil quality, and topography (Alam et al., 2011; Erenstein, 2009; Hobbs, 1996; Pereira et
al., 2000; Suryavanshi et al., 2013). And yet, until recently, no studies had examined rice farms
with intensely intermittent flooding. In addition, very few studies have been conducted at other
forms of intermittent flooding (including mid-season drainage) at a sampling intensity sufficient
to accurately capture the high temporal variability in N2O fluxes.



During 2012-2014, a coalition of Environmental Defense Fund and Fair Climate Network
researchers measured GHG emissions at five farmer-managed rice farms that are conventional
under non-continuous flooding regimes across three agro-ecological regions in south India (Kritee
etal., 2018). The goal was to compare climate impacts of rice cultivation from “baseline” practices
(conventional practices identified via farmer surveys) to a series of farm-specific “alternate”
practices. Using GHG emission datasets from intermittently flooded rice farms (with varying
degrees of flooding), this study found that N2O seasonal emissions per unit area can be three times
higher than previously reported (Kritee et al., 2018). To be specific, the highest seasonal and
hourly N20 fluxes measured in this study (Kritee et al., 2018) were 33 N20 kg ha™ season™ and
15,000 pg N20 m2 ht, respectively. The previously reported maximum rice-N20 fluxes (9.9 kg
N20 hal season™? and 2100 pg m hourt) were from a farm in Italy which used mild intermittent
flooding.

In addition to greenhouse gas (GHG) emission measurements, a total of 25 management
parameters were tested in this study for potential correlations with rice-N20 and rice-CHa (Kritee
et al., 2018). These parameters included seasonal temperature characteristics, several water
management related variables, crop organic and inorganic inputs, soil characteristics including
organic carbon (SOC) content and texture as well as pH and electrical conductivity (EC).

The following empirical (multiple regression) model best described the N2O emissions from rice
farms (p-value <0.001, adjusted R? = 0.80):

N20O = -0.01*(water index) — 0.91*(flood eventss3 days) + 0.02*Ninorganic + €1 (Equation 1)

where N20 represented emissions in kg-N ha™ season, flood events-3days Was the number of times
a plot had flooding (>0 cm water level) for more than3 days, Ninorganic Was inorganic nitrogen (N)
input in kg hat and €1 is statistical error. Water index, a measure of cumulative extent of flooding,
was seen as a proxy for soil redox conditions, emerged as the most important predictor of N2O and
is measured by observing water levels in a field water tube every day. For a given water index,
flood events>3days described the number of multiple aeration events. When longer (>3 day) flood
events predominated, shorter flood events (and hence multiple aeration) events were less frequent,
resulting in lower rice-N20. This model conveys that reduction in flooding (via a reduction in
water index or number of flooding events) oxygenates the soil, raises soil redox and enhances
microbial processes that convert inorganic nitrogen lead into larger amounts of N20.

This study also investigated potential risk of high rice-N20 on the Indian subcontinent by
extrapolating the above empirical model (Equation 1) under three hypothetical flooding scenarios
(continuous, medium- and intense-intermittent flooding for irrigated farms, see Table 1 for
description of different flooding regimes) (Kritee et al., 2018). Please see notes on different types
of models in Appendix 1. This extrapolation to Indian subcontinent suggested that under medium-
or intense-intermittent flooding, Indian rice farms can produce 530,000-790,000 tons N2O year™



which was 2-3 times higher than emissions under mild-intermittent flooding (EPA, 2013) and 30-
45 times higher than emissions under continuous flooding scenarios(Gerber et al., 2016).

In contrast to rice-N20, rice-CH4 was found to be positively correlated with parameters
that reflect flooding extent and amount of soil organic matter, consistent with past findings that
the lowest CH4 fluxes are recorded on farms with multiple aeration events and poor soils (Sass,
2003). The following multiple regression model best explained seasonal rice-CHas data (p-value
<0.001, adjusted R? = 0.91) (Kritee et al., 2018).

CHa = 34*(flood eventss3 gays) + 88*SOM + €3 (Equation 2)

In this equation, CHa represented emissions in kg CH4 ha season, flood eventss3 days was
the number of times a plot had flooding (>0 cm water levels) for more than three days, SOM was
soil organic matter in % and €2 is statistical error.

Figure 1: Global rice management classes. This map depicts the most dominant management
class of the four management classes (irrigated, rainfed lowland, rainfed upland and other) for
each rice growing region by defined by IRRI (2011). Dominance here is defined as the
management class which had the largest percentage of rice area for each region but there may be
regions where all four classes coexist.

I Irrigated
Rainfed Lowland
Upland
Other

High nitrous oxide emissions are likely to be a persistent problem across many non-
continuously flooded rice-producing regions worldwide — not simply an issue pertaining to India
or the Indian Subcontinent. The global agro-ecological community must proceed with care and
look towards co-managing CH4 and N20O in rice farms, to mitigate both the long term and the short
term climate pollution. This white paper builds upon the findings reported in our peer-reviewed
research article (Kritee et al., 2018) and provides a global extrapolation of the experimental
findings from Indian subcontinent. While extrapolation of region-specific findings to additional
agro-ecological regions should be done cautiously (see ‘limitations’ in Appendix 2), such an
analysis is critical in order to characterize the scale of global risks of high N2O emissions. This



extrapolation is especially important because intermittent flooding is being actively promoted to
reduce methane (CHa4) from rice through policy frameworks at national and international levels
(CCAC, 2014; CCAFS, 2017; Richards and Ole-Sander, 2014). As such, the implications of our
data on the potential magnitude of global rice-N20O need to be considered.

Methods

To begin the process of estimating N2O fluxes for a given area of rice cropland, we
assembled a series of input datasets for each independent variable in Equation 1. The first two of
these, water index and number of flood events, are largely governed by the land/terrain type and
the irrigation management at a given location. For the purposes of our extrapolation, we
determined the likely range for each variable under the four different rice classifications given in
the global dataset compiled by International Rice Research Institute (IRRI) (IRRI, 2011) where
the four global rice management classes were available at 1.2 arc-minute (~2.2 km) (IRRI, 2011)
grid cell resolution. This IRRI database has been updated relative to an earlier global study that
modeled climate impacts of rice cultivation and assumed that 90% of global area under rice
cultivation has a continuous flooding regime (Gerber et al., 2016). Figure 1 above illustrates only
the predominant rice category for each region, however the actual dataset provides a detailed
breakdown of rice area into four categories for each location (in hectares). Rice-N20O emissions
were calculated for each of the four classes individually, by region, and then recombined to
generate a total estimate on the basis of the weighted distribution of all four classes.

Table 1 Details of the assumed ranges for water index and number of flooding events that are
more than 3 days in length by management class.

Continous Mild Intermittent ||Medium Intermittent|| Intense Intermittent
flooding scenario flooding scenario flooding scenario flooding scenario
Water @ Flood Water Flood Water Flood Water Flood
index @ events index events index events index events
Irrigated 400 8 -200 1 -1100 8 -1100 1
Rainfed lowland 500 1 200 1 200 1 200 1
Upland -1500 2 -1500 1 -2000 2 -2000 0
Other -500 4 -500 1 -1000 4 -1000 0
Flood events (> 3 days) o] 1 2 3 4 5 6 7 8 >8
Water index {cm)
less than -1200 Upland
-600 to -1200  Intense-intermittent flooding
-250 to -600 Medium-intermittent flooding
250 to -250 Mild-intermittent Flooding
600 to 250 Continous flooding
more than 600  Wetand/Deepwater |

A dataset to provide a spatially explicit measure of inorganic N inputs was taken from
Mueller (Mueller et al., 2012). This is the most recent and highest resolution global fertilizer use



dataset available specific to rice (see Figure 2). The N fertilizer dataset was available at 5 arc-
minute (~10 km) (Mueller et al., 2012) grid cell resolution. It should be noted that N rates may
have increased (or in some cases decreased) since the year 2000 when their dataset was collected
(see limitations in Appendix 2).

Input datasets were converted to a common 1.2x1.2 arc-minute raster format, and N20
emission rates were then estimated using Equation 1. Regional statistics were summed to form
national totals, and converted into units of MMt-N20O emissions.

Figure 2: Global rice inorganic N fertilizer use Values are in kg ha'* and averaged for the year
2000, spanning from 5 to 1,394 with a mean of 86. (Mueller et al., 2012). In Kritee et al (2018),
values ranged from 0 to 243.
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Results

Scale of Global Risk of N-O from Rice Production
Our global risk assessment of rice-N20 (Tables 2-3) based on the extrapolation of

regression coefficients in Equation 1 to all the rice growing regions in the world (Figure 3) is based
on the four global rice water management regimes (IRRI, 2011) and region specific N fertilizer
application rates (Mueller et al., 2012).

Panels 3A-C and 3D-F are presented in sets of three scenarios, with associated assumptions
as laid out in Figure 1 and Table 1. Panels 3A-C illustrate rice-N20 risk per unit area (See Table
2). Panels 3D-F show total N2O risk for a region after accounting for the net harvested area of rice
in that region in order to provide a metric more reflective of risk associated with absolute levels of
N20 emissions (see Table 3).



In general, areas with conditions leading to greater likelihood of per unit area N20
emissions are found in Central and South America, central and western Africa, as well as parts of
south and southeastern Asia (Panel 3A) — most places where upland rice is currently considered
to be a dominant cultivation method. Under medium- and intense-intermittent flooding, conditions
(See Table 1) however many additional regions where irrigated conditions are common become
high risk (Panels 3B and 3C). When considered regionally, on the basis of total rice-harvested, the
distributions of hot spots for potential N2O emissions shifts towards regions that are large rice
producers: the Asian continent finds relatively higher values, while those in the Americas recede
(Panels 3D-F). Across all scenarios, certain regions of Africa (DR Congo, Ivory Coast), Asia
(eastern India, Malaysia) and South America (Colombia, Ecuador) are found to be high risk. In
low water-index (i.e. more aerated soils under medium and intense-intermittent flooding)
conditions (Panels 3E and 3F), many more areas become potential hot spots including most of
India, Indonesia, Vietnam, North and South Korea, Japan, Nigeria, southern Mali, and the Greater
Caucasus.

As expected, a critical determinant of a region’s susceptibility to increased rice-N20O when
medium- or intense-intermittent flooding is introduced is the proportion of rice that is actively
irrigated, as opposed to deepwater or upland rice systems. If most of the rice farms in a country
are upland or deepwater rice systems, the extent of flooding in that country’s rice farms will change
only due to changes in rainfall and/or level of local water tables but not due to changes in flooding
scenarios. However, if a country has large proportions of rice farms under irrigation, different
flooding regimes would actually imply changes in soil redox conditions at their rice farms and
make that country susceptible to increased N2O. With widespread adoption of these intensely-
intermittent flooding scenarios for rice cultivation (without co-management of N), China might
have the greatest risk of proportional increase in N2O followed by India, Indonesia, Bangladesh,
Vietnam and Brazil when compared to continuous flooding (compare Panel 3E and 3F with 3D,
see also Figure 4).

Quantifying emissions across rice management classes and global rice cultivation areas
indicates that under intensely-intermittent flooding, rice-N20 could be (1.5 — 2.4 MMt-N20 which
is 2-3 times previous estimates for mild-intermittent flooding scenario (EPA, 2013) and 25-40
times larger than previous estimates for continuous flooding scenario (Gerber et al., 2016) (see
Table 1 for definitions)). In contrast, our extrapolation for the mild-intermittent flooding scenario
for the whole world (~830,000 tons N20O year™) is quite close to previous estimate of 840,000 tons
N20 year? (EPA, 2013), when using a constant nitrogen inputs (N) rate of 106 kg N ha* (area-
weighted average of N rates used by previous report (EPA, 2013)) as opposed to the variable rates
reported by Mueller et al (2012; see appendix for further discussion). Our estimate for rice-N20
under the continuous flooding scenario, where rice-CHa4 emissions remain high, is very small
(~60,000 tons N20 year*; Table 3) and is quite close to a previous estimate for continuous flooding
(~80,000 tons N20 year?) (Gerber et al., 2016). Obviously, a continuous flooding case does not
apply to many regions of the world but we use these scenarios because they have been used by
previous peer reviewed studies to establish boundaries for our estimates.



Figure 3: Risk of elevated N2O emissions for global rice cropland under three alternate flooding
scenarios for irrigated farms across the world at region- and rice-specific N fertilizer application
rates (Mueller et al. 2012). Panels A to C depict levels of risk in a per-unit area metric, while
panels D to F have been adjusted to incorporate measures of harvested area of rice for each rice
growing region as delineated by IRRI (2011). For panels 3A-C, the scale of the colored bar varies
from zero to ~35 tons N20 per 1.2 arc-minute ( ~72 kg N20 ha* assuming a 2.2 km grid cell). For
panels 3D-F, the N20O risk levels are relative and a quantitative scale can not be assigned to the
colored bar because the size of different rice growing regions is not same (IRRI, 2011). For
quantitative analysis at national levels, please see Table 3.

Qualitative assessment: Risk of elevated N.O emissions

Low Y m High
N,O risk per unit area N,O risk per rice growing region
Panel 3A Panel 3D
Continuous Flooding Continuous Flooding

Panel 3B Panel 3E
Medium-intermittent flooding Medium-intermittent flooding

Panel 3C Panel 3F
Intense-intermittent flooding Intense-intermittent flooding




Table 2 Estimates of rice-N20O for different countries per unit land area based on assumptions
presented in Table 1 and Figures 1-2 (see corresponding panels 3A-3C)

Country Scenario: Per-Hectare average N2O Emissions (kg-N20 ha™)
Continuous flooding Medium-intermittent Intense-intermittent
flooding flooding
Costa Rica 17 22 24
Honduras 16 21 23
El Salvador 15 20 22
Panama 15 20 22
Guatemala 15 20 21
Bhutan* 1 16 21
Belize 14 19 21
Brunei Darussalam 14 19 21
Nicaragua 14 19 21
Zimbabwe 14 19 20
Papua New Guinea 13 19 20
Bolivia 13 18 20
Colombia 10 17 20
Ecuador 11 17 20
Brazil 12 18 20
India* 0 13 20
Nepal* 0 12 19
Mexico 7 15 19
Liberia 12 17 18
Malaysia 5 14 18
Democratic Republic of the Congo 11 16 18
Bangladesh* 0 11 18
Peru 6 14 18
Cote d'lvoire 9 14 16
Sri Lanka* 0 11 16
Jamaica 2 12 16
Paraguay 1 12 16
Pakistan* 0 7 15



Table 3 Estimates of rice-N20 for different countries (adjusted for total harvested rice area)
based on assumptions presented in Table 1 and Figures 1-2 (see corresponding panels 3D-3F)

Country Scenario: Aggregate N2O Emissions (MMT-N20)
Continuous flooding ~ Medium-intermittent = Intense-intermittent ~Gerber EPA
flooding flooding (2016)  (2013)
India* 0.00 0.53 0.79 0.0184 0.25
China 0.00 0.38 0.65 0.0332 0.11
Indonesia 0.00 0.09 0.16 0.0060 0.08
Bangladesh* 0.00 0.08 0.13 0.0039  0.20
Vietnam 0.00 0.06 0.10 0.0036  0.08
Brazil 0.02 0.06 0.08
Burma 0.00 0.02 0.05
Philippines 0.00 0.02 0.04
Japan 0.00 0.02 0.03
Pakistan* 0.00 0.01 0.03
Nepal* 0.00 0.02 0.03
United States 0.00 0.01 0.03
Madagascar 0.00 0.01 0.02
Korea, Republic of 0.00 0.01 0.02
Malaysia 0.00 0.01 0.02
Thailand 0.00 0.00 0.02
Nigeria 0.00 0.01 0.01
Egypt 0.00 0.01 0.01
Cote d'lvoire 0.01 0.01 0.01
Sri Lanka* 0.00 0.01 0.01
Dem. Rep. of the 0.01 0.01 0.01
Congo
Guinea 0.01 0.01 0.01
World 0.06 1.46 2.39 0.08 0.84

*estimates obtained from Indian subcontinent regional analysis (Kritee et al. 2018)
Water index and Flooding events are based on Table 1

Rice growing area under irrigation vs. potential for high N2O emissions

Rice growing countries that have higher percentage rice under irrigation are more
susceptible to high N2O emissions under intensely-intermittent flooding regimes (see Figure 4).
Countries within the Indian subcontinent are denoted by an asterisk and the results corresponding
to these countries were directly derived from our previous study. This arises because higher area
under irrigation implies that with intense forms of intermittent flooding, more total rice area will
have lower water indices and hence higher N2O emissions based on Equation 1. Here, irrigated
area was estimated as the share of the ‘irrigated’ class composing total rice area, summarized by
country based on IRRI (2011).



Several data points like Burma and Thailand (not shown in this figure) are found to be
outliers. This is simply because the majority of the rice production in such countries is carried out
in rainfed lowland conditions (with very high water index). Because overall N2O emissions are
expected to be zero under such conditions, small changes in number of flooding eventss3 days for
the remaining rice area associated with the ‘upland’ and ‘other’ classes cause an outsized
percentage change in expected N2O emissions based on Equation 1.

Figure 4: Relationship of irrigated rice area vs. % increase in N>O emissions risk when moving
from medium (Figure 3E) to intense-intermittent (Figure 3F) flooding regime. Scatterplot
depicting relationship between variables, for nationally aggregated statistics. If different countries
move from medium to intense intermittent flooding, the net susceptibility of different countries to
increased N20 emissions as calculated by Equation 1 will depend on the percentage of area under
irrigation.

100% oo d2P20
Egypt United States ® Pakistan*
c ‘chl\i/rl‘aadagascar
()
tl' 75% - ® Sri Lanka*
oo o South Korea
=
- ® Philippines
S
c o/ . Vietnam
5 50% ¢ India* . ® Indonesia
© .
qh) ® Malaysia ® Bangladesh*
S ® Nepal* ® Burma
(V]
2 25% -
[T
2 Guinea
N Nigeria o Brazil
° °
[ ]
0% . Dem‘. Rep. Congo ‘ ‘ ‘
0% 30% 60% 90% 120% 150%

% Increase in N,O emissions under reduced flooding

Global rice cultivation: Climate impact & mitigation potential

The IPCC estimated that current climate impact of global rice cultivation is 1000-1250
MMT COze100 year? (Smith et al., 2007). In contrast, net GHG emission estimates based on our
multiple regression models for N2O and CH4 (Equations 1 and 2) and areas under rice management
classes (IRRI, 2011) can be as high as 1930 MMT CO2€100-years (0r 3650 MMT CO2€20-years; See
Appendix Table 1). Our estimates are highly dependent on the distribution of irrigated areas among
various flooding regimes (continuous vs. mild-, medium- or intense-intermittent) both at irrigated
as well as rainfed rice farms. If all the irrigated and rainfed rice growing regions were under
continuous flooding, the net climate impact over long time could be at least 1500 MMT COzexoo0.



However, if these irrigated rice growing regions were under intense-intermittent flooding, the
current impact of global rice cultivation would be closer to 1930 MMT COze100. Please see
Appendix Tables 1 and 2 for other intermediate scenarios.

The current mitigation potential from rice cultivation across the world according to IPCC
is ~230 MMT COze100 year! by 2030 (Smith et al., 2007). Our multiple regression model,
however, estimates a higher range of annual mitigation potentials from irrigated rice farms in the
world. If we assume that all the current irrigated rice farms are under continuous flooding and can
be moved to mild-intermittent flooding while keeping inorganic fertilizer use constant at 150 kg
N ha which is the average recommended fertilizer use rate across the world, the mitigation
potential is ~550 MMT CO2e100 (or 660 MMT CO2e20; see Appendix Table 2). It is notable that
most well irrigated rice farms in major rice producing countries use much higher fertilizer rates
than around 150 kg N ha® with parts of China and India using as high as 400 kg N ha (Guo et
al., 2017) (See Appendix Table S3 in Kritee et al., 2018). If all irrigated rice fields are currently
under intense-intermittent flooding regimes and could be moved to mild-intermittent flooding
regimes while keeping fertilizer use constant at 250 kg N ha, the mitigation potential will also be
~550 MMT CO2e100 (or 1550 MMT CO2e20; Appendix Table 1). We estimate a slightly higher
mitigation potential of 630 MMT COczexoo if all irrigated rice areas globally reduce fertilizer use
from 250 kg N ha'to 150 kg N ha® and move from intense-intermittent flooding to mild-
intermittent flooding regime (Appendix Tables 1 & 2).

Kritee et al. (2018) showed that up to 90% of climate impact from an individual rice farm
in the Indian subcontinent can be mitigated through co-management of nitrogen fertilizers and
organic matter with shallow (mild-intermittent) flooding. Here, our estimates based on our
multiple regression model (Equations 1 and 2) imply that 50-60% of the current climate impact
from irrigated rice farms across the world can be mitigated through shallow (mild-intermittent)
flooding without any change in inorganic and organic fertilizers. This estimate does not include
rainfed or deepwater farms.

Different short- and long-term climate impacts of different mitigation strategies

According to our model (Equations 1 and 2), two scenarios give similar net mitigation of ~550
MMT COze over 100 years:

1) moving from intense-intermittent flooding to mild intermittent flooding without changing
fertilizer use (Column I11- Mi2 in Appendix Table 1) and

2) moving from continuous flooding to mild-intermittent flooding while maintaining fertilizer use
at 150 kg N ha? (Column C1 - Mi2 in Appendix Table 2).

While the long term mitigation over 100 years is similar, the two scenarios offer a very different
short-term mitigation over 20 years. 550 MMT COzeoo/year over 100 years timeframe is
equivalent to either 660 or 1550 MMT COze20 over 20 years timeframe depending on which GHG
(CHa vs N20) is reduced more significantly.
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Conclusion

The geospatial analysis presented in this paper shows that the scale of N2O emissions from
rice farms across the world under intense forms of intermittent flooding could be large (1.46-2.39
MMT N20 or 450—700 MMT CO2e100; Table 3). This scale is equivalent to annual CO2 emissions
from about 200 coal power plants. Put together with our estimates of CH4 emissions (Appendix
Tables 1 and 2), the net climate impact from rice farms all over the world equivalent to 600 medium
sized coal power plants (~1,500-1,930 MMT COz2-e100). The overall change of our understanding
of climate impact of global rice cultivation is captured in Table 4.

We urgently need the global scientific and policy community to undertake further research
to obtain high resolution flooding regime maps as well as to measure N20O data with high sampling
frequency from a wide range of intermittently flooded rice farms from different agro-ecological
zones across the globe. This future research will ensure that perverse outcomes of CH4 mitigation
efforts through alternate wetting and drying do not undercut their value in the long term.

Appendix
Appendix 1: Modeling N2O Flux

Empirical models vs. biogeochemical models

Given the resource-intensiveness of field measurements, GHG mitigation programs across the
world have always looked to modeling-based approaches for quantification of GHG emission
reductions over large scales. There are two types of prevailing modeling approaches:

e Empirical models: Linear or multiple- regression analysis is used to extrapolate existing
research and data to develop regionally explicit emissions factors or equations. Such
emission factors or regression equations produce GHG response curves for different
management parameters (or for just nitrogen inputs in ‘Tier 1> models that are limited to a
farm or a very small geographic area). Our empirical model is a Tier 2 empirical model
that includes management parameters other than nitrogen and includes analysis of data
from multiple agro-ecological zones. Empirical models can be developed without the use
of a complex biogeochemical model (which is usually much more input data-intensive)
and are relatively easy and transparent to use. They do not capture the nuances of spatial
and temporal variability on GHG dynamics at finer scales, and can be less flexible in
handling alternative management practices which change parameters other than those
included in the empirical model.

e Process-based biogeochemical models: These models use mechanistic equations based
on substantial long-term research to represent growth, nutrient, water, soil, and GHG
dynamics. The models can be used in two distinct ways:



o At a regional (Tier 2) scale, covering areas with similar soils and climate, to
produce reasonable, regionally sensitive emissions factors that can be used to
develop a protocol or program accounting methodology. This approach can be
relatively simple, transparent, and low-cost. However, using models at this scale
may not reflect the spatial/temporal variability of GHG dynamics at a particular
local site in the region.

o Atafarm or project (Tier 3) scale which can be used for a quantification tool within
a protocol or program accounting methodology. At this scale models can capture
fine-scale variability and dynamics but require significantly more site-level data
inputs and detailed verification.

Models for predicting rice N2O emission rates

The use of multiple regression based empirical models is not new in the field of agricultural
greenhouse gas mitigation. Many GHG emission reduction protocols, including those being
approved the state of California for agricultural carbon offset programs and many other registries
such as the Verified Carbon Standard (VCS) or Gold Standard, use empirical models to predict
agricultural GHG emission reductions. We note that IPCC still uses a Tier 1 universal equation to
determine N20O emissions from upland (non-rice) crops. Our experimental results were used to
develop a multiple regression derived Tier 2 empirical model with multiple parameters which we
clearly consider to be an improvement over the IPCC Tier 1 emission factor for the Indian
subcontinent. However, this model derived from a few farms in India should be used extremely
cautiously when extrapolating outside Indian subcontinent. This is why we list our assumptions
and limitations in Appendix 2.

DNDC and Daycent are the two current process based biogeochemical models that predict
methane emissions in rice. The currently available latest version of Daycent model only predicts
methane; not nitrous oxide emissions. We have confirmed with DNDC development team
(William Salas, Applied Geosciences, Personal communication) that they have published no other
report that uses DNDC to predict global nitrous oxide emissions from rice farms other than the
study we have already compared our results with. Other DNDC based studies are limited to one
field or one small geographic area and cannot be extrapolated to the entire world.

Appendix 2: Limitations of Geospatial Extrapolation

Extrapolating our experimental results based on five farms in the Indian subcontinent
(Kritee et al., 2018) to other rice growing regions in the world should be done with significant
caution. We are encouraged, however, to present this white paper because one of the previous
reports to give an estimate of global or regional rice nitrous oxide emissions (EPA, 2013) includes
assumptions that are coarser than some of ours. The inorganic N input rates used in EPA study
(EPA, 2013) are fixed (as compared to our region-specific fertilizer rates) as well as significantly
lower than ours(Mueller et al 2012). The range of flooding regimes used earlier (EPA, 2013) is
also limited as compared to the ranges explored in this white paper. Also, the EPA estimate is



based on a limited empirical rice-N20 dataset that doesn’t include measurements from intensely-
intermittent flooding scenarios.

Extrapolating our regression outputs at a global scale for this GIS analysis entails making
a series of assumptions and using standardized datasets. As such, there are several constraints to
consider when interpreting these maps and resulting rice-N20 risk assessments.

Inorganic fertilizer input dataset

The data documented in Mueller et al. (2012) depicts application rates standardized to the
year 2000 (Mueller et al., 2012). Although this is the most recent globally consistent and spatially
explicit data, application rates may have increased (and perhaps significantly so) in the last 18
years. This aspect may therefore shift relative risks to be higher in regions where increases in N
application rates during this period have been greater than average.

Seasonal changes in water levels

Another key aspect for consideration is the concept of seasonality. In many parts of the
world, rice is farmed over two (and sometimes three) consecutive seasons in a single year. We did
not have a way to differentiate between single rice vs double rice-rice cropping cycles.
Additionally, fertilizer inputs from Mueller et al. (2012) describe total annual (and not seasonal)
amounts. Nonetheless, there may be regions of the world where our estimates are less accurate due
to the need to better standardize water indices to single- or double-cropped paddies.

Water index and frequency of flood events

The range of hypothetical values for the water index and number of flooding events for
each rice management system is based on an informed opinion. Ideally, a preferred approach such
as remote sensing would be used to impute typical values. Field water tube measurements vary
greatly across time and soil types. As an integral of this, the water index (cumulative water level)
variable is sensitive to these fluctuations. However, appropriately extracting a remotely sensed
record of both water index and flood events has not been feasible for several reasons. First, while
critical soil characteristics such as water retention are known, the frequency of irrigation events in
rice paddies is not documented in a standardized manner. Second, water table depth in fields cannot
be reliably assessed through remote sensing at a high enough frequency. With 30m x 30m imagery,
LANDSAT potentially has a high enough resolution to accomplish this, yet lacks the appropriate
coverage and temporal frequency to capture daily changes in water levels. MODIS, while having
had some measure of success in mapping flooded rice paddies(Asilo et al., 2014; Asilo et al., 2011,
Boschetti et al., 2014; Chemin et al., 2012; Teluguntla et al., 2015), does not have a high enough
spatial resolution to be calibrated and validated to our field data, which in all cases were sub-0.25
km? plots. Further challenges are presented by cloud contamination and regional differences in
normalized reflectance indices such as LSWI (land-surface water index) that would indicate
flooded paddies.



Extrapolation beyond the range of empirical data

Our global geospatial extrapolation is applied to regions where the range of values for all
variables (inorganic N use rates, water indices, number of flooding events) spans a wider range
than that which was obtained empirically from our field studies (Kritee et al., 2018) and in turn,
the dataset that generated the empirical model (Equation 1). The extrapolation in this white paper
relies on the assumption that N2O emissions scale linearly beyond the experimental range covered
in Kritee et al (2018). There is no evidence that would allow us to characterize this relationship as
nonlinear or otherwise, however it is quite likely that there are important nuances not captured by
our analysis. For this reason, and the higher resolution dataset depicting management types for the
Indian subcontinent, we are more confident in the potential emission estimates for the Indian
subcontinent presented earlier (Kritee et al. 2018), and less so for the global analysis presented in
this white paper (Tables 1 and 2) where the main objective was to assess potential scale of global
rice-N20 emissions.
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